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Biological Psychiatry: Cognitive Neuroscience and Neuroimaging is an official journal
of the Society for Biological Psychiatry, whose purpose is to promote excellence in
scientific research and education in fields that investigate the nature, causes,
mechanisms, and treatments of disorders of thought, emotion, or behavior. In accord
with this mission, this peer-reviewed, rapid-publication, international journal focuses
on studies using the tools and constructs of cognitive neuroscience, including the full
range of non-invasive neuroimaging and human extra- and intracranial physiological
recording methodologies. It publishes both basic and clinical studies, including those
that incorporate genetic data, pharmacological challenges, and computational
modeling approaches.
The journal publishes novel results of original research which represent an important
new lead or significant impact on the field. Reviews and commentaries that focus on
topics of current research and interest are also encouraged.
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include the ﬁndings/results of the study. The Methods and Materials section should
include sufﬁcient detail to allow other investigators to replicate the work. It is not
appropriate to move the entire text of the methods to the supplement to adhere to
the Journal’s word count limits. Manufacturer name and location should be
included at ﬁrst mention, where applicable. Authors may reference other publications for methods that have previously been published in full detail elsewhere.
Relevant ethics statements must be included; see Ethical Considerations section,
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The Journal also encourages enrichment of online articles via support of 3D
neuroimaging data visualizations. Authors may provide 3D neuroimaging data in
either single (.nii) or dual (.hdr and .img) NIfTI ﬁle formats. Recommended size
of a single uncompressed dataset is 100 MB. Multiple datasets can be
submitted. Each dataset should be zipped and uploaded separately as “3D
neuroimaging data” in the drop-down menu at the upload screen. Please
provide a short informative description for each dataset by ﬁlling in the
‘Description’ ﬁeld when uploading a dataset. If an article is accepted, the
uploaded datasets will be available for download from the online article on
ScienceDirect. For more information, see: https://www.elsevier.com/authors/
author-resources/data-visualization.
Style
Basic style points are as follows:
Layout

› Double-space all text
› Number each page
› Line numbering is not necessary

Spelling

› Use American, as opposed to British, spellings

File Formats

› TIFF, PDF, PPT, or EPS are preferred; JPEG is acceptable

Language

› English

Resolution

› Halftone or combination art: 300-500 dpi

Font

› Any standard typeface is acceptable (e.g., Arial, Times
New Roman)

Image Size

› Single column width: 90 mm (255 pt)
Acronyms/
Abbreviations

› Deﬁne at ﬁrst use in the abstract

Nomenclature

› See below

› Line art: 1000 dpi or supply as vector image
› 1.5 column width: 140 mm (397 pt)
› Double column (full page) width: 190 mm (539 pt)

› Be consistent throughout (use the same typeface and size)

› Note: 72 points ¼ 1 inch
Font

› 8-12 point (minimum size variability)
› Standard typeface (e.g., Arial, Times New Roman)
› Consistent throughout

Multi-Panel Figures

› Label each panel/part with a capital letter (A, B, C,.)

Figure Titles/
Legends

› Include in manuscript ﬁle, not in ﬁgure ﬁles

File Naming

› Use the ﬁgure number (Fig1.tif, Fig2.pdf, etc.)

Upload

› Supply as individual ﬁles (a single ﬁle for each ﬁgure)

Figures should be cited in the text, numbered consecutively (i.e., 1, 2, 3) in the order
of their mention, and have brief legends. Each ﬁgure should be consistent in color,
size, and font, and be designed proportionally so that it can later be sized as needed
without loss of legibility or quality. Letters and numbers, in particular, should not
vary greatly in size. RGB color mode is preferred over CMYK. High quality versions
of each ﬁgure should be uploaded individually (i.e., two ﬁgures should be uploaded
separately as Figure 1 and Figure 2). To reduce TIFF ﬁle size, ﬂatten layers and then
save with LZW compression before uploading. A minimum resolution of 300 dpi is
required. Note that the quality of a low-resolution ﬁgure cannot be improved by
artiﬁcially increasing the resolution in graphics software; ﬁgures must be initially
created with sufﬁcient quality/resolution. Figure titles and legends should be
included as editable text in the manuscript ﬁle and not in the ﬁgure ﬁles.
Images should represent the original data and be minimally processed. Uniform
adjustments (e.g., brightness, contrast) may be applied to an entire image, but

› Deﬁne again at ﬁrst use in the text and also in each legend
› Avoid unnecessary/uncommon abbreviations

Our readership is diverse, and authors should consider that many readers are in
specialty areas other than their own. It is important, therefore, to avoid jargon.
Manuscripts with the broadest appeal are focused and clearly written. In highly
specialized areas, the introduction should be a concise primer.
We encourage authors whose ﬁrst language is not English to ask a native English
speaker to review their manuscript or to use a professional language editing service
prior to submission. Accepted manuscripts are copyedited to conform to the AMA
Manual of Style.
Psychopharmacology Nomenclature
BP:CNNI supports the Neuroscience-based Nomenclature (NbN) project (http://
nbnomenclature.org/), which aims to promote the use of mechanism-based
nomenclature that is pharmacologically-driven, rather than indication-based. The
NbN system characterizes medications based on their pharmacological domain
and mode(s) of action. Authors should use NbN’s glossary or ofﬁcial apps in order
to translate between the old and new nomenclature.
Gene/Protein Nomenclature
Gene symbols should be italicized and differentiate by species. Human symbols should be all uppercase (DISC1), whereas symbols for rodents and other
species should be lowercase using only an initial capital (Disc1). Protein
products, regardless of species, are not italicized and use all uppercase letters
(DISC1).
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Authors should use approved nomenclature for gene symbols by consulting the
appropriate public databases for correct gene names and symbols. Approved
human gene symbols are available from HUGO Gene Nomenclature Committee
(HGNC) at http://www.genenames.org/. Approved mouse symbols are provided
by The Jackson Laboratory at http://www.informatics.jax.org/marker/. Use
symbols (e.g., SLC6A4, DISC1) as opposed to italicized full names, and avoid

listing multiple names separated by a slash, such as ‘Oct4/Pou5f1’. Use one
name throughout and include any alias(es) upon the ﬁrst reference. Authors
should submit proposed gene names that are not already approved to the
appropriate nomenclature committees as soon as possible. It is the authors’
responsibility to ensure these are deposited and approved before publication of
an article.

SUBMISSION PROCESS

not have a conﬂict of interest in reviewing the manuscript. Afﬁliations of the
suggested referees should all be different, and none should share an afﬁliation
with any of the authors. Editors are not appropriate to suggest as a reviewer.
Authors are also permitted to identify reviewers who should be excluded from
reviewing their work, but ﬁnal peer reviewer selections remain at the editors’
discretion.

All manuscripts must be submitted in electronic form through the BPCNNI online
submission and review website (https://www.editorialmanager.com/bpsc). Submission is a representation that all authors have personally reviewed and given ﬁnal
approval of the version submitted, and neither the manuscript nor its data have
been previously published (except in abstract or preprint form) or are currently
under consideration for publication elsewhere.
The Journal has created checklists to assist authors in the efﬁcient submission of
both new and revised manuscripts. They are entirely optional and intended solely
to help authors adhere to our submission guidelines and save time so
that submissions do not need to be returned for correction. The checklists
are
available
here:
http://www.biologicalpsychiatrycnni.org/content/bpscsubmission-checklists.
To ensure transparency, authors are expected to clearly declare other reports/
publications of their own that have used the same dataset or sample. Authors must
also identify ﬁgures, tables, and/or data that have been published elsewhere. It is
the author’s responsibility to obtain permission from the copyright holder(s) to
reproduce or modify any previously published materials.
The person designated in the system as the corresponding author must be one of
the individuals named as a corresponding author on the title page. Upon ﬁnalizing
the submission, the corresponding author will immediately receive an email notiﬁcation that the submission has been received by the Editorial Ofﬁce. If such
documentation has not been received, then a problem has occurred during the
submission process and should be investigated. Any manuscripts not conforming
to these guidelines will be returned to the author for correction before the manuscript is processed. The manuscript status is available to the corresponding author
at all times by logging into the website. The submission will receive a manuscript
number once it has been processed and assigned to an editor.

New Submission
When submitting a new manuscript, authors will be asked to provide the following:
valid email addresses for all authors; the names, emails and afﬁliations of 6 individuals who would be appropriate to review the work; and all submission ﬁles.
Further details are as follows.
New Submission Files
To ease the burden of the submission process, we permit authors to upload the
entire submission (minus a cover letter) as a single ﬁle, with pages numbered, in
Word or PDF. Tables and ﬁgures may either be placed within the body of the
manuscript or presented separately at the end. Authors must ensure that all
elements are clearly legible for editors and peer reviewers. Alternatively, authors
may upload individual ﬁles (cover letter, manuscript, ﬁgures, etc.) separately. All
ﬁles should be labeled with appropriate and descriptive names (e.g., SmithText.doc, Fig1.eps, Table1.doc). The system will build a single PDF of the
submission from the uploaded ﬁles. Regardless of how ﬁles are uploaded at this
stage, all essential components of a manuscript are still required. See Manuscript section, above.
Author Notiﬁcations
The Journal sends a notiﬁcation to every individual named as an author upon
receipt of every new submission. This email provides details of the submission, including the full author list and the text of both the acknowledgments and disclosures sections. This policy requires valid email addresses for
all coauthors, which must be supplied at submission; institutional email
addresses are strongly preferred. When a consortium/group is named as an
author, this group must be entered as an author at the relevant screen. An
email address for the primary contact/principal investigator of the consortium/
group should be supplied. The named individual should be someone
responsible for the consortium/group and must be a member of this group.
Referee Suggestions
For all new submissions (except Commentaries and Correspondence), authors
are required to provide the full names and contact information (afﬁliation and
email) of 6 individuals who are especially qualiﬁed to referee the work and would

Transferred Submission
Some authors may be offered the opportunity to directly transfer their papers from
Biological Psychiatry to BP:CNNI. Upon acceptance of a transfer offer, the submission will be transmitted directly to the BP:CNNI Editorial Ofﬁce. Authors whose
papers have not yet been peer reviewed need take no further action; the paper will
be assigned to an editor for handling. Authors whose papers have already been
peer reviewed at Biological Psychiatry will then have the submission returned to
them in order to revise the paper in accordance with the reviewers’ comments. In
other words, although it will be a “new” submission at BP:CNNI, proceed as if
submitting a revision. The manuscript should be revised and a detailed response to
reviewers ﬁle must be included as part of the submission. Any other revised ﬁles
should also be updated/replaced as necessary. The revised paper will be returned
to the original reviewers at the editor’s discretion. All other instructions remain
applicable.
Revised Submission
When submitting a revised manuscript, authors are asked to provide a detailed
response to reviewers, which must be uploaded as a unique Word or PDF
ﬁle (separate from the cover letter). Authors may upload a ‘tracked changes’ version of their revision, but must always include a ‘clean’ non-marked version of the
manuscript. If revisions are a condition of publication, only two revised versions of
the paper will be considered. Unsolicited revisions are not allowed.
Revised Submission Files
All ﬁles (cover letter, response to reviewers, manuscript, ﬁgures, etc.) must be
uploaded separately at revision, and should be labeled with appropriate and
descriptive ﬁle names (e.g., SmithText.doc, Fig1.tif, Table1.doc). File format
requirements are speciﬁed in the below table. The system will build a single PDF of
the submission from the uploaded ﬁles. Authors should be careful to replace all
ﬁles that have been updated since original submission and ensure all ﬁles are
correctly labeled (particularly if ﬁgures and/or tables have been rearranged and
subsequently renumbered).

File Type Requirements
Cover Letter

Word or PDF

Detailed Response to Reviewers

Word or PDF

Manuscript

Word

Tables

Word or Excel

Figures

TIFF, PDF, PPT, or EPS

Supplement

Word

In This Issue Feature

Word

Word Limits
BP:CNNI strictly enforces its word limits when a revised manuscript is submitted.
Needing to address the reviewers’ concerns is not a sufﬁcient reason for
exceeding the stated maximum word limits. We advise authors to critically
evaluate their manuscripts to ensure that they are written as concisely and clearly
as possible. Additionally, the Journal strongly encourages the use of Supplemental Information. This can be text, tables, and/or ﬁgures that are relevant to
the work but not critical to support the ﬁndings. Supplemental Information is
published separately from the main text of the article and therefore does not
count against the word limits.
In This Issue Feature
The submission of revised manuscripts (except Commentaries and Correspondence) requires a new unique ﬁle with a brief non-technical summary of the
article. The blurb should be uploaded as a text ﬁle, 50-75 words in length, and be
written in laymen’s terms. Should the article be accepted for publication, this
summary will be used for the In This Issue feature when the article is published.
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PEER REVIEW PROCESS
All submissions (with the general exception of Editorials, Commentaries, and Correspondence) will be subject to single-blind peer review. The actual selection of reviewers
will be made by the editors. As a general rule, papers will be evaluated by three or more
independent reviewers and, on occasion, an additional review for statistical adequacy
may also be obtained. The comments of the reviewers are generally communicated to
the authors within 30-45 days of submission.
BP:CNNI excludes reviewers who work at the same institution as any author, or
those who have any other obvious conﬂict of interest. The identity of individual
reviewers remains conﬁdential to all parties except the Editorial Ofﬁce. Reviewers are
expected to treat manuscripts under peer review with the strictest conﬁdentiality.

EDITORIAL POLICIES
Authorship
To qualify for authorship, an individual must have participated sufﬁciently in the
work to take public responsibility for all or part of the content, given ﬁnal approval
of the submitted version, and made substantive intellectual contributions to the
submitted work in the form of: 1) conception and design, and/or acquisition of
data, and/or analysis of data; and 2) drafting the article, and/or revising it critically
for important intellectual content. Authorship also requires agreement to be
accountable for all aspects of the work in ensuring that questions related to the
accuracy or integrity of any part of the work are appropriately investigated and
resolved. All individuals who meet criteria for authorship must be named as
authors, and all individuals named as authors must meet all authorship criteria. If
authorship is attributed to a group (either solely or in addition to 1 or more
individual authors), all members of the group must meet the full criteria and
requirements for authorship as described above. Any changes in authorship after
initial submission (additions, deletions, reordering) must be approved in writing by
all authors.
The Journal permits shared/joint authorship in either the ﬁrst or senior positions.
Authors may denote on the title page which authors contributed equally and,
should the article be accepted for publication, a notation will be included in the
published paper.
Corresponding Author
By electing to approve and ﬁnalize the submission of a manuscript as the
corresponding author, BP:CNNI assumes the author’s acknowledgment and
acceptance of the following responsibilities: 1) act as the sole correspondent
with the Editorial Ofﬁce and the publisher, Elsevier, on all matters related to
the submission, including review and correction of the typeset proof; 2)
assurance that all individuals who meet the criteria for authorship are included
as authors on the manuscript title page, and that the version submitted is the
version that all authors have approved; and 3) assurance that written permission has been received from all individuals whose contributions to the work
are included in the Acknowledgments section of the manuscript.
Although a single person must serve as the corresponding author and be
responsible for the manuscript from submission through acceptance, we do permit
two individuals to be named as contacts in the ﬁnal, published version of a paper.
This may be noted on the title page of the paper and, should the article be
accepted for publication, both individuals will be named in the published paper.
Disclosure of Biomedical Financial Interests and Potential Conﬂicts of
Interest
BP:CNNI requires all authors to provide full disclosure of any and all biomedical
ﬁnancial interests. Further, we require all authors for all article types to specify the
nature of potential conﬂicts of interest, ﬁnancial or otherwise. This disclosure
includes direct or indirect ﬁnancial or personal relationships, interests, and afﬁliations relevant to the subject matter of the manuscript that have occurred over the
last two years, or that are expected in the foreseeable future. This disclosure
includes, but is not limited to, grants or funding, employment, afﬁliations, patents
(in preparation, ﬁled, or granted), inventions, honoraria, consultancies, royalties,
stock options/ownership, or expert testimony. This policy of full disclosure is
similar to the policies of the ICMJE and other such organizations. The conﬂict of
interest statements should be included in the Financial Disclosures section of the
manuscript at the time of submission for all article types. If an author has nothing to
declare, this must be explicitly stated. Authors should contact the Editorial Ofﬁce
with questions or concerns, but should err on the side of inclusion when in doubt.
The following is a sample text:
Dr. Einstein reports having received lecture fees from EMC Laboratories, and
research funding from Quantum Enterprises. Dr. Curie disclosed consulting fees
from RA Inc. Dr. Newton reported his patent on “Newtonian physics”.

Authors should be aware that manuscripts may be returned without outside review
when the editors deem that the paper is of insufﬁcient general interest for the broad
readership of BP:CNNI, or that the scientiﬁc priority is such that it is unlikely to
receive favorable reviews. Editorial rejection is done to speed up the editorial
process and to allow the authors’ papers to be promptly submitted and reviewed
elsewhere.
BP:CNNI is a member of the Neuroscience Peer Review Consortium, an alliance of
neuroscience journals that have agreed to accept manuscript reviews from each
other. Authors may submit a revision of their manuscript to another Consortium
journal, and, at the author’s request, BP:CNNI will forward the peer reviews to that
journal. Authors can ﬁnd a list of Consortium journals and details about forwarding
reviews at http://nprc.incf.org.
Dr. Archimedes reported no biomedical ﬁnancial interests or potential conﬂicts
of interest.
It is the responsibility of all authors to ensure that their conﬂicts of interest and
ﬁnancial disclosures are included in the manuscript. Manuscripts that fail to include
the complete statements of all authors upon submission will be returned to the
corresponding author and will delay the processing and evaluation of the
manuscript.
Ethical Considerations
Authors should consider all ethical issues relevant to their research. In the Methods
and Materials section of the manuscript, authors should identify the institutional
and/or licensing committee that approved the experiment(s) and conﬁrm that all
experiments were performed in accordance with relevant guidelines and regulations. Authors of reports on human studies should include detailed information on
the informed consent process, including the method(s) used to assess the subject’s capacity to give informed consent, and safeguards included in the study
design for protection of human subjects. When relevant patient follow-up data are
available, this should also be reported. When reporting experiments on animals,
authors should indicate that institutional and national guidelines for the care and
use of laboratory animals were followed.
BP:CNNI takes seriously its responsibility in ensuring scientiﬁc integrity, and will
pursue any allegations of misconduct, including but not limited to plagiarism,
duplicate submission or publication, data fabrication or falsiﬁcation, unethical
treatment of research subjects, authorship disputes, falsiﬁed referee suggestions,
and undisclosed conﬂicts of interest. The Journal generally follows the guidelines
recommended by the Committee on Publication Ethics (https://publicationethics.
org/), although we also reserve the right to take alternative action(s) as deemed
necessary, including contacting the authors’ institution(s), funding agency, or other
appropriate authority for investigation. Literature corrections, via errata or retractions, are handled on a case-by-case basis.
Clinical Trials Registration
In concordance with the ICMJE, BP:CNNI requires the prospective registration of
all clinical trials as a condition of consideration for publication. A clinical trial is
deﬁned as any research study that prospectively assigns human participants or
groups to one or more interventions to evaluate the effects of those interventions
on health-related biomedical or behavioral outcomes. Health-related interventions
are those used to modify a biomedical or health-related outcome; examples
include drugs, surgical procedures, devices, behavioral treatments, dietary interventions, educational programs and treatment/prevention/diagnostic strategies.
Health outcomes include any biomedical or health-related measures obtained in
patients or participants; examples include pharmacokinetic measures, adverse
events, health-related behaviors, and changes to physiological, biological, psychological, or neurodevelopmental parameters. Purely observational studies (those
in which the assignment of the medical intervention is not at the discretion of the
investigator) will not require registration.
Trials must have been registered at or before the onset of patient enrollment.
Retrospective registration (i.e., at the time of submission) is not acceptable. For all
clinical trials and secondary analyses of original clinical trials, the trial name, URL,
and registration number should be included at the end of the abstract. Acceptable
registries are ClinicalTrials.gov (https://www.clinicaltrials.gov) or any primary registries in the World Health Organization International Clinical Trials Registry Platform (http://www.who.int/ictrp/network/primary/en/index.html).
Research and Data Reporting Guidelines
BP:CNNI supports initiatives aimed at improving the reporting of biomedical
research. Checklists have been developed for a number of study designs, including
randomized controlled trials (CONSORT) and systematic reviews (PRISMA). A
comprehensive list of reporting guidelines is available from the EQUATOR Network
Library (http://www.equator-network.org). Authors should make use of the
appropriate guidelines when drafting their papers. Peer reviewers are asked to refer
to these checklists when evaluating these studies.
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BP:CNNI requires the inclusion of the CONSORT materials (ﬂow diagram and
checklist) at submission for all randomized controlled trials. Authors of other
study designs are encouraged, but not required, to include the relevant
checklists at submission. All such materials will be published as supplemental
information.
Materials and Genes
Upon publication, it is expected that authors willingly distribute to qualiﬁed
academic researchers any materials (such as viruses, organisms, antibodies,
nucleic acids and cell lines) that were utilized in the course of the research and that
are not commercially available.
GenBank/EMBL accession numbers for primary nucleotide and amino acid
sequence data should be included in the manuscript at the end of the Methods and
Materials section. All microarray data (proteomic, expression arrays, chromatin
arrays, etc.) must be deposited in the appropriate public database and must be
accessible without restriction from the date of publication. An entry name or
accession number must be included in the Methods and Materials section.
Repository Data
A growing number of private and public repositories are accumulating demographic and clinical data, genetic and genetic analysis data, DNA, and other biomaterials for use in medical research. Manuscripts submitted for publication in

ACCEPTANCE AND PUBLICATION
Proofs
The corresponding author will receive proofs by email generally within 3-5 weeks of
acceptance, which must be corrected and returned within 48 hours of receipt.
Authors are responsible for carefully reviewing and proofreading the entire article
for accuracy. Once a corrected proof is published online, additional corrections
cannot be made without an erratum.
Publication Schedule
Accepted articles are published online, prior to copyediting, within one week of
ﬁnal acceptance. They will be immediately citable, with an assigned digital object
identiﬁer (DOI) number. Corrected proofs are published online approximately 28
business days from ﬁnal acceptance. Articles generally appear in their ﬁnal published form in an issue of the journal within 3-6 months of acceptance.
Press and Embargo Policy
The Journal does not typically embargo articles, but can do so in instances where
authors or their institutions wish to coordinate a press release. Authors should
contact the Editorial Ofﬁce immediately after notiﬁcation of an acceptance if they
would like an embargo set for their article.
Fees
BP:CNNI does not have publication charges. However, authors may choose to
make their article open-access, for which a fee of $3000 (US dollars) applies.
Open-access articles will be made available to all (including non-subscribers) via
the ScienceDirect platform. Authors of accepted articles who wish to take
advantage of this option should complete and submit the online order form sent
after acceptance.
Cover Art
BP:CNNI generally selects cover art relevant to an article appearing in that issue.
The Journal encourages the submission of scientiﬁcally and visually interesting
images that do not appear in the paper, but that would be suitable for cover art,
particularly those that summarize or represent the article’s ﬁndings. Authors may
upload images to be considered for the cover during the submission process, or
email them separately to the Editorial Ofﬁce. Any such images must be the property
of the submitting authors. Figures that appear in the paper are automatically
considered for covers.
Article Sharing
The Society of Biological Psychiatry and Elsevier support responsible sharing. The
corresponding author will, at no cost, receive a customized Share Link (https://
www.elsevier.com/about/policies/sharing) providing 50 days free access to the
ﬁnal published version of the article on ScienceDirect. The Share Link can be used
for sharing the article via any communication channel, including email and social

BP:CNNI that employ repository data and/or biomaterials must be in full compliance with the rules developed by the respective repository governing the correct
citation of the repository, funding agencies, and investigators who contributed to
the repository. Any other stipulation by the repository governing publications using
repository data and/or biomaterials must also be followed. Authors must provide
sufﬁcient information in the manuscript for the Editor and reviewers to determine
that these conditions have been met and that the repository has been established
and maintained according to current ethical standards. The Editors may require
authors to provide additional documentation regarding the repository during the
review process.

Preprint Policy
BP:CNNI permits the submission of manuscripts that have been posted on preprint
servers, including bioRxiv. However, we request that authors do not update the
posted article to include changes made in response to the reviewers’ comments.
Authors should disclose that the article has been posted on a preprint server in the
Acknowledgments/Disclosures section of the paper. If the article is accepted for
publication, authors must be able to transfer copyright to the Society of Biological
Psychiatry, or agree to the terms of and pay the associated fee for an open-access
license.
media. For an extra charge, paper offprints can be ordered via the offprint order
form which is sent once the article is accepted for publication. Authors may order
offprints at any time via Elsevier’s WebShop (https://webshop.elsevier.com).
NIH Public Access Policy and Other Funding Body Agreements
As a service to our authors, our publisher, Elsevier, will deposit peer-reviewed
manuscripts to PubMed Central that have reported research funded by the
National Institutes of Health (NIH). To initiate this process, the corresponding
author must indicate that the study received NIH funding when completing the
Publishing Agreement Form, which is sent to the corresponding author via email
after acceptance. Elsevier has also established agreements and policies with
multiple other funding bodies, including Wellcome Trust, to help authors comply
with manuscript archiving requirements. Please see the full details at https://www.
elsevier.com/about/open-science/open-access/agreements.
Copyright
Upon acceptance of an article by the Journal, the corresponding author will be
asked to transfer copyright to the Society of Biological Psychiatry on behalf of all
authors. This transfer will ensure the widest possible dissemination of information
under U.S. Copyright Law. Once accepted, a paper may not be published elsewhere, including electronically, in the same form, in English or in any other language, without the written consent of the copyright holder. All copies, paper or
electronic, or other use of information must include an indication of the Elsevier Inc.
and Society of Biological Psychiatry copyright and full citation of the journal
source. All requests for other uses will be handled through Elsevier Inc.
Authors retain the following rights: 1) Patent and trademark rights and rights to
any process or procedure described in the article. 2) The right to photocopy or
make single electronic copies of the article for their own personal use, including
for their own classroom use, or for the personal use of colleagues, provided the
copies are not offered for sale and are not distributed in a systematic way
outside of their employing institution (e.g. via an email list or public ﬁle server).
Posting of the article on a secure network (not accessible to the public) within
the author’s institute is permitted. However, if a prior version of this work
(normally a preprint) has been posted to an electronic public server, the
author(s) agree not to update and/or replace this prior version on the server in
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Graph Theory Studies of Dysconnectivity in Bipolar
Disorder
Bipolar disorder (BD) is associated with affective dysregulation
and widespread alterations in structural and functional connectivity, but our network-level understanding of brain organization in BD remains limited. Using a graph theory approach,
Nabulsi et al. (pages 140–151) report that relative to control
subjects, euthymic patients with BD exhibited subnetwork
dysconnectivity involving frontolimbic, frontotemporal, and
posterior-occipital functional connections, preserved wholebrain functional connectivity, and comparable structuralfunctional relationships among whole-brain and edge-based
connections. These changes are suggestive of trait-like features, which may be necessary to maintain a remitted clinical
state in BD.
Cognitive deﬁcits and neuroanatomical network alterations
are present in BD, although knowledge of the relationship
between the two is lacking. Here, McPhilemy et al. (pages
152–162) used anatomical brain network representations,
derived from diffusion-weighted magnetic resonance imaging,
to assess patterns of connectivity that were associated with
cognitive processes in adults with BD and healthy individuals.
The authors found that executive function deﬁcits are related
to altered global topology and not to highly interconnected hub
regions. Speciﬁc subnetwork connectivity patterns supported
spatial memory similarly in both groups and did not relate to
deﬁcits in episodic memory, short-term memory, or social
cognition. This study provides insight into speciﬁc networklevel brain–cognition relationships in BD.

Neural Mechanisms of Altered Reward Processing
Major depressive disorder (MDD) is associated with altered
reward processing, which can be restored via enhanced
dopaminergic signaling, yet how such pharmacological interventions affect the underlying neural mechanisms is not
clear. Using a machine learning approach with whole-brain
functional magnetic resonance imaging (fMRI) data, Liu et al.
(pages 163–172) identiﬁed reliable brain-wide features that
differentiated unmedicated individuals with MDD and control
subjects with high accuracy. These features, which included
reward-related striatal activation and connectivity, were largely
normalized after a pharmacological challenge that increases
dopaminergic signaling. These ﬁndings provide new insights
into the pathophysiology of depression and the mechanism
through which antidepressants may exert their effects at the
system level.
Patients with schizophrenia (PSZ) show increased switching
between options when making reward-based decisions. Here,
Deserno et al. (pages 173–183) used computational modeling
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and task-based fMRI to investigate the cognitive processes
and neural activity underlying this deﬁcit. The authors found
that PSZ, compared with healthy volunteers, inferred the
environment as overly volatile, a ﬁnding that was replicated in a
second, independent sample. Additionally, PSZ showed higher
activity in the dorsolateral prefrontal cortex related to their
beliefs about environmental instability. These data provide
insight into the increased choice switching that is often present
in PSZ.

Amygdala Subnuclei Structural Connectivity at 7T in
Depression
The amygdala is implicated in mood disorders, but limited
resolution in human neuroimaging studies has restricted study
of this diverse structure, often analyzed as a single entity.
Using ultra-high-resolution 7T diffusion MRI, Brown et al.
(pages 184–193) found increased connection density in 3 of
the right amygdala nuclei in patients with MDD, compared with
healthy control subjects. These increases were driven by the
uncinate fasciculus and stria terminalis. Decreased connectivity was found in the left medial nucleus. These data identiﬁed
MDD-speciﬁc differential changes in the amygdala lateral,
basal, central, and medial substructures, suggesting that
future studies of MDD should consider separating amygdala
subregions.

Amygdala Activity and Risk for Depression
Elevated amygdala activity has been detected in patients with
depression but also in unaffected relatives with familial risk for
depression. It remains unclear whether these amygdala
changes in unaffected relatives reﬂect the presence of subthreshold symptoms or an increased vulnerability to depression. Using fMRI in nondepressed young adults, Barbour et al.
(pages 194–202) found that the family history–positive group,
compared with the family history–negative group, showed
increased amygdala responsivity to moving faces, which
correlated with low resilience levels, but not subthreshold
symptoms of depression or anxiety. These data provide a link
between elevated amygdala activity and poor resilience in individuals at high familial risk for depression.

Cognition, Behavior, and Brain Connectivity
Posttraumatic stress disorder (PTSD) is associated with aberrant emotion processing and altered neural reactivity. In this
fMRI study of combat veterans with varying symptom clusters
of PTSD, McCurry et al. (pages 203–212) found that hyperarousal severity is related to decreased habituation to negative
relative to neutral images in a widespread neural network, while
re-experiencing severity is related to increased habituation.
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Moreover, greater re-experiencing severity was associated with
stronger amygdalar functional connectivity with prefrontal regions for negative relative to neutral images. These data highlight the heterogeneous contributions of speciﬁc PTSD
symptoms to trauma-related emotion dysregulation.
Depressed older adults show deﬁcits in executive functions,
including difﬁculties engaging in goal-directed behaviors and
inhibiting irrelevant stimuli. Respino et al. (pages 213–221)
examined the relationship between measures of executive
function and homogeneity in the cognitive control network,
measured via resting-state fMRI. Relative to healthy control
subjects, older adults with late-life depression showed greater
regional homogeneity in the bilateral dorsal anterior cingulate
cortex and the right middle temporal gyrus. Increased regional
homogeneity in the dorsal anterior cingulate cortex correlated
with better executive function, suggesting that this may serve
as a compensatory mechanism for depression-related executive dysfunction.
Obsessive-compulsive disorder (OCD) is associated with
poor inhibitory control, which may be related to dysfunction in
inhibitory control brain circuitry. Using fMRI during an inhibitory
control task, Hampshire et al. (pages 222–230) report that
patients with OCD and their unaffected relatives show reduced
connectivity between different brain regions, including frontal
cortical and cerebellar regions, compared with control participants. These ﬁndings suggest that hypoconnectivity during
inhibitory control may be a marker of vulnerability for OCD.

132

Untreated Psychosis and Brain Connectivity
Psychosis often goes untreated initially, and this is associated
with poorer clinical outcomes, but the speciﬁc effects on the
brain of the duration of untreated psychosis (DUP) is not clear.
Maximo et al. (pages 231–238) conducted a longitudinal
multimodal imaging study to examine the effect of DUP in
antipsychotic-naïve patients with ﬁrst-episode psychosis. Results revealed that longer DUP is associated with poorer treatment response; reduced functional connectivity in default
mode, salience, and executive networks; reduced surface area
in salience and executive networks; and increased cortical
thickness in default mode and salience networks. These data
provide a neurobiological link between prolonged DUP and
poorer clinical outcomes.

Regulation of Craving and Negative Emotion in
Alcohol Use Disorder
Alcohol use disorder has been linked to impairments in prefrontal brain regions that are associated with cognitive control.
Here, Suzuki et al. (pages 239–250) demonstrate that individuals with alcohol use disorder can effectively use cognitive strategies to regulate craving and negative emotions, and
recruit these prefrontal brain regions while doing so. The results further suggest the presence of both common and
distinct pathways that are involved in regulating craving and
negative emotions.
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What Might Prediction Tell Us About the
Dopaminergic Mechanisms of Depression?
Michael Browning
We often ask mechanistic questions in the ﬁeld of biological
psychiatry. For example, we might investigate the neural
mechanisms of a particular treatment by testing whether it
alters activity in a speciﬁc region of the brain. In studies of this
sort, inferential statistics are generally used to determine
whether observed differences, perhaps between treated and
nontreated participants, are more pronounced than those expected by chance. Of course, not all questions concern
mechanism; we may also be interested in prediction—for
example, whether a patient’s functional magnetic resonance
imaging (fMRI) signal predicts his or her response to a treatment. A different statistical framework is used in studies of this
sort: generally a classiﬁer is developed linking a set of predictors (e.g., fMRI data) to an outcome (e.g., treatment
response), with the performance of the classiﬁer deﬁned as its
accuracy when predicting response in a separate group of
participants (1). Despite the distinct statistical approaches,
there is a straightforward link between questions of mechanism and prediction; by deﬁnition, the mechanism of a treatment leads to its response, so if we understand (and can
measure) a treatment’s mechanism we are likely to be able to
predict its response. In this issue of Biological Psychiatry:
Cognitive Neuroscience and Neuroimaging, Liu et al. (2) suggest that we can also use this link to draw inferences about the
mechanism of a treatment. Speciﬁcally, they suggest that the
effects of a treatment on pathological processes can be
inferred by comparing the performance of a series of predictive
classiﬁers trained to distinguish different groups of patients or
control subjects.
The focus of the Liu et al. study (2) is the role of the dopaminergic system in depression, a topical and somewhat
controversial area. Building on a well-developed preclinical
literature that has described the role of central dopaminergic
signaling in learning about rewarding outcomes (3), there has
been interest in whether symptoms of depression generally, and
anhedonia in particular, may be linked to dysfunction of the
dopaminergic system (4). However, evidence in favor of this
proposal has been mixed, and there have been a number of
recent negative studies (5,6). On this background, Liu et al. (2)
reanalyzed data from 2 studies in which participants completed
the monetary incentive delay task, a well-validated model of
reward responsivity, while fMRI data were collected. Their
analysis involved 3 groups of participants: patients with major
depressive disorder (MDD) who were receiving a single dose of
placebo (MDD-placebo), patients with MDD receiving a single
dose of the D2/D3 antagonist amisulpride (MDD-amisulpride),
and healthy control subjects who received placebo. The
psychopharmacological aspect of the study is sophisticated;

the D2 receptor is found both pre- and postsynaptically, with a
single dose of amisulpride acting primarily on the presynaptic
autoreceptors, thus enhancing dopaminergic signaling. The
authors use this to test whether, by releasing control of
dopaminergic signaling, amisulpride acts to rescue the presumptive hypoactivation of the dopaminergic system in
depressed patients.
The analytic approach used in the study is novel and
requires some scrutiny. Three classiﬁers were developed to
distinguish, pairwise, between the 3 participant groups. The
features used in the classiﬁers were mainly regression
weights from analysis of the fMRI data, averaged within
Automated Anatomical Labeling–deﬁned anatomical regions. (A few other features derived from individually
determined anatomical masks and previous connectivity
analyses were used, but these did not substantially inﬂuence the results.) The “ground truth” the classiﬁers were
predicting was the group membership of individual participants (e.g., was a patient in the MDD-amisulpride vs. the
MDD-placebo group). The feature selection process used
for the classiﬁers involved several phases: ﬁrst, an elastic
net procedure (which discards the less-predictive features)
was used. Next, the features from the elastic net analysis
were rank ordered by their weight (how inﬂuential they were
in prediction). Last, a ﬁnal classiﬁer was selected using the
n most informative features, where n was a number that
produced the highest overall classiﬁcation accuracy while
being less than the number of participants included in the
analysis.
The basic logic underpinning the analysis is conceptually
similar to that used for representational analysis in cognitive
neuroscience (7); for a brain region to be useful in discriminating between 2 groups of participants, something in the
activity of that region (or the interaction between that and other
regions) must differ between the groups. The slightly unusual
aspect of the current analysis is that it is based on the relative
importance of the features used in the classiﬁcation, rather
than on classiﬁcation accuracy itself (7). As the features
themselves were derived from anatomically deﬁned brain regions, the authors used the ranking of feature importance to
draw conclusions about the speciﬁc regions involved in
treatment response. The results of the studies and the authors’
interpretations are summarized in Table 1.
Overall, the authors suggest that their analysis demonstrates that amisulpride normalizes reward-related activity in
depressed patients; that is, it makes the brain activity of
depressed patients more like the brain activity of control
subjects.
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Table 1. Summary of Key Study Findings and Interpretation
Result

Description

Interpretation

A

The classiﬁers trained to distinguish the
MDD-amisulpride from the MDD-placebo
groups and the MDD-placebo from the HCplacebo groups selected similar features

Amisulpride acts to change activity in the same
regions of the brain where activity differs
between nondepressed and depressed people

B

The classiﬁer trained to distinguish
MDD-amisulpride from HC-placebo groups
selected a largely different set of features
than the other 2 classiﬁers

The effect of amisulpride in depressed patients is
to render the activity of the regions it inﬂuences
(i.e., the set of regions deﬁned in A above) similar
to that seen in nondepressed HC subjects
(as these regions are no longer useful in
distinguishing between groups)

C

The sign of the classiﬁers’ weights was
similar for the 2 classiﬁers that involved
the MDD-placebo group

The quantitative difference between depressed patients
taking placebo vs. amisulpride is similar to the quantitative
difference between depressed patients and HC subjects.
The effect of amisulpride is quantitatively similar to the
effect that would be expected if a depressed
patient stopped being depressed

HC, healthy control; MDD, major depressive disorder.

The article illustrates an interesting avenue by which predictive analyses might be leveraged to draw mechanistic
inference from between-subject psychopharmacological
studies. A potential advantage of this approach is that multivariate classiﬁers are able capture complex interactions within
data that are difﬁcult to detect using traditional massed univariate approaches (7). Many clinically relevant neural processes, including reward processing, are distributed across
brain regions and thus may be more accurately measured
using multivariate metrics. Having said that, several open
questions remain regarding this approach to analysis. First, it is
not clear how to quantify the evidence provided by the relative
ranking of features in a predictive classiﬁer. As illustrated in
Supplemental Figure S1 in Liu et al. (2), the beneﬁt to classiﬁcation accuracy of adding predictors asymptotes quickly—
meaning that a small change in a feature, such as that produced by measurement noise, may lead to a large change in its
ranking. Given this, it may be useful to validate the approach
used in this article in a population with a well-characterized
cerebral pathology. For example, an analysis of patients with
Parkinson’s disease who are on and off dopaminergic
medication might be expected to show a similar pattern of
results, with the effects driven by the signal from striatal
regions. Second, the beneﬁt of multivariate approaches to
analysis in terms of capturing complex interactions tends to be
offset by costs in terms of interpretability. Thus, it is difﬁcult to
draw conclusions about the role played in reward processing
or depressive symptomatology by the regions identiﬁed in the
current analysis. It is thus likely to be necessary to follow up
multivariate analyses such as this with detailed, hypothesis-led
studies of the neural systems identiﬁed.
In conclusion, while inferential and predictive analyses ask
distinct questions, they can provide complementary information on mechanistic processes. Innovative analytical approaches that weave both techniques together, as described
by Liu et al. (2), may allow us to better understand the fundamental mechanisms relevant to psychiatry and thus guide the
development of much-needed novel treatments.
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Of Forests and Trees: Bridging the Gap Between
Neurobiology and Behavior in Posttraumatic
Stress Disorder
Christopher L. Averill, Lynnette A. Averill, Siyan Fan, and Chadi G. Abdallah
The puzzles that constitute normal science exist only because no
paradigm that provides a basis for scientiﬁc research ever
completely resolves all its problems.
–Thomas Kuhn
All models are wrong, but some are useful.
–George Box

Evidence has linked chronic or traumatic stressors with
impaired synaptic plasticity and strength, structural alterations,
and the disturbance of intrinsic functional connectivity patterns
in networks thought to be related to the regulation of cognitive
and emotional attention/control (1,2). Like purported neural
correlates of severe stress exposure, the associated psychosocial complications are quite broad, negatively impacting
almost every aspect of functioning. Posttraumatic stress disorder (PTSD) is a diagnosis that is intended to encapsulate this
extreme heterogeneity under a single construct. The DSM-5
clusters 20 behaviorally based symptoms under four, often
intercorrelated criteria with high comorbidity and that overlap
other psychiatric disorders (1,2). As research examining the
psychoneurobiology of chronic stress pathology and PTSD
has grown, and despite well-designed and well-executed
pioneering work characterizing the neurobiopsychosocial underpinnings of the disorder, the ﬁeld still lacks reproducible
biomarkers, which leaves us with mechanistic and clinical
confusion (1,2).
Though variability in methodology and study design
contribute to the lack of consistent ﬁndings, it is likely that the
larger culprit is the amorphous nature of the disorder and its
lack of a “one-size-ﬁts-all” presentation. With more than
636,000 symptom combinations that meet DSM-5 PTSD
classiﬁcation criteria (3), it is not surprising that we struggle to
reproduce ﬁndings from previous studies. The odds of independent samples of individuals having similar PTSD symptom
and neurobiological phenotypes through random recruitment
are inﬁnitesimal. It is possible that important ﬁndings representing speciﬁc phenotypes or proﬁles of chronic stress pathology, or PTSD pathology, may be lost in the averages. We
may be so focused on the big picture that we fail to notice the
ﬁne brush stokes that comprise it.
In this issue of Biological Psychiatry: Cognitive Neuroscience and Neuroimaging, exciting work from McCurry et al. (4)
exempliﬁes these challenges well and, though not their intent,
highlights ways to improve study design and methods that
may increase the likelihood of discovering robust biomarkers.

The authors evaluated the relationship between PTSD and
habituation to negative affective stimuli in a large sample of
combat-exposed veterans with and without PTSD and also in a
civilian comparison group. Though ﬁnding no signiﬁcant difference in habituation as an effect of categorical criteria (PTSD
diagnosis, overall PTSD severity, combat exposure, or veterans vs. civilians), the authors did ﬁnd signiﬁcant transdiagnostic effects when evaluating symptom clusters
independently from PTSD diagnosis or overall severity. Hyperarousal and re-experiencing symptoms were related, in
opposing directions, to habituation to aversive stimuli in a
network of prefrontal and limbic brain regions. They found that
hyperarousal severity drove sensitization while re-experiencing
drove neural habituation, and more speciﬁcally, the pattern of
disparity between the two clusters drove habituation/sensitization (4).
Earlier work using a similar task reported signiﬁcant diagnostic and dimensional effects of PTSD and sometimes
recruited participants based on elevated physiological and
affective responses. The current null ﬁndings highlight potential issues in the heterogeneity of phenotypes that may result
from broad recruitment of participants with PTSD rather than
strategic recruitment of relevant phenotypic groups. The authors also suggest that negative image content/context may
be a crucial consideration (4). Speciﬁcally, neural activation
based on habituation or other cognitive–emotional states is
likely to vary signiﬁcantly, such that negative images that are
not personally relevant may be less provocational than those
that are speciﬁcally selected to be trauma- or threat-speciﬁc.
Another interesting ﬁnding from McCurry et al. (4) is
increased functional connectivity of the amygdala with
emotion suppression regions in relation to re-experiencing
symptoms. This ﬁnding mirrors another study in which overall PTSD severity was related to anterior hippocampus and
dorsal amygdala abnormalities, but re-experiencing was primarily related to the shape of the amygdala and hyperarousal
related to hippocampal shape (5). Though a structural rather
than functional imaging analysis, the study by Averill et al.
differentially associated PTSD and depression symptom severities with speciﬁc subﬁelds of the hippocampus (6).
Together, such ﬁndings suggest a pattern not only of functional connectivity but also of altered anatomy related specifically to these phenotypes. When combined with McCurry
et al.’s results (or lack thereof), their use of symptom clusters,
and the way they created an amygdala seed (almost creating
their own “subﬁeld” using signiﬁcant voxels within an
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amygdala mask), much of the recent work in the ﬁeld highlights
potential new value in diving deeper and breaking down
monolithic classiﬁcations of behavior and biology into more
multidimensional, modular, precise subunits.
McCurry et al. (4) used symptom cluster scores to shed light
on a relationship that was masked when investigating the
higher order factor, PTSD. This is far from the ﬁrst paper to
investigate PTSD at the symptom cluster level; however, the
simultaneous presentation of diagnostic and transdiagnostic
approaches presents an opportunity to reﬂect on the need to
evolve our practice of research and highlights the potential
value in considering models of chronic stress pathology that
turn traditional classiﬁcation criteria on their head, leveraging
biological models to examine behavior, rather than the transdiagnostic behavior-to-biology approaches that have dominated the literature to date (1,2). This biology-ﬁrst approach
has signiﬁcant potential to support the revolution of precision
medicine, supporting informed individualized treatment planning based on biological markers, the development of novel
therapeutics, and the identiﬁcation of individuals who may 1)
be at risk for the onset or worsening of certain symptom
constellations or 2) be more or less likely to respond to a given
treatment/intervention based on their neurobiological proﬁle.
The traditional approaches may unintentionally create scenarios where signals of interest are washed out by the
confound of differing phenotypes averaged across the sample.
In addition, unidimensional study designs in PTSD research
may sometimes be fundamentally ﬂawed by not focusing on
the subset of symptoms that contain the signal of interest.
Evidence-based psychotherapy and pharmacotherapy for
PTSD vary in effectiveness based on nuances in clinical and
neurobiological presentations that are not yet fully elucidated.
McCurry et al. (4) note that exaggerated hyperarousal is
associated with nonresponse to treatment and less longitudinal symptom improvement (7). The relationship between hyperarousal and re-experiencing may have the capacity to
improve treatment outcomes through increased potential for
habituation in those with increased re-experiencing (4).
Abdallah et al. (8) recently reported that two evidence-based
treatments, cognitive processing therapy and presentcentered therapy, were associated with differing patterns of
neural alteration as a result of similarly successful treatment.
Cognitive processing therapy, which focuses signiﬁcantly on
addressing maladaptive cognitions, impaired decision making,
and trauma interpretations, decreases symptom severity and
increases functional connectivity of the central executive
network. Present-centered therapy focuses patients on the
here-and-now and demonstrated reduced functional connectivity of the salience network, perhaps by reducing the salience
of traumatic memories and worry about the future (8). Etkin
et al. (2) used functional magnetic resonance imaging to
identify a neurobehavioral phenotype of PTSD characterized
by impaired verbal memory recall and resting-state functional
connectivity in the ventral affective network. Mechanistically
and clinically meaningful neurobiological phenotypes in PTSD
may be elucidated by strategically sampling based on the
speciﬁc phenotypes or characteristics implicated in our hypotheses rather than simply recruiting patients with PTSD
regardless of phenotype.
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As the ﬁeld has matured, the questions we ask have
increased in complexity, and the way we have classiﬁed
groups is now perhaps too gross and nonspeciﬁc to be usefully informative; this has led us into a reproducibility crisis,
which may well require not only a transdiagnostic paradigm
shift but also the proliferation of new methods and tools [such
as hierarchical modularity atlases (9)] that will allow us to
design studies that evaluate data at different levels of
complexity and according to the needs of the question at
hand. When considering modularity, composition, separation,
and feasibility, for example, while we do not want the
complexity of more than 600,000 symptom proﬁles, useful
biomarkers for treatment and research may be buried in some
combination of PTSD phenotypes. The DSM-IV split PTSD into
3 symptom clusters, and the DSM-5 further split arousal into
anxious and dysphoric arousal clusters. Other investigators
have suggested a potential 7-factor model of PTSD (10) in an
attempt to further increase the granularity of our approach and
understanding. As with subcortical subﬁelds/nuclei (6) and with
intrinsic connectivity networks (2,9), there is the possibility of a
hierarchy of symptom clusters, and the level of complexity
required to evaluate the relevant signal may depend on the
research question. One way or another, future neurobiomarkers will likely be found neither by total scores, nor by
comparing thousands of phenotypes, but by adapting to new
paradigms, optimizing signal for the research question, and
thinking hierarchically about both clinical and biological phenotypes and methods. We have spent a lot of time as a ﬁeld
looking at the big picture, and we have done excellent work
exploring the circuitry issues that have been so central to understanding the forest, so to speak—now we must spend more
time looking for detail in the trees so we can begin to develop
biology-ﬁrst, transdiagnostic models for the enhancement of
precision medicine.
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Functional Connectivity and Cognitive Control
in Late-Life Depression
Julie A. Dumas
One of the most exciting advances in neuroscience in the last
decade is the potential to use magnetic resonance imaging to
understand brain function and dysfunction. As the science has
advanced from examining single activated brain areas to
interacting networks reaching across wide brain regions, so
has the complexity of analysis and interpretation. Creating a
coherent picture of normal brain functioning and of disordered
brain functioning is a difﬁcult task that investigators work to
disentangle to help explain the neurobiology of psychiatric
disease. One example of applying a state-of-the-art analysis
approach to understanding the neurobiology of a psychiatric
disease can be seen in studies of late-life depression (LLD)—
major depressive disorder that occurs in adults $60 years of
age. Many older adults with LLD may also have cognitive
impairment in executive functions in general and in cognitive
control in particular. Older adults with LLD and cognitive
control impairments often respond differentially to treatment
(1). Even if the depression is treated, older adults often still
have the cognitive impairment (1). It would be beneﬁcial to the
ﬁeld and to individuals with LLD to understand the neurobiology underlying LLD and the associated cognitive changes
that may eventually have implications for individualized treatment recommendations. However, the ﬁeld is still in search of a
biomarker with good predictive power regarding tailoring
treatments to individuals based on functional brain imaging
measures.
Recent studies of older adults with LLD have examined
resting-state functional connectivity using functional magnetic
resonance imaging. Assessing the blood oxygen level–
dependent signal during rest allows for an examination of the
intrinsic functional connectivity of the brain when it is not
performing an explicit cognitive task (2). However, even during
task performance, studies have shown that the intrinsic
network activity is maintained (3). Thus, investigators have
attempted to use patterns of functional connectivity as biomarkers of LLD and other psychiatric disorders. Studies have
examined network abnormalities in adults with LLD compared
with healthy older adults (4) to detail the effects of depression
on a variety of network metrics. Additional studies have
examined the effects of different medications and treatment for
depression (5,6). What complicates the process is that there
are a number of methods of analysis of functional connectivity;
thus far, no method appears to be superior to others in terms
of reliability from study to study with different participants or in
its relationship to cognitive measures. In addition, it is possible
to explore connectivity by looking within a network or between
networks across much of the brain. Some investigators argue
for hypothesis-driven region of interest–based connectivity

analysis, while other study designs are better examined with a
data-driven approach similar to independent component
analysis. Given the number of ways that resting-state data can
be examined, it is no surprise that studies ﬁnd different patterns of connectivity depending on the questions being
examined and how the data are probed. As a result, the clinical
utility of resting-state data and functional connectivity data
needs additional investigation.
In the current issue of Biological Psychiatry: Cognitive
Neuroscience and Neuroimaging, Respino et al. (7) make some
important progress in attempting to detail the relationships
between connectivity patterns and cognition in older adults
with and without LLD. They aimed to move the literature forward by comparing two different measures of functional connectivity—regional homogeneity (ReHo) and network
homogeneity (NeHo)—and by using both hypothesis-driven
and data-driven analyses. They described their intent to
assess the beneﬁts of each method of analysis while minimizing the pitfalls. For example, deﬁning hypothesis-driven
regions of interest still has the potential to miss important
connectivity relationships that have not yet been observed,
while using a purely data-driven approach ignores what is
already known about speciﬁc depression-related and agerelated brain network functions. Even with this variety of approaches to the analysis, the results produced a consistent
pattern that further detailed the underlying relationships between altered connectivity and cognition in older adults with
and without LLD (7).
The results showed that the ReHo measure differentiated
patients with depression from adults without depression with
greater ReHo in the bilateral dorsal anterior cingulate cortex
(dACC) and the middle temporal gyrus (MTG). ReHo is a
measure of temporal synchronization of the blood oxygen
level–dependent time series of every voxel and its nearest
neighbor and provides an assessment of local homogeneity
within a network. Patients with depression had greater ReHo
compared with participants without depression. The relationship between ReHo in the dACC and MTG and performance on
the cognitive tasks that showed group differences were then
examined within each group separately. Relationships were
observed between ReHo in the dACC and the Trail-Making
Test B and Digit Span Test for the patients with depression.
No relationships were observed between cognition and the
MTG region for either group, and no relationships were
observed for the participants without depression. Given that
these correlations were positive, the authors hypothesized that
the increased ReHo may be a compensatory response for the
cognitive control difﬁculties related to LLD. Next, in an
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exploratory analysis, they used the dACC and MTG as seeds
to examine connectivity with the rest of the brain and found
that the patients with depression had decreased connectivity
between the dACC and the bilateral precuneus. Overall, the
ReHo ﬁndings were interpreted as increased ReHo in the
dACC as a compensatory response to the cognitive challenges
of depression while the decreased connectivity between the
dACC and precuneus revealed the impact of depression on
long-range brain connectivity. Both the dACC and the precueus are parts of the cognitive control network that have been
demonstrated to be negatively impacted by LLD. Interestingly,
while there were ReHo differences between the groups in the
MTG, there were no relationships between ReHo in this region
and cognitive performance or connectivity with other brain
regions. Overall, these patterns help reﬁne the speciﬁcity of the
cortical signature of LLD as measured by these resting-state
metrics.
NeHo is a measure of connectivity between a voxel and
every other voxel in the same network, and it assesses withinnetwork connectivity in an unbiased way. Respino et al. (7)
found no differences between the patients with LLD and the
participants without LLD in the NeHo measure. While examining NeHo across all voxels in a network allows for an unbiased assessment of connectivity, they interpreted this result to
indicate that averaging across the whole network may have
masked subtle differences that may exist between the two
groups in this study.
Overall, these data showed patterns of connectivity that
were speciﬁc to the patients with LLD and that were not seen
in the older adults without LLD. Thus, the ﬁndings are not
simply an effect of aging on the brain and appear to be the
effects of depression on brain functioning in older adults. The
results tell a concise story that is a result of the ancillary analyses where Respino et al. (7) showed that the results are
speciﬁc to the patients with LLD and the correlations with
cognition did not appear on cognitive tests that did not
differentiate the two groups. Thus, the secondary analyses
give the reader conﬁdence that the patterns observed are
speciﬁc to patients with LLD. While the current study presents
a consistent picture of the examination of these resting-state
metrics used to differentiate patients with LLD from participants without LLD, conﬁdence in the further application of
these ﬁndings will be increased as the results are replicated in

future studies. The neuroscience of LLD is advancing in a way
that is exciting for neuroscientists exploring the effect of LLD
on brain function and has the potential to reveal biomarkers
that may soon be useful for making treatment decisions. This
also represents an advance in the neuroscience of LLD that is
hopeful for those with the illness.
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Frontolimbic, Frontoparietal, and Default Mode
Involvement in Functional Dysconnectivity in
Psychotic Bipolar Disorder
Leila Nabulsi, Genevieve McPhilemy, Liam Kilmartin, Joseph R. Whittaker, Fiona M. Martyn,
Brian Hallahan, Colm McDonald, Kevin Murphy, and Dara M. Cannon

ABSTRACT
BACKGROUND: Functional abnormalities, mostly involving functionally specialized subsystems, have been associated with disorders of emotion regulation such as bipolar disorder (BD). Understanding how independent functional
subsystems integrate globally and how they relate with anatomical cortical and subcortical networks is key to
understanding how the human brain’s architecture constrains functional interactions and underpins abnormalities
of mood and emotion, particularly in BD.
METHODS: Resting-state functional magnetic resonance time series were averaged to obtain individual functional
connectivity matrices (using AFNI software); individual structural connectivity matrices were derived using deterministic non-tensor-based tractography (using ExploreDTI, version 4.8.6), weighted by streamline count and fractional
anisotropy. Structural and functional nodes were deﬁned using a subject-speciﬁc cortico-subcortical mapping (using
Desikan-Killiany Atlas, FreeSurfer, version 5.3). Whole-brain connectivity alongside a permutation-based statistical
approach and structure–function coupling were employed to investigate topological variance in individuals with
predominantly euthymic BD relative to psychiatrically healthy control subjects.
RESULTS: Patients with BD (n = 41) exhibited decreased (synchronous) connectivity in a subnetwork encompassing
frontolimbic and posterior-occipital functional connections (T . 3, p = .048), alongside increased (antisynchronous)
connectivity within a frontotemporal subnetwork (T . 3, p = .014); all relative to control subjects (n = 56). Preserved
whole-brain functional connectivity and comparable structure-function coupling among whole-brain and edge-class
connections were observed in patients with BD relative to control subjects.
CONCLUSIONS: This study presents a functional map of BD dysconnectivity that differentially involves communication within nodes belonging to functionally specialized subsystems—default mode, frontoparietal, and frontolimbic
systems; these changes do not extend to be detected globally and may be necessary to maintain a remitted clinical
state of BD. Preserved structure–function coupling in BD despite evidence of regional anatomical and functional
deﬁcits suggests a dynamic interplay between structural and functional subnetworks.
Keywords: Bipolar disorder, Functional connectivity, Graph theory, Psychosis, rs-fMRI, Structure–function coupling
https://doi.org/10.1016/j.bpsc.2019.10.015

Bipolar disorder (BD) is a major psychiatric condition associated with widespread dysconnectivity thought to arise from
changes in integration and segregation within its brain networks (1). Neuroimaging work including diffusion and functional magnetic resonance imaging (fMRI) has provided
evidence of altered patterns of neuroanatomical and functional
connectivity, collectively suggesting that affective dysregulation associated with BD may arise from both structural and
functional changes primarily involving neural circuitries
responsible for emotion regulation, cognitive control, and executive functions (2,3).
Functional features of euthymic BD include preserved
whole-brain functional connectivity of the default mode
network (DMN), frontoparietal network, and salience network

(4). However, a priori investigations reported local patterns of
functional dysconnectivity within the amygdala and the prefrontal and cingulate cortices in euthymic BD (4) and in female
patients with BD (5). Additionally, instabilities within the DMN
are present among individuals with BD with a positive history
of psychosis, and these changes may persist in patients in
remission (4). Furthermore, opposing spatiotemporal patterns
observed within the DMN and frontoparietal network may underpin depressive and manic episodes of BD (6). Moreover,
along with evidence of dysconnectivity within the limbic system there is evidence involving reward system–related
structures (7–9). Additionally, abnormalities within regions
anatomically connecting with the limbic system such as the
prefrontal cortex have been linked to features of emotional and

140
ª 2019 Society of Biological Psychiatry. Published by Elsevier Inc. All rights reserved.
Biological Psychiatry: Cognitive Neuroscience and Neuroimaging February 2020; 5:140–151 www.sobp.org/BPCNNI

ISSN: 2451-9022

Biological
Psychiatry:
CNNI

Subnetwork Functional Dysconnectivity in BD

cognitive control in BD (9,10). Although these a priori investigations may have been led by morphological study ﬁndings and may be task and mood dependent, they suggest that
functional impairments of BD are not conﬁned to the DMN but
rather extend to involve emotion regulatory centers. These
localized functional changes may constitute a compensatory
mechanism of neural activity that underlies the general stability
observed across resting-state fMRI networks in euthymic
subjects with BD; these changes may be necessary to sustain
a remitted clinical state of the illness.
Findings from neuroimaging investigations demonstrate
that BD is unlikely to arise from changes involving brain regions
in isolation; rather, the clinical syndrome that we currently refer
to as BD may originate from a disruption of the brain’s structural and functional neurocircuitries (2) and perhaps the relationship dynamics between these neurocircuitries. The
application of graph theory methods to neuroscience has
allowed a network-level understanding of the corticosubcortical organization of the brain, speciﬁcally how independent functional subsystems integrate in global processing
streams, particularly in disorders of mood and emotions. Investigations of structural and functional dysconnectivity have
been increasingly implemented; however, a paucity of studies
to date have applied graph theoretical tools to understand the
functional organization of BD in a network-like fashion
(Table 1). Collectively, these studies report weak global effects
(not surviving multiple comparisons) but localized changes
involving fronto-temporo-parietal and limbic nodes. These effects somewhat overlap with previous structural and functional
non–graph theory observations in patients with BD (4) and in
unaffected siblings at high risk of BD (11–13). A more deﬁnite
interpretation of the network-level understanding of the functional organization of BD is limited by the paucity of graphtheoretical studies and clinical samples investigated, different
methodological approaches, and the variety of network metrics employed (Table 1). However, a trend of functional
network-level changes of BD appears to involve speciﬁc
functional subsystems that predominantly encompass DMN
and limbic centers, as opposed to being widespread.
The temporal sequence of events or primarily anatomical antecedents of the observed abnormalities in patients with BD
remain speculative and will emerge subsequent to future longitudinal population-based studies. Abnormalities in brain function
may reﬂect abnormalities in the underlying brain’s wiring patterns; considering that the interpretation as to what abnormal
neuroanatomical deﬁcits might represent in relation to aberrant
function is somewhat speculative, structure–function relations
are a promising way forward to determine the nature of functional
abnormalities in anatomical networks shown to be abnormal in
brain disease and speciﬁcally in BD. Therefore, despite the evidence presented to date, disentangling whether these abnormalities are intertwined and relate to BD affective dysregulation is
unclear, and the ﬁeld may beneﬁt from the application of
network-based analyses and structure–function integration approaches. This study built from previous studies on structural and
functional brain connectivity and brain network organization in
individuals with BD and aimed to further clarify unresolved
questions related to the neurobiology of BD. The aim of this study
was to investigate functional changes in individuals with euthymic BD and speciﬁcally to describe features of whole-brain and

subnetwork functional connectivity as they relate to the illnessaffective dysregulation. We anticipated preserved whole-brain
functional connectivity and aberrant connectivity patterns
involving nodes belonging to limbic and DMN systems, as previously highlighted by the literature (4), in patients with BD relative
to control subjects. Furthermore, we explored the relationship
between functional interactions and previously identiﬁed structural (white matter) abnormalities in patients with BD relative to
control subjects (14), at the whole-brain and subnetwork levels.

METHODS AND MATERIALS
Participants
Patients included in this study overlap by 88% (n = 36 subjects) with those in a previously presented structural connectivity analysis from our research group (15). Participants 18 to
65 years of age were recruited from the western regions of
Ireland’s Health Services via referral (outpatients) or public
advertisement (patients and control subjects). A diagnosis of
BD was conﬁrmed using the DSM-IV-TR Structured Clinical
Interview for DSM Disorders (American Psychiatric Association, 1994 version) conducted by an experienced psychiatrist.
Euthymia was deﬁned during medical screening and at MRI
scanning using the 21-item Hamilton Depression Rating Scale
(HDRS-21), score ,8; and Young Mania Rating Scale (YMRS),
score ,7. Anxiety signs and symptoms were deﬁned using the
Hamilton Anxiety Rating Scale (HARS), score ,18. Subjects
were excluded if they had neurological disorder, learning
disability, comorbid misuse of substances/alcohol, other Axis
1 disorder, or history of head injury resulting in loss of consciousness for .5 minutes, or a history of oral steroid use in
the previous 3 months. Healthy control subjects needed to
have no personal history of a psychiatric illness or history
among ﬁrst-degree relatives, deﬁned using the Structured
Clinical Interview for DSM-IV Nonpatient edition (American
Psychiatric Association, 1994 version). To ensure that signiﬁcant ﬁndings were features of BD type I, analyses were
repeated removing subjects with BD type II; furthermore, to
ensure that signiﬁcant ﬁndings were features of euthymic BD,
analyses were repeated removing subjects not meeting criteria
for euthymia. Ethical approval was received by the University
College Hospital Galway Research Ethics Committee, and
participants gave written fully informed consent before
participating.

MRI Acquisition
MRI data were obtained on a 3T Achieva scanner (Philips,
Best, The Netherlands) at the Welcome Trust Health Research
Board National Centre for Advanced Medical Imaging at
St. James’s Hospital Dublin, Ireland. High-resolution
3-dimensional T1-weighted turbo ﬁeld echo magnetizationprepared rapid gradient-echo sequence was acquired using
an 8-channel head coil (repetition/echo times = 8.5/3.046 ms, 1
mm3 voxel size). Diffusion-weighted images were acquired at
b = 1200 s/mm2 along with a single nondiffusion-weighted
image (b = 0), using high angular resolution diffusion imaging
involving 61 diffusion gradient directions, 1.8 3 1.8 3 1.9 mm
voxel dimension, and ﬁeld of view 198 3 259 3 125 mm.
Resting-state fMRI data were acquired using a single-shot
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Table 1. Overview of Connectivity Network Findings of Today’s Functional Connectivity Graph Theory Studies
Network Measures Investigated

Findings (BD vs. HC)

Zhang et al., 2019 (37)

57 young (13–28 years)
euthymic BD, 42 HCs

Sample

Functional network (SPM8 and
DPABI)
Structural network (AAL-90 and
whole-brain DTI tractography,
FSL)

Methodology

Structural: global strength, networkbased statistics, rich-club
connectivity
Functional: modularity
Structure–function coupling

Structural: preserved global (FA) strength;
NBS: Y fronto-parietal-temporal connectivity
(FA); [ frontal cortex and subcortical regions
(FA)
Functional: Y intramodular connectivity;
(marginally) [ intermodular connectivity
Y Structure–function coupling whole-brain and
involving intrahemispheric connections

Dvorak et al., 2019 (24)

20 euthymic BD (13 w/ BDI and
7 w/ BDII), 15 MDD, 30 HCs

AAL-90, DPARSF

Network-based statistics, Global
(CC, CPL, EGlobal), nodal (CC,
CPL, degree, betweenness
centrality)

NBS: [ (synchronous) FCS in rh/lh temporal
regions, w/ Y (synchronous) FCS speciﬁcally
between lh angular gyrus–lh temporal pole
and rh parietal gyrus–rh hippocampus
Preserved global connectivity: [ CC (not
surviving FDR correction), unchanged CPL
and EGlobal
CPL: Y rh olfactory cortex, rh hippocampus, rh
middle temporal and lh fusiform gyrus, rh/lh
caudate, rh putamen
Degree: [ rh middle frontal gyrus

Wang et al., 2017 (42)

(Unmedicated) 48 BDII w/
depression, 48 MDD, 51 HCs

DPARSF/SPM8
Gray matter probability map (SPM8)
Voxelwise whole-brain functional
network analysis

FCS of short-range (,75 mm)
and long-range (.75 mm)
ﬁbers

Long ﬁbers: [ FCS rh MTG and cerebellum
Short ﬁbers:[ FCS lh/rh thalamus and lh/rh
cerebellum, Y lh/rh precuneus

Wang et al., 2017 (27)

(Unmedicated) 31 BDII w/
depression, 32 (unmedicated)
UD, 43 HCs

GRETNA (SPM8)
AAL-90 random parcellation into
1024 ROIs, Zalesky et al.,
2010 (43)

Network-based statistics
Measures: FCS, CC, CPL, EGlobal,
normalized CPL, normalized CC,
small-world, ELocal, modularity

NBS: no difference in FCS. Nodes: DMN
(69%), and FPN (20%); edges: DMN-DMN
(59%), DMN-FPN (14%), FPN-FPN (10%)
[ Path length, Y EGlobal—not surviving
multiple correction
Y ELocal in DMN, limbic system and
cerebellum; YStrength: lh/rh precuneus and
SFG, lh middle cingulum, rh temporal pole;
lh posterior cerebellar lobe. Disrupted
intramodular connectivity within DMN and
limbic system

Roberts et al., 2017 (11)

49 young (16–30 years) BD w/
mild depression (28 w/ BDI;
21 w/ BDII), 71 at risk, 80 HCs

SPM8; AAL-90 random parcellation
into 513 ROIs, Zalesky et al., 2010
(43)

Network-based statistics on
the IFG, CC, PI, CPL

NBS: Y FCS between lh IFG and
frontotemporal regions (lh insula, lh
putamen, lh/rh STG, lh/rh VLPFC, lh/rh
mPFC
Y CC in IFG (no effect of lithium/antipsych/
antidepr on CC); no change in CPL
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Douchet et al., 2017 (12)

78 BDI, 64 unaffected siblings,
41 HCs

AAL-90 random parcellation into 620
ROIs, Crossley et al., 2013 (44),
Zalesky et al., 2010 (43)

CPL, EGlobal, CC, small-world,
nodal degree, PI, modularity;
network-based statistics

No difference in CPL, EGlobal, and CC
[ Degree in supplementary motor area, MFG,
supramarginal gyrus, MedialFG, ITG; Y
degree in precentral lobule, PostCG
Modularity: Y FCS in sensorimotor network
Y PI vmPFC, hippocampus
NBS: Ysensorimotor and visual networks

Zhao et al., 2017 (25)

20 euthymic BDII, 38 HCs

DPARSF/SPM8/REST; MNI
template; VMHC

FCS between any pair of symmetric
interhemispheric voxels; Global
VMHC

FCS: Y MFG and preCG; No [ recorded

Spielberg et al., 2016 (26)

(Unmedicated) total of 60 BDI
and BDII: 30 w/ depression, 30
hypomanic

Time series extracted using a
181-ROI random parcellation, no
cerebellum, Craddock et al.,
2012 (45)

Network-based statistics
Global: Global efﬁciency, CPL,
assortativity, CC in signiﬁcant
NBS ROIs

NBS: [ connectivity mostly involving
amygdala (42%). A subnetwork involving
FrontalG was associated w/ YMRS;
subnetwork involving OrbitofrontalG w/
HDRS
YEGlobal; YCC rh amygdala

Wang et al., 2016 (46)

(Unmedicated) 37 BDII
w/ depression, 37 HCs

GRETNA (SPM8)

FCS

FCS:Y DMN; [ ParahippocampalG, amygdala,
ACC, STG, LingG, cerebellum

Wang et al., 2015 (47)

36 BDII w/ depression—66.7%
unmedicated
32 UDs during a depressive
episode—71.8% unmedicated, 40
HCs

DPARSF/SPM8/REST; MNI
template; VMHC

FCS between any pair of symmetric
interhemispheric voxels

FCS: Y fusiform/lingual gyrus and cerebellum

He et al., 2015 (48)

(Unmedicated) 13 BDI and BDII
w/ depression, 40 MDD, 33 HCs

SPM8; Connectivity analysis: group
ICA—48 ICNs; graph theory
analysis

FCS, nodal CC, ELocal

[ CC in DLPFC, VLPFC (Y w/ depression),
SFG, ACC

Subnetwork Functional Dysconnectivity in BD

Table 1. Continued

AAL-90 (1024), Automated Anatomical Labeling Atlas; ACC, anterior cingulate cortex; antidepr, antidepressant; antipsych, antipsychotic; BD, bipolar disorder; BDI, bipolar disorder type I;
BDII, bipolar disorder type II; CC, clustering coefﬁcient; CPL, characteristic path length; DLPFC, dorsolateral prefrontal cortex; DMN, default mode network; DPABI, Data Processing and
Analysis for Brain Imaging toolbox; DPARSF, Data Processing Assistant for Resting-State fMRI; DTI, diffusion tensor imaging; EGlobal, global efﬁciency; ELocal, local efﬁciency; FA,
fractional anisotropy; FCS, functional connectivity strength; FDR, false discovery rate; FPN, frontoparietal network; FrontalG, frontal gyrus; GRETNA, graph theoretical network analysis;
HC, healthy control subject; HDRS, Hamilton Depression Rating Scale; ICA, independent component analysis; ICN, intrinsic connectivity networks; IFG, inferior frontal gyrus; ITG, inferior
temporal gyrus; lh, left hemisphere; LingG, lingual gyrus; MDD, major depressive disorder; MedialFG, medial frontal gyrus; MFG, middle frontal gyrus; MNI, Montreal Neurological
Institute; MTG, middle temporal gyrus; mPFC, medial prefrontal cortex; NBS, network-based statistics; OrbitofrontalG, orbitofrontal gyrus; ParahippocampalG, parahippocampal gyrus;
PI, participation index; PostCG, post cingulate gyrus; preCG, precingulate gyrus; REST, rs-fMRI data analysis toolkit; rh, right hemisphere; ROI, region of interest; SFG, superior frontal
gyrus; SPM, statistical parametric mapping; STG, superior temporal gyrus; UD, unipolar depression; VMHC, voxel-mirrored homotopic connectivity (voxelwise whole brain analysis);
VLPFC, ventrolateral prefrontal cortex; vmPFC, ventromedial prefrontal cortex; w/, with; YMRS, Young Mania Rating Scale; Y, reduced; [, increased.
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gradient echo planar imaging (EPI) sequence and involved
whole-brain acquisition of 180 volumes (repetition/echo
times = 2000/28 ms, ﬂip angle 90 , ﬁeld of view 240 3 240 3
133 mm, 3 mm3 resolution, 80 3 80 matrix size, and 38 axial
slices of 3.2 mm each); each subject was asked to lie still in the
scanner with their eyes open and ﬁxed on a crosshair on the
screen for the entire duration of the scan. Structural and
functional MR images were visually inspected before/after
processing for accuracy of segmentation/parcellation, registration, motion, and outliers.

MRI Data Analysis
Diffusion MRI data processing details can be found in the
Supplement. fMRI data processing was optimized to reduce
motion and physiological noise as much as possible. Individual
structural T1-weighted scans underwent cortico-subcortical
segmentation/parcellation (FreeSurfer version 5.3; http://
surfer.nmr.mgh.harvard.edu/). EPI images underwent despiking to remove spikes of activation (i.e., outliers) across time
series (3dDespike, AFNI version 18.1.19; http://afni.nimh.nih.
gov/afni), motion correction (3dvolreg, AFNI), and registration
to the FreeSurfer skull-stripped structural image (FLIRT, FSL
version 5.0.4; https://fsl.fmrib.ox.ac.uk/fsl/fslwiki), followed by
nuisance regression of 6 movement parameters (3dDeconvolve, AFNI), and slice timing (3dTshift, Fourier’s transformation, AFNI). The global signal was not regressed out to
reduce the likelihood of introducing spurious negative activation measures in the subsequent analyses (15). ANATICOR (16)
bandpass ﬁltering (0.01–0.1 Hz) and motion scrubbing were
performed in a single step (3dTproject, AFNI). The EPI data
underwent motion correction as well as censoring during
preprocessing. Similar to previous research (17), in-scanner
motion-induced corruption of EPI volumes was deﬁned as
framewise displacement .0.5 mm (Euclidean normalization);
subjects with .30 corrupted volumes were excluded during
preprocessing (n = 3 patients with BD; n = 0 healthy control
subjects), ensuring at least 5 minutes of resting-state fMRI
data for all subjects. More details on movement effects can be
found in Supplemental Figure S2. The Desikan-Killiany Atlas
(18), containing information about the cortico-subcortical
mapping, was used to deﬁne spatial regions of interest—34
cortical and 9 subcortical brain regions bilaterally including
cerebellum, for a total of 86 nodes, for each individual subject’s T1-weighted scan. Thus, normalization of the anatomical
registered functional data to a standard space was not
necessary, and spatial smoothing of functional data was not
performed.
Regional time series were extracted for each region of interest by averaging the time series of all voxels within each
node. The pairwise Pearson’s and partial correlations of neural
times series between 2 nodes in the network were carried out
to generate individual (86 3 86) weighted undirected functional
connectivity matrices (MATLAB release 2017b; The MathWorks, Inc., Natick, MA) (Figure 1). Functional connectivity
matrices and Pearson’s/partial coefﬁcients distribution were
visually inspected, screening for widespread and inﬂated
positive or widely distributed correlation values within and
across subjects.
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Whole-Brain Functional Connectivity Measures
Global parameters summarizing whole-brain connectivity
properties of BD functional networks included characteristic
path length, global efﬁciency, global (positive/negative)
strength, and clustering coefﬁcient and were calculated as the
mean of the 86 regional estimates. Furthermore, a global
measure of inﬂuence and centrality, betweenness centrality
and network resilience, and assortativity were investigated
(Brain Connectivity Toolbox version 1.52, MATLAB) (19).
Functional connectivity matrices were thresholded (r . 0) to
retain only positive weights due to computational difﬁculties
and the trivial interpretability introduced by negative edges
particularly for network measures that depend on shortest
paths. Negative correlations were set to 0 for all measures,
with the exception of whole-brain functional strength,
excluding an average of 16% of the connections (16% of
control subjects, 16% of patients). Recently, a test–retest
reliability of functional connectivity measures reported that
weighted whole-brain network metrics are more reliable than
binarized ones (20); therefore, we obtained whole-brain functional measures using threshold-weighted matrices. Statistical
analyses were performed with diagnosis as ﬁxed factor covarying for age and gender using a multivariate analysis of
covariance statistical approach (p , .05; 2-tailed) (SPSS
version 23, IBM Corp., Armonk, NY).

Permutation-Based Analysis of the Functional
Connectome
A nonparametric statistical analysis, the Network-Based Statistics (NBS version 1.2) (21), was employed to perform mass
univariate hypothesis testing at every functional connection
composing the graph to identify a differently functionally
connected subgraph component, meanwhile controlling for the
familywise error rate. Independent Student's t tests and analyses of covariance, with ﬁxed factor diagnosis (covarying for
age and gender), were computed to test for group functional
connectivity strength differences (M = 5000, p , .05; 1-tailed).
Connections were thresholded (T = 1.5–3.5) to obtain a set of
suprathreshold connections that were tested for main effects
of diagnosis, gender, and gender-by-diagnosis interaction. The
choice of primary threshold is a user-determined parameter;
however, familywise error rate control is applied regardless of
the threshold choice (21). NBS was run on functional connectivity matrices including both positive and negative
weights. Furthermore, to assess the separate contribution of
synchronous and antisynchronous components to BD dysconnectivity, post hoc investigations were carried out retaining
positive or negative weights only, underpinning synchronous
or antisynchronous connectivity, respectively.

Structure–Function Coupling Analysis
We conducted network structural–functional connectivity analyses in line with previous research (22). In brief, structural
matrices were derived within a graph-theoretical structural connectome analysis using a subject-speciﬁc cortico-subcortical
non-tensor-based connectome approach (14) (see details in
the Supplement). Nonzero structural connectivity weights—the
number of streamlines (NOS) weights—were isolated and
mapped using an inverse Gaussian transformation (22,23) to
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Figure 1. Construction of functional resting-state connectivity matrices. The average time series were correlated between cortico-subcortical regions to
obtain undirected weighted functional connectivity (FC) matrices (Pearson’s coefﬁcient, top image, and partial coefﬁcient, bottom image). FC matrices were
used for 1) whole-brain network analysis (MATLAB release 2017b) and 2) permutation-based analysis (NBS version 1.2), and 3) were combined with structural
connectivity (SC) matrices in a structure–function coupling analysis (MATLAB release 2017b). BD, bipolar disorder; BOLD, blood oxygen level–dependent;
fMRI, functional MRI; HC, healthy control subject; MRI, magnetic resonance imaging.

achieve a structural weight distribution that was practically
bounded within a [14, 24] range (i.e., 64s of an N(0,1) distribution). Prior to normalization, all NOS values below set
thresholds were set to 0 (i.e., noise ﬂoor thresholding); group
differences were carried out at the primary threshold TNOS = 1
(i.e., no noise thresholding) and conﬁrmed across different
thresholds (TNOS = 2–10). The thresholding effects on network
density are depicted in Supplemental Figure S1. The res corresponding functional connectivity (Pearson’s) values for each
individual (22). Furthermore, fractional anisotropy (FA)-weighted
matrices were also investigated by the present analysis (FA
weights were not rescaled). Group-level comparisons (multivariate analysis of variance, with ﬁxed factor diagnosis, p , .05)
(MATLAB release 2017b) were performed at the whole connectome level and within hubs, feeder (hub-to-nonhub) connections, and local (nonhub-to-nonhub) connections (22).
Speciﬁcally, a single Pearson’s r value was extracted for each
subject representing their whole-brain structure–function measure of integration; additionally, a Pearson’s r value was
extracted for each subject for each connection class (hubs,
feeder, local) (Figure 1). Hubs were deﬁned for patients with BD
and control subjects within a previous structural rich-club
analysis performed in an overlapping clinical sample of patients (n = 37, 93% overlap) and control subjects (n = 45) at the
statistically different subnetwork (k . 30; z = 3.78, p , 2.2 3
10216) in patients with BD relative to control subjects (14);
furthermore, the structure–function relationship was assessed
for the statistically different (FA-weighted) subnetwork between
patients with BD and control subjects (T . 1.5, p = .031) deﬁned
in a previous subnetwork analysis that included limbic system
and basal ganglia nodes (14). We employed the same nodal
parcellation scheme for both structural and functional networks
to allow direct comparison between these two networks.

Correlations With Clinical Variables
Signiﬁcant network measures were correlated with symptom
severity as rated using the HDRS, HARS, and YMRS clinical
mood scales; age of onset; and illness duration.

RESULTS
Participants' Clinical and Demographic
Characteristics
We investigated 41 participants with BD and 56 healthy volunteers who were matched for age, gender, and education
level. Patients and control subjects did not differ in age across
diagnosis-by-gender subgroups (F3,96 = 1.25, p = .298)
(Table 2). We included 33 participants who were BD type I and
8 who were type II in the analyses. The vast majority of the
participants with BD were euthymic at MRI scanning (68%),
with only 13 displaying mild manic (YMRS score .7) or
depressive (HDRS-21 score .8) and anxiety (HARS score
.18) signs and symptoms. Signiﬁcant ﬁndings were conﬁrmed
post hoc for removing subjects with BD who were not meeting
criteria for euthymia (HDRS-21 score .8, YMRS score .7), as
well as those with HARS score .18 and those with BD type II.

Whole-Brain Measures of Integration
The BD group’s whole-brain organization did not differ from that
of control subjects for path length, global efﬁciency, global
(positive/negative) strength, clustering coefﬁcient, betweenness
centrality, and assortativity (F7,87 = 1.684, p = .123) (Table 3).
Analysis of whole-brain connectivity using partial correlation
coefﬁcients conﬁrmed stability of whole-brain resting-state
networks in patients with BD relative to control subjects.
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Table 2. Clinical and Sociodemographic Details of Patients With BD and HCs
Sample

HCs

Participants, n

BD

Statistical Comparison
Diagnostic Groups

56

41

–

40.63 6 13.52

43.59 6 12.71

t95 = 1.09, p = .277

Male

41.84 6 13.31

40.50 6 13.51

Female

39.65 6 13.83

46.52 6 11.44

25/31

21/20

c21 = 0.16, p = .686

Median

6

5

c25 = 10.58, p = .060

Range

Age, Years, Mean 6 SD

Gender, Male/Female, n
Level of Education (SES Scale)

2–7

2–7

Age of Onset, Years, Mean 6 SD

–

26.6 6 10.0

–

Illness Duration, Years, Mean 6 SD

–

16.4 6 10.7

–

1.13 6 1.7

7.0 6 7.4

U = 1.82, p , .001a

Range

0–7

0–28

Median

0

5

0.8 6 1.5

1.9 6 2.6

Range

0–6

0–10

Median

0

1

HDRS
Mean 6 SD

YMRS
Mean 6 SD

U = 1.45, p = .010a

HARS
Mean 6 SD

0.7 6 1.6

5.0 6 6.4

Range

0–8

0–27

U = 1.75, p , .001a

Median

0

3

Medication naïve

–

3

–

Lithium only (0.4–1.2 g/day)

–

5

–

Sodium valproate only (0.3–1.4 g/day)

–

3

–

Lamotrigine only (0.05–0.45 g/day)

–

8

–

Combination

–

8

–

–

7/7/2

–

Atypical/typical

–

29/1

–

Benzodiazepine, n

–

2

–

Other psychotropics,b n

–

9

–

Mood Stabilizers, n

Antidepressants, n
SNRI/SSRI/NaSSA
Antipsychotics, n

Participants were age and gender matched across groups.
BD, bipolar disorder; HARS, Hamilton Anxiety Rating Scale; HC, healthy control subject; HDRS, Hamilton Depression Rating Scale; NaSSA,
nonadrenergic and speciﬁc serotonergic antidepressant; SES, socioeconomic status; SNRI, serotonin and norepinephrine reuptake inhibitor;
SSRI, selective serotonin reuptake inhibitor; YMRS, Young Mania Rating Scale.
a
p , .05. n = 14 with HDRS.8; n = 8 subjects were BD type II.
b
Other psychotropics included the hypnotics zopiclone and zolpidem and the anticonvulsant carbamazepine.

Permutation-Based Subnetwork Analysis
We identiﬁed a functionally dysconnected subnetwork for patients with BD relative to control subjects comprising parietal,
cingulate, and frontotemporal (synchronous/antisynchronous)
functional connections (t test: Pearson’s: T . 3, p = .039; partial: T . 3.5, p = .037) (Figure 2A, Supplemental Table S1). A
subnetwork of comparable dysconnectivity (77% overlap) was
observed using positive correlations only (post hoc t test:
Pearson’s: T . 3, p = .048) (Figure 2B, C, Supplemental
Table S2). We did not detect increased functional connectivity
in patients with BD relative to control subjects. When covarying
for age and gender (analysis of covariance), we observed a
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comparable (synchronous/antisynchronous) dysconnected
subnetwork in patients with BD compared with control subjects
(Pearson’s: T . 3, p = .039; not using partial). A small subnetwork of stronger frontotemporal (antisynchronous) components
was observed in patients with BD relative to control subjects
(post hoc t test: Pearson’s: T . 3, p = .014) (Figure 2B, C,
Supplemental Table S2).

Structure–Function Coupling Analysis
Structure–function association analysis was performed on 38
patients with BD and 45 control subjects matched for age
(U = 1.042, p = .087) and gender (c21 = 0.092, p = .762). There
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Table 3. Whole-Brain Functional Connectivity Network Measures

Measure

HCs,
Mean 6 SD

BD,
Mean 6 SD

Statistical Comparison
Diagnosis,
F, p Value

Positive Strength

15.44 6 3.70

15.93 6 4.06

0.43, .51

Negative Strength

2.90 6 1.24

3.02 6 1.06

0.15, .70

244.77 6 19.64

251.11 6 22.16

2.67, .11

Global Efﬁciency

0.27 6 0.04

0.27 6 0.04

0.68, .41

Characteristic Path Length

4.42 6 0.54

4.38 6 0.53

0.17, .68

Clustering Coefﬁcient

0.17 6 0.05

0.18 6 0.05

0.90, .35

Assortativity

0.05 6 0.06

0.05 6 0.06

1.4, .24

Betweenness Centrality

The BD group global network organization did not differ from that of the HC group across all whole-brain network measures. Speciﬁcally, there
was no main effect of diagnosis (F7,87 = 1.684, p = .123) in patients with BD relative to HCs. Multivariate analysis of covariance statistical approach,
covarying for age and gender, p , .05.
BD, bipolar disorder; HC, healthy control subject.

was no main effect of diagnosis (F8,72 = 0.927, p = .500)
(Figure 3) across the primary threshold (T = 1) using FA (range
of Pearson’s coefﬁcients: BD group: r = 2.06 to 2.11; healthy
control group: r = 2.06 to 2.12) (Figure 3) or NOS weights
(range of Pearson’s coefﬁcients: BD group: r = .20 to .28;
healthy control group: r = .19 to .27) (Figure 3). These were
conﬁrmed across all thresholds (T = 2–10). Additionally, no
difference was observed when increasing the rich-club nodal
deﬁnition at 70% of connections common to participants.

Correlations With Clinical Variables
Illness duration and age of onset did not relate to the signiﬁcant network measures (age of onset: r = 2.051 to .152, p =
.363–.762; illness duration: r = 2.149 to .133, p = .371–.644).

DISCUSSION
We examined the functional organization of networks in patients
with BD, relative to that in control subjects, both globally and
locally and reported preserved whole-brain functional connectivity with localized differences involving nodes belonging to
default mode, frontotemporal, and limbic systems. These ﬁndings appeared to be trait features of BD type I. Furthermore, the
present study provides preliminary evidence of preserved
structure–function relationships globally and within edge class in
euthymic individuals with BD relative to control subjects.

Whole-Brain Measures of Connectivity
We did not detect changes in whole-brain functional connectivity in patients with BD relative to control subjects; this is in
line with previous studies conducted in individuals with
euthymic BD (4,12,24,25) and in young individuals with BD
who also have (mild) depression (11). Changes in whole-brain
functional connectivity have been reported in subjects with
BD who are actively depressed or unmedicated, relative to
control subjects, and these changes are deﬁned by longer
paths and lower global efﬁciency (26,27). Therefore, functional
large-scale changes may be characteristic of patients with BD
who are unmedicated and symptomatic, and our ﬁndings of
preserved whole-brain functional connectivity may be
considered a trait feature, rather than state, of this illness. This
was supported by preserved whole-brain (-weighted) structural
connectivity in an overlapping clinical sample relative to control
subjects (14) and collectively suggests that network-level

abnormalities in BD do not extend to be detected globally, but
rather may be localized to speciﬁc subnetworks.

Permutation-Based Analysis of the Functional
Connectivity Matrices
Although there was no difference in whole-brain functional
connectivity in BD, changes were observed at the subnetwork
level. Nodes thought to be associated with the DMN such as the
prefrontal, caudal middle frontal, and posterior cingulate gyri
were implicated in the signiﬁcantly reduced (synchronous) subnetwork in BD (Figure 2). This suggests reduced functional interactions in BD between structures that play key roles in selfreferential thinking and emotion-regulation processing and
cognitive control—features that are known to be functionally
altered in BD (28). Post hoc observations into BD functional
network organization corroborated and expanded the reduced
functional (synchronous) connectivity observed between frontolimbic and parieto-occipital nodes to reveal increased (antisynchronous) connectivity in a subnetwork encompassing
fronto-temporo-parietal nodes in patients with BD relative to
control subjects (Supplemental Table S2). These abnormalities
collectively present a functional map of BD dysconnectivity that
differentially involves communication between regions spanning
across multiple brain subsystems. This may underpin a
compensatory mechanism of neural activity underlying wholebrain functional stability in BD that may be necessary to sustain
a remitted clinical state of the illness and may provide ﬂexibility in
the ability to switch between segregated and integrated states.
Although one may infer that antisynchronous activity underpinning anticorrelations between brain regions may represent inhibition or competitive functional interactions, these should be
cautiously interpreted considering that the underlying physiological basis of this type of connectivity remains rather unclear.
Recent evidence suggests that antisynchronous activity
observed in fMRI is not an analytic artifact nor does it necessarily
represent a direct, antagonistic relationship between coherent
networks; rather, antisynchronous activity may embody different
dynamic conﬁgurations of these networks around the same
anatomical skeleton (29). The investigation of dysconnectivity in
BD via means of dynamic fMRI may further clarify the underlying
physiological basis of the antisynchronous subnetwork dysconnectivity observed in BD.
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A

B

synchronous and anti-synchronous connections
synchronous connections only
anti-synchronous connections only

web 4C=FPO

C

Figure 2. Permutation-based subnetwork analysis of the functional connectivity matrices. (A) Signiﬁcant original subnetwork of synchronous/antisynchronous
components (Pearson’s t test, T . 3.5, p = .037, in orange) with patients showing a differential subnetwork of (synchronous/antisynchronous) components relative
to those of control subjects. (B) Post hoc signiﬁcant subnetworks of synchronous (in yellow) and antisynchronous (in red) components, as well as the original
signiﬁcant (synchronous/antisynchronous) subnetwork (in orange) plotted together. Patients with bipolar disorder, relative to control subjects, showed a weaker
subnetwork of functional (synchronous, Pearson’s t test, T . 3, p = .048) components and a stronger subnetwork of functional (antisynchronous, Pearson’s t test,
T . 3, p = .014) components. Synchronous components explain most functional connections within the original signiﬁcant subnetwork. (C) Ringlike visualization
of both original and post hoc subnetworks of connected components. Images were obtained using NeuroMArVL software (http://immersive.erc.monash.edu.au/
neuromarvl/). A, anterior; Amy, amygdala; banksstts, posterior banks of the superior temporal sulcus; CauACG, caudal anterior cingulate gyrus; CaudMFG, caudal
middle frontal gyrus; Enth, entorhinal cortex; Hipp, hippocampus; IPG, inferior parietal gyrus; IsthCingG, isthmus of cingulate gyrus; ITG, inferior temporal gyrus; L,
left; LingG, lingual gyrus; MOFG, medialorbitofrontal gyrus; P, posterior; ParaCentralG, paracentral gyrus; ParsOperc, pars opercularis; ParsTriang, pars triangularis; PostCentralG, postcentral gyrus; PreCun, precuneus; R, right; RostralMFG, rostral middle frontal gyrus; SFG, superior frontal gyrus; STG, superior
temporal gyrus; TempPole, temporal pole; Thal, thalamus.
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Figure 3. Structure–function coupling analysis
across whole-brain and edge-class connections.
Plots are shown for Pearson’s correlation values
between functional connectivity (FC) matrices and
fractional anisotropy (FA)-weighted (top) and number of streamlines (NOS)-weighted (bottom, T = 1)
structural connectivity (SC) matrices (median 6 SD).
Across all measures, there was no main effect of
diagnosis (F8,72 = 0.927, p = .500). These ﬁndings
were conﬁrmed across the other considered
thresholds (NOS weights: T = 2–10). “Whole-brain”
category represents structure–function coupling of
all nodes in the network; “Hubs” category represents structure–function coupling of rich-club (RC)
hubs; “Feeder” category represents structure–
function coupling of nodes connecting to RC hubs;
“NBS nodes” category represents structure–
function coupling of nodes implicated in the statistically different network-based statistics (NBS)
subnetwork between patients with bipolar disorder
(BD) and healthy control (HC) subjects; “Nodes
feeder” category represents structure–function
coupling of connecting to the NBS nodes; and
“Local” category represents structure–function
coupling of nodes composing the remaining of the
network.
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Resting-state fMRI investigations of the brain have largely
focused on the synchronous activation of regions of the DMN;
these have been shown to be particularly relevant to psychiatric
disorders and a robust feature of BD functional dysconnectivity
(4,6,30,31) (Table 1). Interestingly, increased functional connectivity within DMN nodes has been reported in unaffected siblings at
high risk compared with those with the illness (12) that may be
considered a biological feature underlying resilience to BD (32).
Therefore, a speciﬁc subset of regions emerges as being vulnerable to functional changes in BD that may be considered a viable
target for future interventions to ameliorate symptoms.
Although the DMN is composed of selective regions that are
thought to execute functions that are categorically different from
those of other networks, there is evidence that this system may
not act independently but rather may be on a continuum with
other networks (33). This global organization was further supported by the observed high correspondence between cortical
gradients of functional connectivity and myelin density across
most cortical areas (34). Thus, it is important to understand the
connectivity relationship between nodes belonging to this
functional subsystem with other existing networks to further
appreciate the DMN’s functional role speciﬁcally in the context
of mood regulation in BD. Furthermore, the frontolimbic system
has also been heavily implicated both structurally and functionally in the pathophysiology of BD due to its key role in

emotion processing (2,3). Additionally, the frontoparietal functional system participates in mechanisms of attention, memory,
and cognitive control (35)—cognitive features altered functionally in BD (36). Considering that regions belonging to the implicated functional subsystems have been shown to be
anatomically in continuity with each other (33), they may depend
on the synergistic functioning of each region to optimally underpin higher-order cognitive functioning speciﬁcally in BD.

Structure–Function Relationship
To the best of our knowledge, this is the ﬁrst study to explore
structure–function connectome coalescence in an adult sample of
euthymic individuals with BD. Previous investigations include a
young euthymic BD group (37) and young offspring of patients
with BD (38). These independent studies reported decreased
structure–function coupling in individuals with BD (37) and
increased coupling in offspring (38), with structure–function
breakdown involving intrahemispheric and whole-brain connectivity (37) or long-range connections (38). We failed to detect any
difference in structure–function associations in individuals with
BD relative to control subjects globally and within connection
classes. The discrepant ﬁndings could be explained by the
different structural and functional network reconstruction
methods employed and the different clinical characteristics of
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these cohorts; furthermore, in BD, signiﬁcant changes in
structure–function coupling may be occurring and thus may be
detectable at the onset of the illness, rather than at later stages of
the disease when the critical period of brain network development
has passed.
Structural networks are thought to place signiﬁcant physical
constraints on functional connectivity both globally and locally
(39) so that a change in the relationship between these two
measures would be suggestive of illness expression (22,23).
Crucially, while anatomical connections give rise to and shape
functional connections, it is likely that there are several possible
spatiotemporal reconﬁgurations of functional connectivity
expressed around the same anatomical skeleton, even within
a short time scale (29,40). This implies that brain function is
not static but instead dynamic, constantly switching between
large-scale metastable wave patterns (41). Herein, preserved
whole-brain structure–function coupling corroborates intact
whole-brain structural (14) and functional connectivity in BD.
However, in patients with BD relative to control subjects, we
observed preserved structure–function coupling within connection classes despite evidence of regional structural and functional deﬁcits, suggesting that more complex, perhaps dynamic,
interactions may be occurring between structure and function at
the subnetwork level. Additionally, while anatomical connectivity
may inform functional interactions, it is not per se a sufﬁcient
description of connectivity, and optimal models should be
identiﬁed to examine structure–function relationships (40).
We did not detect an effect of lithium on the signiﬁcant
functional connectivity measures; however, we may have been
underpowered to investigate this outcome (BD subjects on
lithium, n = 14; BD subjects off lithium, n = 27). However, all but 3
BD subjects on lithium were taking other medications as well.
Furthermore, our ﬁndings can be considered trait features of BD
type I as these were conﬁrmed post hoc when removing subjects with BD type II or those not meeting criteria for euthymia.
Collectively, BD is associated with localized functional
dysconnectivity that does not extend to be detected globally,
which is suggestive of reduced regional functional interactions
in individuals with a history of psychotic and depressive episodes. These changes predominantly involve regions
belonging to the DMN and limbic system, both of which play
key roles in several cognitive domains known to be functionally
altered in BD. Although we observed structural deﬁcits between and within basal ganglia and limbic system connections
(14), basal ganglia did not appear to be involved in the functional dysconnected subnetwork. We conclude that these
localized changes are suggestive of traitlike features of subjects with euthymic BD that may be necessary to maintain a
remitted clinical state of the illness. The applications of
different conceptualizations of how information can ﬂow
around the human connectome, such as the dynamic representations of these functional systems, may be used to more
comprehensively describe intermittent behaviors characteristic
of neuropsychiatric disorders such as BD.
Despite striking evidence of cognitive deﬁcits in BD and its
social and personal burden, there is no pharmacological
treatment that is speciﬁc to the management of core symptoms of BD, possibly made challenging by the cyclic nature of
BD illness and the wide array of symptoms and cognitive
deﬁcits individuals with BD experience. The theory that BD is a
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“dysconnection syndrome” provides an intuitive explanation
for the vast heterogeneity in symptomatology that characterizes the illness, as the ﬁeld is shifting away from localizing
speciﬁc symptoms to speciﬁc gray matter and white matter
regions or functional seeds, and instead moving toward the
examination of abnormal interaction between brain regions
and considering the brain’s network as a whole. Current understanding of the neurobiological basis of BD is limited. This
represents a limit to accurate diagnosis and pharmacological
intervention that importantly impacts the quality life of affected
individuals. Our ﬁndings support the clinical construction of BD
as a dysconnection syndrome. Furthermore, the observed
structural and functional dysconnectivity in BD highlights the
need to examine network abnormalities at both anatomical and
physiological levels, as well as to incorporate multimodal imaging for a more meaningful understanding of dysconnectivity
in psychotic illness such as BD.
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ABSTRACT
BACKGROUND: Graph theory applied to brain networks is an emerging approach to understanding the brain’s topological associations with human cognitive ability. Despite well-documented cognitive impairments in bipolar
disorder (BD) and recent reports of altered anatomical network organization, the association between connectivity
and cognitive impairments in BD remains unclear.
METHODS: We examined the role of anatomical network connectivity derived from T1- and diffusion-weighted
magnetic resonance imaging in impaired cognitive performance in individuals with BD (n = 32) compared with
healthy control individuals (n = 38). Fractional anisotropy- and number of streamlines-weighted anatomical brain
networks were generated by mapping constrained spherical deconvolution-reconstructed white matter among 86
cortical/subcortical bilateral brain regions delineated in the individual’s own coordinate space. Intelligence and
executive function were investigated as distributed functions using measures of global, rich-club, and
interhemispheric connectivity, while memory and social cognition were examined in relation to subnetwork connectivity.
RESULTS: Lower executive functioning related to higher global clustering coefﬁcient in participants with BD, and
lower IQ performance may present with a differential relationship between global and interhemispheric efﬁciency in
individuals with BD relative to control individuals. Spatial recognition memory accuracy and response times were
similar between diagnostic groups and associated with basal ganglia and thalamus interconnectivity and connectivity
within extended anatomical subnetworks in all participants. No anatomical subnetworks related to episodic memory,
short-term memory, or social cognition generally or differently in BD.
CONCLUSIONS: Results demonstrate selective inﬂuence of subnetwork patterns of connectivity in underlying
cognitive performance generally and abnormal global topology underlying discrete cognitive impairments in BD.
Keywords: Bipolar disorder, Cognition, Diffusion magnetic resonance imaging, Graph theory, Network analysis, Rich
club
https://doi.org/10.1016/j.bpsc.2019.09.004

Bipolar disorder (BD) is a psychiatric illness associated with
cognitive impairment, including executive function, memory,
and social cognition deﬁcits (1–4). Prevalent in approximately
40% to 60% of individuals with BD (5), cognitive impairments
are not accounted for by residual mood symptoms (1) or
medication use (6–8) and are associated with a poorer quality
of life (9). Structural and diffusion magnetic resonance imaging studies have found widespread structural brain abnormalities in BD (10–14), with consistent reports of reduced
hippocampus, amygdala, and thalamus volume; reduced
prefrontal, temporal, and parietal cortical thickness (12,13);
and altered white matter organization in temporoparietal and
limbic tracts (10,11,14). However, the relationship between
neuroanatomical alterations and cognitive deﬁcits remains
unknown.
Network analysis incorporates not only the anatomy of
certain brain areas, but also multiple brain regions and their

interactions to better capture the integration between distinct
neural systems that underlies cognitive functioning (15–19).
Network investigations ﬁnd that the brain is topologically
conﬁgured to enable higher cognitive processing; a combination of high clustering and short path length supports both
local segregation and global integration while minimizing cost
(20,21), modular structure facilitates functional specialization
(22,23), and hub rich-club regions integrate information globally between modules (24,25). Emerging reports show that
global efﬁciency and rich-club connectivity of anatomical
networks is associated with intelligence and executive function
and that interhemispheric connectivity is associated with intelligence in healthy individuals (26–30). Given that global
efﬁciency, rich-club connectivity, and interhemispheric connectivity may be altered in BD (31–35), their investigation in
relation to intelligence and executive function deﬁcits in BD is
warranted.
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Several gray and white matter regions have been implicated
in BD to date, but no study has examined patterns of connectivity underlying such impairments. Lower IQ in BD
(1,36–39) was associated with reduced magnetization transfer
ratio, a measure of dendritic density and neuronal size and
number, in the superior temporal gyrus, uncus, and parahippocampal gyrus (40) and with reduced prefrontal cortical
folding (41). Executive functioning impairments (1–3,42) were
associated with reduced prefrontal cortex volumes (43) and
widespread white matter disorganization (44,45) regionally in
the internal capsule (46) and anterior thalamic radiation (47).
Given that intelligence and executive function rely on distributed neural networks, including the frontal and parietal
cortices, thalamus, basal ganglia, and cerebellum (48–51),
network measures that represent the capacity for global
network integration may more optimally capture the basis for
their disruption. We hypothesized that IQ and executive functioning would be associated with measures of global, richclub, and interhemispheric connectivity and that disruption of
these network features in BD would relate to intelligence and
executive function deﬁcits.
Memory impairments in BD (1–3) have been associated
with reduced amygdala volume (52) and altered diffusivity
values in the superior corona radiata and corticospinal tract
(53). However, no anatomical subnetwork connectivity
investigation has been conducted. This is despite evidence
that variance in the pattern of brain structural connectivity
underlies variance in healthy human performance of such
tasks, in particular a temporal lobe subnetwork that includes
the hippocampus, temporal cortex, and insula (54). Theory
of mind or social cognition is impaired in BD (4) and was
found to positively associate with anatomical connectivity
between default-mode regions in a recent healthy human
network investigation (29); however, this has yet to be
investigated in BD.
Here we investigated shared or differential cognition–brain
network relationships in individuals with BD compared with
control individuals using novel anatomical network approaches
across a wide range of cognitive domains to enhance understanding of the distinct brain network basis of cognitive
impairment in BD. We assessed relationships between variance in global, rich-club, and interhemispheric connectivity
patterns and the global cognitive processes of intelligence and
executive function and in regional subnetworks underlying
memory and social cognition, all commonly affected and
playing a role in impaired quality of life experienced by individuals with BD (9).

METHODS AND MATERIALS
Participants
We recruited individuals with a diagnosis of BD or healthy
control (HC) individuals between 18 and 65 years of age
through mental health services of the western region of
Ireland. The DSM-IV-TR criteria for BD were conﬁrmed by a
psychiatrist using the Structured Clinical Interview for DSMIV-TR (55). Healthy volunteers had no personal history of
psychiatric illness conﬁrmed using the Structured Clinical
Interview for DSM-IV nonpatient edition and had no ﬁrstdegree family history. Exclusion criteria included neurological

disorders, learning disability, comorbid substance or alcohol
abuse, history of head injury resulting in a loss of consciousness (.5 minutes), or any other illness potentially affecting
cognitive function. For mood rating, the Hamilton Rating Scale
for Depression (56) and Young Mania Rating Scale (57) were
used on the day of scanning and cognitive testing. Euthymia
was deﬁned as scores of ,8 and ,7, respectively. All participants provided fully informed written consent, and the
study was approved by the clinical research ethics committees of University College Hospital Galway and St. James’s
Hospital Dublin.

Cognitive Assessment
Selected subtests of the Wechsler Adult Intelligence Scale
(vocabulary, similarities, block design, and matrix reasoning)
were combined to obtain full-scale IQ (58). The Cambridge
Neuropsychological Test Automated Battery was used to
measure executive function (Intra/Extra Dimensional Shift),
episodic memory (Paired Associates Learning), short-term
memory (Delayed Match to Sample) and spatial recognition
memory (Spatial Recognition Memory) (59). The “Reading the
Mind in the Eyes” Test assessed social cognition (60). A
multivariate analysis of covariance with age and gender as
covariates or nonparametric Mann-Whitney U was used to
compare cognitive performance between groups.

Image Acquisition and Processing
Magnetic resonance imaging was performed on a 3T Philips
Achieva scanner (Philips, Best, the Netherlands) at the Centre
for Advanced Medical Imaging, St. James’s Hospital, Dublin,
Ireland. T1-weighted images were acquired using a threedimensional turbo ﬁeld echo sequence (repetition time/echo
time = 8.5/3.9 ms; 1 mm3 isotropic voxel size). Diffusionweighted images were obtained using high angular diffusion
imaging consisting of 1 non-diffusion-weighted image and 61
diffusion gradient directions with b = 1200 s/mm2 (repetition
time/echo time = 514/59 ms; SENSE parallel imaging factor =
2.5; ﬁeld of view = 200 3 257 3 125 mm; reconstructed 1.8 3
1.8 3 1.9 mm3 voxel size; acquired 2.1-mm slice thickness;
in-plane resolution = 0.8 mm2). Diffusion images were corrected for eddy current distortions, motion artifacts, susceptibility effects, and rotations of the b-matrix for motion
and registered (nonlinear) to the T1-parcellation space
(ExploreDTI version 4.8.6) (61). Quality assessment involved
careful visual inspection for geometric distortions, large
signal dropouts, abnormal model residuals (62), and registration accuracy and resulted in the removal of 12 cases (7
HC individuals and 5 individuals with BD). A deterministic
non-tensor-based constrained spherical deconvolution algorithm was applied to corrected diffusion-weighted data
and included recursive calibration of the response function
(ExploreDTI version 4.8.6) (63,64). This estimates multiple ﬁber orientations within each voxel through the ﬁber orientation distribution function, allowing more accurate diffusion
proﬁles and streamline reconstructions in the extensive areas
of brain in which there are complex ﬁber arrangements
compared with the single-ﬁber orientation per voxel afforded
by diffusion-tensor-based algorithms (65).
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Network Reconstruction

Anatomical Subnetwork Connectivity

A total of 86 regions (34 cortical, 8 subcortical and cerebellar
hemispheres bilaterally) were deﬁned, inspected, and corrected
in a subject-speciﬁc manner (FreeSurfer version 5.3.0) (66,67).
For each participant, an 86 3 86 connectivity matrix was obtained (ExploreDTI version 4.8.6), whereby one or more reconstructed streamlines terminating in a pair of regions deemed
them structurally connected. Connections were represented by
1 or 0 to indicate the presence or absence of connections in the
binary case and by fractional anisotropy over all connecting
streamlines or total number of connecting streamlines in the
weighted case. Subsequent analysis used binary, fractional
anisotropy–weighted, and number of connecting streamlines–
weighted network measures to investigate network correlates
of cognitive performance in each diagnostic group as indicated.

We investigated main effects of episodic memory, short-term
memory, spatial recognition memory, and social cognition and
interactions between these cognitive performance measures
and diagnosis on anatomical subnetwork connectivity using
cluster-based statistical methods that control for the familywise
error rate (Network-Based Statistic version 1.2). A t statistic
representing the main effect of cognitive performance or interaction between cognitive performance and diagnosis for each
connection was calculated using a general linear model (Pearson’s correlation equivalent) while covarying for age, gender,
and diagnosis. A primary t-statistic threshold of 2 corresponding
to p , .025 was applied, and 5000 permutations were used to
calculate familywise error rate–corrected p values (pFWE) at .05
for every remaining connected component against a null distribution of maximum component size. Owing to the arbitrary
choice of threshold, we searched for anatomical subnetworks at
additional thresholds of 1.5 and 2.5 and the statistical package
default of 3 (71). Results were investigated post hoc by correlating the average strength of signiﬁcant subnetworks with
cognitive measures in each diagnostic group. While IQ and executive function were not hypothesized as being related to
distinct anatomical subnetworks, exploratory analysis investigated main effects of these facets and interactions with diagnosis on anatomical subnetwork connectivity.

Global, Rich-Club, and Interhemispheric
Connectivity
Full-scale IQ and executive function were investigated in
relation to measures of global connectivity and topology, richclub connectivity, and interhemispheric connectivity as hypothesized using partial correlation covarying for age and
gender. Uncorrected p values are presented for this analysis.
Fisher r-to-z transformation compared relationships between
groups. Measures of global connectivity and topology included
density, global strength, global efﬁciency, and global clustering
coefﬁcient (Supplemental Table S1) (68). Rich-club organization within weighted networks was established using the
weighted rich-club coefﬁcient BW ðkÞ (69), whereby the total
connection weight for the group of brain regions with greater
than k connections (W,k ) is divided by the total connection
weight of the same number of strongest connections within the
network (obtained by wranked Þ. The formula is as follows:
W,k
;
BW ðkÞ ¼ P E,k
ranked
l21 wl
where E,k is the subset of connections between regions with
more than k connections. Normalized rich-club coefﬁcients
were calculated to determine the presence of rich-club organization; observed rich-club coefﬁcients were divided by the
average rich-club coefﬁcient from 500 reference networks
obtained by randomly rewiring edges to retain degree distribution (70). We obtained the top 10–ranking brain regions in
terms of degree in each diagnostic group, and brain regions
common to both groups were deﬁned as rich-club regions.
Connections were divided into rich club, those interconnecting
rich-club regions; local, those interconnecting non-rich-club
regions; and feeder, those connecting rich-club and nonrich-club regions. The total connection weight represented
connectivity in each class. To ensure that effects were not
limited to this rich-club deﬁnition, rich-club regions were also
deﬁned post hoc using the top 12–ranking and top 15–ranking
brain regions common to both groups. Interhemispheric connectivity was calculated as the average inverse shortest path
length for pairs of brain regions in contralateral hemispheres
(32). Relationships were not expected between global, richclub, or interhemispheric connectivity and memory or social
cognition, and they were examined as exploratory.
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RESULTS
Participants
In total, 32 individuals with BD and 38 psychiatrically healthy
individuals balanced for age and gender but not for years of
education were included (Table 1). Of the BD group, 27 individuals met the DSM-IV diagnosis for BD I (13 men and 14
women; mean age = 43 6 14 years) and 5 for BD II (2 men and
3 women; mean age = 43 6 13 years). At cognitive testing, all
except 3 participants with BD were taking medication: 18
taking mood stabilizers (9 lithium), 19 taking antipsychotic
medications (18 atypical antipsychotics), 10 taking antidepressant medications, 1 taking benzodiazepine, 6 taking other
psychotropic medications, and 2 taking antiepileptic mood
stabilizing medication (Supplemental Table S2). Formal
assessment of mood state at the time of scanning revealed
that 9 individuals with BD did not reach the threshold for
euthymia (28%; Hamilton Rating Scale for Depression mean =
16.44, SD = 4.93, range = 11–26; Young Mania Rating Scale
mean = 0.87, SD = 1.59, range = 0–10). Removing individuals
taking lithium or those not meeting criteria for euthymia did not
change results presented hereafter. Mood scores did not
signiﬁcantly differ between the day of scanning and cognitive
testing for the Hamilton Rating Scale for Depression (t = 21.45,
p = .16) or Young Mania Rating Scale (t = 21.06. p = .30). Time
between scanning and cognitive testing did not signiﬁcantly
differ between control individuals and individuals with BD
(t = 20.10, p = .92).

Comparison of Cognitive Performance Between
Diagnostic Groups
The BD group had signiﬁcantly worse performance in full-scale
IQ (F = 4.92, p = .03), executive function (U = 430.00, p = .04),
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Table 1. Demographic and Clinical Characteristics
Statistical Comparison
Control Group
(n = 38)

Bipolar Disorder
Group (n = 32)

Test Statistic
(t or c2)

Age, Mean (SD)

39 (14)

43 (13)

21.07

Gender, Male/Female, n

17/21

15/17

Level of Education, na
Junior high school

1

1

Some high school

0

2

High school graduate

3

5

Some college or technical school, at least 1 year

6

8

College graduate

12

14

Graduate training

p Value
.29

0.03

.86

12.58

.03b

15

2

HAM-D Score, Mean (SD), Range

1.08 (1.82), 0–7

6.50 (7.10), 0–26

24.5

2 3 1025b

YMRS Score, Mean (SD), Range

0.94 (1.66), 0–6

1.53 (2.27), 0–10

21.4

0.18

Mood scores provided are from the day of scanning.
HAM-D, Hamilton Depression Rating Scale; YMRS, Young Mania Rating Scale.
a
Data missing for 1 healthy control subject; n = 69.
b
Signiﬁcant difference at p , .05.

episodic memory (F = 7.37, p = .01), short-term memory (F =
4.55, p = .04) and theory of mind (F = 6.44, p = .01) and
had similar performance in terms of response times (F = 0.31,
p = .58) and accuracy (F = 3.31, p = .07) in spatial recognition
memory compared with the control group (Table 2 and
Supplemental Figure S1). Removal of outliers did not change
results for executive function (1 HC individual and 2 individuals
with BD, U = 399.50, p = .05) or episodic memory (3 individuals
with BD, F = 4.50, p = .04).

Network Properties Related to Intelligence and
Executive Function
Higher full-scale IQ was not signiﬁcantly associated with
higher global efﬁciency in control individuals (r = .32, p = .06)
(Figure 1A). The presence of rich-club organization was
conﬁrmed in this sample. No associations were found between
full-scale IQ and rich-club connectivity using our primary richclub deﬁnition (Figure 2). Post hoc investigation deﬁning the
rich club as the top 12–ranking brain regions common to both
diagnostic groups identiﬁed positive correlations between IQ
and rich-club connectivity (r = .38, p = .02) and feeder connectivity (r = .44, p = .01) in control individuals, not surviving

correction for multiple comparison. These were also seen
when deﬁning the rich club as the top 15–ranking brain regions
common to both groups. Visualizations of rich-club regions
included at these thresholds are shown in Supplemental
Figure S2. Executive function was not associated with any
measures of global connectivity and topology (Figure 1B) or
rich-club connectivity (Figure 2) in our control group. Neither IQ
nor executive function was associated with interhemispheric
connectivity in control individuals (range r = 2.15 to .32, range
p = .06 to .98) (Supplemental Table S3). We found no distinct
anatomical subnetworks associated with IQ or executive
function during exploratory post hoc investigation.

Network Properties Related to Episodic Memory,
Short-Term Memory, Spatial Recognition Memory,
and Theory of Mind
We investigated episodic, short-term, and spatial recognition
memory and social cognition in relation to anatomical subnetworks. Greater connectivity within overlapping networks
involving the basal ganglia and thalamus was associated with
faster response times (with the hippocampus, amygdala, and
frontal cortex, t = 2.0, pFWE = .02) (Figure 3), slower response

Table 2. Cognitive Performance: Control Group Versus Bipolar Disorder Group
Statistical Comparison
Task

Outcome Measure

Control Group
(n = 38), Mean 6 SD

Bipolar Group
(n = 32), Mean 6 SD

116.52 613.86

105.72 6 19.12

Test Statistic
(F or U)

p Value

Effect Size
(Cohen’s d)

4.92

.03a

0.65

430.00

.04a

0.35

Full-Scale IQ

IQ score

Intra/Extra Dimensional Shift

Total errors adjusted

27.45 6 32.32

40.69 6 42.99

Paired Associates Learning

First trial memory scoreb

20.26 6 3.47

18.57 6 4.67

2.17

.15

0.41

Total errors adjustedb

11.00 6 9.80

26.73 6 32.08

7.37

.01a

0.66

Delayed Match to Sample

Percentage correct

91.58 6 6.67

87.19 6 8.32

4.55

.04a

0.58

Spatial Recognition Memory

Percentage correct

80.26 6 11.15

74.22 6 11.92

3.31

.07

0.52

2639.95 6 807.05

2795.71 6 880.17

0.31

.58

0.18

26.63 6 3.87

23.53 6 4.57

6.44

.01a

0.73

Mean correct latency (ms)
Reading the Mind in the Eyes

Total correct

Signiﬁcant difference at p , .05.
Data missing for 2 participants with bipolar disorder; n = 30.

a

b
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Figure 1. Relationships between (A) full-scale IQ and global efﬁciency (GEFA) (z = 1.94, p = .05), (B) errors on the executive function task and global
clustering coefﬁcient (CCbinary) (z = 21.60, p = .11), and (C) spatial recognition memory percentage correct and global efﬁciency (GEbinary) (z = 22.24, p = .03)
across diagnostic groups. Asterisk represents signiﬁcant relationship at p , .05. Healthy control (HC) individuals are represented by black open circles (B),
regression line, and dashed line conﬁdence intervals, while individuals with bipolar disorder (BD) are represented by gray closed circles ( ), regression line, and
dashed line conﬁdence intervals. FA, fractional anisotropy; WAIS-III, Wechsler Adult Intelligence Scale.

•

times (with the cerebellum and left parietal cortex, t = 2.0,
pFWE = .02) (Figure 4), and lower accuracy (with the basal
ganglia and thalamus alone, t = 2.5, pFWE = .04) (Figure 5) in
spatial recognition memory in the whole cohort. These subnetworks were not seen at the additional thresholds tested. No
anatomical subnetworks were associated with episodic
memory, short-term memory, or social cognition.
As expected, no signiﬁcant associations were found between episodic, short-term, and spatial recognition memory or
social cognition and measures of global, rich-club, or interhemispheric connectivity during exploratory post hoc
investigation.

Group Differences

web 4C=FPO

Lower IQ performance in the BD group was accompanied by a
dissociation between IQ and full-scale IQ and global efﬁciency
(HC individuals: r = .32, p = .06; individuals with BD: r = 2.16,

p = .41; z = 1.94, p = .05) (Figure 1A). To ensure that the
altered relationship between IQ and global efﬁciency was not
driven by differences in IQ, we divided the whole sample into
low- and high-IQ groups, with 35 people in each, and tested
for relationships with global efﬁciency. No relationships were
found in either group (high IQ: r = .11, p = .54; low IQ: r = .09,
p = .61; z = 0.08, p = .94), supporting this as a diagnostic
effect.
Lower executive functioning in the BD group was accompanied by a positive association between executive function
and global clustering coefﬁcient that was not signiﬁcantly
different from the relationship seen in the control group (HC
individuals: r = .06, p = .70; individuals with BD: r = .44, p = .02;
z = 21.60, p = .11) (Figure 1B). When false discovery rate was
corrected at 5% for 12 comparisons, relationships between
global measures and intelligence and executive function were
no longer statistically signiﬁcant.

Figure 2. (A) Rich-club organization within structural brain networks. Rich-club regions were deﬁned as the common top 10–ranking brain regions by nodal
degree in each diagnostic group. Brain regions are scaled by nodal degree (size of spheres) and colored to indicate whether they represent rich-club (red) or
non-rich-club (gray) regions. Connections between rich-club regions are represented in red. (B) Correlations between cognitive performance and rich-club
edge levels. Intelligence and executive function were measured using the composite Wechsler Adult Intelligence Scale and intra/extra dimensional shift total errors adjusted scores, respectively. L, left; R, right.
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web 4C=FPO

Figure 3. A single number of streamlines (NOS)-

weighted anatomical subnetwork was negatively
correlated with spatial recognition memory mean
correct latency over all participants, covarying for
age, gender, and diagnosis (t = 2.0, p = .02),
while no subnetwork differentially related to
spatial recognition memory mean correct latency
between diagnostic groups. (A) Visualization of
signiﬁcant anatomical subnetwork. (B) Relationship between average strength of this anatomical
subnetwork and spatial recognition memory mean
correct latency score separated by diagnostic
group. Note that relationships are not signiﬁcantly
different between groups. Partial correlations
included age and gender as covariates. Asterisk
represents signiﬁcant relationship at p , .05.
Healthy control (HC) individuals are represented
by black open circles (B), regression line, and
dashed line conﬁdence intervals, while individuals with bipolar disorder (BD) are represented by gray closed circles ( ), regression line, and dashed
line conﬁdence intervals. R, right.

•

No differential relationships were seen between IQ and executive function and either rich-club or interhemispheric connectivity in the BD group relative to the control group except IQ
and interhemispheric efﬁciency (HC individuals: r = .32, p = .06;
individuals with BD: r = 2.15, p = .45; z = 1.92, p = .05)
(Supplemental Table S3).
Subnetwork relationships with spatial recognition memory
response times and accuracy detailed above were not significantly different in the BD group compared with the control
group (Figures 3, 4, and 5). Exploratory post hoc investigation
found that spatial recognition memory accuracy was positively
associated with global efﬁciency in individuals with BD (r = .39,
p = .03), a relationship not present in control individuals
(r = 2.15, p = .39; z = 22.24, p = .03) (Figure 1C).
No anatomical subnetworks were found that related to
episodic memory, short-term memory, or social cognition
differently in individuals with BD compared with control individuals. The same was true for IQ and executive function
during exploratory post hoc investigation.

DISCUSSION
Consistent with a substantial body of work to date, we detected
deﬁcits in cognition associated with BD that incorporate processes expected to be global in their anatomical underpinnings,
including intelligence and executive function and those relying on
more anatomically speciﬁc networks such as social cognition and
forms of memory. We found that IQ may have a differential relationship with global efﬁciency in individuals with BD compared
with control individuals and that IQ performance was not
explained in either group by the highly interconnected rich-club
subnetwork expected to underlie core cognitive integration (72).
Executive functioning deﬁcits in BD related to increased segregation globally, while neither global nor rich-club connectivity
explained executive function performance generally. Basal
ganglia and thalamus interconnections appeared to be important
for spatial recognition memory accuracy, and their concomitant
facilitatory and inhibitory connections with other brain regions
related to response times. This complex subnetwork relationship
with spatial memory did not generalize to episodic or short-term
memory and did not explain deﬁcits in the latter pair evident in BD.

Despite detecting anticipated deﬁcits in social cognition in BD (4),
no anatomical subnetwork was found as relating to social
cognitive ability in the population or differentially in BD.

Network Features of IQ and Executive Function
We detected IQ deﬁcits, possibly due to residual mood symptoms or lower levels of education (1,73), and executive functioning deﬁcits in individuals with BD relative to control
individuals, both consistent with recent meta-analyses (1,3).
Matching study cohorts for IQ may account for less consistent
reporting of IQ deﬁcits in BD literature (74). Our network ﬁndings
are not inconsistent with previous work establishing the relevance of global anatomical network efﬁciency for intelligence in
healthy individuals (26,75–77), and suggest a dissociation between IQ and this network feature in BD, which may relate to
previously observed reductions in global and interhemispheric
efﬁciency that reﬂect abnormal widespread network integration
(30,32–34). In light of studies adopting anatomically localized
approaches implicating the temporal lobe (40) and prefrontal
cortex (41) in IQ impairments in BD, future investigations
determining the extent to which local network changes inﬂuence
altered global network support of IQ are warranted.
We detected no relationship between intelligence and richclub connectivity in healthy participants, consistent with
several reports (31,78), or in participants with BD despite the
reliance of this facet on global integration that is thought to
emerge from the interconnectivity of the rich club (72). Studies
we are at variance with have used general cognitive ability
(27,77) or a perceptual reasoning index (79) compared with our
measure of full-scale IQ and have included frontal cortex regions known to support both IQ and executive functioning
(49,51). Examining these regions in the current data at additional rich-club thresholds corroborates previous relationships
with intelligence (27,77,79). Results presented here suggest an
absence of the established relationship between IQ and global
anatomical network efﬁciency in individuals with BD and no
relationship between IQ performance and rich-club connectivity in HC individuals or individuals with BD.
We found that increased segregation globally may relate
to worse executive function performance in BD, while global,
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web 4C=FPO

Figure 4. A single number of streamlines (NOS)-

weighted anatomical subnetwork was positively
correlated with spatial recognition memory mean
correct latency score over all participants, covarying for age, gender, and diagnosis (t = 2.0,
p = .02), while no subnetwork differentially related
to spatial recognition memory mean correct latency between diagnostic groups. (A) Visualization
of anatomical subnetwork. (B) Relationship between average strength of this anatomical subnetwork and spatial recognition memory mean
correct latency score separated by diagnostic
group. Partial correlations included age and
gender as covariates. Asterisk represents signiﬁcant relationship at p , .05. Healthy control (HC)
individuals are represented by black open circles
(B), regression line, and dashed line conﬁdence
intervals, while individuals with bipolar disorder (BD) are represented by gray closed circles ( ), regression line, and dashed line conﬁdence intervals. L,
left; R, right.

•

web 4C=FPO

rich-club, and interhemispheric connectivity do not explain
executive function performance generally. Both this study
and Ajilore et al. (80) detected relationships between
increased anatomical network segregation and worse executive functioning in BD, in our case globally and in the previous study locally within the lateral orbitofrontal cortex. This
remains consistent with previous anatomically localized
ﬁndings implicating widespread white matter alterations in
executive functioning deﬁcits (44–47). Larger cohorts may be
required to detect relationships between executive functioning and global efﬁciency in healthy individuals (29,81,82)
and subtle differential relationships in BD. However, we
detected no relationship between executive functioning and
rich-club connectivity (83), in contrast to a similarly powered
investigation that excluded subcortical connections
from brain networks (27). We note that the majority of studies
we are at variance with consider multiple domains constituting executive functioning (27,29,81) and that control
individuals here showed low variance in executive functioning due to high performance, both of which could
contribute to discrepancies. Overall, our ﬁndings suggest
that increased global segregation, and not rich-club or
interhemispheric connectivity, relates to BD executive functioning deﬁcits.

Network Features of Memory and Social Cognition
We detected previously reported episodic and short-term
memory deﬁcits in BD (1,3) and no spatial recognition memory
deﬁcits, mirroring several investigations (84–86) and contrasting
one report (87) in which mixed/manic mood state may account
for poorer BD performance (73). Basal ganglia and thalamus
interconnections were associated with spatial memory accuracy, while their connections to frontal cortex and limbic areas
and the parietal cortex and cerebellum related to faster and
slower response times, respectively. These results lend support
to the basal ganglia as a point of integration between cognitive
and motor systems (18) that are involved in opposing processes
depending on coupled regions (88). Considering the resolution
limits of diffusion magnetic resonance imaging approaches, we
cannot speak to the underlying inhibitory or excitatory nature of
the connections involved. The exclusively right hemisphere
subnetwork related to faster response times is consistent with a
right hemisphere bias for spatial encoding and retrieval (89,90)
and extends reports of striatum, caudate nucleus (91), and
amygdala (92) involvement in memory processes to the
anatomical subnetwork level. This complex subnetwork relationship did not hold for episodic or short-term memory and did
not explain deﬁcits in these forms of memory in BD. Applying
brain-wide correction for multiple comparisons can lead to false

Figure 5. A single fractional anisotropy (FA)weighted anatomical subnetwork was negatively
correlated with spatial recognition memory percentage correct score over all participants, covarying for age, gender, and diagnosis (t = 2.5,
p = .04), while no subnetwork differentially related
to spatial recognition memory percentage correct
between diagnostic groups. (A) Visualization of
anatomical subnetwork. (B) Relationship between
average strength of this anatomical subnetwork
and spatial recognition memory percentage correct score separated by diagnostic group. Note
that relationships are not signiﬁcantly different
between groups. Partial correlations included age
and gender as covariates. Asterisk represents
signiﬁcant relationship at p , .05. Healthy control
(HC) individuals are represented by black open
circles (B), regression line, and dashed line conﬁdence intervals, while individuals with bipolar disorder (BD) are represented by gray closed circles ( ), regression line, and dashed line conﬁdence
intervals. L, left; R, right.

•
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negatives, and larger homogeneous cohorts may be required to
overcome this (54). However, this does remain potentially
consistent with previous anatomically localized investigations
implicating the amygdala (52) and corticospinal tract (53) in
delayed memory deﬁcits and the corona radiata (53) in shortterm memory deﬁcits in BD that this cluster-based network
study might not have been able to detect.
We detected an expected deﬁcit in social cognition in BD
(4) and no anatomical subnetworks related to this facet in the
population or differently in BD. Research points to abnormal
limbic activation in BD during social cognition tasks (93), and
we provide evidence suggesting that anatomical subnetwork
connectivity, which forms the basis for dynamic functional
interactions, does not explain social cognition deﬁcits in BD.
Expected deﬁcits in executive function in BD were associated with measures of global anatomical network segregation
but not the more anatomically limited and highly interconnected rich-club subnetwork. This suggests that alterations in global topology, but not rich-club topology, in BD
demonstrated by others (33,34) and previously reported in the
current sample (94) may contribute to cognitive deﬁcits.
Complex subnetwork relationships with spatial recognition
memory, not impaired in BD, were found generally but did not
explain anticipated episodic or short-term memory deﬁcits or
social cognition deﬁcits in BD. Cognitive deﬁcits have important implications for quality of life and functional outcomes in
BD (95), and a better understanding of the brain basis that
accompanies difﬁculties with these processes could provide a
foundation for treatments targeting these as part of a wider
treatment approach. The only previous study applying a
network-based approach to address this found relationships
between reduced interhemispheric connectivity and both
processing speed and working memory deﬁcits in BD (80).
Future network-based studies broadening this literature can
clarify the network alterations important for distinct cognitive
impairments, which so far appear to be features of global
integration, segregation, and interhemispheric connectivity.

Strengths, Limitations and Future Directions
This study used network analysis to examine relationships
between cognition and neural structure in participants with BD
and healthy participants, addressing the multivariate pattern of
integration that underlies complex cognitive processing.
Similar relationships suggest that variations in network structure have similar implications in terms of cognitive performance, while altered relationships suggest a breakdown in the
extent to which network structure is providing support for
cognitive functions in BD. The application of non-tensor-based
tractography in combination with subject-speciﬁc cortical and
subcortical brain region deﬁnition produces more accurate
network reconstructions and increases the anatomical sensitivity of our ﬁndings (96,97). Despite capitalizing on the largest
cohort to date investigating these network–behavior relationships, we had limited sensitivity to detect more subtle effects.
In addition, the effect sizes of our global analyses are moderate
and would not have survived false discovery rate correction, in
part owing to the breadth of cognitive assessments used
across multiple network measures that, while representing a
strength of the current work, somewhat increases our risk of

false positives. There also remains interindividual differences
that we would not be able to detect with the current design and
approach (98). Furthermore, altered functional connectivity
may exist in the absence of currently detectable architectural
perturbations (18,99,100), and future work on functional
network dynamics can delve deeper into the inﬂuence of
altered network connectivity on cognitive function in BD (101).

Conclusions
The potential of graph theory to understand the brain’s topological associations with human cognitive ability was demonstrated. Here, we detected selective inﬂuence of subnetwork
patterns of connectivity in underlying cognitive performance
generally and abnormal global topology in underlying discrete
cognitive impairments in BD.
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Machine Learning Identiﬁes Large-Scale
Reward-Related Activity Modulated by
Dopaminergic Enhancement in Major Depression
Yuelu Liu, Roee Admon, Monika S. Mellem, Emily L. Belleau, Roselinde H. Kaiser, Rachel Clegg,
Miranda Beltzer, Franziska Goer, Gordana Vitaliano, Parvez Ahammad, and Diego A. Pizzagalli

ABSTRACT
BACKGROUND: Theoretical models have emphasized systems-level abnormalities in major depressive disorder
(MDD). For unbiased yet rigorous evaluations of pathophysiological mechanisms underlying MDD, it is critically
important to develop data-driven approaches that harness whole-brain data to classify MDD and evaluate
possible normalizing effects of targeted interventions. Here, using an experimental therapeutics approach coupled
with machine learning, we investigated the effect of a pharmacological challenge aiming to enhance dopaminergic
signaling on whole-brain response to reward-related stimuli in MDD.
METHODS: Using a double-blind, placebo-controlled design, we analyzed functional magnetic resonance imaging
data from 31 unmedicated MDD participants receiving a single dose of 50 mg amisulpride (MDDAmisulpride), 26
MDD participants receiving placebo (MDDPlacebo), and 28 healthy control subjects receiving placebo (HCPlacebo)
recruited through two independent studies. An importance-guided machine learning technique for model selection
was used on whole-brain functional magnetic resonance imaging data probing reward anticipation and
consumption to identify features linked to MDD (MDDPlacebo vs. HCPlacebo) and dopaminergic enhancement
(MDDAmisulpride vs. MDDPlacebo).
RESULTS: Highly predictive classiﬁcation models emerged that distinguished MDDPlacebo from HCPlacebo (area under
the curve = 0.87) and MDDPlacebo from MDDAmisulpride (area under the curve = 0.89). Although reward-related striatal
activation and connectivity were among the most predictive features, the best truncated models based on wholebrain features were signiﬁcantly better relative to models trained using striatal features only.
CONCLUSIONS: Results indicate that in MDD, enhanced dopaminergic signaling restores abnormal activation and
connectivity in a widespread network of regions. These ﬁndings provide new insights into the pathophysiology of
MDD and pharmacological mechanism of antidepressants at the system level in addressing reward processing
deﬁcits among depressed individuals.
Keywords: Biomarker, Biotypes, Depression, Dopamine, fMRI, Machine learning
https://doi.org/10.1016/j.bpsc.2019.10.002

Major depressive disorder (MDD) is a debilitating disorder, often
characterized by anhedonia (1), which is poorly addressed by
current treatments (1,2). Converging evidence across species
suggests that mesocorticolimbic dopaminergic pathways
involving the striatum are essential for reward processing (3–5).
Dysfunction in this circuit has been associated with deﬁcits in
reward processing across psychiatric diseases (6). In MDD,
neuroimaging studies have documented decreased striatal
activation and reduced functional connectivity between the
striatum and other nodes of the brain reward system in
response to reward-related stimuli (7–9). Notably, some of these
abnormalities were found to be restored in the short term by
pharmacologically induced dopaminergic enhancement (10).
Despite advancements in our understanding of the pathophysiology of MDD, an unresolved issue is how enhanced

dopaminergic signaling might modulate large-scale wholebrain activation and functional coordination in MDD. Besides
the striatum, other brain regions, including the orbitofrontal
cortex, amygdala, and anterior cingulate cortex (ACC), have
been implicated in reward processing (11–14). Given that antidepressant treatments aiming to increase dopaminergic
signaling might have faster therapeutic onsets (15,16), it is
important to investigate the effects of dopaminergic
enhancement to better understand the potential neural
mechanism through which these interventions may address
reward processing deﬁcits in MDD. Thus, we identiﬁed several
needs to address in this study, including developing and
evaluating 1) a robust, data-driven, multivariate approach to
analyze whole-brain data to probe the purported distributed
nature of the reward system, 2) an approach to assess
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MDD-related abnormalities and putative normalization of those
abnormalities, and 3) comparisons between a multivariate
approach and a hypothesis-driven approach to evaluate
whether a broad set of regions beyond the striatum does
indeed better highlight reward-related abnormalities.
Toward these goals, we used a machine learning–based
approach to analyze whole-brain functional magnetic resonance imaging (fMRI) data collected from a double-blind, placebo-controlled study, in which unmedicated individuals with
MDD and healthy control subjects (HCs) performed a monetary
incentive delay (MID) task after being randomized to either a
single low dose of amisulpride (50 mg) or placebo. Amisulpride, a selective dopamine D2/D3 receptor antagonist, was
selected because of its high afﬁnity to block presynaptic
autoreceptors at lower doses, thereby increasing dopamine
release (17). In a ﬁrst step, to identify the effects of enhanced
dopaminergic transmission on reward-related brain activity,
whole-brain fMRI data were entered into an importance-guided
model selection procedure (based on the logistic regression
with elastic net regularization) (Figure 1) to identify brain regions in which reward-related metrics were most predictive of
differences between the MDD individuals receiving amisulpride
versus placebo. Next, to investigate the potential normalizing
effect of enhanced dopaminergic transmission on MDDrelated abnormalities, brain regions from the previous step
were compared with those most predictive of differences between MDD and HC group receiving placebo. The regions with
MDD-related abnormalities that also demonstrated an MDD
amisulpride effect constitute a potential multivariate signature
that we used to assess amisulpride-induced blood oxygen
level–dependent (BOLD) normalization in subjects with MDD.
Based on prior ﬁndings (7,10,18–22), we hypothesized that 1)
under placebo, MDD would be associated with widespread
reward-related abnormalities along the brain’s reward pathway

Participants
Participants were recruited by the Center for Depression,
Anxiety and Stress Research at McLean Hospital using online
advertisements, mailing, and ﬂyers within the Boston metropolitan areas for two independent studies using identical procedures that each enrolled individuals with MDD and HCs.
Across the ﬁrst (ClinicalTrials.gov identiﬁer: NCT01253421) and
second (NCT01701258) studies, 62 unmedicated individuals with
MDD (34 randomized to amisulpride [MDDAmisulpride], 28 randomized to placebo [MDDPlacebo]) and 63 demographically matched
HCs (HCPlacebo: n = 30; HCAmisulpride: n = 33) were run in the imaging
session. For the current analyses, we focused on analyses aiming
at classifying case versus controls (MDDPlacebo vs. HCPlacebo
model) and classifying the potential normalizing effects of dopaminergic enhancement (MDDPlacebo vs. MDDAmisulpride model);
thus, 92 participants were considered. Among these 92, 85 had
useable fMRI data (participants included in ﬁnal analysis included
MDDAmisulpride: n = 31; MDDPlacebo: n = 26; HCPlacebo: n = 28). A
subset of participants (46 MDD, 23 randomized to amisulpride, 23
to placebo; 20 HC controls randomized to placebo) were included
in a recent study that used a region-of-interest (ROI) approach to
probe the effects of MDD and amisulpride on striatal activation and
functional connectivity (10). Groups were matched for age, gender,
ethnicity, and years of education (Table 1). General inclusion
criteria were right-handedness, age between 18 and 45 years, no
MRI contraindications, no lifetime substance dependence, no
past-year substance abuse, and no serious medical conditions.
For the MDD groups, a diagnosis of MDD according to the
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Figure 1. (A) An illustration of the importanceguided sequential model selection procedure used
to ﬁnd the optimal set of features. First, a full model
including all features is trained using logistic
regression with elastic net regularization to determine relative importance of individual features. Next,
a series of truncated models were trained based on
a progressively increasing set of top features rank
ordered by the full model. The set of features in the
best truncated model on the evaluation set were
deemed as the optimal feature set. (B) An illustration
of the nested cross-validation procedure used to
train, validate, and test the models. A grid search
procedure with threefold cross-validation was
implemented on the developmental set to determine
the best model parameters. The resulting model was
further tested on the evaluation set, which contained
an independent set of participants not used in
training and validation. The entire procedure was
repeated on 100 different random partitioning of the
data to allow for stable model performance. wi refers
to regression weight for feature i in the model.
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Table 1. Clinical and Demographic Characteristics of the Participants
MDDAmisulpride (n = 31)

MDDPlacebo (n = 26)

Mean

SD

Mean

SD

Mean

SD

Age, Years

27.2

7.7

25.6

5.0

25.1

6.1

Education, Years

15.4

2.2

16.8

3.0

15.2

2.9

Beck Depression Inventory-II

26.3

7.9

26.7

7.9

1.8

2.7

Hamilton Depression Rating Scale

15.6

3.7

16.7

5.3

1.0

1.2

Characteristic

HCPlacebo (n = 28)

Mood and Anxiety Symptom Questionnaire
Total score

168.5

22.9

174.1

21.7

91.5

13.3

General distress anxiety subscore

23.6

5.1

25.4

6.6

12.3

1.2

General distress depression subscore

37.9

9.4

39.0

9.3

13.9

2.0

Anxious arousal subscore

24.0

6.0

25.6

6.4

18.4

2.0

Anhedonic depression subscore

11.3

82.9

11.2

84.1

9.1

47.0

Snaith-Hamilton Pleasure Scale

31.7

4.7

31.4

7.0

22.8

6.7

Duration of Current Major Depressive Episode, Months

17.3

20.0

17.6

31.9

N/A

N/A

Number of Past Depressive Episodes

3.2

2.6

3.3

3.2

N/A

N/A

n

%

n

%

n

%

Female

28

90.3

19

73.1

22

81.5

Caucasian

20

64.5

13

50.0

13

48.1

Current Comorbid Anxiety Disorders

10

32.3

11

42.3

N/A

N/A

Past Comorbid Anxiety Disorders

13

41.9

12

46.2

N/A

N/A

Groups were matched for age, gender, race, and years of education (one-way analysis of variance; c2 test). All participants were right-handed.
Between the major depressive disorder (MDD) groups administered amisulpride (MDDAmisulpride) and placebo (MDDPlacebo), participants were
matched for current and past comorbid anxiety disorders, as well as clinical scale measures (c2 test; two-sample t test).
HC, healthy control subjects; N/A, not applicable.

Structured Clinical Interview for DSM-IV-TR Axis I Disorders (2)
was required, and exclusion criteria included psychotropic medication in the past 2 weeks (6 weeks for ﬂuoxetine, 6 months for
dopaminergic drugs or antipsychotics) and any other Axis I disorders (however, social anxiety disorder, simple phobia, or
generalized anxiety disorder were allowed if secondary to MDD).
For HCs, exclusion criteria were any medication in the last 3
weeks, current or past psychiatric illnesses (Structured Clinical
Interview for DSM-IV-TR Axis I Disorders), and ﬁrst-degree familial
psychiatric illness. Participants received $15/hour in addition to
earnings in the fMRI task. The two protocols were approved by
Partners Human Research Committee, and all participants provided written informed consent.

penalties), which robustly recruit mesocorticolimbic regions
(12,13) and have been used to uncover reward-related abnormalities in both magnitude of activation and functional
connectivity in MDD (7,9,10,22,24).

Data Acquisition and Preprocessing
For both studies, MRI data were acquired at the McLean Imaging Center using a Siemens Tim Trio 3T MR scanner
equipped with a 32-channel head coil (Siemens Medical Solutions USA, Inc., Malvern, PA). Data collection for the two
studies overlapped in time. See Supplemental Methods for
acquisition parameters and preprocessing.

Feature Extraction

Procedure
The two studies followed identical procedures, pharmacological challenge, and MRI acquisition. In the ﬁrst session, a
Ph.D.- or master’s-level clinician administered the Structured
Clinical Interview for DSM-IV-TR Axis I Disorders to determine
eligibility, and participants ﬁlled out self-report scales (Table 1)
(Supplement). In the second session, participants performed
the MID task during fMRI scanning after receiving a single dose
of amisulpride or placebo. The MID task was started 1 hour
after pill administration based on pharmacokinetic data indicating that plasma concentration of amisulpride has a ﬁrst
peak approximately 1 to 1.5 hours after administration (17).

fMRI Task
The MID has been described in detail (10,23). Brieﬂy, the task
includes anticipation and receipt of monetary rewards (and

The features used in our classiﬁers consisted of coefﬁcients
from the single-subject-level general linear models averaged
according to the Automated Anatomical Labeling template
(25). To obtain these features, for each participant, we ﬁrst
ﬁtted a general linear model to the fMRI data during the MID
task [see (10) for more details]. Next, for each regressor in the
general linear models, the estimated coefﬁcients were averaged according to the Automated Anatomical Labeling template, producing one averaged coefﬁcient for each ROI. ROIs
for the left and right nucleus accumbens (NAcc) were further
extracted according to a manually segmented MNI-152 brain
(26) and added to the existing Automated Anatomical Labeling
ROIs, resulting in 118 ROIs. The following BOLD contrasts
were included as features in our classiﬁcation models to
represent reward anticipation and consumption, respectively:
1) reward cue minus neutral cue and 2) reward outcome minus
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no-change outcome following reward cue. In addition, two
striatal connectivity features emerging from our previous work
(10) were included in our classiﬁcation models, representing
the psychophysiological interaction under the reward outcome
condition between 1) caudate and dorsal ACC and 2) NAcc
and midcingulate cortex (MCC). In total, 238 features (118
ROIs 3 2 contrasts 1 2 psychophysiological interactions) were
included in the classiﬁcation models. Modeling was also done
without the psychophysiological interaction regressors to
establish if they brought any additional predictive information
(see Supplement). All features were standardized to zero mean
and unit variance before being entered into the models.

Classiﬁcation and Importance-Guided Sequential
Model Selection
Two main classiﬁers were built to classify 1) MDDPlacebo versus
HCPlacebo and 2) MDDPlacebo versus MDDAmisulpride. These were
designed to capture features linked to 1) MDD and 2) the effect of
short-term dopaminergic enhancement on whole-brain BOLD
activation in individuals with MDD. To further test the hypothesis
that dopaminergic enhancement transiently normalized rewardrelated abnormalities in MDD, a third classiﬁer was built to
classify MDDAmisulpride versus HCPlacebo. Across analyses, we
used logistic regression with elastic net regularization (27) for
classiﬁcation. The elastic net regularization is well suited for
problems where the number of features is much greater than the
number of observations (27). The models were trained and tested
via the following nested cross-validation procedure. First, we
performed model training on a development set containing 80%
of the participants via a threefold grid search cross-validation
procedure (stratiﬁed using class labels) (Figure 1B). Then, the
model with the best regularization parameters was further tested
on the evaluation set containing an independent set of 20%
participants, which the model had not seen during the training
and validation phases. The above procedure was repeated 100
times to ensure that stable performance was obtained on a large
number of development-evaluation splits. The area under the
receiver operating characteristics curve (AUC) was selected as
the metric to quantify model performance, and reported AUCs are
only from testing on the independent evaluation set.
To identify the set of most predictive features for each
classiﬁer (i.e., MDDPlacebo vs. HCPlacebo and MDDPlacebo vs.
MDDAmisulpride), we adopted the following importance-guided
sequential model selection procedure (Figure 1A). Specifically, we ﬁrst rank-ordered the features using the mean model
weights across 100 implementations as a measure of predictability. Then, we built a series of truncated models such
that each model only took the top k most predictive features as
inputs to perform the classiﬁcation tasks, with k varying from
the top 1 most predictive feature to the number of participants
involved in a given classiﬁer. Imposing the number of participants as the upper limit was to ensure that models’ performance was not mainly driven by the regularization term. All
truncated models underwent the nested cross-validation procedure described above, and the test performance from each
truncated model on the independent evaluation set was obtained. The set of features used by the truncated model
achieving the highest AUC on the evaluation set was deemed
as the optimal feature set.
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After identifying the best truncated models for the classiﬁers,
we compared the feature sets—both the selected regions and the
regression weight signs (positive or negative), as they indicated
the direction of the BOLD difference (greater for one class over
another). Based on how we set up the classiﬁers, those regions
shared by the MDDPlacebo versus HCPlacebo and MDDPlacebo
versus MDDAmisulpride classiﬁers with convergent regression
signs constitute a potential multivariate signature that we can use
to assess amisulpride-induced BOLD normalization in MDD
subjects. We calculated signed BOLD sum scores by summing
up the BOLD values of the convergent features multiplied by the
regression weight sign to assess normalization. The convergent
features should largely be absent in the set of highly differentiating features of the MDDAmisulpride versus HCPlacebo classiﬁer if
they have been normalized with amisulpride.

Statistical Analysis
The signiﬁcance of the models’ performances against chance
level was tested using a random permutation test scheme in
which the truncated model based on the optimal feature set were
retrained on label shufﬂed training data (28). The entire test procedure was iterated 1000 times to empirically construct the null
distribution of test AUCs. The p values were obtained by
comparing the AUC from the best truncated model based on
unshufﬂed data against the empirical null distribution. The performances between models were statistically compared via
Mann-Whitney U tests. Effect sizes between two distributions
were calculated using Cohen’s d.

RESULTS
Classiﬁcation Performances
The best truncated models selected by the importance-guided
model selection procedure (Figure 1) based on most predictive
features from whole-brain BOLD activations and striatal connectivity achieved high predictive performances (Table 2) (see
Supplemental Figure S1 for model performance as a function of
top features). For both MDDPlacebo versus HCPlacebo and
MDDPlacebo versus MDDAmisulpride, the AUCs of the best truncated models were signiﬁcantly above chance level (MDDPlacebo
vs. HCPlacebo: mean AUC = 0.87, permutation testing p = .004;
MDDPlacebo vs. MDDAmisulpride: mean AUC = 0.89, p = .002)
(Figure 2A, B) (Supplemental Figure S2). Predictive features
displayed some collinearity, but collinearity did not account for
the diminishing AUC returns of the lower-ranked predictive
features (see Supplemental Results and Supplemental
Figures S3 and S4). Compared with models trained using
striatal features only (Supplemental Methods), the performances
of the best truncated models based on whole-brain features
were signiﬁcantly better for both contrasts (both p , .001,
Mann-Whitney U test). The histograms of sum scores created
by summing up the top feature values while taking into account
the sign of the corresponding model weights demonstrated high
separability between MDDPlacebo and HCPlacebo as well as between MDDPlacebo and MDDAmisulpride (Figure 2C, D). Overall,
these results indicate that our models were able to extract
highly predictive information embedded in the whole-brain
BOLD signal.
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Table 2. Classiﬁcation Performance for the Best Truncated Models
Striatum Only
MDDPlacebo vs.
HCPlacebo

MDDPlacebo vs.
MDDAmisulpride

MDDPlacebo vs.
HCPlacebo

MDDPlacebo vs.
MDDAmisulpride

Mean

SD

Mean

SD

Mean

SD

Mean

SD

AUC

0.87

0.12

0.89

0.09

0.59

0.14

0.61

0.17

Accuracy

0.77

0.12

0.80

0.10

0.59

0.13

0.59

0.13

Sensitivity

0.84

0.18

0.89

0.11

0.58

0.25

0.65

0.19

Speciﬁcity

0.72

0.22

0.67

0.24

0.59

0.22

0.50

Number of Features

48

44

6

0.28
11

AUC, area under the curve; HC, healthy control subjects; MDD, major depressive disorder.

Brain Regions Speciﬁc to Reward Anticipation

Negative Model Weights. Regions selected by the best

MDDPlacebo versus MDDAmisulpride model with negative model
weights included the putamen, pallidum, amygdala, posterior
parietal cortex (PPC), and temporal cortex (Figure 3A and
Supplemental Table S1). The negative weights observed in the
putamen and pallidum were consistent with the hypothesis
that amisulpride might have increased dopaminergic signaling
in the basal ganglia in MDD (10,14). This effect is rather pronounced as the MDDAmisulpride versus HCPlacebo model showed
that the contrast of reward cue minus neutral cue evoked
higher activation in the putamen in the MDDAmisulpride group
even compared with the HCPlacebo group (Supplemental
Figure S5). Within the MDDPlacebo group, reduced activation

web 4C=FPO

Positive Model Weights. The best truncated model for
MDDPlacebo versus MDDAmisulpride identiﬁed the lateral orbitofrontal cortex (lOFC), visual cortex, ACC, dorsomedial prefrontal cortex, MCC, and precuneus as most predictive
features with positive weights during reward anticipation
(Figure 3A and Supplemental Table S1). This indicates that
within the MDD group, BOLD activation in these regions
related to the contrast of reward cue minus neutral cue was
reduced following administration of amisulpride compared with
placebo. Critically, the lOFC, visual cortex, and MCC were also
selected by the best MDDPlacebo versus HCPlacebo model as top
features having positive weights (Figure 3B and Supplemental
Table S2), and at the same time these regions, except a right
occipital region, were not among the most predictive features
in the MDDAmisulpride versus HCPlacebo model (Supplemental
Figure S5). Collectively, these ﬁndings indicate that within the
MDD group, amisulpride largely normalized the heightened
BOLD activation in these regions toward reward cues. Other
regions with positive weights in the MDDPlacebo versus

HCPlacebo classiﬁcation included the thalamus, supplementary
motor area, and ventromedial prefrontal cortex. Again, these
regions were not among the top features in the MDDAmisulpride
versus HCPlacebo model (Supplemental Figure S5), suggesting
that amisulpride mitigated the hyperactivation in these regions
within the MDD group.

Figure 2. Comparing classiﬁcation performance between the data-driven models based on features selected from the whole-brain and the hypothesis-

driven models based only on striatal features for (A) MDDPlacebo vs. HCPlacebo and (B) MDDPlacebo vs. MDDAmisulpride classiﬁcations. Asterisks denote significantly different median area under the receiver operating characteristic (ROC) curve measures between the data-driven and hypothesis-driven models as
assessed by the Mann-Whitney U test. The black markers denote outliers falling outside the 61.5 interquartile range. The histogram of the signed sum score
from the model-identiﬁed most predictive brain regions show high separability between (C) MDDPlacebo vs. HCPlacebo and (D) MDDPlacebo vs. MDDAmisulpride.
HC, healthy control subjects; MDD, major depressive disorder.
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Figure 3. Weight maps showing the most predictive brain regions for the contrast of the reward minus neutral cue conditions. (A) Weight map for the
MDDPlacebo vs. MDDAmisulpride model. Positive weights indicate higher blood oxygen level–dependent values in the MDDPlacebo group relative to the
MDDAmisulpride group and negative weights indicate the opposite direction. (B) Weight map for the MDDPlacebo vs. HCPlacebo model, with positive weights
indicating higher blood oxygen level–dependent values in the MDDPlacebo group relative to the HCPlacebo group and vice versa. ACC, anterior cingulate
cortex; Amyg, amygdala; Cal, calcarine sulcus; Cu, cuneus; dmPFC, dorsomedial prefrontal cortex; HC, healthy control subjects; Hipp, hippocampus; Ins,
insula; L, left; lOFC, lateral orbitofrontal cortex; MCC, midcingulate cortex; MDD, major depressive disorder; OC, occipital cortex; Oper, operculum; Pal,
pallidum; PHG, parahippocampal gyrus; PPC, posterior parietal cortex; Precu, precuneus; Put, putamen; SMA, supplementary motor area; TC, temporal
cortex; Thal, thalamus; vmPFC, ventromedial prefrontal cortex.

in the operculum, hippocampus, parahippocampal gyrus
(PHG), and dorsomedial prefrontal cortex was observed relative to HCs during reward anticipation (features in the
MDDPlacebo vs. HCPlacebo model with negative weights)
(Figure 3B and Supplemental Table S2). The reduced activation in the hippocampus and operculum persisted in the
MDDAmisulpride versus HCPlacebo model (Supplemental
Figure S5), indicating that amisulpride had limited effects in
these regions.

Brain Regions Speciﬁc to Reward Consumption
Positive Model Weights. Examining features selected

from the contrast of reward minus no change outcomes in the
MDDPlacebo versus MDDAmisulpride model revealed that the
lOFC, posterior parietal cortex (PPC), superior frontal gyrus,
and the pre- and postcentral gyrus were selected as most
predictive features with positive weights (Figure 4A and
Supplemental Table S3). This indicates reduced activation in
these regions during reward consumption in MDDAmisulpride
compared with MDDPlacebo. Of note, the lOFC and PPC
emerged as among the most predictive features with positive
weights in the MDDPlacebo versus HCPlacebo model (Figure 4C
and Supplemental Table S4). Additionally, while the lOFC
hyperactivation was still observed in the MDDAmisulpride versus
HCPlacebo model, the PPC was not identiﬁed as a predictive
feature (Supplemental Figure S5). Overall, these results suggest that under placebo, the MDD group was characterized by
increased BOLD activity in these regions during reward consumption relative to HCs and that the hyperactivation was
reduced by amisulpride. Other brain regions identiﬁed as most
predictive features with positive weights in the MDDPlacebo
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versus HCPlacebo model included the inferior frontal gyrus,
PPC, precuneus, and MCC. The lack of predictability from
these regions between MDDAmisulpride and HCPlacebo
(Supplemental Figure S5) again suggests a mitigating effect of
amisulpride on the hyperactivation in these regions.

Negative Model Weights. The most predictive regions

from the contrast of reward minus no-change outcomes with
negative weights in the MDDPlacebo versus MDDAmisulpride
model included the putamen, NAcc, PHG, and temporal pole
(Figure 4A and Supplemental Table S3), as well as the connectivity between the NAcc and MCC (Figure 4B). This suggests that within the MDD group, amisulpride increased BOLD
activation and corticostriatal connectivity to reward feedback
in these regions. Highlighting again convergence, the NAcc,
PHG, temporal pole, and the NAcc-MCC connectivity were
also selected as most predictive features having negative
weights in the MDDPlacebo versus HCPlacebo classiﬁcation
(Figure 4C, D and Supplemental Table S4), and none of these
regions was selected as among the top predictive features in
the MDDAmisulpride versus HCPlacebo model (Supplemental
Figure S5). Thus, in MDD, amisulpride normalized both hypoactivation and hypoconnectivity in response to rewards in
these regions. Other most predictive features with negative
weights in the MDDPlacebo versus HCPlacebo model included the
visual cortex, inferior temporal cortex, operculum, ACC, and
the connectivity between the caudate and dorsal ACC. These
features, except the caudate-dorsal ACC connectivity, were
not identiﬁed as among the top features in the MDDAmisulpride
versus HCPlacebo model (Supplemental Figure S5), indicating
increased activation to rewards in these regions following
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Figure 4. Weight maps showing the most predictive brain regions and/or connectivity for the contrast of reward minus no-change outcomes. (A) Weight

map for the MDDPlacebo vs. MDDAmisulpride model, with positive weights indicating higher blood oxygen level–dependent values in the MDDPlacebo group relative
to the MDDAmisulpride group and vice versa. (B) Negative weight assigned to the nucleus accumbens (NAcc)-midcingulate cortex (MCC) connectivity in the
MDDPlacebo vs. MDDAmisulpride model. (C) Weight map for the MDDPlacebo vs. HCPlacebo model. Positive weights indicate higher blood oxygen level–dependent
values in the MDDPlacebo group relative to the MDDAmisulpride group and vice versa. (D) Negative weights assigned to the caudate (Cau)-dorsal anterior cingulate
cortex (dACC) and NAcc-MCC connectivity features by the MDDPlacebo vs. HCPlacebo model. CG, central gyrus; HC, healthy control subjects; IFG, inferior frontal
gyrus; ITC, inferior temporal cortex; L, left; lOFC, lateral orbitofrontal cortex; MDD, major depressive disorder; OC, occipital cortex; Oper, operculum; PCC,
posterior cingulate cortex; PHG, parahippocampal gyrus; PPC, posterior parietal cortex; Precu, precuneus; Put, putamen; SFG, superior frontal gyrus; TP,
temporal pole.

amisulpride administration in the MDD group. The fact that
amisulpride did not normalize the hypoconnectivity between
caudate and dorsal ACC in the MDD group is consistent with
previously published ROI-based results obtained on a subset
of the participants (10).

A Multivariate Signature of Normalization
The signed BOLD sum scores calculated from the convergent
features across the MDDPlacebo versus HCPlacebo and MDDPlacebo
versus MDDAmisulpride classiﬁers showed that the multivariate
neural signature is signiﬁcantly greater in the MDDPlacebo than in
either MDDAmisulpride or HCPlacebo groups (Figure 5) (all p , .001,
Mann-Whitney U test), while the latter two groups were statistically equivalent based on equivalence testing (p = .01) (see the
Supplement for more information). Taken together, these results
suggest that amisulpride normalized MDD-related abnormalities.

DISCUSSION
This study used a machine learning–based approach to identify reliable brain-wide features that delineated MDD-related
abnormalities as well as features linked to their normalization
after an acute dopaminergic pharmacological challenge. In
addition to increased striatal activation in the MDDAmisulpride
relative to MDDPlacebo group [which is consistent with ROIbased conventional analyses of a smaller subset of the participants included here (10)], the classiﬁcation model also
identiﬁed an extensive set of reward-related brain regions
differentiating these groups, which provided additional predictive power over striatal regions alone. Converging of features between the MDDPlacebo versus MDDAmisulpride model and
the MDDPlacebo versus HCPlacebo model suggested that amisulpride had a bidirectionally normalizing effect on rewardrelated activation and functional connectivity of brain regions
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Figure 5. Multivariate signatures across groups demonstrated
amisulpride-based brain normalization. The signed blood oxygen level–
dependent (BOLD) sum scores calculated across the convergent features
of MDDPlacebo vs. MDDAmisulpride and MDDPlacebo vs. HCPlacebo models
suggest normalization of MDD-related abnormalities following amisulpride
administration. MDDPlacebo subjects had overall greater multivariate neural
signatures compared to HCPlacebo or MDDAmisulpride (***p , .001 for both
tests). Equivalence testing demonstrated that HCPlacebo and MDDAmisulpride
had statistically equivalent (denoted using “e” in plot) scores (p = .01). HC,
healthy control subjects; MDD, major depressive disorder.

spanning the lOFC, NAcc, PHG, MCC, PPC, and areas of the
visual cortex among depressed individuals. Taken together,
these results highlight the unique contribution of machine
learning–based approaches to examine brain-wide circuit
engagement and potential normalization after a single dose.
Such mechanistic evidence can help evaluate novel compounds before pursuing longer efﬁcacy-oriented clinical trials
with a compound. Overall, this study provided novel evidence
for the mechanism through which (transient) dopaminergic
enhancement might restore system-level activity during reward
processing among individuals with MDD.
Amisulpride appeared to have bidirectional normalizing effects on brain activation and functional coordination among
depressed individuals. Within the striatum, consistent with
previous ROI-based analyses based on a subset of the participants used here (10), results from our classiﬁcation models
showed that while striatal–basal ganglia activation and corticostriatal connectivity were initially decreased among
depressed individuals, they were enhanced following acute
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administration of amisulpride [see (29) for conceptually similar
imaging ﬁndings using a single dose of the novel D2 antagonist
lurasidone]. This supports the validity of the importanceguided model selection procedure and ﬁts the view that
lower doses of amisulpride enhance dopaminergic signaling in
the striatum (17).
Among regions outside the striatum, one notable ﬁnding
was that increased lOFC activation during reward anticipation
in MDD was reduced after administration of amisulpride.
Neurophysiological evidence has shown that subpopulations
of neurons in the lOFC respond to nonreward or unpleasant
events and maintain elevated ﬁring rate after such events (30).
This led to the theory implicating overly reactive and prolonged
activation of the lOFC nonreward circuit as a potential mechanism underlying depression (31). Previous studies have
documented increased lOFC activation in MDD (32), and our
result ﬁts this theoretical view. In the MDDAmisulpride group,
reduced lOFC activation suggests that amisulpride may
normalize reward processing by decreasing lOFC hyperactivation, consistent with previous reports that improvements
in depressive symptoms were accompanied by reduced lOFC
activation (33) and that electrical stimulation of the lOFC
acutely improved depressive symptoms (34).
In addition to effects in frontostriatal circuitry, amisulpride
restored hypoactivation in the PHG and temporal pole in MDD.
The hippocampus and parahippocampal complex connect
with the medial OFC and are hypothesized to facilitate the
formation of episodic memory regarding reward (35).
Decreased hippocampal activation has emerged in MDD, and
prolonged or repeated depressive episodes have been linked
to reduced hippocampal volume (36,37). These abnormalities
have been linked to dysfunctions in both memory encoding
and retrieval characteristic of MDD, even after treatment
(38,39). The fact that amisulpride restored parahippocampal
and temporal pole activation suggests that interventions aiming to increase dopaminergic signaling might improve encoding and retrieval of positive memories in MDD. However, it
should be noted that hippocampal activation did not differentiate between the MDDAmisulpride and MDDPlacebo groups,
suggesting that the effects on memory might be limited
following a single acute pharmacological challenge.
Hyperactivation in the MCC toward the reward cue was also
reduced among depressed individuals after amisulpride.
Moreover, amisulpride also reduced reward cue-evoked activations in adjacent ACC and dorsomedial prefrontal cortex.
The supracallosal part of the cingulate cortex receives
neuronal projections from the lOFC and is thought to also
encode nonreward and punishing events such as physical and
social pain (40,41). A recent study has identiﬁed a nociceptive
pathway between the MCC and posterior insula responsible for
generating a hypersensitive state for pain, providing a mechanism for the increased pain sensitivity by psychosocial factors
(42). The reduced hyperactivation in these regions following
amisulpride administration may indicate decreased sensitivity
to negative affective states among individuals with MDD and
therefore priming or biasing them toward reward.
In MDD, amygdalar activation evoked by reward cues was
enhanced following administration of amisulpride. Reduced
amygdalar response to positive and rewarding stimulus,
coupled with heightened amygdalar activation toward
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negative stimulus, are well-documented ﬁndings in MDD,
which highlights an imbalanced reactivity toward emotionally
salient cues (43). Antidepressant treatment has been shown
to address this imbalance by partially normalizing the bidirectional abnormal amygdalar activation (43,44). These ﬁndings were further bolstered by the recent report that enhanced
amygdalar response toward positive memories through realtime fMRI neurofeedback was associated with reduction in
depressive symptoms (45). The increased amygdalar activation evoked by reward cues is consistent with these studies
and implicates improved sensitivity toward reward following
acute dopaminergic enhancement.
While several regions showed predictive power following
the administration of amisulpride, it is difﬁcult to assess
whether changes in these regions reﬂected a direct modulation resulting from the enhanced dopaminergic signaling or
alternatively reﬂected secondary responses through network
interactions. Future studies could utilize network analysis and/
or neural perturbation methods to further dissociate direct
versus indirect effects (34). In addition, amisulpride also has
5-HT7 (5-hydroxytryptamine receptor 7) antagonism (46),
which has been hypothesized to contribute to its antidepressant property. While we cannot rule out that the effects
observed here may be partially caused by this off-target
mechanism, additional research is needed to distinguish the
effect of dopaminergic enhancement versus 5-HT7
antagonism of amisulpride. Lastly, we only focused on
investigating the effects of dopaminergic enhancement on
reward processing among depressed individuals. Future
studies could seek to examine the effect of enhanced
dopamine on whole-brain fMRI activity in depression under
additional conditions; additionally, based on hypotheses of
shared mesocorticolimbic dopaminergic abnormalities, this
molecule could be tested in other disorders such as addiction
or schizophrenia [e.g., (47,48)].
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Volatility Estimates Increase Choice Switching
and Relate to Prefrontal Activity in Schizophrenia
Lorenz Deserno, Rebecca Boehme, Christoph Mathys, Teresa Katthagen, Jakob Kaminski,
Klaas Enno Stephan, Andreas Heinz, and Florian Schlagenhauf

ABSTRACT
BACKGROUND: Reward-based decision making is impaired in patients with schizophrenia (PSZ), as reﬂected by
increased choice switching. The underlying cognitive and motivational processes as well as associated neural signatures remain unknown. Reinforcement learning and hierarchical Bayesian learning account for choice switching in
different ways. We hypothesized that enhanced choice switching, as seen in PSZ during reward-based decision
making, relates to higher-order beliefs about environmental volatility, and we examined the associated neural activity.
METHODS: In total, 46 medicated PSZ and 43 healthy control subjects performed a reward-based decision-making
task requiring ﬂexible responses to changing action–outcome contingencies during functional magnetic resonance
imaging. Detailed computational modeling of choice data was performed, including reinforcement learning and the
hierarchical Gaussian ﬁlter. Trajectories of learning from computational modeling informed the analysis of
functional magnetic resonance imaging data.
RESULTS: A 3-level hierarchical Gaussian ﬁlter accounted best for the observed choice data. This model revealed a
heightened initial belief about environmental volatility and a stronger inﬂuence of volatility on lower-level learning of
action–outcome contingencies in PSZ as compared with healthy control subjects. This was replicated in an
independent sample of nonmedicated PSZ. Beliefs about environmental volatility were reﬂected by higher activity
in dorsolateral prefrontal cortex of PSZ as compared with healthy control subjects.
CONCLUSIONS: Our study suggests that PSZ inferred the environment as overly volatile, which may explain
increased choice switching. In PSZ, activity in dorsolateral prefrontal cortex was more strongly related to beliefs about
environmental volatility. Our computational phenotyping approach may provide useful information to dissect clinical
heterogeneity and could improve prediction of outcome.
Keywords: Bayesian learning, Computational psychiatry, Neuroimaging, Psychosis, Reinforcement learning,
Schizophrenia
https://doi.org/10.1016/j.bpsc.2019.10.007

Cognitive and motivational deﬁcits are important characteristics of patients with schizophrenia (PSZ) associated with clinical and social outcomes (1–5). Reward-based learning and
decision making require the integration of cognition and
motivation and are impaired in PSZ (6,7). These impairments
are present at the onset of the disorder, are independent of
lower general IQ, remain stable over time (8,9), and have been
proposed as neurocognitive markers with potential clinical
utility (10). However, the mechanisms and associated neural
signatures remain to be identiﬁed.
Flexible reward-based learning and decision making can be
probed via variants of reversal learning [e.g., (11)]. In such
tasks, PSZ show increased switching between choice options
(8,12–17). The mechanisms of this unstable behavior remain
unknown but can be targeted by computational modeling (18).
In reinforcement learning (RL) (19), choices are selected based
on expected values, which are learned by weighting reward
prediction errors (RPEs) with a learning rate. RPEs closely align

ISSN: 2451-9022

with phasic dopamine (20,21). Considering enhanced presynaptic dopamine synthesis capacity in striatum of PSZ (22,23),
this could translate into enhanced phasic dopamine in PSZ,
which in turn might result in increased learning rates (24). This
could theoretically account for unstable behavior in PSZ, but
increased learning rates were not found [for reviews, see
(18,24,25)].
Theories of predictive coding (26) and hierarchical Bayesian
inference hypothesize that symptoms of PSZ (27–29) are a
consequence of false inference about the world due to altered
precision attributed to beliefs at different hierarchical levels.
Dysfunction at higher levels, which are thought to extract and
represent general and stable features of the environment,
might lead to experiencing the world as being more or less
volatile. With regard to positive symptoms (30), this is supported by empirical evidence [e.g., (31)]. When applying this
framework to reward-based decision making, beliefs about the
probability of rewards are formed at lower levels but are also
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determined by learning about the volatility of reward probabilities (32). This environmental volatility is related to learning
from lower-level RPEs in that it scales the belief update. Thus,
a belief in high environmental volatility can induce rapid updates of lower-level beliefs about reward probabilities and
promote enhanced choice switching in PSZ.
Striatal and prefrontal activity is reduced during reward
anticipation and receipt in PSZ (33–35). Reduced striatal RPE
activity was observed in nonmedicated PSZ (17) but not in
medicated PSZ (15,36). Neural correlates of hierarchical
Bayesian learning were demonstrated in functional magnetic
resonance imaging (fMRI) studies in healthy individuals (37,38),
linking volatility and uncertainty to activity in frontostriatal circuits (32,39). While neural correlates of hierarchical Bayesian
learning were successfully used to distinguish between individuals with and without hallucinations and PSZ with and
without psychosis (31), this has not yet facilitated an understanding of the cognitive and motivational processes underlying impairments in ﬂexible reward-based decision making.
Here, we used a reward-based reversal learning task during
fMRI in PSZ and healthy control subjects (HCs). Computational
modeling was applied to the behavioral data by comparing RL
and a hierarchical Bayesian learning model, the hierarchical
Gaussian ﬁlter (HGF) (40,41). We hypothesized that enhanced
choice switching in PSZ relates to higher-order beliefs about
the volatility of the environment and examined the associated
neural activity as measured by fMRI.

METHODS AND MATERIALS
Participants and Instruments
In total, 46 medicated PSZ and 43 HCs were included (see
Supplemental Table S1). Measures used to characterize participants are summarized in Supplemental Table S1 and the
Supplement. Written informed consent was obtained from all
participants. The study was performed in accordance with the
Declaration of Helsinki and was approved by the local ethics
committee of Charité Universitätsmedizin.

Task
Participants performed a task requiring ﬂexible decision making during fMRI (42–44). The task had 160 trials, each with a
choice between two cards (Figure 1A). The selected card
resulted in a monetary win or a monetary loss of 10 Eurocents.
One card was initially assigned with a reward probability of
80% and a loss probability of 20% (vice versa for the other
card). The task had a simple higher-order structure (Figure 1B):
an anticorrelation between the reward probabilities; whenever
one card was associated with a probability of 80%, the other
card would be associated with a probability of 20%. Reward
contingencies were stable for the ﬁrst 55 trials (pre-reversal)
and for the last 35 trials (post-reversal). During the reversal
phase, contingencies changed four times after 15 or 20 trials.
For more details, see Supplement.

Analysis of Choice Behavior
Performance was quantiﬁed by correct choices of the stimuli
with high (80%) reward probability and was analyzed using
repeated-measures analysis of variance (ANOVA) with the
between-subject factor group and the within-subject factor
phase (pre-reversal, reversal, or post-reversal). Repeatedmeasures ANOVA was used to test the effect of feedback on
subsequent choices (win–stay and lose–stay).

Computational Models of Learning
In RL, the difference between received rewards and expectations, the RPE, is used to update expectations for the chosen
stimulus (weighted by the learning rate a). For comparison with
previous work (17,42–44), we included RL with separate
learning rates for reward and loss trials (RL1 and RL2).
The HGF describes learning as a process of inductive
inference under uncertainty. It considers hierarchically organized states in which learning at a higher-level state determines learning at a lower-level state by dynamically
adjusting the lower level’s learning rate. In our case, the top
level represents environmental volatility (how likely a change in
Figure 1. (A) Trial sequence from the decision-

web 4C/FPO

making task. (B) Reward probabilities of both
choice options were perfectly anticorrelated and
were stable for the ﬁrst 55 trials (pre-reversal);
changed 4 times, after 15 or 20 trials, during the
reversal phase; and remained stable for the last 35
trials (post-reversal). (C) Percentage choices of the
stimulus with 80% reward probability were signiﬁcantly lower in the patients with schizophrenia (PSZ)
group (main effect of group, F = 14.52, p , .001). (D)
PSZ were less likely to repeat the previous action
independent of feedback received in the previous
trial (main effect of group, F = 27.77, p , .001;
feedback 3 group interaction, F = 0.02, p = .89).
HCs, healthy control subjects; ITI, intertrial interval;
RT, reaction time.
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action–outcome contingencies is to occur). This top-level estimate is dynamically coupled with learning at the lower level
(see Figure 2). Trial-by-trial updates of posterior means at each
level are proportional to the prediction error (PE) from the level
below weighted by a precision ratio. See Supplement for
equations. We were particularly interested in environmental
volatility (m3) and its coupling with the lower level (k) and thus
inferred subject-speciﬁc parameters. We included a 2-level
variant (HGF2) to test whether the representation of volatility
in the 3-level HGF3 made it superior in explaining behavior.
HGF and RL provide different ways to learn expectations
about rewards, and both update expectations of the chosen
card only (single update [SU]). Based on the anticorrelated task
structure, we implemented a variant of each model updating
values (RL) or posterior means (HGF) of the unchosen card
simultaneously; that is, an increase of the chosen card implies
a decrease of the unchosen card (double update [DU]). For
equations, see Supplement. SU and DU variants of each model
(RL1, RL2, HGF2, and HGF3) were ﬁt to the choice data
(Table 1).

Decision Models
Values (RL) or posterior means (HGF) were transformed to
choice probabilities by using the softmax (logistic sigmoid)
function (see Supplement). In binary choice tasks with anticorrelated reward probabilities such as ours, there is choice
perseveration independent of learning or inference that differs

between win and loss trials. We captured this by estimating
parameters for win and loss trials that reﬂect this difference in
choice perseveration (rwin and rloss ). Models that included inverse decision noise b as a free parameter had lower evidence
(see Supplement) than models where this was ﬁxed to unity
(b = 1). We also tested the possibility that volatility is directly
linked to choice probabilities by letting third-level trial-by-trial
volatility (HGF3) serve as the inverse decision noise (see
Supplement). Because this introduced a volatility scale
anchored in observed behavior (switching or staying), it
allowed for estimating the mean of the subjective a priori belief
ð0Þ
about initial volatility at the third level, m3 , as a parameter of
HGF3. This cannot be applied to RL and HGF2 because they
do not feature inference on volatility. This led to 2 additional
models (HGF3-SU-V and HGF3-DU-V), resulting in a total of 10
models. For model ﬁtting, see Supplement.

Model Selection
The negative variational free energy (an approximation to the
log model evidence) was used for random-effects Bayesian
model selection (45). The protected exceedance probability
(PXP) governed our model selection, which protects against
the null possibility that there are no differences in the likelihood
of models across the population (46). We also examined
whether the models explained the data better than chance
(17,47). A subject was classiﬁed as not ﬁt better than chance if
the log likelihood of the data relative to the number of trials did
not signiﬁcantly differ from chance (see Supplemental
Methods). Simulations of the task were run using the inferred
parameters to reproduce the observed data.

Model Parameters

web 4C=FPO

Parameters of the winning model were compared between
groups using t test or the nonparametric Mann-Whitney U test
if assumptions of normality were violated (KolmogorovSmirnov test). Bonferroni correction was applied according to
the number of parameters.

Statistical Analysis of fMRI Data

Figure 2. Model graph. The hierarchical Gaussian ﬁlter deploys hierar-

chically organized states in which learning about environmental volatility at a
higher-level state x3 determines lower-level learning about reward probabilities x2. The lowest level, x1, is binary and corresponds to a choice being
rewarded (x1 = 1) or not (x1 = 0) at a given trial. The probability of a choice
being rewarded is a logistic sigmoid function of x2: p(x1 = 1) = s(x2). y represents the response of the subject. Shaded quantities are observed. Solid
lines indicate dependence in the generative model. Dashed lines indicate
dependence on inferred quantity (the generative model for y depends on m2
and m3, the inferred values of x2 and x3, respectively). The constant step size
u3 is the evolution rate of environmental volatility. k reﬂects the coupling
between the levels. The best-ﬁtting model was a three-level implementation
(HGF3-DU-V) with double updating (not illustrated) together with a decision
model capturing choice repetition separately after rewards and losses (r),
third-level environmental volatility determining decision noise, and the initial
belief about environmental volatility m3 as an additional parameter inferred
from the data. DU, double update; HGF, hierarchical Gaussian ﬁlter; V,
environmental volatility.

Using the general linear model approach in SPM8, an eventrelated analysis was applied. On the ﬁrst level, 1 regressor
spanned the entire trial from cue to outcome as in a previous
study (38). We added the following 5 modeling-based trajectories as parametric modulators (not orthogonalized) to best
capture different aspects of the hierarchical inference process:
second- and third-level precision-weighted PEs (ε2 and ε3),
which were time locked to the outcome, precision weights (j2
and j3), and the third-level volatility (m3). All regressors spanned the entire trial and changed at outcome accordingly to PE
updates identical to Iglesias et al. (38). Regressors were
convolved with the canonical hemodynamic response function
in SPM8 and its temporal derivative (see Supplemental
Methods). For second-level analysis, a random-effects
ANOVA model, including contrast images of the 5 modelingbased trajectories (precision-weighted PEs [ε2 and ε3], precision weights [j2 and j3], and the third-level volatility [m3]) and
the factor group, was estimated.
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Table 1. Bayesian Model Selection
RL1-SU RL1-DU RL2-SU RL2-DU HGF2-SU
HCs 1 PSZ All (n = 89)

HCs All (n = 43)

PSZ All (n = 46)

HCs 1 PSZ Fit (n = 73)

HCs Fit (n = 42)

HGF3-DU HGF3-SU-V HGF3-DU-V

9.4

5.1

7.4

3.0

3.1

7.0

3.3

7.7

5.3

XP

0

0

0

0

0

0

0

0

0

100

PXP

0

0

0

0

0

0

0

0

0

99.9

48.8

PP

4.4

4.7

4.4

3.8

2.7

5.1

2.7

5.3

5.8

61.1

XP

0

0

0

0

0

0

0

0

0

100

PXP

0

0

0

0

0

0

0

0

0

100

11.8

7.1

11.6

4.75

8.3

10.0

9.3

10.9

4.9

21.4

PP
XP

6.9

0.7

6.21

0.1

1.4

3.4

2.5

4.6

0.2

74.0

PXP

10.0

10.0

10.0

10.0

10.0

10.0

10.0

10.0

10.0

10.1

PP

9.4

5.1

7.4

3.0

3.2

6.9

3.3

7.7

5.3

48.8

XP

0

0

0

0

0

0

0

0

0

100

PXP

0

0

0

0

0

0

0

0

0

100

PP

4.5

4.5

4.5

3.8

2.8

5.3

2.8

5.5

5.8

60.5

XP

0

0

0

0

0

0

0

0

0

100

0

0

0

0

0

0

0

100

PXP
PSZ Fit (n = 31)

HGF2-DU HGF3-SU

PP

PP

11.6

8.2

11.3

4.9

7.9

9.7

8.9

10.4

4.9

22.3

XP

5.5

1.1

4.8

0.1

1.0

2.5

1.7

3.3

0.1

80.0

PXP

10.0

10.0

10.0

10.0

10.0

10.0

10.0

10.0

10.0

10.1

Bayesian model selection was governed by protected exceedance probabilities (PXPs) to protect against the risk that differences in model
evidence occur by chance. In this table, we also report exceedance probabilities (XPs) and expected posterior probabilities (PPs); also see the
Supplement. XP describes the probability of a model exceeding all other models in the comparison set, the probability that expected PPs differ.
DU, double update; HCs, healthy control subjects; HGF, hierarchical Gaussian ﬁlter with 2 or 3 levels; HGF3-**-V, 3-level HGF with environmental
volatility linked to decision noise with either SU or DU; PSZ, patients with schizophrenia; RL, reinforcement learning with one learning rate (RL1) or
separate learning rates for rewards and losses (RL2); SU, single update.

RESULTS
Behavioral Data
Repeated-measures ANOVA on correct choices showed that
performance differed between phases, dropping during the
reversal phase (main effect of phase, F = 23.74, p , .001). PSZ
chose the better card less frequently irrespective of task
phases (main effect of group, F = 14.52, p , .001, and phase 3
group interaction, F = 1.87, p = .16) (Figure 1C). The factor
phase was dropped from further analyses.
Repeated-measures ANOVA on the probability of choice
repetition showed that all participants stayed more with the
previous action after rewards compared with losses (main effect of feedback, F = 369.80, p , .001) and that PSZ switched
more independent of feedback from the previous trial (main
effect of group, F = 27.77, p , .001, and feedback 3 group
interaction, F = 0.02, p = .89) (Figure 1D).

Computational Modeling: Model Selection
Random-effects Bayesian model selection revealed a 3-level
HGF with double updating and third-level environmental
volatility linked to decision noise (Figure 2) as the most plausible model (HGF3-DU-V, PXP = 99.5%; for PXPs of all
models, see Table 1). This model (HGF3-DU-V) was superior in
HCs (PXP = 100%, Bayes omnibus risk = 0) and remained ﬁrst
ranking in PSZ (posterior probabilities = 21.4%, PXP = 74.0%).
In PSZ, there was no convincing evidence that models performed differently from each other (Bayes omnibus risk = 1, all
PXPs = 10.0%).

176

In total, 15 PSZ and 1 HCs were not ﬁt better than chance
by any model (Figure 3A). Neither when considering all PSZ
(PSZ-ﬁt 1 PSZ-noﬁt) nor when considering PSZ-ﬁt alone did
Bayesian model selection reveal a clearly superior model (both
times Bayes omnibus risk = 1) (Table 1). However, the identiﬁcation of PSZ-ﬁt ensures that individuals included in further
modeling-based analyses are ﬁt better than chance by every
model (i.e., equally good models instead of equally poor
models).

Revisiting Behavioral Data
Based on this heterogeneity in PSZ regarding absolute model
ﬁt, we revisited choice data with respect to 3 groups (HCs,
PSZ-ﬁt, and PSZ-noﬁt). There was a main effect of group on
correct choices (F = 32.63, p , .001) (Figure 3B). PSZ-noﬁt
showed performance around chance levels (HCs vs. PSZnoﬁt, t = 7.04, p , .001; PSZ-ﬁt vs. PSZ-noﬁt, t = 6.90, p ,
.001) (Figure 3B), while PSZ-ﬁt had performance comparable to
HCs (t = 1.51, p = .14) (Figure 3B). The analysis of win–stay and
lose–stay behavior revealed a group 3 feedback interaction
(F = 20.68, p , .001). This resulted from a pronounced
reduction of win–stay behavior in PSZ-noﬁt only (PSZ-ﬁt vs.
PSZ-noﬁt, t = 10.74, p , .001) (Figure 3C), while reduced lose–
stay was not signiﬁcantly different between PSZ-ﬁt and PSZnoﬁt (t = 0.01, p = .99) (Figure 3D). A group 3 feedback
interaction was also signiﬁcant when comparing only HCs and
PSZ-ﬁt (F = 6.79, p = .01) as well as signiﬁcant main effects of
feedback (F = 636.30, p , .001) and group (F = 10.22, p = .01).
This difference between HCs and PSZ-ﬁt was driven by
switching after loss (Figure 3C, D).
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Figure 3. (A, B) Classiﬁcation above (black dots)

web 4C/FPO

and beIow (red crosses) chance (A) and its inﬂuence
on overall choice performance (B). There was a main
effect of group (F = 32.63, p , .001). Patients with
schizophrenia (PSZ)-noﬁt (red) showed overall poor
performance (healthy control subjects [HCs] vs.
PSZ-noﬁt, t = 7.04, p , .001; PSZ-ﬁt vs. PSZ-noﬁt,
t = 6.90, p , .001), while PSZ-ﬁt (green) performed
comparably to HCs (blue) (t = 1.51, p , .14) (B).
(C, D) Analysis of win–stay (C) and lose–stay
(D) behavior showed a group 3 feedback interaction (F = 20.68, p , .001). There was a pronounced
reduction of win-stay behavior in PSZ-noﬁt only
(PSZ-ﬁt vs. PSZ-noﬁt, t = 10.74, p , .001) (C), while
reduced lose-stay behavior characterized both
groups of PSZ (PSZ-ﬁt vs. PSZ-noﬁt, t = 0.01, p =
.99) (D). This group 3 feedback interaction was also
signiﬁcant when comparing only HCs and PSZ-ﬁt.

In an exploratory analysis of 6 cognitive tests, only measures of verbal memory and working memory differed between
the 2 groups of PSZ, that is, were more impaired in PSZ-noﬁt
compared with PSZ-ﬁt (see Supplemental Results). This suggests that PSZ-ﬁt and PSZ-noﬁt mapped on distinct cognitive
proﬁles. Because poor ﬁt hinders the interpretation of
modeling-based behavioral and neuroimaging analyses in the
PSZ-noﬁt subgroup, all subsequent modeling-based results
are reported based on HCs (n = 42) and PSZ-ﬁt (n = 31) only.

Computational Modeling: Replication in
Nonmedicated PSZ
We tested our model (HGF3-DU-V) in an independent sample
of nonmedicated PSZ (n = 24) and HCs (n = 24), who performed another reversal-learning task (17). For statistics, see
Table 2. This replicated between-group ﬁndings and remained
signiﬁcant when excluding participants not ﬁt better than
chance (23 HCs, 13 PSZ; not reported).

Computational Modeling: Parameters

Relation to Symptoms

Comparison of parameters of HGF3-DU-V (Table 2 and
Figure 4) revealed that the estimated mean of the a priori belief
ð0Þ
about initial environmental volatility m3 was higher in PSZ (z =
3.15, p , .01) (Figure 4A). Trial-by-trial environmental volatility
was more strongly coupled with lower-level updating, as
demonstrated by higher k in PSZ (z = 2.51, p , .01) (Figure 4B).
The evolution rate of environmental volatility u3 did not differ
signiﬁcantly between groups (z = 0.73, p = .47). To illustrate the
effects of differences in parameters on behavior after losses
(when PSZ-ﬁt showed increased switching), we analyzed the
trajectory of m3 in a mixed-effects regression model with group
and feedback as predictors. This revealed higher m3 in PSZ-ﬁt
overall. Across groups, m3 was higher after losses compared
with rewards, which was more pronounced in PSZ (resulting
from enhanced coupling between higher and lower levels of k).
For statistics, see Supplemental Results and Supplemental
Figure S2.

We explored the relation between the 2 parameters that
differed between groups with different measures of cognition
(n = 6) and clinical measures (n = 7) within PSZ (Supplemental
Table S1) applying Bonferroni correction (p , .0083). In PSZ, a
ð0Þ
higher initial belief about volatility m3 was associated with
reduced executive functioning and cognitive speed (Trail
Making Test B: r = 2.56, p , .001; Digit Symbol Substitution
Test: r = 2.56, p , .001) (Supplemental Table S3 and
Supplemental Figure S3). These correlations were not present
in the HC group. For all explorative correlations, see
Supplemental Table S3.

Computational Modeling: Reproducing Observed
Behavior
Simulating data based on the inferred parameters of HGF3DU-V (42 HCs, 31 PSZ-ﬁt, 10 simulations per subject)
showed that PSZ-ﬁt switched more than HCs (main effect of
group, F = 11.17, p , .001) and showed a pronounced tendency to switch after losses (group 3 feedback, F = 7.68, p =
.01). Between-group ﬁndings on behavioral data were fully
reproduced, which yields an important validation of the
model’s ability to capture the observed data.

fMRI Task Effects (Pooled Across Groups)
Activity related to ε2 (a precision-weighted RPE) peaked in
bilateral ventral striatum and ventromedial prefrontal cortex
(PFC) among other regions (p-FWEwholebrain , .05, where FWE
is familywise error) (Figure 5A and Supplemental Table S4),
including the midbrain (p-FWEmidbrain-voi , .05, where voi is
volume of interest) (Supplemental Table S9), a well-known
network associated with RPEs. In contrast, third-level precision-weighted PE (ε3) was associated with activity in prefrontal,
parietal, and left insular regions (Figure 5A and Supplemental
Table S5). Environmental volatility (m3) covaried with activation in bilateral insula, cingulate cortex, parietal cortex, middle
temporal gyrus, globus pallidus, and thalamus as well as superior, middle, and inferior frontal gyrus (Figure 6A,
Supplemental Figure S5, and Supplemental Table S8). For
more details on group-level fMRI effects, including activity
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Table 2. Between-Group Comparisons of Model Parameters Using t Tests or the Nonparametric Mann-Whitney U Test If
Assumptions of Normality Were Violated
Models

HCs (n = 42)

PSZ (n = 31)

Test Statistic

20.84 6 0.49

20.47 6 0.48

z = 3.15, p , .01

0.87 6 0.60

1.35 6 1.12

z = 2.51, p , .01

26.00 6 0.02

25.99 6 0.05

z = 0.73, p = .47

0.97 6 0.57
0.08 6 0.31

1.08 6 0.49
20.12 6 0.44

z = 0.88, p = .38
z = 2.37, p = .02

HCs (n = 24)

Nonmedicated PSZ (n = 24)

Test Statistic

21.17 6 0.61

20.43 6 0.70

z = 3.88, p , .01

0.61 6 0.58

1.56 6 1.21

z = 3.46, p , .01

26.09 6 0.02

25.99 6 0.06

z = 1.35, p = .18

Learning Model

m3
k
u3
Decision Model
rwin
rloss

Replication Samplea
Learning Model

m3
k
u3
Decision Model
rwin

0.70 6 0.74

0.43 6 0.66

z = 1.35, p = .18

rloss

20.07 6 0.59

20.28 6 0.77

z = 1.05, p = .30

Bonferroni correction was applied according to the number of parameters (5) (p , .01).
HCs, healthy control subjects; PSZ, patients with schizophrenia.
a
Schlagenhauf et al. (17).

speciﬁc for each group outside the effect of each regressor
combined for HCs and PSZ, see Supplemental Results.

fMRI Between-Group Effects
We conducted between-group comparison of the covariance
between the modeling regressors derived from the best-ﬁtting
model and blood oxygen level–dependent response within
SPM. For the regressor of environmental volatility m3, a group
difference between HCs and PSZ was found in right dorsolateral PFC (DLPFC) (F contrast, using a mask representing the
average effect of m3 over all participants for correction of
multiple comparison [x = 34, y = 44, z = 24], F = 19.89, z = 4.24,
pFWE = .04) (Figure 6B). Post hoc analysis revealed stronger
activity related to volatility in DLPFC of PSZ compared with
HCs (t = 4.46, z = 4.4, pFWE = .02) (Figure 6C). There was no
signiﬁcant difference between groups for any other
regressor.

DISCUSSION
To the best of our knowledge, this is the ﬁrst study to apply
hierarchical Bayesian learning to choice and fMRI data of PSZ

during reward-based decision making. We present two main
ﬁndings. First, our modeling suggests that medicated PSZ acted
under an a priori enhanced higher-level belief about initial environmental volatility and increased coupling between higher and
lower levels of learning, which leads to enhanced lower-level
belief updating about action–outcome contingencies. This provides a computational account of choice switching, as was
previously observed in PSZ (8,12–17). Using parameters of the
winning model to simulate new data, we fully reproduced
observed patterns in the behavioral data, and we replicated our
ﬁndings on parameters in an independent cohort of nonmedicated PSZ. Second, medicated PSZ displayed higher
DLPFC activity related to environmental volatility, which points
toward a prominent role of this region in promoting unstable
behavior in PSZ.
PSZ show enhanced choice switching (8,12–17), and we
demonstrate a possible underlying mechanism: an enhanced
initial belief about the environmental volatility and a stronger
coupling of volatility and lower-level learning of action–outcome
contingencies. This has two consequences. First, PSZ had an
overall stronger tendency to switch (enhanced initial belief about
volatility). Second, lower-level beliefs ﬂuctuated more strongly and

Figure 4. (A) The initial estimate of environmental

web 4C/FPO

volatility is signiﬁcantly higher in patients with
schizophrenia (PSZ)-ﬁt (n = 31) as compared with
healthy control subjects (HCs). (B) The coupling
between the third level (environmental volatility) and
the second level is signiﬁcantly stronger in PSZ-ﬁt
(n = 31) compared with HCs.
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Figure 5. Blood oxygen level–dependent signal across all participants related to precision-weighted prediction errors from the second (red) and third (blue)
levels (A) and precision weight from the second (red) and third (green) levels (B), with overlap in yellow (both at p-FWEwholebrain , .05, k = 10). FWE, familywise
error.

led to increased choice switching, particularly after (irrelevant)
losses. Thus, PSZ inferred more contingency changes in this dynamic task environment that are putatively signaled through losses. Enhanced estimates of changes in context probabilities
were also found in PSZ in the nonreward domain (48). In contrast to
our ﬁnding of enhanced initial belief about volatility, Powers et al.
(31) probed conditioned hallucinations and reported
stronger lower-level priors about perceptual inputs combined with
reduced evolution of volatility in hallucinating participants. A
possible explanation may be that alterations of volatility
estimates differ with regard to the investigated functional domain,
potentially related to different symptom dimensions. As suggested by our ﬁnding, cognitive beliefs about the structure of the
environment appear to be more unstable, while perceptual beliefs
about sensory inputs appear to be overly stable and not appropriately adjusted following changes in the environment (31).
Because our model revealed consistent results in medicated
and nonmedicated PSZ, elevated beliefs about environmental
volatility may represent an important mechanism of impaired
ﬂexible decision making. In a similar vein, an inability to stabilize
behavior according to an internal model of action–outcome
contingencies was found after administration of ketamine in
healthy control subjects (49), in line with the assumption that
reduced (prefrontal) NMDA receptor functioning (27,50) may lead
to aberrant cortical information processing (51). In line with this
idea, we found a stronger association in PSZ than in HCs of
beliefs about volatility with blood oxygen level–dependent activity in DLPFC. However, in our fMRI study, we cannot infer
about involved neurochemical systems. On the behavioral level,
beliefs about higher volatility, in our model directly linked to
decision noise, can lead to more stochastic behavior (in our task
overall more choice switching). We therefore suggest that

heightened neural representation of volatility may generate more
stochastic behavior, although in our correlational and crosssectional study we cannot ascertain a causal link. We found a
negative correlation of the initial belief about volatility with independent neuropsychological measures of executive functioning and cognitive speed in PSZ, thereby emphasizing its
dysfunctional character, while these associations were not
observed in the HC group.
PSZ’s heightened belief about volatility may render a system
(hyper)sensitive to any new input (51,52), thereby impeding the
detection of regularities in probabilistic environments and leading
to (hyper)ﬂexible updating in response to (irrelevant) information.
Meta-analyses showed reduced prefrontal activity in PSZ
compared with HCs for (relevant) task versus (irrelevant) conditions across multiple cognitive measures (53,54). On the one hand,
prefrontal dysfunction in PSZ may contribute to an enhanced
higher-level belief about volatility (e.g., by impairing the detection
of higher-level regularities), and such beliefs about volatility might
be assigned with enhanced precision (potentially in a compensatory manner). On the other hand, lower-level beliefs may be
more unstable and presumably assigned with lower precision,
leading to distinct aberrant experiences and behaviors depending
on the tested domain, with most evidence so far coming from
perceptual processing (55).
Aberrant cortical processing was theorized, at least in nonmedicated PSZ, to increase striatal dopamine turnover (27,50),
which might interfere with striatal and midbrain RPE signals.
Indeed, in nonmedicated PSZ, striatal RPE activity was found to
be reduced (17,56). In RL accounts (24), enhanced spontaneous
phasic dopamine transients could highlight irrelevant stimuli and
disturb the signaling of (relevant) RPEs. In our medicated sample
of PSZ, no signiﬁcant differences in striatal activations to RPEs
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Figure 6. (A) Across all participants, blood oxygen level–dependent signal related to volatility estimate from the third level at p-FWE , .05 for the whole
brain, k = 10. (B) m3-related blood oxygen level–dependent signal in the dorsolateral prefrontal cortex (DLPFC) differs between patients with schizophrenia
(PSZ)-ﬁt (n = 31) and healthy control subjects (HCs) (F contrast displayed at p , .001 uncorrected; corrected for main effect of m3 over all participants [x = 34,

y = 44, z = 24], F = 19.89, z = 4.24, p = .038). (C) A post hoc analysis of regression parameter estimates at the peak of the group difference (x = 34, y = 44, z =
24) showed that this was driven by heightened activation related to environmental volatility in DLPFC of PSZ-ﬁt (n = 31) compared with HCs (t = 4.46, z = 4.4,
p = .019). FWE, familywise error.

were observed, in line with reports of absent differences in striatal
RPEs in medicated PSZ (14,15). This suggests medication status
as an important factor relating to striatal RPE signaling similar to
medication effects on striatal reward anticipation in PSZ
(35,57,58). In hierarchical Bayesian learning, representation of
lower-level PEs may be similar in patients and control subjects,
but potentially reduced precision of lower-level beliefs might
highlight irrelevant inputs (e.g., resulting in choice switching). This
could, at least in theory, result from a common aberrant
prefrontal process, as discussed above, but also from an effect of
antipsychotic D2 receptor antagonists in the striatum (29).
However, we did not observe group differences in midbrain and
striatum for precision weights and precision-weighted PEs. While
our data indicate a disrupted higher-level process with evidence
from behavioral modeling and fMRI, disturbed lower-level
processes are supported by our behavioral modeling but not by
the presented fMRI data.

Limitations
First, the lack of clear superiority of any model for the data
from PSZ, as well as the substantial number of PSZ in which
no model ﬁtted better than chance, needs to be considered.
Excluding these patients from further modeling-based analyses can be considered restrictive and may reduce the
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generalization of results. However, 2 subgroups were identiﬁed
with (task-independent) different cognitive proﬁles, which
contributes to disentangling heterogeneity across PSZ—a
fundamental challenge for psychiatric research (59). By controlling whether subjects’ performance can actually be interpreted as assumed by the theories, we eliminated a potential
key confound. Nevertheless, it remains problematic if clinical
groups differ in how well they are described by models of interest, as observed in our study because parameters are
conditional on the model. This impedes the interpretation of
differences in parameters across groups [for a discussion of
this problem, see (60)]. In principle, Bayesian model averaging
(61) can help, but this is not established for non-nested models
as used here. Future studies might implement tasks with
adaptive difﬁculty to reduce the number of patients whose
behavior cannot be explained by any model, which may
potentially be a result of excessive cognitive demands.
Furthermore, the relation between different Bayesian modeling
approaches such as the HGF and active inference models
should be explored (62).
Second, we suggest that overestimating volatility is one
possible explanation for choice switching. However, in our
model, volatility partly determines decision noise. This limits
the differentiation between the concepts of volatility and
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exploration and limits interpretability of volatility estimates to
some extent. The ﬁnding that this model performs best is an
indication that our data do not fully support a strong distinction
between volatility and exploration. Additional task-based manipulations would be required to overcome this (37), which
would most likely involve longer tasks than our patient-friendly
fMRI task (,15 minutes, 160 trials). The formulation of our
response model suggests that results are still informative. We
control for overall differences in stickiness with 2 parameters
that change the shape of the decision function differently for
wins and losses and exert a bias toward repeating or switching
responses irrespective of learned expectations (see
Supplement). Therefore, decision noise is determined not only
by trialwise volatility but also by subject-speciﬁc traits that are
expressed in a condition-speciﬁc fashion. This disentangles
volatility and decision noise to some degree.
Third, this is a case-control study that fundamentally limits
the inferences that can be drawn from the results, for example,
the development of inappropriately high initial beliefs about
volatility over the course of illness, its stability over time, and its
relation to broader cognitive deﬁcits consistently found in PSZ.
In summary, we present a computational mechanism
putatively underlying unstable behavior in PSZ: a stronger
coupling of heightened beliefs about environmental volatility
with lower-level learning, which was present in medicated and
nonmedicated PSZ. In medicated PSZ, this was accompanied
by enhanced activity related to environmental volatility in
DLPFC. Future studies should aim to test speciﬁcity of the
presented results for PSZ and overcome the limitation of the
lack of longitudinal clinical data. Computational modeling may
aid in the identiﬁcation of subgroups of PSZ (63) and potentially inform the prediction of treatment response to antipsychotic drugs by aiming to dissect the important biological
heterogeneity and interindividual differences among patients
(64). These steps toward clinically useful procedures will
require carefully designed prospective studies in the framework of computational psychiatry (29,65–67).
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Ultra-High-Resolution Imaging of Amygdala
Subnuclei Structural Connectivity in Major
Depressive Disorder
Stephanie S.G. Brown, John W. Rutland, Gaurav Verma, Rebecca E. Feldman, Molly Schneider,
Bradley N. Delman, James M. Murrough, and Priti Balchandani

ABSTRACT
BACKGROUND: Major depressive disorder (MDD) is an increasingly common and disabling illness. As the amygdala
has been reported to have pathological involvement in mood disorders, we aimed to investigate for the ﬁrst time
potential changes to structural connectivity of individual amygdala subnuclei in MDD using ultra-high-ﬁeld 7T
diffusion magnetic resonance imaging.
METHODS: Twenty-four patients with MDD (11 women) and 24 age-matched healthy control participants (7 women)
underwent diffusion-weighted imaging with a 1.05-mm isotropic resolution at 7T. Amygdala nuclei regions of interest
were obtained through automated segmentation of 0.69-mm resolution T1-weighted images and 0.35-mm resolution
T2-weighted images. Probabilistic tractography was performed on all subjects, with random seeding at each
amygdala nucleus.
RESULTS: The right lateral, basal, central, and centrocortical amygdala nuclei exhibited signiﬁcantly increased
connection density to the rest of the brain, whereas the left medial nucleus demonstrated signiﬁcantly lower
connection density (false discovery rate p , .05). Increased connection density in the right lateral and basal nuclei
was driven by the stria terminalis, and the signiﬁcant difference in the right central nucleus was driven by the uncinate
fasciculus. Decreased connection density at the left medial nucleus did not appear to be driven by any individual
white matter tract.
CONCLUSIONS: By exploiting ultra-high-resolution magnetic resonance imaging, structural hyperconnectivity was
demonstrated involving the amygdaloid nuclei in the right hemisphere in MDD. To a lesser extent, impairment of
subnuclei connectivity was shown in the left hemisphere.
Keywords: 7T, Amygdala, Diffusion MRI, Major depressive disorder, Neuroimaging, Tractography, Ultra-high-ﬁeld
https://doi.org/10.1016/j.bpsc.2019.07.010

Major depressive disorder (MDD) is a debilitating condition
with signiﬁcant worldwide prevalence and substantial mortality
(1–3). An emerging body of literature implicates the amygdala
as a particular brain region of interest (ROI) in the pathology of
MDD (4,5). The amygdala plays an important functional role in
emotional processing, fear conditioning and extinction, motivation, social salience, and affective state, aberrant regulation
of which forms the depressive phenotype (6).
Concordant to its functional role, the amygdala has extensive intrinsic and extrinsic structural connections within the
brain. Classically, the 3 main efferent white matter tracts from
the amygdala are the anterior commissure, stria terminalis, and
amygdalofugal pathway (7). The anterior commissure crosses
the midline of the brain, connecting the anterior temporal lobes
bilaterally (7). The stria terminalis originates from the central
nucleus of the amygdala, projecting to a terminus dorsal to the
anterior commissure via the lateral side of the fornix. The
amygdalofugal pathway is thought to originate in the

anteromedial temporal lobe, passing through the basolateral
and central amygdala nuclei toward the midline (8,9).
Ascending branches of the amygdalofugal pathway cross
through the nucleus accumbens and conclude in the area of
the septal nuclei. Descending amygdalofugal white matter ﬁbers project toward nuclei of the hypothalamus, and medial
ﬁbers reach the basal forebrain and olfactory areas. Similarly,
the stria terminalis also connects the amygdala to the hypothalamus (7). Functionally, each efferent projection is considered to have a distinct purpose. The anterior commissure plays
an important role in coupling the amygdalae and temporal lobe
hemispheres and is involved in emotion, olfaction, instinctual
behavior, and memory consolidation (10,11). The amygdalofugal tract is thought to exert downstream control over the
hypothalamus and septal nuclei, inﬂuencing threat reactivity
(12). Moreover, reports of amnesia in patients with damage to
the amygdalofugal tract suggest an additional role in memory
(13). The stria terminalis is theorized to regulate social and
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motivational conduct (14). Amino acid afferent neurotransmission from the amygdala in nonhuman primates has been
described to reach the frontal, insular, cingulate, and temporal
cortices. Additionally, hippocampal cornu ammonis 1 and the
entorhinal cortex give rise to signiﬁcant amygdala input (15).
Intrinsically, the lateral nucleus of the amygdala appears to
project strongly to the basal nucleus (15). Additionally, there is
evidence for a direct connection from the visual pulvinar of the
thalamus to the amygdala, possibly enabling emotional
salience attribution to simplistic visual information relayed from
the visual cortex to facilitate swift and unconscious selective
attention switching (16). In fact, this subcortical pathway has
been shown to originate in the superior colliculus in macaques
(17) and has been reported to continue efferently from the
amygdala to visual cortices 2 and 4 (18).
Given the broad and extensive structural connectivity proﬁle
and functional relevance to emotional pathology of the amygdala,
it is not surprising that it is a structure frequently associated with
MDD pathology. Seed-based resting-state functional magnetic
resonance imaging (MRI) analyses have revealed signiﬁcantly
reduced amygdala connectivity with the cerebellum, occipital
cortex, caudate, superior and middle temporal lobes, and insula in
patients with MDD. Additionally, increased amygdala–temporal
pole functional connectivity was negatively correlated with
depression symptom severity and anxiety ratings (19). In adolescents with depression, the amygdala has been reported to exhibit
lower positive functional coupling between the amygdala and
hippocampus and the parahippocampus and brainstem and
increased connectivity between the amygdala and precuneus.
Where functional connectivity was signiﬁcantly increased
compared with control subjects, blood oxygenation level–
dependent response was inversely correlated with general
depression, lassitude, and dysphoria scores (20). Longitudinal
assessment of resilient individuals at high risk for MDD revealed
signiﬁcantly increased functional connectivity between the
amygdala and the orbitofrontal cortex, which correlated with
positive life events (21). Connectivity between the prefrontal
cortices and the limbic system has been cited as frequently altered
in MDD (22), and uncinate fasciculus volume, as a proxy for
frontotemporal structural connectivity known to involve the
amygdala, has been shown to correlate with both amygdala volume and trait anxiety (23).
Owing to past constraints of MRI spatial resolution, imaging
time, and the availability of technology, studies considering the
amygdala in depression have often treated the region as a single,
uniﬁed structure in analyses. However, both animal and human
studies have shown that the amygdala comprises at least 13
anatomically separate and discrete subnuclei (24,25). Several
studies support the notion that these amygdala subregions are
functionally distinct during emotional processing (26–28). We
therefore set out to use a recently developed automated segmentation technique and ultra-high-resolution diffusion MRI to
investigate the role of amygdala subnuclei connectivity in MDD at
a high level of granularity for the ﬁrst time.

METHODS AND MATERIALS
Participants
Twenty-four participants (mean [SD] age = 38.7 [9.8] years, 11
women) with a primary diagnosis of MDD were recruited

Table 1. Participant Demographics and Summary Statistics
MDD Group

Control Group

Gender, Female, %

45

29

Age, Years, Median
(Mean); [Range]

42.5 (43.2); [24–63]

37.3 (33.5);
[22–55]

Age, Years, First Quarter/Third
Quarter

31/47.5

29/51.25

Ever Treated for a Psychiatric
Illness, %

87

4

Talk Therapy Only, %

25

0

4

0

Ever Hospitalized for Mental
Health Condition, %
Received ECT, %
Age of Onset, Years, Median
(Mean); [Range]
Age of Onset, Years, First
Quarter/Third Quarter
Recurrent MDD, %
Duration of Current Episode,
Months, Median (Mean); [Range]
Duration of Current Episode,
Months, First Quarter/Third
Quarter

0

0

15 (16); [7–47]

–

10.75/21.5

–

79

0

48 (69.6); [2–252]

–

5/156

–

Marijuana Smoked in Past Month, %

4

0

MADRS Rating of MDD Symptom
Severity, Median (Mean); [Range]

25.5 (14.25);
[13–43]

–

MADRS Rating of MDD Symptom
Severity, First Quarter/Third
Quarter

27.5/34.5

–

ECT, electroconvulsive therapy; MADRS, Montgomery–Åsberg
Depression Rating Scale; MDD, major depressive disorder.

through the Mood and Anxiety Disorders Program at the Icahn
School of Medicine at Mount Sinai. Also recruited were 24 agematched control subjects (mean [SD] age = 39.8 [12.3] years, 7
women). All participants were English-speaking and between
18 and 65 years of age. Age was not signiﬁcantly different
between groups (p = 1.0). Eligible patients with MDD had no
psychotic features and were assessed by the Structured
Clinical Interview for DSM-IV Axis I Disorders (29) or the
Structured Clinical Interview for DSM-5 Research Version (30).
Patients were antidepressant-free for at least 4 weeks before
study participation and were currently experiencing a major
depressive episode. No depressed participants had previously
undergone electroconvulsive therapy. Healthy control subjects
had no current or lifetime psychiatric disorder as determined
by the Structured Clinical Interview for DSM-IV Axis I Disorders
(29) or the Structured Clinical Interview for DSM-5 Research
Version (30). Participants with a current diagnosis of
obsessive-compulsive disorder; alcohol or substance abuse in
the previous year; or lifetime history of a psychotic illness, bipolar disorder, or neurological disease were excluded. In the
MDD group, 33% had comorbid social phobia, 16% had
generalized anxiety, 4% had binge-eating disorder, 4% had
panic disorder, and 4% had posttraumatic stress disorder.
Participants with MRI contraindications, unstable medical
conditions, or positive urine toxicology on the day of the scan
were also excluded. The mean (SD) age of illness onset in the
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Figure 1. Axial, coronal, and sagittal views of probabilistic tractography seeded at all amygdala nuclei combined. Reconstructed white matter tracts include

the stria terminalis, the uncinate fasciculus, a subcortical visual pathway passing along the inferior fronto-occipital fasciculus, the amygdalofugal tract, and the
anterior commissure. The color of streamlines is determined by their directionality.

MDD group was 17.5 (10.4) years, and the mean (SD) duration
of depressive episode was 75.0 (84.0) months. All participants
gave fully informed written consent before investigation. This
protocol was approved by the local institutional review board.
Participant demographics and summary statistics are given in
Table 1.

number of gradient directions was 64, with 5 b = 0 s/mm2.
The 5 b = 0 acquisitions were interleaved during the acquisition to correct for artifacts at time points 0.0 seconds, 115.2
seconds, 223.2 seconds, 338.4 seconds, and 453.6 seconds.
The b value for the sequence was 1500 s/mm2. Two diffusion
MRI reverse-direction scans were acquired to correct
gradient distortions.

MRI Acquisition
MRI data were acquired for all participants on a 7T whole-body
scanner (Magnetom; Siemens Healthcare, Erlangen, Germany).
A SC72CD gradient coil was used with a single coil transmit
and a 32-channel receive head coil (Nova Medical, Wilmington,
MA). A T1-weighted magnetization-prepared 2 rapid gradient
echoes sequence (31) was performed on each participant, with
a 0.7 mm 3 0.7 mm 3 0.7 mm voxel resolution. Field of view
was 225 3 183 mm, acquisition matrix was 320 3 260 mm,
orientation of scan was coronal, repetition time was 6000 ms,
and echo time was 3.62 ms. Number of slices for a single slab
was 240. A coronal-oblique T2-weighted turbo spin echo
sequence was also obtained for all participants, with a 0.43
mm 3 0.43 mm 3 2.0 mm voxel resolution. Number of acquired slices was 66. Acquisition matrix was 512 3 408 mm,
ﬁeld of view was 222 3 177, repetition time was 9000 ms, and
echo time was 69 ms.
A diffusion-weighted imaging sequence was performed in
the same scanning session for all participants. Echo time was
67.6 ms, and repetition time was 7200 ms. Field of view was
210 3 210 mm, acquisition matrix was 200 3 200 mm,
number of slices was 132, ﬂip angle was 90 , spatial resolution of the diffusion data was 1.05 mm isotropic, and
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Structural Data Processing
T1-weighted images were preprocessed using the FreeSurfer
(http://freesurfer.net) version 6.0 recon-all pipeline, nonparametric nonuniform intensity correction, intensity normalization,
skull stripping and neck removal, automatic segmentation, and
parcellation steps (32). Multispectral amygdala segmentation
was carried out in FreeSurfer development version 6.0 using
the T1-weighted and T2-weighted high-resolution images,
producing masks for the basal, lateral, accessory basal, central, medial, and cortical nuclei (33). FreeSurfer automated
amygdala segmentation was developed using an ex vivo
dataset comprising 10 autopsied human brain hemispheres
and 7T ﬁeld strength MRI scanning with 0.1-mm isotropic
resolution. Amygdala nuclei were veriﬁed by a neuroanatomist,
and the automated atlas was built using an algorithm based on
Bayesian inference. Validation using publicly available datasets
showed that the amygdala automatic atlas signiﬁcantly outperformed estimations of amygdala volume as a whole by
FreeSurfer version 5.1 and performed with 84% accuracy in
Alzheimer’s disease discrimination from age-matched control
subjects (33). The nuclei were also grouped into a basolateral
complex (accessory basal, basal, and lateral nuclei) and a
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centrocortical complex (central, cortical, and medial nuclei) by
summating individual nucleus metrics. All outputs were
manually inspected to ensure quality of pre-processing and
accuracy of segmentation.

web 4C=FPO

Diffusion Data Processing

Figure 2. Signiﬁcantly increased streamline density of tracts seeded at the
right lateral nucleus, right basal nucleus, right central nucleus, and right centrocortical complex in the major depressive disorder (MDD) group compared with
the control group.

Diffusion data were denoised using MRtrix 2-shell phasereversed processing (https://mrtrix.readthedocs.io/en/latest/
index.html) (34,35). FreeSurfer segmented and parcellated
images were used for whole-brain masking in the image processing (32). B1 ﬁeld inhomogeneity correction was performed
for the diffusion images (36). Fiber orientation distributions
were estimated from the diffusion data using spherical
deconvolution (36), and diffusion tensor estimation was carried
out using iteratively reweighted linear least squares estimator
(37).
Amygdala nuclei ROIs were coregistered to diffusion space
using nearest neighbor interpolation in SPM12, with the B0
image as the reference image, the T2-weighted image as the
source image, and the amygdala nuclei ROIs as additional
images. MRtrix software was used to carry out probabilistic
tractography (38), performed using each amygdala nucleus
mask as an individual seed region for 250,000 random seeds.
Streamlines were thresholded using a ﬁber orientation distribution amplitude cutoff of 0.15 and at a maximum angle between successive streamline generation steps of 60 . The
spherical deconvolution (SIFT2) algorithm was applied to all
tracts to eliminate streamlines that were unlikely to be biologically accurate and allow ground truth accuracy of streamline count (39,40). Whole-brain fractional anisotropy (FA), mean
diffusivity (MD), radial diffusivity (RD), and axial diffusivity (AD)
maps were created, and using MRtrix tcksample, microstructural measurements of FA, MD, RD, and AD were extracted
from every voxel along every streamline. Mean measurements
per streamline were produced and averaged to output 1 mean
FA, MD, RD, and AD value per amygdala nucleus ROI per
participant. Microstructural order is used to refer to the degree
of diffusivity and anisotropy with regard to the tissue structure,
as factors such as axon diameter, packing density, and
membrane permeability affect diffusion metrics without being
necessarily a correlate of structural integrity (41). Streamline
count was used as extracted, using the MRtrix tckstat command, applying SIFT2 weightings to improve accuracy to
ground truth white matter and to eliminate spurious streamlines. The resultant metric is referred to as connection
density.
A secondary analysis was carried out with the aim of
elucidating which particular amygdalae-associated white
matter tracts contributed to signiﬁcant differences in connection density in MDD at a subnuclei level. ROIs were manually
drawn around the previously produced tracts of the stria terminalis, uncinate fasciculus, amygdalofugal tract, inferior
fronto-occipital fasciculus, and anterior commissure for each
participant. Additional tractography was then performed using
the amygdala nuclei that exhibited signiﬁcant between-group
differences in streamline density as seeding regions and the
individual tract ROIs as inclusion criteria for streamlines. Again,
250,000 random seeds were used per amygdala nucleus,
streamlines were thresholded using a ﬁber orientation distri-
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probabilistic tractography, previous literature is suggestive
that these tracts may represent reciprocal connectivity with
the visual areas (17,18). The uncinate fasciculus was also
tracked.
Our analyses did not consider discrete end point ROIs, and
anatomical connections were not investigated in a quantitative
manner. Qualitatively, however, virtual rendering of the amygdala subnuclei structural connectivity shows that 1) nuclei
exhibit differing proﬁles of streamlines and 2) the basal and
lateral nuclei exhibit shorter range connections than the
medial, central, and cortical nuclei.

web 4C=FPO

Tissue Microstructure

Figure 3. Signiﬁcant decrease in streamline density in the major
depressive disorder (MDD) group compared with the control group in
streamlines emanating from the left medial nucleus.

bution amplitude cutoff of 0.15, and the maximum angle between successive streamline generation steps was 60 . All
outputs were visually quality checked to ensure that streamlines accurately tracked the correct white matter bundles.
Streamline counts of the amygdala nuclei individual tracts were
extracted with applied SIFT2 weightings.

Statistical Analysis
Microstructural and streamline count metrics underwent
between-group analyses using nonparametric Mann-Whitney U
testing of the null hypothesis. Testing was carried out both with
and without age adjustment. Nonparametric regressions using
the R package rﬁt were carried out on the data for the MDD
group only, to minimize bias caused by between-group differences (42). Nonparametric statistical approaches were used to
account for nonnormal data distributions. Tractography metrics
were regressed against age of illness onset and duration of
depressive episode. Statistical results were corrected for multiple comparisons using false discovery rate (FDR). All statistical
analyses were carried out in R version 3.3.3 (43), and a statistical
signiﬁcance threshold of .05 was used.

RESULTS
Qualitative Description of Anatomical Connections
of the Amygdala Nuclei
The present ultra-high-resolution probabilistic tractography
analysis revealed 5 distinct white matter tracts connecting with
the amygdala (Figure 1). In keeping with prior reports of
amygdala structural connectivity, we identiﬁed the 3 main
efferent pathways of the amygdala in all participants: stria
terminalis, anterior commissure, and amygdalofugal tract. A
subcortical-visual pathway was also seen in the tractographies, appearing to pass along the inferior fronto-occipital
fasciculus. Whereas directionality cannot be assessed using
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Several differences in the MDD group compared with the
control group indicated an increase in microstructural order. In
the left hemisphere, there was evidence of decreased microstructural order in the MDD group. However, when nonparametric between-group testing was performed with an
additional adjustment for age, no signiﬁcant differences in
tissue microstructure in the MDD group compared with the
control group survived. These ﬁndings are presented in the
Supplement.

Connection Density
Streamline count was signiﬁcantly increased in the MDD group
compared the control group in tractography seeded at the right
lateral nucleus (pFDR = .03), the right basal nucleus (pFDR = .03),
the right central nucleus (pFDR = .02), and the right centrocortical complex (pFDR = .03) (Figure 2). In the left hemisphere, there was a signiﬁcant decrease in streamline count
originating from the left medial nucleus (pFDR = .03) in the MDD
group (Figure 3). All results remained signiﬁcant with statistical
adjustment for age.

Connection Density of Individual White Matter
Bundles
Our ﬁndings of signiﬁcant differences in connection density in
white matter tracts seeded at the right lateral, right basal, right
central, and left medial nuclei in MDD were robust to both
statistical adjustment for age and correction for multiple
comparisons. For this reason, a secondary analysis was carried out on these nuclei to determine which individual white
matter tracts contributed to depression-related changes in
structural connectivity. The stria terminalis, anterior commissure, inferior fronto-occipital fasciculus, uncinate fasciculus,
and amygdalofugal pathway were isolated for each nucleus in
each participant (Figure 4). FDR-corrected nonparametric
between-group testing with adjustment for age revealed that
the stria terminalis seeded from both the right lateral and the
basal nuclei had signiﬁcantly increased connection density in
the MDD group (pFDR = .01 and pFDR = .02, respectively)
(Figure 5). The anterior commissure, inferior fronto-occipital
fasciculus, uncinate, and amygdalofugal pathway showed no
signiﬁcant differences in the MDD group when seeded from the
right lateral and right basal nuclei. Signiﬁcantly increased
general connection density in streamlines seeded at the right
central nucleus in MDD was driven by the uncinate fasciculus
(pFDR = .01) (Figure 5). No other white matter tract showed
signiﬁcant between-group differences when seeded at the
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Figure 4. Isolated white matter tracts seeded from the amygdala nuclei. (A) Stria terminalis. (B) Anterior commissure. (C) Amygdalofugal tract. (D) Inferior
fronto-occipital fasciculus. (E) Uncinate fasciculus. The color of streamlines is determined by their directionality.

right central nucleus. Lower general connection strength in
streamlines seeded at the left medial nucleus did not appear to
be driven by any of the single white matter tracts isolated in
this study, with no signiﬁcant differences identiﬁed in the MDD
group in the stria, uncinate, anterior commissure, amygdalofugal pathway, or inferior fronto-occipital fasciculus.

Association With Clinical Variables
Nonparametric regression in the MDD group with covariation
for age revealed that RD of streamlines was positively correlated with age of onset at the left basolateral nucleus (p = .01)
and left accessory basal nucleus (p = .01). MD of streamlines
seeded at the left basolateral complex were also signiﬁcantly
positively associated with age of illness onset (p = .01). However, none of these associations survived correction for multiple comparisons. No association was identiﬁed between
diffusion imaging metrics and duration of depressive episode.
Similarly, no signiﬁcant relationship was identiﬁed using
nonparametric age-controlled regression between connection
density metrics of the individual white matter tracts and
depression onset age or episode duration.

DISCUSSION
In prior analyses of limbic structures in MDD, the amygdala has
commonly been treated as a uniﬁed structure at conventional
MRI ﬁeld strengths (44–47). However, histologically and

anatomically, reports suggest that more than 13 distinct subnuclei make up the amygdala (24). We present here a study
that uses 7T ﬁeld strength, ultra-high-resolution imaging, and a
recently developed segmentation technique to carry out an
analysis more closely resembling ground truth biology. We
show that 3 of the right amygdala nuclei display an increased
connection density, suggesting structural hyperconnectivity of
the right amygdala. Furthermore, we show that signiﬁcantly
increased connection density in MDD is driven by the stria
terminalis in tracts seeded at the right lateral and basal nuclei
and the uncinate fasciculus in tracts seeded at the right central
nucleus. Left medial amygdala nucleus tracts showed changes
in count suggestive of hypoconnectivity. Importantly, we show
differential changes in the amygdala lateral, basal, central, and
medial substructures that are speciﬁc to MDD, indicating that
the amygdala nuclei do not react uniformly to MDD status.
Furthermore, we provide here both a recommendation for the
consideration of the amygdala nuclei as distinct entities and
further characterization of structural brain changes in
depression.
Our ﬁndings of increasing microstructural order without
age adjustment in streamlines seeded at the right basal
nucleus, right lateral nucleus, right central nucleus, right
centrocortical complex, and left lateral nucleus, combined
with statistically robust increases in streamline count,
suggest that these nuclei are hyperconnected with the rest
of the brain in MDD. Previous studies of the structural
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Figure 5. Signiﬁcantly increased connection density of the stria terminalis

in streamlines seeded at the right lateral and right basal nuclei and signiﬁcantly increased connection density of the uncinate fasciculus seeded from
the right central nucleus. MDD, major depressive disorder.
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connectivity of the amygdala in depression are concordant
with these results (48,49). Decreased MD and increased FA
within the left amygdala were identiﬁed in individuals with
remitted depression, suggesting a greater cell density and
number of ﬁbers. Additional tractography analyses in the
same cohort revealed an increase in structural connectivity
between the left amygdala and the hippocampus, cerebellum, and brainstem (48). Increased correlation strength
between gray matter volume of the amygdala and angular
gyrus was also identiﬁed in patients with MDD compared
with control subjects (49). In adolescents with depression,
signiﬁcantly lower FA and increased RD were reported in
the bilateral uncinate fasciculus, a major white matter tract
connecting the amygdala to frontal regions (50). Furthermore, healthy adolescents with high familial risk for MDD
revealed signiﬁcantly reduced FA in a tract-based spatial
statistics analysis in the uncinate and inferior frontooccipital fasciculi, both of which structurally involve the
amygdalae (51). A meta-analysis of 7 voxel-based diffusion
imaging studies conﬁrmed FA in the inferior fronto-occipital
fasciculus in patients with MDD alterations compared with
control subjects (52).
In nonhuman primates, the amygdala nuclei are structurally
connected to a larger number of regions in juveniles, and
connectivity is pruned and reﬁned over time (53). Developmental white matter changes are particularly protracted in the
uncinate fasciculus (53), and perhaps for this reason, the uncinate is particularly vulnerable to psychiatric illness status.
Functional MRI studies have shown replicable alterations in
temporal lobe–prefrontal coupling in major depression (54), the
principal structural correlate of which is the uncinate fasciculus
(55). Uncinate microstructure has previously been associated
with apathy in humans and is considered to be important in
episodic memory, social ability, and emotional function (56).
The central nucleus is a major site for efferent projections from
the amygdala, and it is highly involved in the mediation of
behavioral responses to stress (57). Our results show for the
ﬁrst time evidence of central subnucleus-speciﬁc involvement
of the uncinate fasciculus in MDD. The stria terminalis is
another major amygdala efferent, projecting dorsally from
multiple subnuclei and branching to the hypothalamic and
septal nuclei (58). Given its terminus at the hypothalamus, it is
unsurprising that the stria is involved in motivation and reactivity to stress, both of which are foci of dysregulation in MDD
(7). The present methodology allows us to implicate connection density of the stria terminalis streamlines seeded specifically at the right basal and lateral amygdala nuclei in
depression, which is an unprecedented level of detail in
humans to date. Interestingly, the basal, lateral, and central
nuclei are the 3 amygdala subregions that have been implicated in signiﬁcant developmental pruning of their connections
(53). It is possible that the maturation and plasticity required at
these nuclei during development make them liable to deviations that associate with depression status.
In agreement with a portion of previously published results
in MDD (19,46), we also report a ﬁnding of signiﬁcantly
decreased connection density in depressed patients, localized
in streamlines seeded at the medial nucleus. This ﬁnding did
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not appear to be driven by any individual white matter tract but
was an effect observed in medial nucleus streamlines generally
to the whole brain. Left lateral nucleus MD, left basolateral
complex RD, and left lateral nucleus RD along emanating
streamlines were also signiﬁcantly increased when analysis
was carried out without age adjustment, suggesting a possible
loss in microstructural order. Taken together, the present results illustrate an important feature concerning amygdala
connectivity in MDD: the structural connectivity of the amygdala appears to be differentially enhanced or weakened based
on the particular nuclei and hemisphere. Interestingly, we also
reveal a signiﬁcant positive association with 3 microstructural
measures and age at illness onset, although the results did not
survive correction for multiple comparisons. The range of
onset ages in the sample may therefore be a potential confounding factor in the dataset, showing that our ﬁnding of
signiﬁcantly decreased structural connectivity in MDD is sensitive to the age at which individuals develop MDD and as such
should be interpreted with caution.
Our study is a promising demonstration of how ultra-highﬁeld MRI may enable differential interrogation of connectivity
among amygdala subnuclei in MDD; however, there are several
limitations to the study that should be noted. First, duration of
illness, participant age, and age at onset of the ﬁrst episode of
MDD were varied within the sample, which may be considered
confounding factors. Second, although a sizable sample for a 7T
investigation, the sample size used here was relatively small,
owing in part to more cautious MRI screening protocols at 7T
than at conventional ﬁeld strengths. A signiﬁcant limitation of the
methodology is also that probabilistic tractography cannot
differentiate between ﬁbers emanating from each nucleus and
ﬁbers passing through the nuclei. Given that the amygdala
subnuclei are extensively interconnected in a manner well
deﬁned by the nonhuman primate literature (55,59), efferent,
afferent, or origination status of streamlines cannot be accurately identiﬁed in the present study. Additionally, longitudinal
study of the participants was not carried out, and therefore the
signiﬁcant differences in structural connectivity in MDD could
either preexist onset of depression and represent a possible
vulnerability, or be a consequence of the illness. Nevertheless,
the presented ﬁndings are a useful pilot demonstration of the
advantages of high-resolution imaging in MDD and segmentation of heterogeneous brain regions.
Overall, we report signiﬁcant changes in white matter
connection density in patients with MDD compared with control subjects that imply both increased and decreased structural connection strength. Increases in connection density in
the right hemisphere were driven speciﬁcally by the uncinate
fasciculus and stria terminalis. Importantly, we show results
that differ between amygdala subnuclei, demonstrating the
importance and clinical signiﬁcance of the separate consideration of amygdala substructures in MDD.
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Elevated Amygdala Activity in Young Adults
With Familial Risk for Depression: A Potential
Marker of Low Resilience
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Emily A. Boeke, Rick P.F. Wolthusen, Maren Nyer, Paola Pedrelli, Maurizio Fava, and
Daphne J. Holt

ABSTRACT
BACKGROUND: Amygdala overactivity has been frequently observed in patients with depression, as well as in
nondepressed relatives of patients with depression. A remaining unanswered question is whether elevated amygdala
activity in those with familial risk for depression is related to the presence of subthreshold symptoms or to a trait-level
vulnerability for illness.
METHODS: To examine this question, functional magnetic resonance imaging data were collected in nondepressed
young adults with (family history [FH1]) (n = 27) or without (FH2) (n = 45) a ﬁrst-degree relative with a history of
depression while they viewed images of “looming” or withdrawing stimuli (faces and cars) that varied in salience
by virtue of their apparent proximity to the subject. Activation of the amygdala and 2 other regions known to
exhibit responses to looming stimuli, the dorsal intraparietal sulcus (DIPS) and ventral premotor cortex (PMv), were
measured, as well as levels of resilience, anxiety, and psychotic and depressive symptoms.
RESULTS: Compared with the FH2 group, the FH1 group exhibited signiﬁcantly greater responses of the amygdala,
but not the dorsal intraparietal sulcus or ventral premotor cortex, to looming face stimuli. Moreover, amygdala responses in the FH1 group were negatively correlated with levels of resilience and unrelated to levels of subthreshold
symptoms of psychopathology.
CONCLUSIONS: These ﬁndings indicate that elevated amygdala activity in nondepressed young adults with a familial
history of depression is more closely linked to poor resilience than to current symptom state.
Keywords: Amygdala, Depression, Familial risk, fMRI, Resilience, Youth
https://doi.org/10.1016/j.bpsc.2019.10.010

As the leading cause of disability worldwide (1), depression is a
major worldwide health concern. With the increasing prevalence
of depression (2,3), its economic and public health toll will likely
escalate, as rising treatment needs strain already limited mental
health resources. Further, many people receiving treatment for
depression respond inadequately to available treatment options
and develop persistent or recurrent depression (4). Therefore, to
address the societal burden of depression, public health approaches such as early identiﬁcation of at-risk individuals and
prevention must be established. However, providing timely
preventative measures or early treatment strategies relies on the
identiﬁcation of the most susceptible individuals (5). One
vulnerable group is those individuals with a family history of
depression (family history positive [FH1]), as they have a
threefold greater likelihood of developing depression in their
lifetime than those without such a family history (family history
negative [FH2]) (6). However, further risk stratiﬁcation within this
group is necessary to develop cost-effective, preventionfocused public health initiatives. Thus, by examining both

markers of risk and protective factors, we can more accurately
identify individuals with the highest risk of developing depression who will beneﬁt most from preventive interventions.
One general category of protective factors is referred to as
emotional resilience (7,8). Resilience, as deﬁned by the
American Psychological Association, is a capacity to adapt
well when facing adversity or signiﬁcant sources of stress, or
the constellation of skills or traits that enable one to “bounce
back” from difﬁcult experiences (9). It can also be deﬁned
operationally as a positive outcome following stressors (10).
The building blocks of resilience are likely heterogeneous in
terms of both the cognitive/affective processes and neurobiological mechanisms involved (7,11) and thus have been little
studied using neuroimaging methods to date. However, given
that self-report measures of resilience, such as the ConnorDavidson Resilience Scale (CD-RISC) (12), can predict
positive outcomes following stressors (13,14), even crosssectional investigations of the neurobiology of resilience may
begin to shed light on the interplay between biological and
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environmentally determined aspects of resilience and psychopathology risk.
To investigate the neurobiology of depression risk and protective factors such as resilience, the networks of the brain most
commonly implicated in the biology of depression must be
examined. Much research on depression has focused on the
amygdala (15). In addition, some current models of depression
have linked attentional deﬁcits and abnormal cognitive control of
emotion to core symptoms of the illness (16). Evidence for
attentional deﬁcits in patients with depression includes reports of
abnormal attentional shifting (17), slowed reaction times (18), and
mood-congruent attentional biases (19). Supporting this model,
both resting-state (20–22) and task-based (17,18,21) functional
magnetic resonance imaging (fMRI) studies of depression have
revealed involvement of circuitry supporting emotional processing and attention/cognitive control, such as the amygdalacentered and dorsal attention/frontoparietal networks, respectively. The functions of the amygdala-centered/limbic and
attentional networks are closely linked; for example, the amygdala rapidly processes salient stimuli and then interacts with
attention and cognitive control networks to inﬂuence behavioral
responses (23–25). The dorsal attention network is involved in
orienting attention to spatial cues and in cognitive control, and
these processes can be inﬂuenced by input from the amygdala
and other emotion-processing brain areas (26). Regions of the
dorsal attention network, such as the dorsal intraparietal sulcus
(DIPS) and ventral premotor cortex (PMv), support goal-directed
attention and visuospatial processing (26), which are processes
that are affected in depression (17).
Neuroimaging studies of depression have identiﬁed abnormalities in both networks, repeatedly detecting abnormalities in
amygdala responses to emotional and neutral faces in patients
with depression (27–29), as well as altered activation of frontoparietal regions of the dorsal attention network during visuospatial processing (29–31). One meta-analysis of functional
connectivity studies of depressed individuals showed that regions of the dorsal attention network are among the brain regions most frequently affected in clinical depression (20). Similar
ﬁndings within the amygdala and attentional regions have been
reported for clinically remitted patients and in never-depressed
FH1 individuals (32–36), indicating that such abnormal activation patterns may not represent state-dependent effects of
depression. Furthermore, a recent meta-analysis (37) showed
that cognitive (including attentional) deﬁcits and deﬁcits in visual
scanning (38) are present in FH1 individuals when compared
with control subjects. However, it remains unclear whether such
changes in the function of the amygdala and attentional networks in unaffected relatives of individuals with depression
reﬂect effects of subthreshold levels of symptoms, a marker of
resilience (in the face of genetic vulnerability), or a heightened
susceptibility for future illness.
To investigate this question further, in the current study we
measured amygdala and frontoparietal cortical responses to
dynamic social (faces) and nonsocial (cars) stimuli in young
adults with or without a ﬁrst-degree relative with a history of
depression. Speciﬁcally, we used a paradigm that activates
areas of the dorsal attentional network (dorsal parietal cortex
and PMv) as well as the amygdala.
Therefore, ﬁrst, we determined whether, in our cohort, the
amygdala showed greater responses in nondepressed FH1

youths than in FH2 youths, as others have reported. Second,
we tested whether the FH1 group showed greater responses
of the dorsal attentional network than the FH2 group,
consistent with prior ﬁndings in patients with depression.
Third, we tested whether the predicted higher responsivity of
these regions in the familial high-risk group was related to traitlike levels of emotional resilience or to subthreshold depressive
or anxiety symptoms.

METHODS AND MATERIALS
Overall Study Design
This study was conducted in a subset of subjects who participated in a larger study of mental health in college students (39),
in which on-campus screenings were conducted at several
Boston-area universities. During these screenings, self-report
questionnaires measuring a range of symptoms were
administered (39). One of the goals of the study was to further
characterize young people with subthreshold symptoms of
psychopathology, with mildly to moderately elevated scores on
a measure of depression (the Beck Depression Inventory [BDI])
(40) and/or a measure of psychotic experiences (the Peters et al.
Delusions Inventory [PDI]) (41). Students with elevated scores
(BDI total score .5 or .0 on BDI item 9 [measuring suicidal
ideation], or PDI total score .7) and a small number of students
with no depressive symptoms (total BDI scores of 0) were invited
to participate in 1) a brief clinical assessment (administered by
a Ph.D.-or M.D.-level clinician) in which the mood module of
the Structured Clinical Interview for DSM-IV Axis I Disorders
was administered, 2) a baseline neuroimaging session, and 3)
longitudinal follow-up assessments conducted at 6-month intervals (self-report scales completed online; analyses including
the longitudinal data will be reported separately). The neuroimaging session included 1 T1 anatomical scan and 4 blood
oxygen level–dependent (BOLD) scans (see Supplemental
Methods for scan parameters), during which subjects viewed
dynamic face and car stimuli and performed a low-level attentional task (24). Subjects with neurological disorders or serious
medical illnesses, substance abuse or dependence, or contradictions to MRI scanning were excluded from participating in
the scanning session. The presence or absence of a family
history of depression in ﬁrst-degree family members was
assessed at baseline using 2 self-report questionnaires, which
included questions about the psychiatric history of subjects’
family members. Resilience levels were measured using the
CD-RISC (see Supplemental Methods for further details).

Participants
A total of 131 subjects were scanned. For the current study,
the data of 2 groups of subjects within this cohort were
examined: those with a ﬁrst-degree relative with depression
(family history postive [FH1]) (n = 29) and those without a ﬁrstdegree relative with depression (family history negative [FH2])
(n = 47). Data of 4 subjects (2 FH1 and 2 FH2) were excluded
following quality control procedures. See Supplemental
Methods for additional information about the participants
who were screened and the exclusion criteria.
All 72 subjects included in the analyses (27 FH1 and 45
FH2) did not meet DSM-IV criteria for depression at the time of
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scanning, based on the Structured Clinical Interview for DSMIV Axis I Disorders. FH2 subjects reported that their ﬁrstdegree relatives were without a history of any mental illness.
FH1 subjects reported the presence of a family history of
unipolar depression in at least one ﬁrst-degree relative.
The study protocol, including informed consent procedures,
was approved by the Partners HealthCare and Harvard University Institutional Review Boards, and written informed
consent was obtained from all subjects.

Functional MRI Paradigm
As described in Holt et al. (24), during each functional scan,
subjects viewed 2 types of stimuli: images of human faces
(with neutral expressions) and images of cars. Each stimulus
appeared to be moving toward or away from the subject at the
speed of walking (112 cm/s) (Supplemental Figure S1). This
paradigm involves visuospatial processing of approaching
stimuli, which robustly activates frontoparietal regions of the
dorsal attentional network (23,24). Images of faces with neutral
expressions were presented because some previous work has
identiﬁed signiﬁcant differences 1) between control subjects
and patients with depression (42) and 2) between individuals
with and without familial risk for mood disorders (43) in
amygdala responses only to neutral (not to emotional) faces.
Each of 4 conditions (Face Approach, Face Withdrawal, Car
Approach, Car Withdrawal) was presented for 16 seconds. In
each run, subjects viewed 2 blocks of each of the 4 stimuli
(8 blocks total), randomly presented. During each of the 4
conditions, subjects performed a simple dot-detection task; to
distribute spatial attention evenly across the approach and
withdrawal conditions, subjects were asked to press a button,
while maintaining ﬁxation, whenever a dot appeared at a
random location on the screen. The percentage of responses
was calculated for each condition, in each subject. A run was
excluded if the subject responded to ,40% of the dots during
that run, as in Holt et al. (24).

MRI Data Analysis
Data were analyzed using the FreeSurfer analysis stream
(http://surfer.nmr.mgh.harvard.edu), with standard preprocessing methods and quality assessment procedures (see
Supplemental Methods for details). Images were spatially
smoothed with a 6-mm Gaussian kernel (full width at half
maximum) and a 3-dimensional spatial ﬁlter.

Anatomical Region-of-Interest Analysis. In the primary,

hypothesis-testing analysis of this study, 3 a priori anatomical
regions of interest (ROIs) (the DIPS, PMv, and amygdala)
(Supplemental Figure S2) were deﬁned in each subject’s T1
anatomical scan, using an automated parcellation method that
relies on well-known anatomical landmarks (44). We focused
on the amygdala because of the extensive prior literature
demonstrating amygdala abnormalities in patients with
depression (15,45) and their ﬁrst-degree relatives (34,35). The
DIPS and PMv were also examined because these two regions
are central nodes of the dorsal attention network (which has
shown abnormalities in patients with depression and in ﬁrstdegree relatives of patients with depression, as described
above) and because these two regions are robustly engaged
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by the task used here, showing signiﬁcantly greater responses
to approaching (i.e., appearing to “loom” toward the subject),
compared with withdrawing, face stimuli in prior studies
(24,46). Hereafter, we refer to the approaching versus withdrawing response or contrast as the looming response.
BOLD responses were extracted from each ROI for each
condition. The average BOLD response to each face and car
condition was compared with the BOLD response to the crosshair baseline condition. The two contrasts of interest were 1)
approach versus withdrawal (the looming response) for each
stimulus type (faces, cars) and 2) all faces versus all cars. These
contrasts were chosen based on prior work demonstrating
that the DIPS and PMv regions respond preferentially to
looming stimuli, particularly faces (24), and that the amygdala
responds preferentially to face stimuli, compared with
nonface objects such as car stimuli (47,48). A repeatedmeasures analysis of variance, using a 3 region (DIPS, PMv,
amygdala) 3 2 hemisphere (left, right) 3 2 condition (approach,
withdrawal) 3 2 stimuli (faces, cars) 3 2 group (FH2, FH1)
factorial design, was performed, to test our predictions that
compared with the FH2 group, the FH1 group would show 1)
greater amygdala responses to faces (both to looming faces
and to all faces vs. all cars) and 2) greater DIPS and PMv
response to looming faces.

Correlational Analyses. ROIs that showed signiﬁcant

between-group effects were then used to conduct correlational and regression analyses to test whether changes in brain
function associated with having a family history of depression
were correlated with resilience levels [measured using the CDRISC (12)] and/or with levels of subsyndromal depressive,
psychotic-like, and anxiety symptoms [measured using the
BDI, PDI (41), and Spielberger State-Trait Anxiety Inventory
(49), respectively].

Secondary, Voxelwise Analysis. Subsequently, a sec-

ondary, voxelwise analysis was conducted for the purpose of
further localizing the ﬁndings of the anatomical ROI analysis
(see Results). This analysis was conducted using a Monte
Carlo simulation (10,000 iterations) whole-brain correction,
using 2 cluster-forming height thresholds of p = .001 and
p = .05. In addition, percent signal change data extracted from
these maps (limited to regions showing between-group
differences in the anatomical ROI analysis) were used to
conﬁrm the ﬁndings of the regression and correlational
analyses conducted using the anatomical ROIs.

RESULTS
Participant Characteristics and Performance on the
Dot-Detection Task
There were no signiﬁcant differences between the FH2 and
FH1 groups in age, gender, ethnicity, childhood adversity
levels, or baseline symptom or resilience levels (Table 1).
Analyses of subjects’ behavioral performance during scanning showed no main effects of group in response rates during
the dot-detection task (F1,70 = 2.2, p = .14). A signiﬁcant
group 3 condition effect (F1,70 = 4.3, p = .04) was driven by
greater accuracy of the FH1 group (vs. the FH2 group) during
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Table 1. Demographic Information and Symptom Levels of the Participants
FH2 (n = 45) a
Age, Years
Depressive Symptomsb
Psychotic Experiencesc

FH1 (n = 27) a

Mean

Min

Max

SD

Mean

Min

Max

19.49

18

22

1.31

19.59

18

24

SD
1.60

6.71

0

20

5.50

8.93

0

17

3.90
3.22

6.11

0

18

3.93

5.07

0

12

Resilienced

73.10

38

100

16.44

73.89

57

95

9.70

State Anxietye

28.58

0

56

16.72

32.85

0

62

18.27

Trait Anxietyf

31.31

0

59

17.70

34.41

0

57

17.35

Childhood Adversityg

30.11

0

48

8.93

31.96

0

77

17.47

Gender, Male/Female, n

12/33

9/18

Caucasian

51

44

African American

27

37

Asian

15

7

Other

8

12

15

0

Race, %

Ethnicity, Hispanic, %

The FH2 and FH1 groups showed no signiﬁcant differences in age, education, gender, ethnicity, levels of symptoms of depression, psychotic
experiences, suicidality, resilience, anxiety, and levels of childhood adversity, based on independent-sample t tests. There were no signiﬁcant
differences between groups in gender (Pearson’s c21 = 0.3630, p = .547).
FH1, family history of depression; FH2, no family history of depression.
a
Resilience levels negatively correlated with depressive symptoms within the FH2 group (r = 2.61, p , .01) but not within the FH1 group
(r = 2.10, p = .61).
b
Measured using the Beck Depression Inventory.
c
Measured using the Peters et al. Delusions Inventory.
d
Measured using the Connor-Davidson Resilience Scale.
e
Measured using the Spielberger State Anxiety Inventory.
f
Measured using Spielberger Trait Anxiety Inventory.
g
Measured using the Childhood Trauma Questionnaire.

the Car Withdrawal condition (t26 = 2.1, p = .04). Given that
this result would not have any inﬂuence on our a priori hypotheses, it was not explored further.

Functional MRI
Hypothesis Testing: Anatomical ROI Analysis. As ex-

pected, the repeated-measures analysis of variance revealed
a main effect of condition (F1,70 = 12.88, p = .001) due to the
signiﬁcant activation to looming (Approach . Withdrawal)
stimuli. Also, there was a signiﬁcant 3-way interaction among
group, condition, and stimulus type (F1,1 = 4.96, p = .029),
which was due to a greater response of the FH1 group
compared with the FH2 group to looming faces in the bilateral
amygdala (left [t70 = 22.89, p = 5 3 1023], right [t70 = 22.02,
p = .04]) (Figure 1 and Supplemental Table S1), with a trend
toward a similar difference between the 2 groups in the bilateral PMv (left [t70 = 21.92, p = .06], right [t70 = 21.83, p = .07])
but not in the DIPS (left [t70 = 20.67, p = .50], right [t70 = 20.76,
p = .45]). There was no group 3 stimulus or group 3
stimulus 3 region interaction, indicating that there was no
between-group difference in the responses of the amygdala or
of the other 2 regions to faces compared with cars. Also, for all
3 ROIs, there were no differences between the 2 groups in
responses to looming cars.
Follow-up repeated-measures analysis of variances conducted within each group revealed a signiﬁcant interaction
between region and stimulus for both the FH2 and FH1
groups. This interaction was due to a signiﬁcantly greater

response to face compared with car stimuli in the left amygdala
in both groups (FH2 group [t44 = 3.50, p = .001], FH1 group
[t26 = 2.50, p = .02]) and in the right amygdala in the FH2
group, with a similar trend in the FH1 group (right: FH2 group
[t44 = 3.39, p = .002], FH1 group [t26 = 1.93, p = .06]).

Secondary, Voxelwise Analysis: Faces Approach
Versus Withdrawal. To localize the between-group differ-

ence observed in the amygdala in the anatomical ROI
analysis, a secondary voxelwise analysis of the Faces Approach
versus Faces Withdrawal contrast was conducted. No signiﬁcant clusters were observed at the cluster-forming threshold
of p = .001; however, at p = .05, a cluster within the left
amygdala was present, owing to a signiﬁcantly greater
response of the FH1 group compared with the FH2 group
(Montreal Neurological Institute coordinates [x, y, z] of the peak
voxel: 226, 25, 223 [z = 4.5, p = 6.6 3 1026]). A similar (slightly
weaker) pattern of ﬁndings was observed for the right amygdala
(30, 28, 217 [z = 3.9, p = 1 3 1024]) (Figure 2). Follow-up
1-sample t tests conﬁrmed that the FH1 group, but not the
FH2 group, showed signiﬁcant responses of the left amygdala
to looming faces (226, 25, 223 [z = 4.4, p = 1 3 1025]). There
was no signiﬁcant activation at this threshold in the right
amygdala in either group.

Regression Analysis
A regression analysis using a multivariate general linear model
was then conducted to test whether changes in brain function
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ysis. Bar plots of mean percent signal change
(approaching vs. withdrawing [looming] faces) of the
amygdala, ventral premotor cortex (PMv), and dorsal
intraparietal sulcus (DIPS) regions of interest for the
groups with (FH1) and without (FH2) a family history
of depression are displayed. The FH1 group showed
a signiﬁcantly greater response to looming faces in
the left and right amygdala compared with the FH2
group (left [t70 = 22.89, p = 5 3 1023], right
[t70 = 22.02, p = .04]). *p , .05.

associated with having a family history of depression were
associated with resilience or symptom levels. The regression
analysis was performed with amygdala BOLD response,
extracted from the left and right amygdala anatomical ROIs, as
the dependent variable, group (FH1/FH2) as a betweensubjects factor, and resilience/symptom scores as covariates. Signiﬁcant interactions between group and resilience or
symptom levels on amygdala response were followed up with
Pearson’s correlations (2-tailed). There was a signiﬁcant
interaction between group and resilience levels for the responses of the left, but not of the right, amygdala (left amygdala [F1,55 = 8.94, p = .004], right amygdala [F1,55 = 1.69, p =
.20]). There were no signiﬁcant interactions between group and
levels of depressive (BDI), psychotic-like (PDI), or anxiety
(Spielberger State-Trait Anxiety Inventory) symptoms for either
the left or right amygdala responses. Follow-up correlations
showed that levels of resilience were negatively correlated with
responses of the left amygdala to looming faces in the FH1
group (r = 2.41, p = .03) (Figure 3). This correlation remained
signiﬁcant after controlling for levels of subthreshold symptoms of depression and anxiety. In contrast, the FH2 group
did not show any signiﬁcant correlations between amygdala
responses to looming faces and resilience levels (left: p = .09;
right: p = .71) (Figure 3). There were no correlations between
resilience levels and amygdala responses to faces
overall (compared with cars) in either the FH1 or FH2 group
(all p . .3).
Because having a history of childhood adversity is linked to
an increased risk for developing depression (50), we repeated
this analysis controlling for levels of childhood adversity,
measured using the Childhood Trauma Questionnaire (51). The
correlation between resilience levels and amygdala responses
to looming faces in the FH1 group remained signiﬁcant after
controlling for childhood adversity (r = 2.42, p = .03). Also,
there were no correlations between amygdala responses to
looming faces and baseline levels of subsyndromal depression, anxiety, psychotic experiences, or levels of childhood
adversity in the FH1 group (all ps . .20) (Supplemental
Table S2).
Last, to conﬁrm the above ﬁndings by repeating the analyses using a slightly different approach, we conducted these
correlational analyses using 3 functionally deﬁned amygdala
ROIs, which were derived from between-group comparison
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maps that were generated using 3 thresholds (p = .05, p = .01,
and p = .001). These analyses revealed signiﬁcant negative
correlations between resilience levels and amygdala responses, regardless of the ROI used (Table 2).

DISCUSSION
Summary of Main Findings
Consistent with prior work, this study demonstrated that
nondepressed young adults with a ﬁrst-degree relative who
had a history of depression display greater amygdala
responsivity than nondepressed young adults without such a
family history (33–35). Further analyses revealed that this
pattern of responses was not related to the presence of
subthreshold symptoms of psychopathology but rather to
low resilience levels. However, a parietofrontal cortical
network involved in attention did not show the same pattern
of signiﬁcantly elevated responsivity as seen in the amygdala in the relatives, suggesting that attentional systems
may be disrupted in depressive illness but not in an at-risk
cohort.

Amygdala Dysregulation as a Marker of Low
Resilience and Risk for Illness
Potentially related to these results, one recent study found that
lower resting-state connectivity of the amygdala with the
orbitofrontal cortex in adolescents at risk for depression predicted the later development of depression (52); another prior
study found that higher basal levels of amygdala activity was
associated with low, self-reported resilience in older adults
(53). Taken together with the current results, these ﬁndings
suggest that speciﬁc patterns of disrupted amygdala function
(i.e., increases in basal or stimulus-elicited activity and reduced
functional coupling with prefrontal cortical regions) may
be linked to poor resilience and vulnerability to depression.
However, exactly how poor resilience and depression risk are
manifested and linked biologically remains to be understood.

Resilience
While the deﬁnition of resilience and its components continues
to be debated, it is likely the result of a combination of a range
of biological and environmental factors inﬂuencing one’s
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depression, as amygdala responses to faces overall (in comparison with responses to cars) was not elevated in this group,
nor were amygdala responses to faces (compared with cars)
negatively correlated with resilience levels in either group. This
may be due to the robustness of face-elicited responses of the
amygdala (as compared with amygdala responses to nonface
stimuli) in most individuals; there may not be sufﬁcient variance
in these responses to reveal a dimensional relationship with
resilience levels, in contrast to the variance observed in
amygdala responses to salient [e.g., approaching and on a
collision course with the body, or emotional (24,57)] versus
nonsalient or safe-appearing (e.g., withdrawing or emotionally
neutral) face images.

web 4C=FPO

Task Performance

Figure 2. Results of the voxelwise analyses. These whole brain–corrected
maps (p , .05) display the amygdala responses to looming faces in (A) the
group without a family history of depression (FH2) and (B) the group with a
family history of depression (FH1) and (C) the comparison between the
responses of the two groups. Only the FH1 group (not the FH2 group)
showed a signiﬁcant response to looming faces, in the left amygdala. A,
Approach condition; R, right; W, Withdrawal condition.

response to adversity (54). In previous studies, resilience as
measured by the self-report scale used here, the CD-RISC, has
been shown to moderate the relationship between adverse
events and severity of subsequent symptoms of anxiety and
depression (13,14), as well as predict treatment response in
patients with depression (55) and posttraumatic stress disorder
(56), irrespective of symptom severity. Together, these ﬁndings
suggest that this self-report scale measures an aspect of
resilience that predicts both risk for the development of psychopathology and the capacity for rapid recovery from it.
In our sample, average resilience levels did not differ between the FH1 and FH2 groups. However, only the FH1
subjects with lower resilience levels showed elevated amygdala responses to looming faces. Thus, in future studies,
amygdala responses to salient stimuli and/or self-reported
resilience levels could be tested as potential components of
a tool for identifying individuals, among those with genetic risk
for depression (conferring a threefold increase in risk), who
have a particularly elevated risk for depression due to other,
perhaps nonfamilial, factors.

Speciﬁc Effect on Amygdala Responses to Looming
Faces
Interestingly, in the current study, we did not ﬁnd evidence for
overall amygdala dysfunction in those with familial risk for

There were no differences between the 2 groups in performance of the dot-detection task that was performed while the
approaching and withdrawing face stimuli were presented,
suggesting that differences between the 2 groups in levels
of attention to the stimuli were not present and thus cannot
account for the between-group differences in amygdala
responses. The FH1 group did perform signiﬁcantly better on
the task than the FH2 group during the Withdrawing
Cars condition, perhaps reﬂecting a generally greater level of
vigilance that was only detectable during a rather nonsalient
condition.

Dorsal Attention Network
We found no signiﬁcant between-group differences in the
responses of the DIPS, and only a trend toward an elevated
response of the PMv, in the FH1 compared with the FH2
individuals. Thus, these results do not provide support for the
hypothesis that primary abnormalities in the dorsal attentional system are responsible for attention-related abnormalities in individuals at risk for depression. One possible
interpretation of this pattern of ﬁndings is that attentional
abnormalities in depression and depression risk are primarily
due to consequences of alterations in amygdala function (or
in an amygdala-centered network of regions), rather than due
to fundamental changes in the neural circuitry that controls
attention. However, it is also important to note that the task
used here did not engage all circuitry involved in attentional
control; for example, the ventral “bottom-up” attention
network was not examined. Thus, additional studies will be
needed to fully evaluate the neural systems mediating the
various forms of attention in individuals with risk factors for
developing depression.

Elevated Responses of the Amygdala as a
Transdiagnostic Risk Factor
Current models of depression (8,58) propose that a vulnerability to depression may remain dormant for years, without
leading to a depressive episode. Thus, a combination of factors, including environmental events and hormonal changes,
as well as protective biological and psychosocial factors, may
determine whether clinically impairing depressive symptoms
emerge in vulnerable individuals. Notably, recent evidence
suggests that this model of depression may in fact correspond
to a more general model of psychopathology; some neural
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Figure 3. Correlations between amygdala responses and resilience levels. For these correlational analyses, responses of the left and right
amygdala for each subject were extracted using
anatomically deﬁned regions of interest generated
by FreeSurfer from the T1 scan of each subject.
The scatter plot in (A) illustrates the signiﬁcant
correlation between resilience level (as measured
by the Connor-Davidson Resilience Scale [CDRISC]) and the response of the left amygdala to
looming faces in the group with a family history of
depression (FH1) (r = 2.41, p = .03, n = 27),
whereas there was no signiﬁcant correlation between responses of the left amygdala and resilience levels in the group without a family history of
depression (FH2) (r = .26, p = .09). Moreover, the
correlations between responses of the left amygdala and resilience levels in the FH1 and FH2
groups were signiﬁcantly different from each other
(z = 22.48, p = .02). (B) Responses of the right
amygdala to looming faces were not signiﬁcantly
correlated with resilience levels in the FH1
(r = 2.28, p = .16) or FH2 (r = .05, p = .71) groups.

“vulnerability markers,” such as heightened amygdala responses to salient social stimuli, may not be speciﬁc to
depression risk (59–63). For example, two studies have shown
that the response of the amygdala to threatening stimuli prior
to a traumatic event predicts the later development of posttraumatic stress disorder symptoms (59,64), and a third
study showed that amygdala responses to negatively valenced
faces predicted the later development of internalizing symptoms (65). The current data are generally in line with this and
other evidence for amygdala dysfunction as a transdiagnostic
marker of psychopathology risk. Speciﬁcally, taken together
with prior work, these results suggest that reactivity of the
amygdala in response to salient social stimuli may be a marker
of vulnerability for the context-dependent emergence of psychopathology related to a reduced capacity to tolerate stress
(i.e., low resilience).

Limitations and Future Directions
Resilience is a complex construct with no agreed-upon operational deﬁnition. Thus, one limitation of this study is that
resilience was measured using only one self-report questionnaire. Future studies can include additional measures that have

been linked to resilience, such as physiologic and epigenetic
markers, and test whether those and the putative marker of
resilience described here, low or “normal” amygdala reactivity
to salient social stimuli, can be used to prospectively predict
outcomes (i.e., resilient or not) following stressful events.
Follow-up work can also determine whether speciﬁc resilienceboosting interventions can inﬂuence amygdala function, psychological responses to environmental stressors, and
psychiatric outcomes. Future studies can also expand on the
experimental design of the functional MRI paradigm used here,
including increasing the representation of different ethnicities
in the social (face) stimuli, as well as the types of social and
nonsocial stimuli.
Lastly, it is also important to emphasize that it is not possible to
distinguish here, given the design of the current study, between
an effect of greater loading for genetic variants associated with
depression (6) and the inﬂuence of growing up with a depressed
relative and the associated environmental stressors that may
accompany that experience. Follow-up studies can investigate
whether aversive childhood experiences associated with the
stress of familial depression are closely linked to elevated
amygdala responses in at-risk individuals, or whether there is
instead (or in addition) a strongly genetic basis for this phenotype.

Table 2. Correlations Between Amygdala Responses to Looming Faces and Levels of Resilience
Region of Interest
Left Amygdala

Right Amygdala

Left 1 Right Amygdala

Correlation
Coefﬁcient (r)

p
Value

Correlation
Coefﬁcient (r)

p
Value

Correlation
Coefﬁcient (r)

p
Value

Anatomical (FreeSurfer Segmentation)

2.41

.03

2.28

.16

2.36

.06

Functional (Voxel Threshold .05)

2.52

.01

2.42

.03

2.50

.01

Functional (Voxel Threshold .01)

2.52

.01

2.36

.06

2.46

.01

Functional (Voxel Threshold .001)

2.49

.01

2.35

.07

2.45

.02

Region of Interest Deﬁnition

Amygdala responses for each subject were extracted using regions of interest that were either deﬁned anatomically (in the primary analysis) or
deﬁned using the between-group comparison (family history of depression vs. no family history of depression) voxelwise maps generated using 3
different thresholds (p = .05, p = .01, and p = .001). Signiﬁcant correlations with resilience levels (measured using the Connor-Davidson Resilience
Scale) in the family history–positive group [n = 27]) are observed regardless of the type of amygdala region of interest used to extract the
functional magnetic resonance imaging data.
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Conclusions
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These ﬁndings show that a speciﬁc pattern of amygdala function (higher responses to salient social information) in those
with familial risk for depression is linked to lower resilience
within this group. In the future these results could potentially
provide a component of a quantitative tool that could be used
to stratify individuals with a family history of depression into
high and low risk groups. Such a tool is a prerequisite for
the development of objective screening strategies, individualized risk proﬁles and targeted preventive interventions.
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Opponent Effects of Hyperarousal and
Re-experiencing on Affective Habituation in
Posttraumatic Stress Disorder
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ABSTRACT
BACKGROUND: Aberrant emotion processing is a hallmark of posttraumatic stress disorder (PTSD), with
neurobiological models suggesting both heightened neural reactivity and diminished habituation to aversive stimuli.
However, empirical work suggests that these response patterns may be speciﬁc to subsets of those with PTSD. This
study investigates the unique contributions of PTSD symptom clusters (re-experiencing, avoidance and numbing, and
hyperarousal) to neural reactivity and habituation to negative stimuli in combat-exposed veterans.
METHODS: Ninety-ﬁve combat-exposed veterans (46 with PTSD) and 53 community volunteers underwent functional
magnetic resonance imaging while viewing emotional images. This study examined the relationship between
symptom cluster severity and hemodynamic responses to negative compared with neutral images (NEG.NEU).
RESULTS: Veterans exhibited comparable mean and habituation-related responses for NEG.NEU, relative to
civilians. However, among veterans, habituation, but not mean response, was differentially related to PTSD
symptom severity. Hyperarousal symptoms were related to decreased habituation for NEG.NEU in a network of
regions, including superior and inferior frontal gyri, ventromedial prefrontal cortex, superior and middle temporal
gyri, and anterior insula. In contrast, re-experiencing symptoms were associated with increased habituation in a
similar network. Furthermore, re-experiencing severity was positively related to amygdalar functional connectivity
with the left inferior frontal gyrus and dorsal anterior cingulate cortex for NEG.NEU.
CONCLUSIONS: These results indicate that hyperarousal symptoms in combat-related PTSD are associated with
decreased neural habituation to aversive stimuli. These impairments are partially mitigated in the presence of reexperiencing symptoms, such that during exposure to negative stimuli, re-experiencing symptoms are positively
associated with amygdalar connectivity to prefrontal regions implicated in affective suppression.
Keywords: Affective neuroscience, Emotion, fMRI, Habituation, Heterogeneity, PTSD
https://doi.org/10.1016/j.bpsc.2019.09.006

Following traumatic events, individuals often experience acute
stress responses, which are adaptive and usually dissipate
over a period of days or weeks. However, in posttraumatic
stress disorder (PTSD), trauma-related disturbances persist or
intensify over time and include co-occurring symptoms of
trauma re-experiencing, avoidance and numbing, and hyperarousal (1). Considerable work suggests that PTSD confers
abnormalities in affective processing ranging from exaggerated emotional responses to trauma cues and emotion regulation deﬁcits (2), to alexithymia (3). Furthermore, both
heightened physiological reactivity to aversive stimuli (4–6) and
diminished habituation of these reactions (4,7) have been
implicated in PTSD-related difﬁculties. However, each of these
response patterns characterizes only subsets of individuals
with PTSD (8–10), suggesting that heterogeneity of symptom
proﬁles may be associated with distinct aspects of emotion
difﬁculties. In particular, evidence suggests that hyperarousal
symptoms may be associated with increased neural

responsiveness to negative stimuli (11) and difﬁculties downregulating emotions (12). In contrast, ﬁndings indicate that reexperiencing symptoms may be associated with effortful
suppression of intrusive emotions and thoughts (13,14). While
the use of inhibitory control strategies may be associated with
lower sympathetic arousal in the short term (15), over time, use
has been linked to increased PTSD symptoms (2,15). Additionally, avoidance and numbing symptoms may manifest as a
general disengagement from emotional processing with
reduced neural responsiveness across stimuli (16–18). Here we
seek to directly examine the relationships among symptom
clusters and neural correlates of reactivity to negative stimuli
and habituation over time.
Neurobiological models of emotional difﬁculties in PTSD
implicate exaggerated amygdalar reactivity to aversive stimuli
(19) coupled with inadequate modulation by ventromedial
prefrontal cortical and hippocampal regions (20). Diminished
habituation to negative stimuli has also been identiﬁed using
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both skin conductance and hemodynamic measures (4,12),
providing preliminary evidence for PTSD-related habituation
deﬁcits in the amygdala (7,21) and subgenual cingulate cortex
(21,22), in contrast to healthy individuals who exhibit habituation of neural responses in the amygdalae (23,24), as well as
prefrontal (23,25,26) and parietal cortices (25).
Despite evidence linking PTSD to altered affective processing, inconsistencies in the presence and pattern of the
underlying neural correlates exist (5,6,10,27). For example,
meta-analytic evidence of PTSD-related hyperactive amygdalar responses to negative stimuli has been mixed, with one
meta-analysis ﬁnding both hyperactivity and hypoactivity
within the amygdala (5), one ﬁnding right amygdala hyperactivity (19), and two others ﬁnding PTSD-related hyperactive
amygdalar responses under some but not all conditions
(6,27). Discrepant ﬁndings may be explained, in part, by
heterogeneity of symptom presentation. That is, although
many individuals with PTSD exhibit heightened emotional
responses to aversive stimuli and increased physiological
responses, some experience a detached or dissociative
emotional reaction coupled with stable or decreased physiological responses (8,9). Similar symptom-speciﬁc relationships have been identiﬁed in a variety of behavioral and
neural correlates of PTSD, including measures of interpersonal functioning (28), treatment response (29), regional brain
volumes (30), resting-state functional connectivity (31), and
functional brain networks (32). However, research on the relationships between symptom clusters and biomarkers of
affective responding in PTSD, a cardinal feature of the disorder, has thus far been limited [see (16,33,35)].
To test the possibility of systematic associations between
heterogeneity of affective responding and PTSD symptom clusters, we examined the respective relationships of re-experiencing,
avoidance and numbing, and hyperarousal symptom severity with
neural responses to aversive (compared with neutral) images in a
large cohort of combat-exposed veterans. Given prior work
suggesting that neural habituation is a more reliable metric of
affective responding than average neural activation (24), we primarily focused on the relationships between symptoms and
neural habituation. Speciﬁcally, we hypothesized that greater
severity of hyperarousal symptoms would be associated with
diminished neural habituation to negative versus neutral images in
limbic and salience network regions (12,36). Additionally, based
on work showing greater re-experiencing severity with increased
suppression of affective and physiological responses to aversive
stimuli (13,15,37), we hypothesized that greater severity of reexperiencing symptoms would be associated with enhanced
neural habituation to negative versus neutral images.

METHODS AND MATERIALS
All procedures were carried out in accordance with the Institutional Review Boards of Baylor College of Medicine and the Salem
Veterans Affairs Medical Center. After receiving a description of
the study’s procedures and being given the opportunity to ask
questions, all participants provided written informed consent.

Participants
Ninety-eight veterans who were deployed during post-9/11
conﬂicts (Operation Enduring Freedom, Operation Iraqi

204

Freedom, and Operation New Dawn) were recruited from the
community as well as from Veterans Affairs medical centers.
Data from 3 veterans were excluded for excessive head motion
during functional magnetic resonance imaging (MRI), resulting
in a ﬁnal sample of 95 veterans (current PTSD: n = 46; no
current PTSD: n = 49). Given our interest in dimensional effects
of PTSD symptoms, we included veterans who did not meet
full diagnostic criteria for PTSD but exhibited symptoms indicating subthreshold PTSD [as deﬁned by Blanchard et al. (38);
n = 16]. Of note, all veterans, regardless of PTSD status, reported experiencing one or more traumatic event(s) during
deployment that met criterion A1 of the DSM-IV diagnostic
criteria for PTSD (39). Additionally, 53 community volunteers
were recruited to provide a civilian comparison group; our
primary purpose for including this group was to illustrate
normative brain responses to affective stimuli in a representative sample of the population (i.e., not restricted to age and
gender demographic characteristics of our Operation Enduring
Freedom, Operation Iraqi Freedom, and Operation New Dawn
veterans).
Exclusion criteria included MR contraindications; claustrophobia; pregnancy; substance use disorders, other than
nicotine dependence, during the past month; and head injury
with loss of consciousness .30 minutes. For the veteran
group, additional psychiatric exclusion criteria were signiﬁcant
current suicidal or homicidal ideation, or history of schizophrenia, schizoaffective disorder, delusional disorder, or
organic psychosis. For the civilian comparison group, use of
psychotropic medication was an additional exclusion criterion.

Assessment of Psychiatric Disorders
In the veteran sample, the Clinician-Administered PTSD
Scale for DSM-IV (CAPS) (40) and the Structured Clinical
Interview for DSM-IV-TR Axis I Disorders, Non-Patient
Edition (41) were used to assess PTSD diagnosis and
severity of symptoms (42), and other Axis I disorders,
respectively (Supplemental Methods and Materials). The past
month’s symptom cluster severity scores for re-experiencing,
avoidance and numbing, and hyperarousal as measured by
the CAPS were used as our primary covariates of interest.

Emotion Paradigm
During functional MRI, participants viewed images from the
International Affective Picture System (43) (Figure 1A). Each
image was presented for 4 seconds, and 8 to 10 images of the
same valence (negative [NEG], positive, or neutral [NEU]) were
presented in each block. Twenty-four blocks (8 of each type)
were pseudo-randomly presented, separated by jittered ﬁxation blocks of 4 to 12 seconds for a total task duration of
approximately 18 minutes (Supplemental Methods and
Materials).

Image Acquisition and Preprocessing
Magnetic resonance images were collected using 3T
Siemens Trio MR scanners (Siemens, Erlangen, Germany).
Whole-brain functional images were continuously acquired
during a single run and a high-resolution T1-weighted
structural scan was acquired. MR images were analyzed
using Statistical Parametric Mapping 12 (SPM12; Wellcome
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Figure 1. Experimental paradigm and neural response to negative and
neutral images. (A) Blocks of 8 to 10 images of the same valence (negative,
positive, or neutral) were presented, followed by a ﬁxation screen of 4 to 12
seconds. (B) Block order was pseudo-randomized with #2 blocks of the
same valence occurring consecutively. Eight blocks of each valence were
displayed (24 blocks total) for a task duration of 17 minutes and 44 seconds.
Regressors of interest for the imaging analyses modeled the overall effect of
each valence (negative or neutral) and a parametric modulator used to
capture the effect of habituation across blocks of each valence. For the
contrast of negative.neutral, areas of signiﬁcance for the overall mean (C)
and for habituation (D) in the veteran group (n = 95) are shown (p , .05,
familywise error–cluster-corrected, coronal slices displayed at y = 21 in
Montreal Neurological Institute standard space). Red and orange indicate
signiﬁcant positive t values at cluster-deﬁning primary thresholds of p ,
.001 and p , .005, respectively. Similarly, blue and light blue indicate signiﬁcant negative t values at cluster-deﬁning primary thresholds of p , .001
and p , .005, respectively. Comparable results for the civilian group (n = 53)
can be found in Supplemental Figure S1. Owing to copyright restrictions
associated with the International Affective Picture System, images in (A) are
taken from the Open Affective Standardized Image Set (92).

Trust Centre for Neuroimaging, London, UK) and MATLAB
R2010b (The MathWorks, Inc., Natick, MA). Standard preprocessing was performed. Additional details regarding
scanning parameters and preprocessing methods are provided in the Supplemental Methods and Materials.

Whole-Brain Analyses
First-level general linear models included 2 regressors of interest (mean and habituation) for each valence (NEG, positive,
and NEU) (Figure 1B). Speciﬁcally, valence-speciﬁc mean responses (hereafter, MEAN) were modeled as boxcar functions
corresponding to each block’s duration, and valence-speciﬁc
patterns of habituation and/or sensitization of hemodynamic
responses (hereafter, LIN) were modeled as a linear parametric
modulation of each block corresponding to block order over
time. For habituation analyses, positive b values reﬂect habituation and negative b values reﬂect sensitization. Regressors
were convolved with a canonical hemodynamic response
function. Six motion parameters were included as regressors,
and a 180-second high-pass temporal ﬁlter was applied.
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Analysis of effects related to positive image blocks is
beyond the scope of this study. Here, we speciﬁcally focus
on effects associated with NEG and NEU image blocks.
Accordingly, b maps for contrasts of interest (i.e., NEG_MEAN.NEU_MEAN, NEG_LIN.NEU_LIN) were brought to the
second-level for group analyses.
Whole-brain multivariate regressions were conducted on
NEG_MEAN.NEU_MEAN and NEG_LIN.NEU_LIN contrasts,
with simultaneous inclusion of 3 covariates of interest corresponding to current re-experiencing, avoidance and numbing,
and hyperarousal symptom cluster severity. Depression
severity, presence of probable mild traumatic brain injury
(mTBI), combat exposure severity, and use of psychotropic
medication were included as controlling covariates, as prior
research indicates that these variables may be associated with
distinct neural alterations (44–47) (Supplemental Methods and
Materials). Given the expected correlation among PTSD
symptom cluster severity scores (and to a lesser degree,
controlling covariates), variance inﬂation factors were calculated for the covariates included in regression analyses; all
covariates had variance inﬂation factors ,5, indicating that
multicollinearity was not a signiﬁcant issue (48).
To facilitate comparison to prior work that focused on the
overall impact of PTSD, we conducted secondary analyses to
assess diagnostic and dimensional effects of PTSD. Speciﬁcally,
for the contrasts of interest, 2-sample between-group Student’s
t tests were used to assess the effect of PTSD diagnosis within
the veteran cohort (excluding veterans with subthreshold PTSD,
n = 16). To examine dimensional effects of PTSD severity within
the veteran cohort, whole-brain multivariate regressions were
conducted on the contrasts of interest, with overall PTSD
symptom severity included as a covariate of interest and
depression, mTBI, combat exposure severity, and psychotropic
medication usage included as controlling covariates.
Unless otherwise noted, all imaging results were assessed
for signiﬁcance using a cluster-level familywise error–corrected
threshold of p , .05 with a cluster-deﬁning primary threshold
of p , .001. This thresholding approach has been shown to
appropriately control for familywise error in cluster-level analyses employing similar methodology (49).

Exploratory Psychophysiological Interaction
Analysis
The results of our primary analyses suggested a mitigating role
of re-experiencing symptoms on hyperarousal-related impairments in affective habituation to aversive stimuli, which we
hypothesized may be related to the use of suppression techniques. To examine this possibility, we assessed the impact of
PTSD symptom clusters on valence-speciﬁc (NEG.NEU)
functional connectivity of the amygdalae on cortical regions
associated with suppression of thoughts and emotions. Speciﬁcally, we performed an exploratory generalized psychophysiological interaction analysis (PPI) using the gPPI toolbox
(50). An amygdalar seed region was deﬁned as all signiﬁcant
voxels within a bilateral anatomical amygdalar mask for the
contrast, NEG_MEAN.NEU_MEAN, with a primary threshold
of p , .005, for the veteran cohort. Additional gPPI analytic
details are included in the Supplemental Methods and
Materials. At the group level, the relationships between PTSD
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symptom clusters and valence-speciﬁc, whole-brain amygdalar connectivity were analyzed, for the contrast of interest,
NEG_PPI.NEU_PPI, using a multivariate regression with the
same set of covariates as the main analyses.

RESULTS
Demographic and Clinical Characteristics of
Participants
Demographic and clinical characteristics of participants are
shown in Table 1 (40,41,51–54). The veteran sample included
82 male and 13 female participants, with a mean age of 32.2
years (range: 21–57, SD: 8.2). The civilian cohort included
26 male and 27 female participants, with a mean age of
27.2 years (range: 18–48, SD: 7.6).
Veterans with and without PTSD did not differ on age, gender,
race, education, and household income; the diagnostic groups
also did not differ on incidence of current anxiety disorders (other
than PTSD) or incidence of past substance use disorders. As

expected, veterans with PTSD reported more severe symptoms
of depression, current PTSD, and lifetime PTSD; veterans with
PTSD also had a signiﬁcantly higher incidence of a current mood
disorder diagnosis compared with veterans without PTSD. Veterans with PTSD also reported greater combat exposure, incidence of mTBI, and use of psychotropic medication, relative to
veterans without PTSD. The Supplement provides additional
information about psychotropic medication use, characteristics
of the veteran cohort when separated into 3 diagnostic groups
(current, subthreshold, no PTSD), and characteristics of the
civilian cohort (Supplemental Methods and Materials;
Supplemental Results; and Supplemental Tables S1–S3).

Neural Responses to Negative Images Compared
With Neutral Images
Effects. Veterans exhibited signiﬁcant positive
hemodynamic response for the contrast NEG_MEAN.
NEU_MEAN in regions previously implicated in emotion processing including the amygdalae and thalamus as well as the

Mean

Table 1. Demographic and Clinical Characteristics of Civilians and Combat-Exposed Veterans With and Without Current
PTSD
Civilians
Characteristic

Combat-Exposed Veterans

Veterans With PTSD vs. No PTSD

All (n = 53)

All (n = 95)

PTSDa (n = 46)

No PTSDa (n = 49)

p Valueb

Age, Years

27.2 (7.6)

32.2 (8.2)

32.4 (8.1)

32.0 (8.3)

.82

Education, Years

15.5 (2.0)

14.6 (1.5)

14.3 (1.3)

14.9 (1.7)

.08

45.1 (30.8)

41.3 (24.9)

48.6 (35.2)

.27

19.1 (9.5)

21.2 (8.5)

17.0 (10.0)

.03

17.8 (12.5)

25.1 (11.7)

10.9 (8.9)

,.001

Household Income, 1000s of Dollarsc
Combat Exposured
Depression Symptomse

4.9 (5.9)

Current PTSD Symptomsa

44.7 (30.4)

69.1 (18.3)

21.8 (19.7)

,.001

Re-experiencing

10.2 (8.8)

16.7 (7.2)

4.1 (5.0)

,.001

Avoidance and numbing

18.0 (13.6)

28.9 (8.7)

7.7 (8.1)

,.001

Hyperarousal

16.5 (10.5)

23.5 (6.2)

10.0 (9.5)

,.001

70.9 (39.6)

100.5 (14.5)

43.1 (35.3)

,.001

Re-experiencing

19.5 (12.3)

28.8 (6.1)

10.7 (10.1)

,.001

Avoidance and numbing

27.5 (17.1)

40.0 (7.3)

15.7 (15.1)

,.001

Hyperarousal

23.9 (12.2)

31.7 (4.0)

16.7 (12.7)

,.001
.90

Lifetime PTSD Symptomsa

Gender, Female, n (%)

27 (51)

13 (14)

7 (15)

6 (12)

Race, Nonwhitef, n (%)

23 (43)

37 (39)

20 (43)

17 (35)

.50

Current Mood Disorderg, n (%)

32 (34)

28 (61)

4 (8)

,.001

Current Anxiety Disorderg,h, n (%)

12 (13)

9 (20)

3 (6)

.10

Past Substance Abuseg, n (%)

55 (58)

29 (63)

26 (53)

.44

Positive mTBI Screeni, n (%)

29 (31)

22 (48)

7 (14)

,.001

Psychotropic Medicationj, n (%)

37 (39)

27 (59)

10 (20)

,.001

Unless otherwise indicated, data are reported as mean (SD) of group. See Supplemental Table S2 for demographic and clinical characteristics of
the veteran cohort when separated into 3 groups (PTSD, subthreshold PTSD, and no PTSD).
mTBI, mild traumatic brain injury; PTSD, posttraumatic stress disorder.
a
Past month’s diagnosis and severity based on DSM-IV criteria as assessed by the Clinician-Administered PTSD Scale (40).
b
The p values are based on 2-sample Student’s t tests for continuous variables and c2 tests for dichotomous variables.
c
Data not reported for 6 veterans (4 with current PTSD and 2 without current PTSD).
d
Total raw score on Combat Exposure Scale (51). Data missing for 3 veterans (1 with current PTSD and 2 without current PTSD).
e
Total score on Beck Depression Inventory-II (52).
f
Based on participant’s self-report.
g
Diagnosis as assessed by the Structured Clinical Interview for DSM-IV (41); “current” deﬁned as meeting criteria during the past month; “past”
deﬁned as meeting lifetime criteria prior to the past month.
h
Anxiety disorders other than PTSD.
i
Positive screen on the Brief Traumatic Brain Injury Screen (53).
j
Psychotropic medication use was deﬁned as self-reported current use of one or more medication(s) listed in the National Institute of Mental
Health’s publication on Mental Health Medications (54).
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precentral gyrus, fusiform gyrus, and inferior frontal gyrus (IFG)
(Figure 1C; Supplemental Table S4). Additionally, veterans
exhibited signiﬁcantly negative hemodynamic response bilaterally in the superior and inferior temporal gyri, angular gyri,
inferior parietal lobules, posterior insular cortex, precuneus,
and orbitofrontal cortex, as well as in the left anterior cingulate
cortex (ACC), right posterior cingulate cortex, and right cerebellum. Similar response patterns were seen in the civilian
group (Supplemental Figure S1A, Supplemental Table S5). A
2-sample Student’s t test comparing veterans to civilians
found no signiﬁcant differences.

Habituation and Sensitization Effects. Consistent with

prior ﬁndings of affective habituation, as a group, veterans
exhibited greater habituation across negative blocks than across
neutral blocks (NEG_LIN.NEU_LIN) bilaterally in middle temporal
gyri, fusiform gyri, parahippocampal gyri, supplementary motor
area, frontal eye ﬁelds, and precuneus (Figure 1D; Supplemental
Table S6). For the contrast of interest, no regions showed significantly less habituation. Similar response patterns were seen in
the civilian group (Supplemental Figure S1B, Supplemental
Table S7). A 2-sample Student’s t test comparing habituation patterns of veterans to civilians found no signiﬁcant
differences.

Effects of PTSD Symptom Cluster Severity
Mean Effects. Severity of re-experiencing, avoidance and
numbing, and hyperarousal symptoms was not signiﬁcantly
related to the contrast of NEG_MEAN.NEU_MEAN; furthermore, none of the controlling covariates were signiﬁcantly
related to the NEG_MEAN.NEU_MEAN contrast.
Habituation and Sensitization Effects. When account-

ing for effects of controlling covariates and other symptom
clusters, severity of re-experiencing symptoms was positively correlated with habituation to negative versus neutral
images (i.e., greater habituation) in a widespread network
including the superior and middle temporal gyri, superior and
medial frontal gyri, ACC, supplementary motor area, precuneus, and IFG (Figure 2A, left; Supplemental Table S8). No
signiﬁcant relationship was found between severity of
avoidance and numbing symptoms and neural response to
NEG_LIN.NEU_LIN (Figure 2A, middle). Severity of hyperarousal symptoms was negatively related to neural responses to NEG_LIN.NEU_LIN (i.e., less habituation) in
portions of the superior and middle temporal gyri, ACC, IFG,
ventromedial prefrontal cortex, precuneus, and anterior
insula (Figure 2A, right; Supplemental Table S8).
For NEG_LIN.NEU_LIN, no signiﬁcant relationship was
seen between hemodynamic responses and combat exposure
severity or use of psychotropic medication; depression
symptom severity was related to increased habituation in the
right middle occipital gyrus, and presence of probable mTBI
was related to increased habituation bilaterally in the precuneus as well as right midcingulate cortex (Supplemental
Figure S2, Supplemental Table S9).

Opponent Effects of Re-experiencing and Hyperarousal. In an overlapping network of regions, re-
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experiencing and hyperarousal symptoms were related, in
opposite directions, to widespread neural habituation to
negative versus neutral images (i.e., for NEG_LIN.NEU_LIN,
with increasing habituation related to re-experiencing severity
and increasing sensitization with hyperarousal severity)
(Figure 2B). Avoidance and numbing severity was not related
to neural habituation in this network of regions.

Exploratory Analysis of Opponent Effects of Reexperiencing and Hyperarousal. Furthermore, in this

same network of regions, we conducted an exploratory analysis of the additive effects of the re-experiencing and hyperarousal symptom clusters on habituation. Given the observed
opponent effects of hyperarousal and re-experiencing symptom severity on neural habituation, we calculated each individual’s severity discrepancy score (i.e., CAPS hyperarousal
score 2 CAPS re-experiencing score) and entered the
scores as independent variables in a linear regression analysis
to predict neural habituation in the region of interest for
NEG_LIN.NEU_LIN. As depicted in Figure 3, we found a
signiﬁcant negative relationship (adjusted r2 = .255, p = 1.1 3
1027), such that as the severity discrepancy between hyperarousal and re-experiencing symptoms increased, veterans
exhibited diminishing neural habituation in the shared habituation network. These data suggest that combat-exposed veterans with prominent hyperarousal symptoms in the absence
of signiﬁcant re-experiencing symptoms are most likely to
exhibit disrupted habituation to aversive stimuli. The
Supplement provides additional details regarding the
relationship between re-experiencing and hyperarousal symptom
severity in this sample (Supplemental Figure S3) as well as
analysis of the relationship of these symptoms with
habituation and/or sensitization to neutral blocks only
(Supplemental Results).
To conﬁrm that these results were robust to individual differences in initial reactivity, secondary analyses were conducted in which absolute habituation, according to Montagu
(55), was calculated to obtain habituation metrics that were
independent of individuals’ initial responses (Supplemental
Methods and Materials). Similar opponent effects of reexperiencing and hyperarousal were seen when comparing
absolute habituation across negative blocks to absolute
habituation across neutral blocks (Supplemental Figure S4).

Exploratory PPI Analysis. For the contrast of interest, no

signiﬁcant effects were seen for avoidance and numbing
symptom severity or hyperarousal symptom severity; however,
greater severity of re-experiencing symptoms was signiﬁcantly
associated with increased amygdalar connectivity with the left
IFG and dorsal ACC for the negative condition relative to the
neutral condition (Figure 4).

Effects of Overall PTSD Severity
Overall PTSD symptom severity was not signiﬁcantly related
to hemodynamic responses for either the contrast of
NEG_MEAN.NEU_MEAN or the contrast of NEG_LIN.
NEU_LIN (see Supplemental Results for test of PTSD diagnostic group differences).
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web 4C/FPO

Figure 2. Habituation and sensitization of neural

response across blocks of negative and neutral images related to posttraumatic stress disorder (PTSD)
symptom clusters. (A) The images show the relations
between neural habituation for the contrast of
negative condition compared to neutral condition
(NEG.NEU) and severity of each PTSD symptom
cluster (p , .05, familywise error–cluster-corrected
with cluster deﬁning threshold of p , .001, axial and
coronal slices shown at Montreal Neurological Institute coordinates z = 211 and y = 21, respectively).
Increasing severity of re-experiencing symptoms is
positively associated with neural habituation in
NEG.NEU (left), while increasing severity of hyperarousal symptoms is positively associated with
neural sensitization in NEG.NEU (right). No signiﬁcant relation is found between avoidance and
numbing symptoms and habituation or sensitization
to NEG.NEU (middle). To visualize the separable
effects of each symptom cluster on neural habituation, we deﬁned a region of interest as the conjunction of re-experiencing and hyperarousal effects,
seen in (A), and within this region of interest,
extracted the ﬁrst eigenvariate from the habituationrelated NEG.NEU contrast, as well as from
habituation-related NEG and NEU contrasts separately. (B) The extracted values were used to calculate b estimates of the effect of each symptom cluster controlling for remaining PTSD clusters, depression,
mild traumatic brain injury, combat exposure, and use of psychotropic medication. Bar plots illustrate mean b estimates by PTSD symptom cluster severity.
Errors bars depict the standard error of the mean for each bin. Differences in habituation and sensitization for NEG.NEU contrast are depicted (top), as well as
the separate effects across NEG (middle) and NEU (bottom) conditions. For the habituation-related NEG.NEU contrast, greater severity of re-experiencing is
related to greater neural habituation and greater severity of hyperarousal is related to less neural habituation (for effects of controlling covariates, see
Supplemental Figure S2). CAPS, Clinician-Administered PTSD Scale for DSM-IV.

DISCUSSION
Here, we sought to determine the associations between
symptom clusters of PTSD and neural responsivity to negative
emotional stimuli. We found that neural habituation to aversive
stimuli relative to neutral stimuli is diminished among veterans
with greater hyperarousal symptoms and enhanced among
those with greater re-experiencing symptoms. Of note, the
opponent associations of hyperarousal and re-experiencing
symptoms with neural habituation were evident across a set
of regions previously implicated in attention, cognitive control,
and affective processing (56), suggesting that both symptom
clusters are related to widespread modulation of habituation.
Additionally, a signiﬁcant negative relationship was found between the severity discrepancy of hyperarousal and reexperiencing symptoms and neural habituation in this set of
regions, such that veterans who had more severe hyperarousal
than re-experiencing symptoms showed the greatest impairment in habituation to negative versus neutral cues.
Hyperarousal’s negative effect on neural habituation was
seen in regions previously implicated in affective habituation
in healthy individuals including the right spatial attention
network, ventrolateral prefrontal cortex, dorsomedial prefrontal cortex (57), and anterior insula (58). Diminished
habituation in the spatial attention network and other regions involved in attentional control, such as the right IFG
(59), is consistent with hypervigilance, a symptom of hyperarousal that has been associated with increased visual
scanning and autonomic arousal (60). Threat-related attentional biases have been repeatedly implicated in PTSD,
lending support to the suggestion that hyperarousal symptoms may result, in part, from enhancement of these
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attentional biases (61). Taken together, these ﬁndings are in
line with a conceptualization of hyperarousal symptoms
resulting from a failure to habituate, oversensitization, or a
combination of both processes (12).
PTSD-related attentional biases result not only from
increased orientation toward threatening stimuli (62), but also
from difﬁculty disengaging from threatening stimuli (63). Such
attentional difﬁculties are associated with greater use of maladaptive coping strategies, such as thought suppression,
which has been found to mediate the relationship between
attentional interference and re-experiencing symptoms (13).
Similarly, decreases in physiological arousal during attempts to
reduce negative emotion have been associated with later
increases in intrusive memories (37). Here, we found greater reexperiencing severity to be associated with stronger amygdalar
connectivity to left IFG and dorsal ACC when viewing negative
relative to neutral images, regions consistently implicated in
suppression of thoughts and emotions (64–67). One possible
interpretation of this ﬁnding is that when confronted with
aversive cues, individuals with prominent re-experiencing
symptoms may engage in coping behaviors such as thought
suppression through attentional control, which in the short term
may decrease physiological responses but in the long term may
also lead to a rebound of intrusive thoughts. Thus, the ﬁnding
that greater re-experiencing severity is associated with greater
neural habituation for the contrast NEG_LIN.NEU_LIN may
reﬂect a process by which individuals with severe reexperiencing symptoms engage in suppression in response
to negative stimuli, leading to greater decreases in neural responses across the negative blocks, while potentially also
resulting in subsequent rebound of intrusive thoughts.
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Hyperarousal Severity - Re-experiencing Severity
Figure 3. Relation between hyperarousal and re-experiencing severity

discrepancy and neural habituation in veterans with and without posttraumatic stress disorder. Using each individual’s severity discrepancy
score (hyperarousal severity 2 re-experiencing severity) as a predictor
variable, a linear regression analysis was conducted to predict neural
habituation to negative.neutral for the network of regions in which habituation showed opponent relations with hyperarousal and re-experiencing
severity (shown in Figure 2A). The scatter plot depicts the signiﬁcant
negative relation (adjusted r2 = .255, p , .001) with data from veterans with
and without posttraumatic stress disorder represented by ﬁlled (C) and
open ( ) points, respectively; the solid line represents the linear association
and dashed lines show 695% conﬁdence intervals.

No signiﬁcant differences in neural activity or habituation to
aversive images (compared with neutral images) were seen
when veterans with PTSD were compared with veterans
without PTSD; similarly, overall PTSD severity was not significantly associated with differences in neural activity or habituation to negative relative to neutral images. Given that prior
work using similar affective paradigms have found signiﬁcant
diagnostic and dimensional effects of PTSD [e.g.,
(6,18,27,68–72)], these null results were somewhat surprising.
While the reasons for this inconsistency are unclear, differences in study design may be a potential factor. Prior studies
of emotional reactivity in PTSD have sometimes selected for
individuals based on heightened psychological or physiological responses to emotional stimuli (73,74). Thus, betweengroup comparisons may have be driven primarily by
hyperarousal symptoms, associated here with diminished
habituation. Signiﬁcant differences in neural responses seen in
previous studies may also be attributable to the use of traumaspeciﬁc and/or threat-speciﬁc stimuli, rather than to the more
general negatively-valenced stimuli used in the present study
(17,75). Finally, some previous studies have not accounted for
potential confounding factors such as severity of trauma
exposure [e.g., (69)] and comorbid disorders [e.g., (68,70)];
thus, between-group differences may be attributable to one or
more confounding factor(s) rather than to PTSD diagnosis
alone. A strength of this study was the accounting for potential

Figure 4. Relation of re-experiencing severity with context-modulated
amygdalar connectivity for negative versus neutral conditions. Analysis of
the effects of posttraumatic stress disorder symptom clusters on a psychophysiological interaction of amygdalar connectivity and valence (negative.neutral) found a positive relationship between re-experiencing
severity and context-modulated amygdalar connectivity with the left inferior
frontal gyrus (Tpeak = 4.56; cluster size: 91 voxels) and dorsal anterior
cingulate cortex (Tpeak = 3.21; cluster size = 70 voxels) (p , .05, familywise
error–cluster-corrected with cluster deﬁning threshold of p , .001). Cluster
peaks are located at Montreal Neurological Institute coordinates (251, 11,
10) and (0, 21, 43) and shown above in coronal slices at y = 11 and y = 21.

confounds including combat exposure, comorbid depressive
symptoms, probable exposure to mild traumatic brain injury,
and use of psychotropic medications.
Another reason for the discrepant results between this
study and previous studies may be related to statistical power.
Notably, many previous neuroimaging studies of affective
processing in PTSD have had substantially smaller sample
sizes than that of the current study [e.g., (76–82)]. While sample
size concerns are often focused on increased false-negative
rates, low statistical power (as is seen in studies with small
sample sizes) also makes false-positive rates more likely
(83,84). Additionally, some past neuroimaging studies in this
domain have employed statistical thresholds and/or corrections for multiple comparisons that have subsequently been
associated with inﬂated false-positive rates (49).

Limitations
The current study focuses on combat-exposed veterans of
post-9/11 conﬂicts, and almost all of our veteran participants
(n = 90; 95%) reported experiencing one or more combatrelated trauma(s). In addition, a relatively small number of
women were included in our sample (n = 13; 14%). Thus, while
our data have the advantage of sample homogeneity, generalizability across gender as well as across other types of
trauma is unknown at this time. Additionally, we did not
conduct toxicology screens on the day of scanning, so
although individuals in our veteran sample were screened via
clinical interview to assess criteria for current substance use
disorders, we cannot exclude the possibility that one or more
individual(s) used illicit substances. Also, as our study examined habituation to negative, relative to neutrally valenced
images in general, we cannot draw conclusions about the
impact of PTSD symptoms on neural habituation to traumaspeciﬁc images. Future research using trauma-speciﬁc
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stimuli may further elucidate the effect of PTSD symptoms on
neural habituation.

Conclusions
To our knowledge, the present data are among the ﬁrst to
show that re-experiencing and hyperarousal symptoms are
differentially related to negative affective neural habituation.
Moreover, negative affective neural habituation, compared
with neutral habituation, is most adversely impacted not by the
magnitude of hyperarousal symptoms alone, but rather by the
relative severity of hyperarousal symptoms and reexperiencing symptoms. Re-experiencing and hyperarousal
symptoms are generally highly correlated (85), and previous
research on neural heterogeneity in PTSD has more often
focused on differences between symptom clusters thought to
reﬂect heightened responses (i.e., re-experiencing and hyperarousal) and those believed to represent diminished responses
(i.e., avoidance and numbing) (8,34). However, the commonality of re-experiencing and hyperarousal clusters is cautioned
by animal models of PTSD suggesting that hyperarousal and
context-speciﬁc responses similar to re-experiencing may
develop independently and may be differentially changed by
treatment (86–88).
The positive association of re-experiencing symptoms
with negative affective habituation suggests the intriguing
possibility of a protective compensatory mechanism that
offsets adverse effects of heightened arousal. Although reexperiencing is maladaptive in the long term (e.g.,
repeated intrusive memories result in increased distress),
these symptoms have also been associated with coping
behaviors [e.g., thought suppression (13,89)] that in the
short term may prevent arousal overload (15). Additional
research is needed to replicate this relationship and gain a
clearer understanding of the impact of re-experiencing on
negative affective habituation.
These results also suggest ways in which an individual’s
symptom presentation may be informative for treatment decisions. For instance, prior work has shown that individuals
with severe hyperarousal symptoms are more likely to be
treatment nonresponders (29). Moreover, individuals for whom
hyperarousal is the most prominent initial symptom cluster
show less symptom improvement over time (90). For individuals with prominent hyperarousal symptoms accompanied by minimal re-experiencing symptoms, treatments that
facilitate the development of general habituation capacity to
aversive relative to neutral stimuli may improve treatment
outcomes (91).
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ABSTRACT
BACKGROUND: Late-life depression is characterized by network abnormalities, especially within the cognitive
control network. We used alternative functional connectivity approaches, regional homogeneity (ReHo) and network
homogeneity, to investigate late-life depression functional homogeneity. We examined the association between
cognitive control network homogeneity and executive functions.
METHODS: Resting-state functional magnetic resonance imaging data were analyzed for 33 older adults with
depression and 43 healthy control subjects. ReHo was performed as the correlation between each voxel and the 27
neighbor voxels. Network homogeneity was calculated as global brain connectivity restricted to 7 networks. T-maps
were generated for group comparisons. We measured cognitive performance and executive functions with the
Dementia Rating Scale, Trail-Making Test (A and B), Stroop Color Word Test, and Digit Span Test.
RESULTS: Older adults with depression showed increased ReHo in the bilateral dorsal anterior cingulate cortex
(dACC) and the right middle temporal gyrus, with no signiﬁcant ﬁndings for network homogeneity. Hierarchical linear
regression models showed that higher ReHo in the dACC predicted better performance on Trail-Making Test B
(p , .001; R2 = .49), Digit Span Backward (p , .05; R2 = .23), and Digit Span Total (p , .05; R2 = .23). Used as a
seed, the dACC cluster of higher ReHo showed lower functional connectivity with bilateral precuneus.
CONCLUSIONS: Higher ReHo within the dACC and right middle temporal gyrus distinguish older adults with
depression from control subjects. The correlations with executive function performance support increased ReHo in
the dACC as a meaningful measure of the organization of the cognitive control network and a potential compensatory
mechanism. Lower functional connectivity between the dACC and the precuneus in late-life depression suggests that
clusters of increased ReHo may be functionally segregated.
Keywords: Aging, Cognitive control, Depression, Executive functions, Functional connectivity, MRI
https://doi.org/10.1016/j.bpsc.2019.10.013

A network dysfunction model may help explain the neurobiological underpinnings of late-life depression (LLD) (1).
Resting-state functional connectivity (rsFC) measures the
temporal coherence between single voxels or groups of
voxels at rest (2). Region-of-interest, seed-based rsFC studies
often show a lower rsFC in the cognitive control network
(CCN) among patients with LLD compared with healthy control subjects (3,4).
Executive dysfunction is a clinical expression of disrupted
CCN functions. Patients with LLD and executive dysfunction,
or depression-executive dysfunction syndrome, have difﬁculty
inhibiting irrelevant stimuli and engaging in goal-directed behaviors (5). Depression-executive dysfunction syndrome is
characterized by disability and poor response to antidepressants (6–8). Impairments in executive functions often persist
even after remission of depression (9). Thus, understanding
speciﬁc patterns of abnormal rsFC in LLD may inform novel
treatment approaches.

Although region-of-interest, seed-based rsFC studies have
provided valuable insights into network abnormalities in LLD,
there are several limitations to this approach. Seed-based
approaches require a priori decisions for seed placement.
These a priori decisions are, by deﬁnition, hypothesis driven
and introduce a potential bias to network analyses. In addition,
the placement of seeds of varying sizes and coordinates to
interrogate the same network can result in different rsFC patterns. These different patterns contribute to ambiguity when
interpreting results both within and across laboratories.
Furthermore, seed selection can overlook the complexity of a
network because within-network activity often depends on
multiple functionally heterogeneous subregions (10). Although
the model-free independent component analysis (11) addresses some of these seed-based limitations, independent
component analysis often relies on relatively arbitrary judgments to select meaningful patterns among the automatically
generated components (12).
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Alternative rsFC analytic techniques can address some of
the limitations of both seed-based and independent component analysis approaches by focusing on “homogeneity.”
Homogeneity, as measured by resting-state functional magnetic resonance imaging (fMRI), is conceptualized as the
synchronization of all voxels in a well-deﬁned area of the brain.
The term homogeneity has been applied to two main restingstate fMRI approaches: regional homogeneity (ReHo) (13)
and network homogeneity (NeHo) (14).
ReHo (13) is a measure of the temporal synchronization of
blood oxygen level–dependent time series between every
voxel and its nearest neighbors. ReHo provides a measure of
local connectivity and has the advantage of probing a welldeﬁned anatomical area by assessing the synchronization of
spatially adjacent voxels. ReHo allows the deﬁnition of
boundaries between functionally heterogeneous withinnetwork subregions and the detection of within-network hubs
of functional abnormality (15). A meta-analysis of ReHo in
adults with major depressive disorder (MDD) suggests widespread abnormalities involving primarily areas of the default
mode network (DMN) (e.g., increased ReHo in the medial
prefrontal cortex) (16). Reports of ReHo in LLD show abnormalities involving the CCN and the DMN, but demonstrate
inconsistent directionality across samples and do not show a
relationship of ReHo to executive functions among older adults
with active depression (17–20). ReHo can locate highly homogeneous clusters within the brain and serve as a datadriven method to identify seeds for rsFC studies (21).
Furthermore, ReHo correlates with measures of functional
segregation such as clustering coefﬁcient and local efﬁciency
(22) and is thought to have a substantially similar biological
meaning, where higher ReHo (within-region highly synchronous activity) could indicate decreased communication with
remote brain regions.
NeHo (14) is a voxelwise measure of the correlation of a
voxel with all other voxels within a network, thus allowing an
unbiased examination of within-network connectivity. NeHo
can be investigated with a graph-theory–based approach
called restricted global brain connectivity (rGBC) (23). rGBC
provides a measure of the connectivity between each voxel
and every other voxel in a predeﬁned restricted space (i.e., a
network mask). As such, rGBC allows the evaluation of the
averaged within-network connectivity of an entire network. In
adults with MDD, NeHo analyses suggest homogeneity abnormalities in prefrontal regions of the CCN and in the DMN
(24,25).
Employing connectivity measures less reliant on a priori
assumptions about network organization is particularly
important in understanding network abnormalities in the aging
brain, because brain long-range connectivity is particularly
vulnerable to aging (26) and so are intranetwork and internetworks connectivity (27).
The primary objectives of this article are to examine 1) group
differences in rsFC homogeneity measures in LLD and
nonpsychiatric comparison participants and 2) the association
between functional homogeneity and executive performance in
LLD. We hypothesized that 1) the group differences in ReHo
and NeHo will involve the CCN and 2) CCN homogeneity will
be associated with executive performance. Secondarily, we
investigate broader network organizational levels by using
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clusters of CCN abnormal functional homogeneity (ReHo,
NeHo) as data-driven seeds for exploratory whole-brain FC
analysis.

METHODS AND MATERIALS
Participants
This study included 33 participants with LLD and 43 elderly
nonpsychiatric comparison participants (age range 60–85
years). The group with depression consisted of participants
who met DSM-IV criteria for MDD without psychotic features,
with a score of 18 or greater on the 24-item Hamilton
Depression Rating Scale (HDRS) (28) and a score of 26 or
greater on the Mini-Mental State Examination (29). Participants
were recruited through print and radio advertisements along
with referrals from outpatient mental health providers. Healthy
control subjects had no history or presence of any psychiatric
disorder. All participants signed informed consent as approved
by local institutional review boards.
Participants were excluded for the presence of any of the
following: 1) high suicide risk; 2) any Axis I psychiatric disorder
other than MDD or generalized anxiety disorder; 3) history of
psychiatric disorders other than MDD or generalized anxiety
disorder; 4) mild cognitive impairment or dementia; 5) acute or
severe medical illness; 6) any neurological brain disease;
7) history of electroconvulsive therapy; 8) ongoing treatment
with drugs associated with depression (i.e., steroids, alphamethyl-dopa, clonidine, reserpine, tamoxifen, or cimetidine);
or 9) metal implants or other contraindications to MRI.

Assessment
In participants with LLD, a diagnosis of MDD was made by
Structured Clinical Interview for DSM Disorders criteria.
Furthermore, depression severity was assessed with the HDRS
prior to study entry. Two clinician investigators specializing in
geriatric psychiatry reached consensus on the diagnosis of
MDD and ruled out the possibility of mild cognitive impairment
based on review of neuropsychological tests and overall
function. If mild cognitive impairment was suspected, a
comprehensive neuropsychological battery was administered.
Participants with depression and control subjects were
administered a baseline neuropsychological battery. Overall
cognitive function was assessed with the Mini-Mental State
Examination (29) and the Dementia Rating Scale (DRS) (30).
Processing speed and executive function were assessed with
the Trail Making Test, Parts A and B (TMT-A and TMT-B) (31);
the Stroop Color Word Test (32); and the Digit Span Test
Forward, Backward, and Total score (33). Vascular risk was
extracted from the Charlson Comorbidity Index (namely, hypertension, smoking status, and diabetes items) (34).

MRI Data Acquisition
MRI scans were acquired on a 3T Siemens TiM Trio (Siemens,
Erlangen, Germany) equipped with a 32-channel head coil at
the Center for Biomedical Imaging and Neuromodulation of the
Nathan Kline Institute for Psychiatric Research. For patients
who were under antidepressant treatment, 1-week washout
was done before MRI data acquisition. Anatomical imaging
included a dual-echo T1-weighted magnetization prepared
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rapid acquisition gradient-echo for coregistration with functional data (repetition time = 2500 ms, echo time = 3.5 ms, slice
thickness = 1 mm, inversion time = 1200 ms, 256 axial slices,
matrix = 256 3 256, 1-mm isovoxel, ﬁeld of view = 256 mm).
Resting-state images were acquired using a single-shot, T2weighted echo planar blood oxygen level–dependent
contrast image, which allowed whole brain coverage (repetition time = 2500 ms, echo time = 30 ms, ﬂip angle = 80 , slice
thickness = 3 mm, 38 axial slices, matrix = 72 3 72, 3-mm
isovoxel, ﬁeld of view = 216 mm, integrated parallel acquisition techniques factor = 2). Acquisition time was 6 minutes, 15
seconds (150 volumes). Patients were instructed to stay awake
with eyes closed. Wakefulness during the scan was veriﬁed at
the end of the resting-state sequence by the MR technician.

Image Preprocessing
The preprocessing of resting-state data was performed using
Data Processing Assistant for Resting-State fMRI (DPARSF)
4.3 Advanced Edition (35), a software plug-in within
DPABI_V3.0_171210 (http://rfmri.org/dpabi), which is based on
SPM (http://www.ﬁl.ion.ucl.ac.uk/spm/software/spm8).
The ﬁrst 5 volumes of the blood oxygen level–dependent
sequence were discarded to reduce relaxation effects. The
remaining images were then corrected for slice timing and
head motion. T1 images were skull-stripped, coregistered to
functional images, and segmented into gray matter, white
matter, and cerebrospinal ﬂuid based on SPM priors. Global
signal regression was not applied because it can bias effects
on local and long-range correlations (36). In lieu of global signal
regression, CompCor, a component-based noise correction
method, was used to reduce the effect of physiological noise
(37). Nuisance regression was applied using white matter,
cerebrospinal ﬂuid, and Friston 24 motion parameters as
covariates. The images were segmented and spatially
normalized using DARTEL (38), resampled to 3-mm isovoxels,
and smoothed with a Gaussian kernel of 4-mm full width half
maximum. In the ReHo data analysis (13) only, smoothing was
not performed during preprocessing but just after ReHo
calculation. Lastly, the resulting fMRI data were ﬁltered (0.01 ,
f , 0.1 Hz) to reduce low-frequency drift and high-frequency
physiological noise.
To minimize physiologic sources of head displacement, we
adopted the following exclusion strategies: 1) Participants with
Van Dijk framewise displacement (FD) (mean relative rootmean-square) (39) greater than 2 SD above the mean were
excluded (40), as well as those with absolute mean FD . 0.2
mm. 2) Participants with single-frame maximum head motion
of .2.5 mm of displacement in any direction (x, y, or z) or 2.5
of angular motion were also excluded. While this is a somewhat lenient motion correction approach, these parameters
were selected because a more conservative approach may not
have been appropriate for our older sample with difﬁculties in
executive function.

ReHo Data Analysis
ReHo was performed with DPARSF (35). Individual ReHo maps
were generated based on the Kendall’s coefﬁcient of concordance, which is computed as the correlation between the time
series of each voxel and those of its nearest neighbors (13) in a

voxelwise manner. Concordance was computed on 27 voxels
(the node voxel plus the 26 neighboring voxels), which is
suggested as the more appropriate cluster size to cover all
directions in 3-dimensional (3D) space (15). ReHo maps were
then standardized using the Fisher r-to-z transformation (zFC).

NeHo: rGBC Data Analysis
DPARSF was used to calculate the time series for each subject. To calculate the correlation between each voxel time
series and all the other voxels within brain networks, the
resulting preprocessed 4D NIfTI ﬁles were then used as inputs
in AFNI software (41) using 3dTcorrMap. We used the masking
option to restrict the analysis to 7 networks’ liberal masks (42):
visual network, somatomotor network, dorsal attention
network, ventral attention network, limbic network, frontoparietal network, and DMN. To examine regional effects that might
reﬂect local hubs of abnormal within-network connectivity, a
group-comparison map was created for each of the 7
networks.

Secondary Analysis: Homogeneity-Seeded
Functional Connectivity
Clusters of signiﬁcant CCN abnormal functional homogeneity
(ReHo or NeHo) from previous steps were ﬁrst saved as binary
masks and then entered as seeds in seed-based functional
connectivity analysis. FC maps were calculated from preprocessed data in a voxelwise manner and zFCs were calculated. For the seed-to-voxel functional connectivity analysis,
we used a voxel p-value threshold of p , .01 and cluster
threshold of p , .05.

Statistical Analysis
SPSS Statistics 25 (IBM Corp., Armonk, NY) was used to
perform 2-sample Student’s t tests and chi-squared tests on
demographic and clinical variables. DPARSF Statistical Analysis
tool was used to perform a 2-sample Student’s t test on the
groups’ ReHo maps, the rGBC maps and zFC maps with sex,
education, and mean framewise displacement as covariates.
Sex was regressed based on the evidence of its inﬂuence on
ReHo values at rest (43). To further control for the effect of
motion artifacts, mean framewise displacement values were
also used as a covariate. Finally, education was regressed
owing to the signiﬁcant difference between the 2 groups. Age
was not included as a covariate because the 2 samples are well
matched on that variable (Table 1). Multiple comparison
correction was carried out using Gaussian random ﬁeld with
smoothness estimated on statistical image directly. Given the
recent debate on spatial clustering (44,45), we adopted the
following threshold for both the ReHo and NeHo analyses: voxel
p value , .005, cluster p value , .05, 1-tailed. We used 1-tailed
Student’s t tests in all comparisons, because we had a priori
hypotheses that ReHo would be higher in the CCN and DMN,
as per the review by Iwabuchi et al. (16). Similarly, we hypothesized that for ReHo-seeded functional connectivity, higher
ReHo would be associated with lower functional connectivity.
To examine the association between ReHo or NeHo abnormalities and cognitive performance variables, zFC connectivity
values were extracted at the subject level from each signiﬁcantly different cluster and input into SPSS for further analysis.
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Table 1. Comparison Between Older Adults With Depression and Healthy Control Subjects on Demographic, Clinical, and
Cognitive Variables
Variable

LLD Group (n = 33)

Age, Years
Female, n (%)

72.2 (6.6)
21 (63.6%)

HC Group (n = 43)
73.4 (6.5)
25 (58.1%)

t Test

p Value

0.75

ns

0.24a

ns

4.65

,.001

Education, Years

14.4 (2.7)

17.0 (2.0)

HDRS Total Score

22.7 (4.3)

1.1 (1.1)

227.9

DRS Total (n = 75)

138.8 (4.2)

140.8 (3.1)

2.3

,.05

DRS Attention

36.0 (1.2)

36.3 (1.4)

1.0

ns

DRS I/P (n = 75)

36.2 (1.5)

36.7 (0.7)

1.6

ns

5.8 (0.6)

5.9 (0.4)

1.0

ns

DRS Conceptualization

37.3 (1.7)

37.5 (2.9)

0.2

ns

DRS Memory

23.3 (2.4)

24.5 (0.7)

2.8

,.01

TMT-A (n = 74)

62.5 (51.0)

38.6 (14.2)

22.6

,.05

TMT-B (n = 74)

137.4 (74.7)

86.3 (33.4)

23.6

Stroop Word

85.4 (16.6)

98.5 (16.7)

3.4

,.01

Stroop Color

55.2 (11.8)

64.3 (11.6)

3.4

,.01

Stroop Color Word

31.0 (8.3)

35.0 (9.2)

2.0

,.05

Digit Span Forward (n = 75)

7.1 (2.3)

8.2 (2.4)

2.0

Digit Span Backward (n = 74)

5.9 (2.2)

6.9 (1.8)

2.2

,.05

13.0 (3.8)

15.1 (3.5)

2.6

,.05

1.0 (1.1)

0.6 (0.8)

21.5

ns

0.071 (0.03)

0.068 (0.03)

20.43

ns

DRS Construction

Digit Span Total (n = 74)
Vascular Risk (n = 73)
Mean FD

,.001

,.001

.052

Values are mean (SD) unless otherwise indicated.
DRS, Dementia Rating Scale; FD, framewise displacement, measured as van Dijk's mean relative root-mean-square; HC, healthy control; HDRS,
Hamilton Depression Rating Scale; I/P, Initiation/Perseveration; LLD, late-life depression; ns, not signiﬁcant; TMT, Trail-Making Test (Parts A and B).
a 2
c test.

Correlations between signiﬁcant clusters’ connectivity values
and those cognitive variables that showed to be signiﬁcantly
different between groups were calculated, as well as with age,
education, depression severity, and vascular risk. Cognitive
variables that were found to be signiﬁcantly correlated with
ReHo or NeHo were included in listwise hierarchical linear
regression models as outcome variables. Each regression
model included 2 steps, the ﬁrst accounting for the effect of
covariates and the second for the independent effect of ReHo
or NeHo.

Exploratory Analysis. We used SPSS Statistics 25 to

conduct 2 additional exploratory analyses. First, we examined
sex as a moderator in the association of ReHo and cognitive
performance. The hierarchical regression models described
above were run with an additional third step that entered a
ReHo 3 sex interaction term to identify the moderating effect
of sex differences in accounting for the relationship between
ReHo and cognitive variables. We also examined the association between ReHo and cognitive variables that did not differ
between groups at baseline. ReHo values were extracted at
the subject level and correlated with cognitive scores using
Spearman’s rank-order correlation approach.

RESULTS
Participants
Demographic, clinical, and cognitive characteristics of the
sample are summarized in Table 1. Compared with control
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subjects (n = 43), the group with depression (n = 33) had fewer
years of education; greater HDRS total score; and poorer
performance on DRS Total, DRS Memory, TMT-A, TMT-B,
Stroop Word, Stroop Color, Stroop Color Word, Digit Span
Backward, and Digit Span Total (all p , .05). We also report
that vascular risk and framewise displacement did not signiﬁcantly differ between groups.

ReHo in Patients With Depression Versus Control
Subjects
A signiﬁcant group difference between older adults with
depression and control subjects in ReHo was detected in the
dorsal anterior cingulate cortex (dACC) bilaterally, a region on
the edge of paracingulate and medial frontal gyri, and the right
middle temporal gyrus (rMTG), with patients with depression
having greater ReHo relative to healthy control subjects. Results are summarized in Table 2. Figure 1 shows the depressed
versus control groups map comparison.

Association Between ReHo and Executive Function
To investigate the relationship between increased ReHo in
the 2 clusters (ACC and rMTG) and executive functions,
Spearman correlations were performed within the two
groups. Within older adults with depression, ACC ReHo
signiﬁcantly correlated with TMT-B (r = 2.552, p = .001),
Digit Span Backward (r = .459, p , .01), Digit Span Total
score (r = .468, p , .01), and education (r = .509, p , .01)
(all false discovery rate [FDR] q , 0.05); the only correlation
with rMTG ReHo that survived FDR correction was with
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Table 2. Clusters of Abnormal ReHo and ReHo-Seeded FC (Older Adults With Depression Versus Healthy Control Subjects)
Clusters

R/L

Cluster Size

Peak MNI Coordinates (x, y, z)

Peak Effect Size

Bilateral
Right

80

26, 39, 36

4.14a

96

57, 221, 26

4.76a

Bilateral

208

212, 251, 69

23.56b

Increased ReHo
ACC
Middle temporal gyrus
ACC ReHo-Seeded FC
Precuneus

ACC, anterior cingulate cortex; FC, functional connectivity; GRF, Gaussian random ﬁeld; MNI, Montreal Neurological Institute; ReHo, regional
homogeneity; R/L, right/left.
a
Voxel p , .005, GRF-corrected cluster p , .05.
b
Voxel p , .01, GRF-corrected cluster p , .05.

education (r = .464, p , .01). Within healthy control subjects,
no correlation survived FDR correction. Scatterplots of the
relation between ACC ReHo and executive measures are
displayed in Figure 2.
Based on these correlations, 3 regression models were
utilized. We respectively entered TMT-B, Digit Span Backward, and Digit Span Total scores as outcome variables in
each model (Table 3). In model 1 (TMT-B as outcome), we ﬁrst
entered age, education, and HDRS total score as covariates.
Age and education because they correlated with TMT-B
(respectively, age: r = .365, p , .05; education: r = 2.433,
p , .05) and HDRS total score to detect the effect of ReHo on

executive functions independent of depression severity. In a
second step, we added ACC ReHo to the model to examine
its contribution to the explained variance above and beyond
covariates. In models 2 and 3 (Digit Span Backward and Digit
Span Total as outcomes, respectively), we ﬁrst entered only
HDRS as covariate because age and education did not
signiﬁcantly correlate with Digit Span Backward or Digit Span
Total performance. Among patients, in model 1, ReHo
signiﬁcantly predicted TMT-B scores (DR2 = .08, p = .047)
above and beyond covariates; this ﬁnal model predicted
almost half of the variance in TMT-B scores (R2 = .49; F =
6.61, p , .001). In model 2 (outcome Digit Span Backward)
and model 3 (outcome Digit Span Total score) ACC ReHo
signiﬁcantly predicted scores on cognitive outcomes (model
2: R2 = .23, F = 4.35, p = .022; model 3: R2 = .23, F = 4.40, p =
.021) above and beyond HDRS (model 2: DR2 = .20, p = .011;
model 3: DR2 = .18, p = .014). None of these models were
signiﬁcant in the healthy comparisons group.

web 4C=FPO

ReHo Exploratory Analyses. We performed exploratory

Figure 1. Clusters of signiﬁcant regional homogeneity (ReHo) increase in

older adults with depression compared with healthy control subjects.
Clusters Gaussian random ﬁeld–corrected voxel p , .005, cluster p , .05.
ACC, anterior cingulate cortex; L, left; R, right; R-MTG, right middle temporal
gyrus; T, t score.

analyses to examine the potential moderator effects of sex
differences on the association between ReHo and measures of
executive function and to examine the relationship between
ReHo and performance on tasks that did not show group differences at baseline between participants with depression and
healthy control subjects.
We performed exploratory regression models with sex as a
moderator. These models included the variables and covariates reported above and in Table 3. In model 1 (TMT-B as
outcome), age, education, and HDRS total were entered as
covariates in the ﬁrst step, ACC ReHo was entered as a predictor in the next step, and an ACC ReHo 3 sex interaction
term was entered in the next step to explore the moderating
effect. In model 1, the addition of the ACC ReHo 3 sex
moderator was not signiﬁcant (DR2 = 2.11, p = .12). In models
2 and 3 (Digit Span Backward and Digit Span Total as outcomes, respectively), HDRS total was entered as a covariate in
the ﬁrst step, ACC ReHo was entered as a predictor in the next
step, and an ACC ReHo 3 sex interaction term was entered in
the next step to explore the moderating effect. In model 2, the
addition of the ACC ReHo 3 sex moderator was also not
signiﬁcant (DR2 = 2.004, p = .70). In model 3, the addition of
the ACC ReHo 3 sex moderator was also not signiﬁcant
(DR2 = 2.03, p = .34). These exploratory results suggest that
sex differences did not account for a signiﬁcant amount of the
variance in explaining the observed relationship between ACC
ReHo and executive function.
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Figure 2. Scatterplots of the relations between dorsal anterior cingulate (ACC) regional homogeneity (ReHo) values and executive performance in older
adults with depression and healthy control subjects. (Left) A 3-dimensional view of dorsal ACC cluster of increased ReHo in patients compared with control
subjects (BrainNet Viewer) (62). (Center to right) Scatterplots of the relation between ACC ReHo r-to-z values to executive performance. TMT-B, Trail Making
Test B.

We also examined the relationship of ACC and MTG ReHo
to the measures of the cognitive battery that did not show
signiﬁcant group differences at baseline (i.e., the following
subscales of the DRS: Attention, Initiation/Perseveration,
Construction, and Conceptualization). There were no signiﬁcant correlations between ACC or MTG ReHo and DRS subscale scores in the LLD group or in the healthy control
subjects.

connectivity involving the bilateral precuneus. Given the
exploratory nature of this secondary analysis, here we applied
a less conservative threshold of voxel p value , .01, cluster p
value , .05 (Figure 3). Within older adults with depression, zFC
values extracted from this area correlated with DRS total score
(r = 2.367, p , .05) and education (r = 2.353, p , .05),
although neither survived FDR correction.

NeHo in Patients With Depression Versus Control
Subjects

DISCUSSION

NeHo, as measured by rGBC, did not signiﬁcantly differ between participants with depression and control subjects in any
of the 7 networks analyzed. Among the network group comparison maps, no regional effect survived Gaussian random
ﬁeld correction in any of the 7 networks of rGBC. Therefore,
NeHo values were not extracted and correlations with cognitive performance were not performed.

Secondary Analysis: ReHo-Seeded Functional
Connectivity
We used the ACC cluster of increased ReHo as a data-driven
seed to explore seed-based zFC maps in both groups. Group
comparisons were performed through independent 2-sample
Student’s t test and revealed a region of decreased

The principal ﬁnding of this study is that relative to healthy
elderly control subjects, elderly participants with depression
display increased functional ReHo in the CCN. Speciﬁcally, local
homogeneity of the dACC, as measured by ReHo, was higher in
participants with depression relative to control subjects.
Furthermore, increased ReHo in the ACC predicted better
cognitive control performance as measured by brief clinical
measures of working memory and task switching. Another nonCCN region, the rMTG, displayed increased functional ReHo but
did not predict performance on objective clinical measures of
cognitive control. Our results expand on previous reports of
aberrant spontaneous activation at rest in the CCN of individuals
with LLD (3,4,46). However, the application of ReHo in this study
improves on some of the limitations inherent to previously used
seed-based approaches.

Table 3. Final Regression Models
R2

DR2

B

SE

b

t

p Value

Model 1: TMT-B as Outcome Variable
Age

–

–

3.15

1.61

.28

1.96

.061

Education

–

–

29.27

4.36

2.34

22.12

.043

HDRS Total Score
ACC ReHo

–

–

22.64

2.40

2.15

21.10

.282

.49

.08

272.45

34.82

2.34

22.08

.047

20.07

0.08

2.14

20.88

.383

2.72

1.00

.44

2.71

.011

20.16

0.14

2.19

21.16

.255

4.57

1.75

.43

2.60

.014

Overall Model: F = 6.61, p , .001
Model 2: Digit Span Backward as Outcome Variable
HDRS Total Score
ACC ReHo

–

–

.23

.20

Overall Model: F = 4.35, p = .022
Model 3: Digit Span Total Score as Outcome Variable
HDRS Total Score
ACC ReHo

–

–

.23

.18

Overall Model: F = 4.40, p = .021

ACC, anterior cingulate cortex; HDRS, Hamilton Depression Rating Scale; ReHo, regional homogeneity; TMT-B, Trail-Making Test Part B.
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Figure 3. Clusters of signiﬁcantly decreased regional homogeneity–
seeded functional connectivity in older adults with depression compared
with healthy control subjects. A 3-dimensional view (BrainNet Viewer) (62) of
precuneus clusters Gaussian random ﬁeld–corrected voxel p , .01, cluster
p , .05. L, left; R, right; T, t score.

Within older adults with depression, higher ReHo of the dACC
was primarily associated with better cognitive ﬂexibility and
working memory, as revealed by the signiﬁcant contribution of
dACC ReHo to explain variance in performance on TMT-B, Digit
Span Backward, and Digit Span Total. Increased ReHo in the
rMTG did not relate to measures of cognitive control. The relationship between dACC ReHo and stronger cognitive control
performance in older adults with depression indicates that ReHo
may be a meaningful neurobiological measure of the organization
of the CCN at rest. Because LLD patients show increased ReHo
values in the dACC, which in turns relates to better executive
functions, we propose that a higher ReHo in the ACC may be a
compensatory mechanism necessary to support select executive functions in LLD.
Although there have been some reports of abnormal ReHo
regions within the CCN in older adults with depression
(17–19,47), these ﬁndings have not been consistently linked to
the clinical expression of poor cognitive control. A preliminary
study (20), conducted in a small sample of patients in remission, revealed a negative relation between ReHo of other CCN
regions (superior frontal gyrus) and TMT-B performance.
Our ﬁndings support the association between executive
functions in depression and CCN connectivity (3,46). Within
the CCN, we observed increased ReHo in the dACC. This
subregion acts in concert with other components of the
CCN, and in healthy individuals it is associated with
increased engagement of other cognitive control regions
(e.g., posterior parietal cortices, lateral prefrontal cortex)
(10,48,49). Across a number of psychiatric conditions, gray
matter volume reduction of the dorsal ACC relates to executive dysfunction (48). Dorsal ACC activation during cognitive
control tasks may predict subsequent cognitive decline in
LLD (50) and is associated with conﬂict monitoring during
Stroop tasks (51). Furthermore, dorsal ACC volume predicts
treatment response in LLD (52), consistent with the idea that
the dACC may be an integral node of the CCN that plays a
role in illness course.

ReHo correlates with measures of “functional segregation”
such as local efﬁciency and clustering coefﬁcients (22).
Therefore, increased ReHo may have similar biological significance reﬂecting a restriction of information transfer to spatially
close areas, at the expense of broader connections with more
distant brain regions. Regions of increased ReHo may be
functionally segregated from distant hubs and respond to
lesser information transfer by synchronizing their activity.
Within the aging brain, long-range connections with distant
hubs, rather than short-range connections, are preferentially
impaired (26,27). Of note, we did not observe signiﬁcant relationships between ReHo and executive functions in the
elderly adults without depression. It is possible that the functional segregation that higher ReHo may represent in older
adults with depression, which is reﬂected as weaker executive
performance, may be below a “threshold” in healthy older
adults that does not contribute to detectable difﬁculties on
measures of executive functions.
Converging evidence shows reduced functional connectivity between ACC and spatially distal brain regions in LLD
(3,46). We found that ReHo-seeded ACC has decreased connectivity with posterior regions of the bilateral precuneus. The
speciﬁc region of the precuneus to which we observed
decreased functional connectivity is a posterior component of
the frontoparietal network. The precuneus is believed to act in
concert with more anterior aspects of the frontoparietal
network to support cognitive control processes, and this
dACC/precuneus disruption may reﬂect aging-related disruption of long-range connections of the frontoparietal network
(53–55). Furthermore, this disruption in connectivity to the
precuneus converges with the putative role of the precuneus in
higher-order cognitive functions relevant to depression, such
as self-referential thinking and ﬁrst-person perspective taking
(56), as well as sustained attention, cognitive ﬂexibility, and
task switching (57). ReHo may play a compensatory role
through the segregation of information processing at the local
level, in accordance with prior reports indicating that the
strength of ACC-seeded internetwork connectivity relates to
the expression of depression (58).
In contrast with the examination of potential widespread,
across-network ReHo abnormalities, our approach to NeHo
(rGBC) allowed us to examine group differences in the average
connectivity of 7 independent networks. Contrary to our hypotheses, the comparison of rGBC in older adults with
depression versus in control subjects did not show signiﬁcantly different clusters of across-voxel connectivity in any of
the 7 networks analyzed. This result suggests that averaging
the correlation between voxels of vast brain regions may mask
subtle effects detectable at a more local level. Although conducting a functional homogeneity analysis at the network level
avoids the bias of seed selection and placement process, in
this case the application of a priori network templates may
have contributed to the lack of signiﬁcant group differences.
The use of data-driven network masks, in place of a priori
network templates, could facilitate further studies in identifying
foci of abnormal NeHo in the aging brain.
Our ﬁndings should be interpreted within the context of its
limitations. First, the cross-sectional nature of the study does
not allow us to infer causality. We applied a somewhat lenient
motion correction threshold; this was done to avoid possible
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sample bias, because more cognitively impaired subjects tend
to move more in the scanner (59); to mitigate motion effect, we
accounted for motion in both the preprocessing and the
group-level analyses. An additional methodological limitation is
the length of the resting-state scan (6 minutes, 15 seconds),
which is of a relatively short duration by current standards.
Work by Zuo et al. (60) supports the stationarity of ReHo over
time, showing high intrascan reliability across multiple scan
sessions with resting-state scans of a shorter duration (5 minutes). However, data quality may be improved with longer
scan sequences and improved multiband acquisition parameters (61). In future studies, it will be important to replicate
these current results in scans of longer length to address
concerns of stationarity. The analyses were limited to the use
of a 3D ReHo technique instead of 2D ReHo, which investigates the brain surface (rather than brain volume) and may
be more speciﬁc to the organization of the cortical mantle;
however, we adopted 3D ReHo at 27 voxels (instead of 9
voxels) to cover all directions in 3D space (15). Additionally,
TMT-B is not a “pure” measure of set shifting and may include
a processing speed component. Finally, our subjects were
instructed to stay awake with eyes closed, a condition uncontrolled for arousal level; however, wakefulness status was
veriﬁed for each participant at the end of the session.

Conclusions and Future Directions
We observed that local functional homogeneity abnormalities
in the ACC, within the CCN, and in the MTG distinguished
between older adults with depression and healthy control
subjects. In contrast, averaging the functional connectivity at
the entire network level did not distinguish between the patients with depression and healthy control subjects on any of
the 7 networks analyzed. Increased ReHo within the CCN
predicted better cognitive ﬂexibility and working memory in
LLD, and the ReHo-seeded ACC cluster showed decreased
connectivity to posterior regions of the DMN. Increased ReHo
within the CCN of older adults with depression may represent a
segregation mechanism that attempts to preserve executive
performance. These ﬁndings provide a preliminary characterization of the brain’s functional topography in LLD and expand
on the existing model of CCN abnormalities in LLD.
These ﬁndings can be used to inform novel targets for interventions in individuals with depression with executive
dysfunction who do not respond to typical antidepressant
treatments. Such ﬁndings can be used to inform neurostimulation approaches, including transcranial magnetic
simulation and cognitive interventions that attempt to rescue
dysfunctional circuitry. Furthermore, future investigation of
LLD should focus on interactions between local and remote
levels of connectivity.
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Obsessive-Compulsive Disorder
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ABSTRACT
BACKGROUND: Obsessive-compulsive disorder (OCD) is a prevalent neuropsychiatric condition, with biological
models implicating disruption of cortically mediated inhibitory control pathways, ordinarily serving to regulate our
environmental responses and habits. The aim of this study was to evaluate inhibition-related cortical dysconnectivity
as a novel candidate vulnerability marker of OCD.
METHODS: In total, 20 patients with OCD, 18 clinically asymptomatic ﬁrst-degree relatives of patients with OCD, and
20 control participants took part in a neuroimaging study comprising a functional magnetic resonance imaging stop
signal task. Brain activations during the contrasts of interest were cluster thresholded, and a three-dimensional
watershed algorithm was used to decompose activation maps into discrete clusters. Functional connections
between these key neural nodes were examined using a generalized psychophysiological interaction model.
RESULTS: The three groups did not differ in terms of age, education level, gender, IQ, or behavioral task parameters.
Patients with OCD exhibited hyperactivation of the bilateral occipital cortex during the task versus the other groups.
Compared with control participants, patients with OCD and their relatives exhibited signiﬁcantly reduced connectivity
between neural nodes, including frontal cortical, middle occipital cortical, and cerebellar regions, during the stop
signal task.
CONCLUSIONS: These ﬁndings indicate that hypoconnectivity between anterior and posterior cortical regions during
inhibitory control represents a candidate vulnerability marker for OCD. Such vulnerability markers, if found to
generalize, may be valuable to shed light on etiological processes contributing not only to OCD but also obsessivecompulsive–related disorders more widely.
Keywords: Compulsivity, Disinhibition, Inhibition, OCD, Phenotype, Phenotyping
https://doi.org/10.1016/j.bpsc.2019.09.010

Obsessive-compulsive disorder (OCD) constitutes a global
public health concern (1–3) and has been estimated to affect
2% to 3% of the population worldwide (4,5). Family and twin
studies have provided strong evidence of a heritable contribution to the disorder (6), yet attempts to identify speciﬁc
genetic loci have met with only partial success. For example,
particular single nucleotide polymorphisms regulating cortical
(especially serotonergic and dopaminergic) neurotransmission
have been implicated in OCD, but inconsistently and typically
with individually small effect sizes (7). It has been proposed
that such limitations may be overcome in the future by using
intermediate biomarkers such as those combining imaging and
cognition (8–11). Fundamentally, OCD can be considered as
the mechanistic end point of underlying psychological and
brain processes (12). Intermediate-level, biologically grounded
vulnerability markers for OCD are lacking. By identifying latent
vulnerability markers (phenotypes) linked with underpinning
psychological processes contributing to a range of related

mental disorders, new insights may be gleaned into underlying
causal mechanisms, including genetic ones, cutting across
conventionally discrete obsessive-compulsive and related
disorders (13,14).
In prior work, it was suggested that objective measures of
loss of inhibitory control constitute candidate latent phenotypes for OCD (15). Deﬁcits on neuropsychological tasks of
motor inhibition, including the stop signal task (SST) (16,17),
have been observed in patients with OCD versus control participants, as now also shown by a meta-analysis (18). These
deﬁcits have also been found in clinically asymptomatic ﬁrstdegree relatives of patients with OCD in several studies
(16,19), highlighting their potential value as intermediate
phenotypic markers of vulnerability. Cortico-subcortical circuits have been centrally implicated in OCD symptomatology
(20). While initial OCD models focused on the prefrontal cortex,
recent data implicate other cortical regions and the cerebellum
in their pathophysiology (11,21–24). In a recent meta-analysis

ª 2019 Society of Biological Psychiatry. Published by Elsevier Inc. This is an open access article under the
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of the available functional imaging literature, OCD was associated with hypoactivation during inhibitory control tasks in the
anterior cingulate cortex, anterior insula/frontal operculum,
supramarginal gyrus, orbitofrontal cortex, and thalamus/
caudate (25). The SST is contingent on frontal lobe integrity
and activates a distributed neural network, including frontal but
also posterior brain regions (26–28). This task has been found
to exhibit abnormal activation in patients with OCD and their
clinically unaffected ﬁrst-degree relatives (29) and so may be
valuable for addressing connectivity vulnerability markers of
the disorder.
While functional imaging has been widely used to explore
case-control differences in brain activation in OCD
(16,21,25,30,31), subsequent research has also elicited differences in the functional connectivity between different cortical
regions. In a meta-analysis of seed-based resting-state functional imaging studies, OCD was associated with hypoconnectivity between frontoparietal (executive), salience, and
default mode networks (22). Using the Multi-Source Interference task, which examines aspects of cognitive control, a prior
study found altered regional connectivities in patients with OCD
compared with control participants, including in paralimbic,
sensorimotor, and default mode networks (32). In a functional
imaging study using an SST, (33), abnormal negative coupling
was found in patients with OCD versus control participants
between the inferior frontal gyrus and amygdala. Similar results
were evident, but to a lesser degree, in ﬁrst-degree relatives of
patients versus control participants (33).
The aim of this study therefore was to examine brain dysconnectivity during response inhibition as a candidate latent
vulnerability marker for OCD. We hypothesized that patients
with OCD and their clinically asymptomatic ﬁrst-degree relatives would exhibit reduced connectivity between frontal and
posterior brain regions within the inhibitory control network.

Adult Reading Test estimates IQ. For patients with OCD,
symptom severity was assessed via interview using the YaleBrown Obsessive-Compulsive Scale (37).
Inclusion criteria across all groups were being of adult age,
being right-handed according to the Edinburgh Handedness
Inventory (38), and being willing to provide written informed
consent. Exclusion criteria across all groups were the inability
to tolerate scanning procedures (e.g., owing to history of
claustrophobia), contraindication to scanning (e.g., metallic
implant, pregnancy), current depression (deﬁned as those individuals meeting DSM criteria on the MINI and/or those with
an MADRS score .15), current mental health disorder on the
MINI (except OCD in the OCD group), history of neurologic
disorders (e.g., Tourette’s syndrome, tics, major head trauma),
history of psychosis, and history of bipolar disorder. In the
OCD group, participants were required to meet DSM criteria for
the disorder based on clinical interview and the MINI, to have
primarily washing/checking symptoms, and to have a YaleBrown Obsessive-Compulsive Scale total score .16. Our
rationale for including patients with mainly washing/checking
symptoms was that washing symptoms in particular are
extremely common in OCD (5), and we wished to include the
same symptom-related criteria as in our previous caserelative-control behavioral study (19). Patients with OCD with
clinically signiﬁcant hoarding were excluded because hoarding
differs from mainstream OCD and is now listed separately from
OCD in diagnostic nosological systems (39). In the OCD relatives group and control group, participants were required to be
free from history of OCD (including no clinically signiﬁcant
symptoms based on extended clinical assessment such as the
MINI), to be free from other mainstream mental disorders (e.g.,
mood disorder, anxiety disorder), and to not be receiving
psychotropic medication(s).

METHODS AND MATERIALS

Stop Signal Task

Participants
Patients with OCD were recruited from a National Health
Service treatment center in the United Kingdom. Each patient
entering into the study gave permission for the study team to
contact a ﬁrst-degree relative (by preference this was a samegendered, similarly aged sibling when possible). Healthy control participants were recruited using media advertisements.
Participants provided written informed consent after having the
opportunity to read the information sheets and ask questions
of the study team. The study was approved by the Cambridge
Research Ethics Committee.
All study participants participated in an extended clinical
interview supplemented by the Mini International Neuropsychiatric Interview (MINI; DSM-IV/ICD-10 version) (34), the
Montgomery–Åsberg Depression Rating Scale (MADRS) (35),
and the National Adult Reading Test (36). The MINI version
used identiﬁes the following mental disorders: major depressive disorder, dysthymia, suicidality, manic episodes, panic
disorder, agoraphobia, social phobia, posttraumatic stress
disorder, alcohol dependence/abuse, substance dependence/
abuse, psychotic disorders, anorexia nervosa, bulimia nervosa,
generalized anxiety disorder, and antisocial personality disorder. The MADRS rates depressive symptoms, and the National

Participants completed pretraining on the SST (40) prior to
functional magnetic resonance imaging (fMRI), with a view to
minimizing between-group differences in behavioral measures
that can confound interpretation of imaging connectivity data.
Participants then completed the task during fMRI. We used a
version of the task optimized for fMRI as described elsewhere
(41). In brief, individuals viewed a series of left- and rightpointing arrows (the go signals) and were instructed to
respond as quickly as possible by clicking the button with their
right hand, depending on which direction the arrow was
pointing. Intermittently, a down-pointing arrow (the stop signal)
would appear on the screen for a variable time interval (initially
200 ms) after a go signal, and participants were instructed to
stop their initiated response when it appeared. By modulating
the go–stop gap as previously described, the task was
designed for a 50% successful inhibition outcome and was
performed by each participant for approximately 8 minutes.
The stop signal reaction time was calculated using the simple/
standard way for such designs, that is, by subtracting the
mean go–stop interval from the mean reaction time. Scanner
behavioral data recorded for each participant are presented in
the Supplement, with analyses indicating that the task design
functioned correctly [no behavioral differences between
groups and p(inhibit) close to 50% in each group as expected].
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Functional Imaging Acquisition
Imaging data were acquired at the Wolfson Brain Imaging
Centre at the University of Cambridge. Participants were
scanned with a 3T Siemens TIM Trio scanner (Siemens Corp.,
Erlangen, Germany). While the participants were undertaking
the SST, blood oxygen level–dependent sensitive threedimensional volume images were acquired every 2 seconds.
The ﬁrst 10 images were discarded to account for equilibrium
effects of T1. Each image volume consisted of 32 slices of 4
mm thickness, with in-plane resolution of 3 3 3 mm and
orientated parallel with the anterior commissure–posterior
commissure line. A standard echo-planar imaging sequence
was used with 78 ﬂip angle, 30 ms echo time, and temporal
resolution of 1.1 seconds in a continuous descending
sequence. The ﬁeld of view of images was 192 3 192 mm, a
64 3 64 matrix, 0.51 ms echo spacing, and 2232 Hz/pixel
bandwidth. In addition, a 1-mm resolution magnetization prepared rapid acquisition gradient-echo structural scan was
collected for each individual with a 256 3 240 3 192 matrix,
900 ms inversion time, 2.99 ms echo time, and 9 ﬂip angle.
Scan preprocessing was conducted using the standard procedure in SPM12. Data for each participant were motion corrected, registered to the structural magnetization prepared
rapid acquisition gradient-echo, spatially warped onto the
standard Montreal Neurological Institute template using DARTEL toolbox, upsampled to 2-mm cubed voxels, and spatially
smoothed using a Gaussian ﬁlter (8 mm full width at half
maximum Gaussian kernel).

General Linear Modeling Analysis
fMRI data were analyzed to determine blood oxygen level–
dependent signal changes in response to participants performing the SST. General linear model analysis was applied at
the individual participant level in SPM12. The data were highpass ﬁltered (cutoff period = 180 seconds) to remove lowfrequency drifts in the MRI signal. Regressor functions for
each condition were created by convolving timing functions
indicating the onset of each of six event types, with a basis
function representing the canonical hemodynamic response.
The event types were successfully versus unsuccessfully
inhibited left or right responses and the left or right responses
in go trials. Six regressors were included representing rotations
and translations for the x-, y-, and z-axes.

Group-Level Analysis
Whole-brain maps depicting beta weights for the experimental
predictor functions from the ﬁrst-level models were collated for
group-level analyses using a full-factorial 2 3 2 3 3 design,
where outcome of the stop trials (successful inhibition or unsuccessful inhibition) and the direction with which the
response was made were the within-subject factors and group
(OCD, relative, or control) was the between-subject factor. The
following four a priori voxelwise contrasts were estimated: 1)
the positive effect of condition (t contrast of the mean of all
stop trials vs. 0), which captures regions of the brain that are
signiﬁcantly active during stop trials; 2) successful minus failed
stop trials; 3) the main effect of group; and 4) the group 3
condition interaction. To correct for multiple comparisons
across the whole-brain mass, contrast images were
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thresholded at p , .05 voxelwise, and false discovery rate
cluster correction was then applied at p , .05. Signiﬁcant effects of group were further interpreted by ﬁtting 5-mm-radius
spheres at the peak coordinates of a given signiﬁcant F test
map and conducting post hoc permutation tests for each
groupwise comparison (10,000 permutations per test).

Regions of Interest
Regions of interest (ROIs) were generated by our in-house
three-dimensional watershed transform algorithm (42,43). The
method was used because it can accurately and efﬁciently
decompose thresholded statistical activation maps into
discrete clusters even when the clusters are contiguous. It was
conducted at the group level based on the thresholded statistical maps to enable connectivity across the activated
network to be examined. When generating the ROIs, the
within-subject contrasts (1 and 2) were also thresholded voxelwise at p , .01 to focus on the most active brain regions. The
ROIs formed the basis of the connectivity analyses.

Connectivity Analysis
Measures of task-evoked network connectivity were estimated
using psychophysiological interaction (PPI) models, which
quantify how the correlation in activity between pairs of brain
regions differs across task conditions. Notably, the classic PPI
method focuses on a single task contrast across task conditions. More recently, a generalized form of PPI (gPPI) was
developed that simultaneously assesses the impact on connectivity of multiple task conditions. We used a custom
MATLAB (The MathWorks, Inc., Natick, MA) implementation of
the following gPPI model:
Y T ¼ b0 1 ½Y S ; HðXÞ; EbG 1 ½Y S  HðXÞbj 1 e;
where X was the matrix containing psychological time courses
(i.e., time courses for encode, maintain, and probe events) and
HðXÞ was the hemodynamic response function convolution of
that matrix; Y T was the target time series and Y S was the
source time series; E was the nuisance regressor matrix
deﬁned previously in the preprocessing stage; bG included
weights of no interest and bj included the weights for the PPI
predictors, which were the target of further analysis; b0 was the
intercept and ewas the residual error. This model was estimated for all pairs of connections to form a connectivity matrix,
and upper and lower triangles were averaged to form an undirected weighted connectivity matrix for each condition in the
design matrix. gPPI models included successful inhibition,
failed inhibition, and go trials for each participant group. Two
contrasts were generated: all stop signals minus all go trials
and successful minus failed stop signal trials. Mixed analyses
of variance were applied to test for signiﬁcant differences
among the three groups in the pattern of PPI estimates across
ROIs. Pairwise t tests were then applied at an uncorrected
p , .01 threshold to characterize the basis of any signiﬁcant
interactions.

RESULTS
In total, 20 patients with OCD, 18 of their nonsymptomatic
ﬁrst-degree relatives, and 20 control participants completed
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Table 1. Demographic and Clinical Characteristics of Patients With Obsessive-Compulsive Disorder, Their Unaffected FirstDegree Relatives, and Healthy Control Participants
Patients
(n = 20)

Relatives
(n = 18)

Control Participants
(n = 20)

Statistic

37.6 6 14.6

40.7 6 10.8

36.3 6 8.3

F2 = 0.7115

.4954

20 (17:3)

18 (13:5)

20 (15:5)

c22 = 1.007

.6044

115.4 6 5.2

114.6 6 7.2

115.9 6 6.2

Kruskal–Wallis statistic = 0.23

.8914

p

Demographic Measures
Age, years
Gender, n (male:female)
NART IQ
Clinical Measures
7.5 6 7.5

2.33 6 3.3

1.30 6 3.4

Kruskal–Wallis statistic = 16.05

.0003

Y-BOCS obsessions

MADRS

11.15 6 2.58

–

–

–

–

Y-BOCS compulsions

11.85 6 2.62

–

–

–

–

Y-BOCS total

22.50 6 5.30

–

–

–

–

Values are presented as mean 6 standard deviation unless otherwise stated. One-way analysis of variance or Kruskal–Wallis statistical tests
were used depending on the normality of data.
MADRS, Montgomery–Åsberg Depression Rating Scale; NART, National Adult Reading Test; Y-BOCS, Yale-Brown Obsessive Compulsive Scale.

the study. The demographic and clinical features of the sample
are presented in Table 1, where it can be seen that the groups
were well matched on age, gender, and IQ. As expected, patients with OCD scored signiﬁcantly higher on MADRS total
scores than the other groups, but mean scores were well
below the threshold for clinically signiﬁcant depression, in
keeping with the exclusion criteria used. Task-related behavioral measures did not differ signiﬁcantly among the groups
(see Supplement). The following numbers of patients were
taking psychotropic medication: eight selective serotonin reuptake inhibition monotherapy and two selective serotonin
reuptake inhibitor plus low-dose antipsychotic medication.
One patient was also taking occasional lorazepam but had not
taken this within 48 hours of study participation.

Activation Results for the SST

web 4C=FPO

Activation differences for the SST contrasts of interest, along
with the extracted ROIs, are summarized in Figure 1 (all false

discovery rate ps , .05). There was a main effect of group
(Figure 1A), yielding group differences mainly in the occipital
lobes, speciﬁcally in the left and right occipital cortex (Brodmann areas 18 and 19), the temporal occipital fusiform cortex
(Brodmann area 37), and the cerebellum. Post hoc permutation
tests indicated that the group effect was due to hyperactivation in patients with OCD versus both other groups
maximal in the bilateral lateral occipital complex (both ps ,
.001) (Supplemental Figure S1). Brain regions signiﬁcantly
activated during stop signal trials, across all participants, are
shown in Figure 1B. It can be seen that the SST activated the
distributed inhibitory control network, including the bilateral
inferior frontal gyrus, insula, and anterior cingulate cortex. For
the contrast of successful minus failed stops across all participants, relative hypoactivation was observed (Figure 1C) in
regions associated with motor responses (including Brodmann
areas 4 and 6). This is consistent with failed stops activating
relevant motor areas owing to action as compared with there

Figure 1. Signiﬁcant activation maps for the contrasts of interest during the stop signal task. (A) Brain regions showing a main effect of group (false discovery

rate p , .05). (B) Brain regions activated during stop signal trials (false discovery rate p , .05). (C) Brain regions underactivated for successful minus failed stops
(false discovery rate p , .05). (D) Regions of interest for subsequent connectivity analyses on a brain map and also labeled, generated from the above contrasts
and color coded in keeping with (A) to (C). Ant, anterior; Inf, inferior; L, left; Mid, middle; Oper, operculum; Post, posterior; R, right; Sup, superior.
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being no motor response for successful stops. The interaction
of group 3 successful minus failed inhibition did not yield
signiﬁcant regions.

Group Differences in Connectivity for the SST
The 29 functional ROIs from the above activation maps
(Figure 1D) were used for the subsequent connectivity analysis. For the SST contrast (stop signal minus go trials), there
was no signiﬁcant main effect of group on gPPI connectivity
(F = 0.69, p = .50), there was a signiﬁcant effect of connection
(F = 1.78, p = .011), and there was no signiﬁcant interaction
(F = 1.17, p = .19) (all Greenhouse–Geisser corrected). When
applied to the success minus fail contrast, there was a signiﬁcant main effect of group (F = 3.67, p = .032) and connection (F = 1.71, p = .016) and a signiﬁcant interaction (F = 1.38,
p = .041) (all Greenhouse–Geisser corrected). These results
indicated that the task conditions affected network connectivity in different ways across the three groups. To characterize
the basis of the effects at the node level, the coefﬁcients were
contrasted pairwise for patients and their relatives versus
control participants, thresholded at p , .01 two tailed
(Figure 2). A widespread pattern of reduced connectivity was
evident in patients with OCD and their relatives. Summing the
number of supra-threshold connections for each node highlighted a high degree of abnormality affecting cerebellum area
crus 1 connectivity bilaterally, middle occipital gyrus bilaterally,
superior frontal gyrus and superior medial frontal cortex, left
middle temporal, and left postcentral gyri.

DISCUSSION
This study evaluated functional brain dysconnectivity during
response inhibition as a candidate vulnerability marker for
OCD. Consistent with our hypothesis, the key ﬁnding was that
patients with OCD and their ﬁrst-degree relatives had abnormally reduced functional connectivity during the SST between
frontal and posterior brain regions, including the frontal cortex,
occipital cortex, and cerebellum. These novel ﬁndings accord
well with the notion that functional connectomics constitutes a
candidate vulnerability marker for OCD, supporting neurobiological models of the disorder implicating loss of cortically
mediated inhibitory control, not only constrained to the frontal
lobes but also involving distant posterior brain regions (15,44).
Conventional analysis conﬁrmed that the fMRI SST activated neural circuitry, including the bilateral inferior frontal
cortex and anterior cingulate cortex as well as more posterior
parts of the brain playing a role in visual attention streams
(Figure 1). This is in keeping with prior lines of research
implicating such regions in cortically mediated motor inhibition
processes (26,45–47). We generated a set of ROIs using an
innovative watershed algorithm to examine connectivity differences between groups using a gPPI model. This identiﬁed
widespread patterns of hypoconnectivity, common to patients
with OCD and their relatives, versus control participants in
frontal and posterior brain regions (Figure 2). Overall group
differences in connectivity during the SST were speciﬁcally
detected during the success–fail contrast, with connectivity
being lower in patients and relatives versus control participants. In the absence of signiﬁcant overall stop–go differences
in connectivity among the groups, this suggests that patients
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with OCD and their relatives had higher connectivity for failed
stops and/or lower connectivity for successful stops compared
with control participants. Ultimately, determining what this
means on a process level requires further investigation
examining causal dynamics. However, the implicated neural
regions are likely to operate via mutual bidirectional connections to facilitate response inhibition (48). It is interesting to
note that certain frontal brain regions found to be abnormally
connected here during response inhibition (i.e., inferior frontal
cortex/insula) were previously found to exhibit reduced striatalrelated connectivity in OCD in association with cognitive
rigidity (49).
The most commonly dysconnected nodes common to patients and their asymptomatic ﬁrst-degree relatives included
frontal cortical, occipital, and cerebellar regions (Figure 2).
Conventional neurobiological models of OCD have focused on
the frontal lobes, whereas the current ﬁndings implicate
abnormal connections involving not only frontal brain regions
but also these other brain regions. This is in keeping with
several tiers of OCD research more broadly (21,24,50),
including connectivity studies. For example, resting-state
connectivity changes in OCD were maximal in the cerebellar
crus 1 region (51), and machine learning algorithms designed
to discriminate patients with OCD from control participants
based on resting-state connectivity indicated important contributions from not only frontal regions but also occipital and
cerebellar regions (52). To our knowledge, only one previous
study has examined task-related functional dysconnectivity as
a candidate vulnerability marker for OCD (53). This study found
reduced functional connectivity between the right dorsolateral
prefrontal cortex and the basal ganglia (putamen) during executive planning (53). Resting-state connectivity changes have
also been described in the literature, in patients with OCD and
their relatives, involving distributed brain regions (54,55).
Collectively, the emerging evidence thus suggests important
dysconnectivity not only between cortical and subcortical regions but also between anatomically distant cortical regions in
OCD, ﬁndings that are likely to be contingent on the nature of
the cognitive probe used to explore such neural circuitry.
In terms of group differences in SST-related brain activation
(as opposed to functional connectivity), we found differences
in posterior brain regions, maximal in the bilateral lateral occipital complex. This result was attributable to hyperactivation
in patients versus both other groups, whereas activation in
relatives did not differ from control participants in this region.
There was no group 3 successful minus failed inhibition
interaction, indicating that this abnormality was common to
inhibition trials on the task whether or not inhibition was successful. The lateral occipital complex plays an important role in
visual attentional processing, including representation and
perception of objects (56) and faces (57). One interpretation of
the current ﬁnding is that hyperactivation of this visual processing region may be related to hypervigilance in OCD or an
expectation of an environmental threat. Owing to the unpredicted nature of this result, replication is required before ﬁrm
conclusions can be made. Nonetheless, this result suggests
that tasks designed to probe visual attentional streams may be
valuable in OCD research.
Although this is the ﬁrst study to address inhibitory control–
related functional connectivity as a candidate vulnerability
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Figure 2. Results from connectivity analyses. (A) Schemaball showing abnormally hypoconnected regions in patients with obsessive-compulsive disorder
and relatives versus control participants. Each region of interest (ROI) is indicated by a peripheral label. Curved lines within the circle indicate ROI–ROI
connections that were signiﬁcantly hypoconnected in patients and relatives versus control participants. Thicker curved lines indicate greater abnormality
(mean psychophysiological interaction coefﬁcient). The outer circumference of the circle is color coded to indicate the contrast of interest as per Figure 1, and
the size of nodes on the peripheral circle represents the total number of suprathreshold abnormal connections (i.e., nodal degree). (B) Glass brain representation of abnormal connections from (A) to show anatomical extents. (C) List of all ROIs and the number of suprathreshold connections with other regions
for each ROI. Color codings refer to the task contrasts of interest. AA, Automated Anatomical Labeling; Inf, inferior; L, left; Mid, middle; MNI, Montreal
Neurological Institute; Post, posterior; R, right; Sup, superior.
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marker for OCD, several limitations should be considered. We
recruited patients with primarily washing/checking OCD
symptoms who did not have comorbidities. As such, it remains
to be demonstrated whether the ﬁndings generalize to patients
with other primary symptoms or to those who have comorbidities. Owing to the sample size, power may be limited. Our
approach could be viewed as conservative because nodes of
interest were generated using false discovery rate p , .05;
hence, and in view of the sample size, some neural nodes
implicated in OCD, but with a smaller effect size, may have
been overlooked. Presupplementary motor activation abnormalities were previously found in patients with OCD and their
relatives (29), but we could not replicate this ﬁnding in the
relevant ROIs (see Supplemental Table S2). Likely because
participants were pretrained, they did not differ on stop signal
behavioral measures; this is an advantage because it simpliﬁes
imaging interpretation, but the corollary is that our study did
not measure neural changes related to impaired inhibition but
rather measured neural changes related to inhibition per se.
Owing to the nature of the gPPI analysis, it could not be
established whether there was heightened connectivity during
go trials or decreased connectivity during stop trials in the
patients and relatives. Our connectivity difference was in the
contrast of successful–failed stop trials. Control participants
showed heightened connectivity when stopping was successful relative to unsuccessful. In OCD, this effect was
reduced. This is an interesting pattern of connectivity difference. Patients with OCD may be engaging the network more
during unsuccessful stop trials, in line with abnormal post-error
processing. Or, it may be that they engage the network less
during the successful stop trials. The fact that we see this
difference but no cross- group difference for stop–go suggests
that it is both. This aspect could be assessed in future studies
by including rest blocks, allowing activity and connectivity
during routine responding to be estimated separate from the
resting baseline. While some patients with OCD were receiving
psychotropic medications, functional dysconnectivity was also
found in these patients’ relatives who were not receiving any
psychotropic medications. Hence, while we cannot address
effects of such pharmacotherapies on connectivity owing to
the sample size, our key ﬁndings were not due to such effects.
Prior work found treatment-related changes in activation
during a Stroop task, which examines attentional inhibition
processes, in patients with OCD (58). Future work should
examine effects of treatment on functional connectivity during
inhibition tasks in OCD. We did not observe robust differences
between the OCD and ﬁrst-degree relative groups in functional
connectivity. Identiﬁcation of differences between these two
types of group using larger samples in future work may be
valuable to identify mechanisms associated with chronicity/
instantiation of OCD as opposed to vulnerability toward OCD.
Lastly, the current study focused on cortical functional connectivity; however, given the prominent role of the basal
ganglia in OCD models, future work should also look at
cortico-subcortical connectivity on the SST, with there already
being evidence of abnormalities in OCD using an executive
planning task (53).
In conclusion, we found that hypoconnectivity during
response inhibition, involving frontal and posterior brain regions, may constitute a candidate vulnerability marker for
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OCD. Future studies could use such cognitive probe connectivity approaches to help delineate etiological factors involved
in OCD and extend research into other obsessive-compulsive–
related disorders (59).
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Duration of Untreated Psychosis Correlates With
Brain Connectivity and Morphology in
Medication-Naïve Patients With First-Episode
Psychosis
Jose O. Maximo, Eric A. Nelson, William P. Armstrong, Nina V. Kraguljac, and Adrienne C. Lahti

ABSTRACT
BACKGROUND: In the United States, the average duration of untreated psychosis (DUP) is 21 months, and it remains
unknown how longer DUP may affect brain functioning in antipsychotic-naïve patients with ﬁrst-episode psychosis.
The objective was to determine the effects of DUP on functional connectivity and brain morphology measured with
resting-state functional and structural magnetic resonance imaging.
METHODS: Medication-naïve patients with ﬁrst-episode psychosis were referred from various clinical settings. After
accounting for exclusion criteria, attrition, and data quality, ﬁnal analyses included 55 patients (35 male and 20
female; mean age, 24.18 years). Patients with ﬁrst-episode psychosis were subjected to a 16-week trial of
risperidone, a commonly used antipsychotic drug. Treatment response was calculated as change in the psychosis
subscale of the Brief Psychiatric Rating Scale between baseline and 16 weeks. Resting-state functional
connectivity magnetic resonance imaging and brain morphology (surface area and cortical thickness) were assessed.
RESULTS: Longer DUP was associated with worse treatment response and reduced functional connectivity—more
speciﬁcally in the default, salience, and executive networks. Moreover, longer DUP was associated with reduced
surface area in the salience and executive networks and with increased cortical thickness in the default mode and
salience networks. When the functional connectivity of the default mode network was added as a mediator, the
relationship between DUP and treatment response was no longer signiﬁcant.
CONCLUSIONS: These data suggest that several neurobiological alterations in the form of reduced functional
connectivity and surface area and increased cortical thickness underpin the effect of prolonged DUP.
Keywords: Brain networks, Duration of untreated psychosis, Functional connectivity, Morphology, Resting state,
Treatment response
https://doi.org/10.1016/j.bpsc.2019.10.014

Meta-analyses (1–3) have consistently identiﬁed an association between the duration of untreated psychosis (DUP), which
is the duration between the onset of positive symptoms and
treatment, and clinical outcomes (1,4,5). This relationship is
found across various lengths of follow-up periods, suggesting
that DUP inﬂuences the long-term course of the illness (6).
Given that in the United States the average DUP is 74 weeks
(7), the National Institute of Mental Health has deemed it critical
to identify strategies to reduce the DUP (8) in an effort to
alleviate the overall disease burden in patients on the psychosis spectrum.
Importantly, active psychosis might adversely affect the
brain (9), possibly via NMDA receptor hypofunctioning (10–12),
increased dopaminergic activity (13), or persistent catecholaminergic and hypothalamic-pituitary-adrenal axis activity (14).
Several studies have attempted to characterize the effects of
DUP on the brain with noninvasive brain imaging techniques
including T1-weighted imaging (15–19), diffusion-weighted
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imaging (20), functional magnetic resonance imaging (MRI)
(21,22), and MR spectroscopy (23). While not all studies have
detected a direct relationship between DUP and brain structure
or function [see review by (24)], methodological limitations
such as prior exposure to antipsychotic drugs (APDs) and
variable illness durations at the time of assessment may have
disguised existing associations (25–28). To address these
limitations, we designed a prospective multimodal imaging
study with the goal to investigate the impact of the DUP on
brain structure and function in medication-naïve patients with
ﬁrst-episode psychosis (FEP).
Connectome analyses have provided abundant data suggesting that 3 large-scale brain networks deemed critical for
higher-order cognitive processes—the default mode network
(DMN), salience network (SN), and central executive network
(CEN) (29)—are affected in the illness. Importantly, deﬁcits are
observed in both functional connectivity (FC) and cortical
morphology (30,31), suggesting a possible relationship
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between functional and structural alterations in these brain
networks. The goal of this longitudinal multimodal imaging
study was twofold: ﬁrst, to examine the relationship among the
DUP and the 3-network FC and cortical morphology in medication-naïve patients with FEP; and second, to evaluate their
contributions to eventual treatment response following APD
treatment. Because it can take up to 16 weeks for patients with
FEP to respond (32), we measured treatment response over
this period. We hypothesized that longer DUP would be
associated with reduced FC and altered cortical morphology,
as well as with poor treatment response. We further hypothesized that these functional and morphological alterations
would mediate the link between DUP and treatment response.
To our knowledge, this is the ﬁrst study to examine DUP in
medication-naïve patients with FEP from a multimodal imaging
approach.

METHODS AND MATERIALS
Participants
We screened 169 medication-naïve patients with FEP,
recruited from outpatient clinics, inpatient units, and the
emergency department at the University of Alabama at Birmingham. Studies were approved by the University of Alabama
at Birmingham Institutional Review Board, and written
informed consent was obtained before enrollment (patients
with FEP had to be deemed competent to provide consent).
Exclusion criteria were major neurological or medical conditions, history of signiﬁcant head trauma, substance use disorders (excluding nicotine and cannabis) within 1 month of
imaging, $5 days of lifetime antipsychotic exposure, pregnancy or breastfeeding, and MRI contraindications. There were
103 medication-naïve patients with FEP who did not meet inclusion criteria and 7 who dropped before start of antipsychotic trial, which left us with a sample size of 59. This number
dropped to 55 after quality control (see Data Preprocessing).
Scans were obtained prior to treatment. Patients underwent
a 16-week treatment with risperidone using a ﬂexible dosing
regimen. Risperidone was started at 1 to 2 mg and titrated in 1to 2-mg increments; dosing was based on therapeutic effect
and side effects. Use of concomitant medications was permitted
as clinically indicated, and these medications were prescribed
after the MRI session. During the trial, the following medications
were prescribed for 24 medication-naïve patients with FEP:
amphetamine (n = 1), benztropine (n = 16), sertraline (n = 7),
escitalopram (n = 1), lithium (n = 1), trazodone (n = 2), lorazepam
(n = 1), valproic acid (n = 1), and bupropion (n = 1). Seven patients were taking more than one medication. Compliance was
monitored with pill counts at each visit. The interval between
scanning and antipsychotic initiation was ,24 hours.

Clinical Assessment
Consensus diagnoses were made according to DSM-5 criteria
by 2 board-certiﬁed psychiatrists from all historical and direct
assessment information available (ACL and NVK). Determination of DUP was based on information provided by the patient
and caregivers during screening as well as any time during the
16-week trial period. The Brief Psychiatric Rating Scale (BPRS)
and Repeatable Battery for the Assessment of
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Neuropsychological Status were used to assess symptom
severity and cognition (33,34). Treatment response (TR) was
deﬁned as the percentage of change on the BPRS psychosis
(BPRS1) subscale from baseline to 16 weeks of risperidone,
where a greater percentage indicates a greater reduction in
positive symptoms: [(BPRS1Baseline – BPRS1Week 16)/
(BPRS1Baseline)] 3 (2100). TR data were available for 41
medication-naïve patients with FEP.

Data Acquisition
All imaging was performed on a 3T whole-body Siemens
MAGNETOM Prisma MRI scanner (Siemens AG, Erlangen,
Germany) equipped with a 20-channel head coil. A highresolution T1-weighted structural scan was acquired for
anatomical reference and morphological analyses (magnetization prepared rapid acquisition gradient-echo: repetition
time = 2400 ms; echo time = 2.22 ms; inversion time = 1000
ms; ﬂip angle = 8 ; generalized autocalibrating partially parallel
acquisitions (GRAPPA) factor = 2; voxel size = 0.8 mm3). A T2weighted image was also obtained (repetition time = 3200 ms;
echo time = 563.0 ms; ﬂip angle = 8 ; GRAPPA factor = 2, 208
slices, voxel size = 0.8 mm3). Resting-state functional MRI
data were acquired in opposing phase encoding directions
(anterior . posterior and posterior . anterior; repetition time =
1550 ms; echo time = 37.80 ms; ﬂip angle = 71 , ﬁeld of view =
104 mm2; multiband acceleration factor = 4; voxel size= 2
mm3; 225 volumes, and 72 axial slices). Subjects were
instructed to keep their eyes open and let their mind wander.

Data Preprocessing
Morphological Data. Structural images were processed

and analyzed using FreeSurfer 6.0 (http://surfer.nmr.mgh.
harvard.edu/) (35,36) using standard preprocessing steps.
Brieﬂy, T1- and T2-weighted images were skull stripped (37),
segmented, and parceled into units based on gyral and sulcal
structure in FSL, resulting in estimates for volume, cortical
thickness, and surface area (38). Data quality was assessed
with the Qoala-T Tool (Lara Wierenga, Ph.D., and Eduard
Klapwijk, Ph.D.; https://github.com/Qoala-T/Qoala-T), which
uses a supervised-learning model to reduce rater bias and
misclassiﬁcation (39). Scans with a Qoala-T score ,70% were
visually inspected for accuracy in pial and white matter surface
registration. Two structural scans were removed from ﬁnal
analysis owing to irreparable artifacts, resulting in 53 medication-naïve patients with FEP for morphometric analyses.

Resting-State Functional MRI Data. Data were analyzed

using the CONN toolbox version 18a (https://web.conn-toolbox.
org/) (40). After discarding the ﬁrst 10 volumes of each scan
allowing for signal equilibration, ﬁeld inhomogeneities were
corrected in FSL’s topup and merged, resulting in a single 4dimensional image of 430 total volumes (41). Functional images were then slice-timing and motion corrected using rigidbody realignment, coregistered to the structural image,
normalized to Montreal Neurological Institute space, bandpass
ﬁltered (0.008 , f , 0.08 Hz), and spatially smoothed with a 4mm full width at half maximum Gaussian kernel.
Framewise displacement and percentage of censored data
were then calculated (42). Motion outliers as detected by the
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Figure 1. Clusters of signiﬁcant partial correlations between duration of untreated psychosis (DUP) with functional connectivity (pFDR , .05) and masks
rendered on FreeSurfer’s fsaverage brain used for brain morphology analyses and partial correlation plots for (A) default mode, (B) salience, and (C) central
executive networks. For functional connectivity–DUP correlations, signal from all clusters were averaged and plotted with DUP for data visualization purposes.
All data are standardized (std.) residuals from controlling for age, sex, and intracranial volume (morphological analyses). CEN, central executive network; DMN,
default mode network; FDR, false discovery rate; L, left; LH, left hemisphere; LPPC, left posterior parietal cortex; R, right; RH, right hemisphere; RPPC, right
posterior parietal cortex; SN, salience network.
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Artifact Detection Tools toolbox (NeuroImaging Tools and Resources Collaboratory, https://www.nitrc.org/projects/artifact_
detect/) were censored (composite volume-to-volume motion
.0.9 mm and intensity .5 SDs), and the 6 motion parameters
derived from rigid-body realignment and their derivatives, as well
as the ﬁrst 5 component time series derived from cerebrospinal
ﬂuid and white matter using aCompCor within the CONN toolbox
and corresponding derivatives, were regressed out from the signal.
After excluding patients who dropped out from the study,
did not have a baseline MRI scan (n = 1), had irreparable artifacts (n = 1), or had excessive head motion (n = 2), our ﬁnal
sample included 55 patients.

Statistical Analyses
For morphometric analyses (volume, cortical thickness, and
surface), labels of the DMN, SN, and CEN deﬁned from the
CorticalParcellation_Yeo2011 (FreeSurfer) (43) were projected
onto each subject. Measures were extracted from right and left
hemisphere labels and entered into partial correlations with
DUP (log transformed to account for nonnormal distribution of
data) while controlling for age and estimated total intracranial
volume. Because sex and estimated total intracranial volume
were highly correlated, we only controlled for the latter.
For FC analyses, 4 CONN toolbox-based regions of interest
were used: DMN (posterior cingulate cortex), SN (right anterior
insula), and CEN (left and right posterior parietal cortexes). We
then created individual whole-brain z-transformed correlation
maps for each region of interest to each voxel of the brain.
Second-level analyses were performed for each correlation
map using separate general linear models with DUP with age,
sex, and framewise displacement as covariates. All analyses
were corrected using voxel (puncorrected , .01) and cluster-level
and false discovery rate (FDR) correction (pFDR , .05).
Finally, a mediation analysis was performed to examine
whether brain morphology and connectivity mediated the relationship between DUP and TR. A factor analysis via principal
component analysis was performed on the combined FC and
morphological results (Figure 1) to reduce the data and was
examined using a varimax rotation on SPSS, v25 (IBM Corp.,
Armonk, NY). In accordance with Judd and Kenny (44), we tested
whether 1) the effect of DUP on TR is signiﬁcant, 2) a signiﬁcant
relationship exists between DUP and brain data, 3) the relationship between brain data and TR is signiﬁcant, and 4) the direct
effect of DUP on TR adjusted for brain data is not signiﬁcant.

RESULTS
Demographics and Clinical Data
Demographic data are summarized in Table 1. The average
DUP was 19.65 months (SD = 39.42 months), and the median
was 6 months. Age and sex were not correlated with DUP.
Longer DUP prior to treatment was associated with worse TR
after controlling for age and sex (b = 20.376, p = .019).
Repeatable Battery for the Assessment of Neuropsychological
Status scores were not correlated with DUP.

Brain Functional Connectivity and Morphology
Results for DMN revealed signiﬁcant clusters of negative correlations between DUP and baseline posterior cingulate cortex
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Table 1. Demographics, Clinical Measures, and Data
Quality (n = 55)
Demographic Variables
Age, years

24.18 6 6.27 (14–40)

Sex, male, %
Parental occupationa

64
5.91 6 4.83 (1–18)

Cannabis users, %

31

Smokers, %

42

Smoking, packs per day

0.22 6 0.34 (0–1)

Clinical Variables
Diagnosis, n
Schizophrenia

27

Schizoaffective disorder

11

Bipolar disorder with psychosis

3

Schizophreniform disorder

2

Psychosis NOS

10

Brief psychotic disorder

1

Major depressive disorder with psychosis
DUP, months
Treatment response, %b

1
19.65 6 39.42 (0.5–180)
60.43 6 21.06 (9–82)

BPRS baselinec
Total

51.4 6 11.99 (32–84)

Positive

11.74 6 3.55 (3–20)

Negative

6.23 6 3.38 (3–16)

BPRS week 16d
Total

29.56 6 5.82 (20–45)

Positive

4.44 6 1.91 (3–10)

Negative

5.53 6 2.49 (3–12)

Risperidone dose at week 16, mg

4.76 6 2.42 (1–8)

RBANSe
Total index

75.67 6 15.04 (50–117)

Immediate memory

83.02 6 18.37 (44–123)

Visuospatial/constructional

76.40 6 17.20 (50–121)

Language

83.73 6 16.21 (40–112)

Attention

81.56 6 16.38 (43–109)

Delayed memory

79.69 6 13.26 (40–102)

Scan Quality Data
Volumes after scrubbing, %

93.77 6 6.97 (70–100)

Framewise displacement, mm

0.32 6 0.19 (0.11–0.89)

Values are mean 6 SD (range), unless otherwise indicated.
BPRS, Brief Psychiatric Rating Scale; DUP, duration of untreated
psychosis; NOS, not otherwise speciﬁed; RBANS, Repeatable
Battery for the Assessment of Neuropsychological Status.
a
Ranks determined from Diagnostic Interview for Genetic Studies
(1–18 scale); higher rank (lower numerical value) corresponds to
higher socioeconomic status.
b
Data available for 48 patients.
c
Data available for 53 patients.
d
Data available for 43 patients.
e
Data available for 41 patients.

FC in bilateral medial and pre- and postcentral regions (pFDR ,
.05) (Table 2). On the other hand, cortical thickness of the right
hemisphere was positively correlated with DUP (r = .25, p = .04)
(Figure 1A, Table 3). For the SN, signiﬁcant clusters showing
negative correlations between DUP and baseline right anterior
insula FC were found in bilateral temporal regions, left middle
frontal gyrus, right medial prefrontal gyrus, and right precentral
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Table 2. Regions Exhibiting Signiﬁcant Correlations Between FC and DUP, Separately for DMN, SN, and CEN
MNI Coordinates
Seed (Network)

Location, Hemisphere

PCC (DMN)

x

Frontal medial cortex

RAI (SN)

Cluster Size, Voxels

R2

212

42

212

196

.35

22

232

68

132

.25

Postcentral gyrus, R

36

228

64

124

.25

Planum temporale, R

64

232

8

530

.39

Middle temporal gyrus, L

260

246

24

313

.41

Middle frontal gyrus, L

238

32

22

197

.41

Supramarginal gyrus, L

242

246

40

173

.28

52

2

44

129

.31

Lateral occipital cortex, L

230

264

56

118

.29

Planum temporale, L

.28

260

226

10

111

Paracingulate gyrus, L

4

28

32

97

.28

Supramarginal gyrus, R

54

240

36

165

.31

248

252

212

141

.28

32

256

210

136

.38

258

4

34

115

.33

Middle frontal gyrus, R

48

16

34

112

.31

Supramarginal gyrus, R

66

238

28

372

.33

Inferior temporal gyrus, L
Temporal occipital, R
Precentral gyrus, L
LPPC (CEN)

z

Precentral gyrus, L

Precentral gyrus, L

RPPC (CEN)

y

CEN, central executive network; DMN, default mode network; DUP, duration of untreated psychosis; FC, functional connectivity; L, left; LPPC,
left posterior parietal cortex; MNI, Montreal Neurological Institute; PCC, posterior cingulate cortex; R, right; RAI, right anterior insula; RPPC, right
posterior parietal cortex; SN, salience network.

gyrus (pFDR , .05) (Table 2). Similarly, negative and positive
correlations with DUP were found between left hemisphere
surface area (r = 2.27, p = .03) and right hemisphere cortical
thickness (r = .28, p = .03), respectively (Figure 1B, Table 3).
Lastly, for CEN, signiﬁcant clusters showing a negative correlation between DUP and baseline right posterior parietal cortex
FC were found in left precentral, right angular, and ventral
temporal regions. In contrast, a cluster showing a positive
correlation was found in right middle gyrus, and when using the
left posterior parietal cortex seed, a cluster showing a negative
correlation between DUP and baseline connectivity was found
in the right angular gyrus (pFDR , .05) (Table 2). Similarly,
negative correlations between left and right hemisphere surface
were found with DUP (r = 2.28, p = .02 and r = 2.25, p = .04,
respectively) (Figure 1C, Table 3). No signiﬁcant correlations
emerged between DUP and cortical volume.

with the highest explained variance (34%) included loadings
from FC of DMN and SN after a varimax rotation solution;
however, it did not meet the requirements for being a potential
mediator (item 3 [see Statistical Analyses]). As an exploratory
approach, we tested separately the DMN and SN FC data for
potential mediation, given that the factor loadings came mostly
from these networks. We found that FC of the DMN that
correlated with DUP (clusters from Figure 1A) met all requirements for being a potential mediator, but FC of the SN did
not (44). When FC of the DMN was included as a mediator in
the model, the direct path from DUP to TR (b = 20.376, p =
.019) was no longer signiﬁcant (b = 20.396, p = .072), which
indicated that DUP exerted its effect on TR through FC of the
DMN (Figure 2). This analysis showed a signiﬁcant mediated
effect using a Sobel test (z = 21.94, p = .03).

Mediation Analysis

DISCUSSION

A total of 6 factors (of 22 total) had eigenvalues .1.0, cumulatively accounting for 77% of the total variance. The factor

To our knowledge, we are the ﬁrst to simultaneously investigate
brain function and structure in 3 major neural networks in antipsychotic-naïve patients with FEP to understand the neural
substrates of the relationship between DUP and clinical outcomes. We demonstrated that longer DUP was associated with
reduced FC in all 3 networks and a single cluster of increased
FC in the CEN network. Furthermore, we found that greater DUP
was associated with reduced surface area in the SN and CEN,
and we reported positive correlations between cortical thickness
and DUP in the SN and DMN. Importantly, our data empirically
support that DMN connectivity mediates the relationship between DUP and treatment response, implicating brain network
connectivity as a neurobiological underpinning of the relationship between longer DUP and poorer clinical outcomes.
Our ﬁndings are consistent with the only two studies that
examined FC in relation to DUP (21,22). Sarpal et al. (22)

Table 3. Correlations Between DUP and Brain Morphology,
Separately for DMN, SN, and CEN (n = 53)
Surface Area
Network

Cortical
Thickness

Volume

Left

Right

Left

Right

Left

Right

DMN

2.21a

2.21a

.17

.25b

2.11

2.05

SN

2.27b

2.23a

.15

.28b

2.18

2.08

CEN

2.25b

2.28b

.20a

.22a

2.14

2.12

All correlations are controlled for age and intracranial volume.
CEN, central executive network; DMN, default mode network; DUP,
duration of untreated psychosis; SN, salience network.
a
p , .1.
b
p , .05.
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Figure 2. Duration of untreated psychosis (DUP) signiﬁcantly predicts

treatment response (TR) (indicated by a). When the signal from signiﬁcant
clusters from Figure 1A (default mode network functional connectivity [FC
DMN]) is added to the model (indicated by b), DUP no longer predicts TR
(Sobel test [z = 21.94, p = .03]). std., standardized.

reported correlations between corticostriatal connectivity and
DUP in early phase schizophrenia with ,2 years of antipsychotic exposure. Similar to us, they found that corticostriatal
connectivity mediated the relationship between DUP and
treatment response. More recently, Manivannan et al. (21) reported correlations between task-based functional MRI using a
visuospatial working memory task with DUP in patients with
FEP (22 medication naïve and 12 with prior APD exposure).
We observed negative correlations between surface area of
SN and CEN, and positive correlations between cortical
thickness of DMN and SN with DUP. Previous studies reported
a set of mixed results, where some have found a direct link
between brain morphology and DUP (16–18) and others have
failed to do so (19,24). However, the majority of these studies
only examined volume. Because cortical thickness and surface
area have distinct developmental trajectories and genetic inﬂuences, they index different biological entities (45,46). Surface area is a loose representation of the number of
minicolumns running perpendicular to the surface of the brain,
whereas cortical thickness reﬂects the size, density, and
arrangement of neurons, neuroglia, and nerve ﬁbers (47).
Reduction in neuropil and GABAergic (gamma-aminobutyric
acidergic) interneurons (which are found in cortical minicolumns) previously found in schizophrenia in postmortem
studies may help explain reduction in surface area in frontal
and temporal areas (48–51). Similarly, increased cortical
thickness in medial prefrontal and insular regions may be
associated with brain inﬂammation, which has been found in
the early stages of schizophrenia and may be the result of
global and focal reduction, hypodensities, and deﬁcits in
myelin and activated microglia (52–56). Overall, reduction of
surface area and increased cortical thickness as a function of
DUP strongly point to alterations in the functional organization
of the neocortex with longer DUP.
While these ﬁndings suggest that one or several pathophysiologic processes underlie the DUP, the mechanism that
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may cause these alterations is currently unknown, although
different mechanisms have been proposed (10,15). Our principal component analysis of all signiﬁcant brain morphology
and functional connectivity matrix revealed a factor explaining
34% of the variance that is composed of FC only, indicating its
greater contribution to the association with the DUP.
Shorter DUP associated with better outcome implicates a
process by which APDs attenuate the pathophysiological
process underlying the DUP. Our results indicate that DMN
connectivity positively predicted TR and mediated the relationship between DUP and TR. Links between the DMN and
dopamine activity exist. Modulation of the DMN network has
been achieved with various dopaminergic compounds (57–60)
and is associated with striatal dopamine transporter activity
(61) and genetic variation of the COMT (catechol-Omethyltransferase) enzyme (62). We previously reported that
the FC between the ventral tegmental area, which is the origin
of mesocorticolimbic dopamine projections, and the DMN
predicted TR (27,28,63). In addition, a recent study that evaluated both structural and functional predictors of TR identiﬁed
DMN connectivity as the single most important predictor of
response (64). Together these results indicate an important
role of the DMN FC in treatment response, as well as being a
neurobiological underpinning of the relationship between DUP
and treatment response.
Like Bora et al. (65) and Goldberg et al. (4), we did not ﬁnd
an association between DUP and cognitive deﬁcits measured
with the Repeatable Battery for the Assessment of Neuropsychological Status. This may be because cognitive deﬁcits
are already established at the onset of psychosis and do not
worsen in the early stage of illness, or that more ﬁne-grained
measures of cognition are needed. Additionally, the heterogeneity within patients with FEP who show different levels of
cognitive impairment, could potentially mask this association
(66).
There are several strengths and limitations to our study. We
enrolled a sample of medication-naïve patients with FEP at ﬁrst
treatment contact in our medical center; the vast majority of
them had never been exposed to antipsychotic medications
before the ﬁrst scan, allowing us to study psychosis with
negligible confound of medications on measurements, although
medication before scanning could affect connectivity. We
chose not to exclude patients with cannabis use; approximately
30% of our sample tested positive for cannabis at study entry.
Though exposure to cannabis may affect brain structure and
function, it is among the major risk factors for developing a
psychotic illness and therefore highly clinically relevant.
Including only patients without a history of cannabis use would
have inadvertently biased our sample and limited the generalizability of our data. We also obtained DUP from patients and
their next of kin in a retrospective manner. A quantitative review
comparing methods of gauging DUP concluded that clinical
interviews are no less reliable than standardized assessment
tools, but that the deﬁnition of treatment onset as ﬁrst-ever
antipsychotic medication prescription or ﬁrst hospitalization
may have greater validity than other methods such as ﬁrst
adequate response to treatment (67).
To summarize, we simultaneously investigated brain function
and structure in 3 major neural networks in medication-naïve
patients with FEP and found that FC of the DMN mediated the
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relationship between DUP and treatment response, suggesting
a neurobiological mechanism underlying this phenomenon.
Overall, our ﬁndings add knowledge to the emerging theme of
the National Institute of Mental Health of further understanding
the neural correlates of DUP in psychopathology. Finally, these
ﬁndings highlight the importance of reducing DUP and initiation
of treatment as soon as possible to mitigate the detrimental
effects of psychosis on long-term clinical outcomes.
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ABSTRACT
BACKGROUND: Alcohol use disorder (AUD) is a chronic, relapsing condition with poor treatment outcomes. Both
alcohol craving and negative affect increase alcohol drinking, and—in healthy adults—can be attenuated using
cognitive strategies, which rely on the prefrontal cortex (PFC). However, AUD is associated with cognitive
impairments and PFC disruptions. Thus, we tested whether individuals with AUD can successfully recruit the PFC
to effectively regulate craving and negative emotions, whether neural mechanisms are shared between the two
types of regulation, and whether individual differences inﬂuence regulation success.
METHODS: During functional magnetic resonance imaging, participants with AUD completed the regulation of
craving task (n = 17) that compares a cue-induced craving condition with an instructed regulation condition. They also
completed the emotion regulation task (n = 15) that compares a negative affect condition with an instructed regulation
condition. Regulation strategies were drawn from cognitive behavioral therapy treatments for AUD. Self-reported
craving and negative affect were collected on each trial.
RESULTS: Individuals with AUD effectively regulated their craving and negative affect when instructed to do so using
cognitive behavioral therapy–based strategies. Regulation was associated with recruitment of both common and
distinct PFC regions across tasks, as well as with reduced activity in regions associated with craving and negative
affect (e.g., ventral striatum, amygdala). Effective regulation of craving was associated with negative alcohol
expectancies.
CONCLUSIONS: Both common and distinct regulatory systems underlie regulation of craving and negative emotions
in AUD, with notable individual differences. This has important implications for AUD treatment.
Keywords: Alcohol use disorder, Craving, Emotion regulation, fMRI, Negative affect, Regulation of craving
https://doi.org/10.1016/j.bpsc.2019.10.005

Today, alcohol remains the most commonly used psychoactive substance (other than caffeine) (1,2), despite mounting
evidence of its harmful effects (3). Importantly, 9% to 17% of
drinkers meet criteria for alcohol use disorder (AUD), a chronic,
relapsing condition (2,4,5) with enormous societal costs (6).
Many individuals with AUD never receive or delay treatment
(7–9), and the modal treatment outcome is relapse (10,11).
Therefore, it is important to understand the factors that
contribute to substance use disorders (SUDs), including AUD.

Craving and Its Regulation in AUD
One factor that contributes to drug and alcohol use is craving,
deﬁned as “a strong desire or urge” (12). Craving has been
linked to drug and alcohol use across retrospective reports
(13–15), prospective clinical studies (16–21), and ecological
momentary assessments (22–25). Such studies have found
that craving is cross-sectionally and prospectively associated
with increased drug use. Thus, craving was added as a diagnostic criterion for SUDs in the DSM-5 (12).

ISSN: 2451-9022

Importantly, craving can be triggered by stimuli that have
previously been associated with the substance (26). Such cueinduced craving has been directly linked to drug and alcohol
use (27–31). Additionally, intensity of cue-induced craving
predicts relapse to drugs (20,32) and alcohol (33–36), and increases in cue-induced responses are reported months into
abstinence (37). As such, cue-induced craving contributes to
high rates of relapse, and thereby to the chronicity of SUDs
and difﬁculty of treatment.
Given the role of cue-induced craving in relapse and SUD
maintenance, regulation of craving (ROC) has become an
important clinical target. In fact, cognitive behavioral therapy
(CBT) for SUDs focuses on situations in which individuals may
be exposed to drug cues or crave or seek the substance (38).
To cope with such “high-risk situations,” CBT teaches cognitive strategies, such as orienting individuals to focus on the
negative consequences of drug use [vs. pleasurable consequences (38)]. Importantly, recent experiments have demonstrated that cognitive strategies can reduce cue-induced
craving for cigarettes (39–41), stimulants (42,43), and food
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(39,40,44–46). Clinically, implementation of such strategies has
been associated with reduced smoking (47), and acquisition of
such skills mediates CBT treatment success for drug and/or
alcohol use (48). These data suggest that cognitive strategies
are an active component of CBT, at least in part owing to their
effects on reducing craving.
However, only one study, to our knowledge, has experimentally investigated ROC in AUD (49). In this previous study,
we taught participants to focus on the negative consequences
of drinking during cue-induced alcohol craving (38–40). We
observed that—compared with social drinkers—individuals
with AUD were less able to regulate craving using this CBTbased cognitive strategy (49). This is consistent with abundant evidence linking alcohol drinking to deﬁcits in cognitive
control [for a review, see Day et al. (50)] and studies that further
link deﬁcits to subsequent alcohol use [e.g., (51)].
Despite the clinical importance of the ability to regulate
craving, its underlying neural mechanisms have not been
investigated in AUD. Using functional magnetic resonance
imaging (fMRI), we previously showed that ROC in cigarette
smokers depends on recruitment of prefrontal brain regions,
such as the dorsolateral prefrontal cortex (dlPFC), ventrolateral
PFC (vlPFC), and dorsomedial PFC (dmPFC) (40). This was
accompanied by relative deactivations in reward-related regions, including the ventral striatum (VS) and ventromedial PFC
(vmPFC) (40). Similar ﬁndings have been reported in cocaine
use disorder (43) and with regulation of food craving (52–54).

Alcohol Expectancies
Regulation strategies require individuals to focus on the
negative effects of alcohol; thus, individual differences in expectancies about alcohol may affect ROC. For example, individuals who drink the most report higher expectations for the
positive effect of alcohol (55) and may disregard the negative
consequences of excessive drinking. However, it is unknown
whether individuals who have higher negative expectations are
better at regulating craving. Importantly, identiﬁcation of individual differences that modulate regulation processes may
help optimize and individualize treatments.

Negative Affect and Its Regulation in AUD
Negative affect is also thought to contribute to drug and
alcohol use (56–58). Indeed, many theories of SUDs and AUD
focus on reduction of negative affect as motives for consumption (57,59–61). In turn, the reduction of negative affect is
considered negatively reinforcing, increasing the likelihood of
continued use (62). Consistently, several lines of work link
negative affect, drug use, and SUDs. First, SUDs (including
AUD) frequently co-occur with mood and anxiety disorders
(6,56,63–65), and major depression predicts AUD (66). Second,
levels of self-reported negative affect have been linked to drug
use. For example, negative affect predicts relapse in cigarette
smokers (16) and correlates with drinking problems in adult
drinkers (67). Third, negative affective states trigger craving
across drug types. Speciﬁcally, acute induction of negative
affect has been shown to increase craving for cigarettes (68),
cocaine (69), opiates (70), and alcohol (33,71,72). Fourth,
negative affect and stress have been directly linked to drug use
and relapse after treatment (72).

240

Given the relationship between negative affect and drug
use, regulation of negative affect has important implications for
SUD treatment (along with ROC) (56). A rich literature has
demonstrated that healthy adults can use cognitive strategies
to regulate affective responses to aversive stimuli (73). A recent
meta-analysis demonstrated that regulation is associated with
recruitment of the dlPFC, vlPFC, and dmPFC (similar to ROC)
and with reduced activation in the amygdala (74). However,
cognitive emotion regulation (ER) has been poorly investigated
in SUDs, with only 2 published studies to date (to our knowledge). In these studies, cognitive strategies reduced negative
emotional responses toward negative images in nicotinedependent cigarette smokers (75) and patients with cocaine
use disorder (76).

Shared Neural Systems Supporting ROC and
Negative Emotion
An important remaining question is whether shared neural
mechanisms underlie the implementation of cognitive strategies to regulate craving and negative affect. Prior studies
suggest that neural activation during different types of selfcontrol may converge in the PFC (77,78). One study in
cigarette smokers found that the dlPFC, vlPFC, and dmPFC/
presupplementary motor area were activated across selfcontrol of emotion, craving, and motor impulses (78), suggesting a common prefrontal pathway supporting various
forms of cognitive regulation. However, this has yet to be
replicated in any population and has not been investigated in
AUD. Importantly, this question has implications for whether
regulation success in one domain may generalize to other
domains of regulation.
Notably, AUD has consistently been linked to disruptions in
PFC function and structure [for a review, see Goldstein and
Volkow (79)]. Human imaging studies have documented
reduced prefrontal gray matter volume in AUD (80–82), which
was further associated with executive function impairments
(80). In addition, alcohol drinkers exhibit altered PFC activity,
including hyperactivity in the vmPFC and anterior cingulate
cortex (ACC) during relaxing imagery (71), hypoactivity in the
medial PFC (mPFC) and ACC during threat processing (83),
and disruptions in the PFC during negative emotional processing (84–86). Investigating whether individuals with AUD
can effectively recruit PFC mechanisms during regulation will
inform treatment approaches that utilize cognitive strategies
(48).

The Current Study
To address these questions, we used fMRI to scan individuals
with AUD while they completed the ROC and ER tasks. These
tasks are speciﬁcally designed to examine the neural mechanisms underlying cognitive ROC and negative affect—invoked
using alcohol-related and negatively valenced pictures,
respectively—given the importance of these processes to
AUD. In addition, we tested whether there are shared prefrontal
mechanisms across these forms of cognitive regulation.
Further, we used self-report to assess regulation success
across tasks, and whether regulation success for alcohol
craving is modulated by individual differences in negative
alcohol expectancies.
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Table 1. Participant Demographics for Each Task
ROC Task
(n = 17)

Demographic
Characteristics

Mean 6 SD

Age, Years

33.35 6 10.97

Education, Years

14.29 6 1.21

ER Task
(n = 15)
%

Mean 6 SD

%

32.33 6 9.98
14.07 6 1.22

runs). All but the ﬁrst 2 participants were scanned in the afternoon (w4 PM) to minimize any diurnal variations in alcohol
craving; therefore, the 2 participants scanned in the morning
were excluded from ROC analysis. In addition, ROC data from
1 participant and ER data from 3 participants were excluded
for excessive motion or technical errors. Thus, the ﬁnal sample
included 17 participants for the ROC task and 15 participants
for the ER task. All procedures were approved by Yale University’s Institutional Review Board.

Female

41.2

40

Hispanic

17.6

20

White

47.1

40.0

Procedures

African American

47.1

46.7

More than 1 race

5.9

6.7

NA

0.0

6.7

Participants were instructed to abstain from alcohol on scanning day and from eating for 2 hours prior to their visit. Alcohol
abstinence was conﬁrmed using a breathalyzer (BACtrack, San
Francisco, CA). Psychoactive substance use was tested via
urinalysis (Redwood Toxicology Laboratory, Santa Rosa, CA).

Race

Diagnosis
Dependence

76.5

73.3

Abuse

23.5

26.7

Time Since Last Drink,
Hours
Average Drinks/Day During
Past Month

18.60 6 14.35

19.79 6 15.42

8.22 6 5.02

7.63 6 4.76

ER, emotion regulation; NA, not available; ROC, regulation of
craving.

Negative Alcohol Expectancy Questionnaire
The Negative Alcohol Expectancy Questionnaire (87) assessed
participants’ expectations about the negative consequences of
alcohol (3 subscales: same day, next day, long term). The longterm subscale is known to predict abstinence 3 months later (88).

ROC Task
METHODS AND MATERIALS
Participants
Twenty-six individuals with AUD (Table 1) participated in this
2-visit outpatient study. Recruitment was conducted via advertisements in the New Haven community. Participants were
eligible if they 1) met diagnostic criteria for alcohol abuse or
dependence (assessed via the Structured Clinical Interview for
DSM-IV Axis I Disorders); 2) did not meet criteria for any other
Axis I disorder, except nicotine dependence; 3) consumed $25
drinks/week for men and $20 drinks/week for women;
4) consumed alcohol on $4 days/week; and 5) could understand and consent to study procedures. Participants were
excluded if they 1) had contraindications for MRI (e.g., pregnancy,
metallic implants); 2) reported currently taking centrally active
medications; 3) tested positive for psychoactive drugs (cocaine,
opiates, methamphetamine, amphetamine, PCP, or benzodiazepines) as indicated by urinalysis; or 4) provided false information
during screening. All participants provided informed consent
during the initial screening visit and returned for fMRI scanning at
Yale University’s Magnetic Resonance Research Center.
A priori sample size and data collection stopping targets
were based on sample and effect sizes reported at the time in
the extant ER literature [i.e., commonly around 16–20 participants; for a meta-analysis, see Buhle et al. (74)], on our prior
study with the ROC task (n = 21) (40), and on availability of
funding. Four participants could not complete the MRI session
owing to unanticipated claustrophobia. One participant provided false information during screening, which was discovered following completion of the study. This participant’s data
were removed prior to analysis (speciﬁcally, we discovered that
the participant was previously enrolled in another study in our
lab and had provided conﬂicting information regarding his or
her substance use). Data from another participant were
excluded due to noncompliance (e.g., no responses in some

The ROC task assesses craving and ROC (39,40,42,45,49,89)
using an event-related design. On each trial, participants were
presented with a unique picture of alcohol or food shown to
induce craving in prior studies (Figure 1A) (39,40,49). Prior to the
picture, an instruction cue appeared in the center of the screen,
orienting participants to view the picture in one of two ways:
1) craving condition: “think about the immediate effects of
consuming the item,” indicated by the word NOW; or 2) regulation condition (based on CBT): “think about the long-term effects of regularly consuming the item,” indicated by the word
LATER. Importantly, to minimize demand characteristics, participants were not explicitly told to reduce craving. Then,
following an exponentially jittered interstimulus interval (w2.73
seconds) (90), participants rated the intensity of their craving on
a scale from 1 (not at all) to 5 (very much). Trials were separated
by exponentially jittered intertrial intervals (w3.43 seconds) (90).
Participants completed 4 runs (20 trials/run).

ER Task
The ER task assesses the regulation of negative affect
(73,74,91,92) in response to negative images using an eventrelated design. On each trial, participants were shown an instruction cue orienting them to view a subsequent picture in
one of two ways: 1) look condition: “simply look at the picture,”
indicated by the word LOOK, for neutral and negative pictures;
or 2) regulation condition: “think about the image in a less
negative way,” indicated by the word REAPPRAISE, for
negative pictures only (Figure 1B). Unique negative and neutral
pictures were drawn from the International Affective Picture
System (93). Following exponentially jittered interstimulus intervals (w2.8 seconds) (90), participants rated the intensity of
their negative affect on a scale from 1 (not at all) to 5 (very
negative). Trials were separated by exponentially jittered
intertrial intervals (w3.5 seconds) (90). Participants completed
4 runs (15 trials/run).
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Figure 1. Schematic representation of a single
trial of the (A) regulation of craving (ROC) and (B)
emotion regulation (ER) tasks. Trials in the two tasks
followed a parallel structure: each trial started with
an instruction presented in the center of the screen
(NOW or LATER in the ROC task; LOOK or REAPPRAISE in the ER task) for 2100 ms. The instructions
oriented participants to focus on the subsequently
presented picture in particular ways. Then, a picture
was presented for 6300 ms (alcohol or food in the
ROC task; negative or neutral image in the ER task).
A jittered interstimulus interval (1400–8400 ms) followed the image presentation. Participants were
then asked to make a rating of their craving (ROC) or
negative affect (ER) on a 5-point scale (2800 ms).
The intertrial interval was jittered at 2100–9100 ms.
IAPS, International Affective Picture System.

Behavioral Data Acquisition and Analysis

fMRI Data Acquisition and Analysis

The tasks were programmed in E-Prime version 2.0 (Psychology Software Tools, Sharpsburg, PA) and presented
using a back-projection mirror. Participants provided ratings
using an MRI-compatible 5-button box. Order of tasks was
counterbalanced. Analyses of behavioral data were conducted in SPSS, version 22 (IBM Corp., Armonk, NY). For the
ROC task, we conducted a 2 instruction (NOW/LATER) 3 2
image type (alcohol/food) repeated-measures analysis of
variance. For the ER task, we conducted a 1-way analysis
of variance with condition as a within-subjects factor with
3 levels (REAPPRAISE-Negative/LOOK-Negative/LOOKNeutral). Signiﬁcant effects were followed up using post hoc
pairwise comparisons. Finally, following prior studies using the
ROC and ER tasks [e.g., (40,49,89,92,94)], we calculated a
“regulation success” score for each participant, for each task.
Speciﬁcally, for the ROC task, the mean self-reported craving
during the regulation condition was subtracted from that
during the craving condition, and for the ER task, the mean
self-reported negative affect during the REAPPRAISENegative condition was subtracted from that during the
LOOK-Negative condition. Thus, for each task, positive
regulation success scores indicated successful reduction in
craving or negative affect, whereas negative scores indicated
an increase in craving or negative affect during the regulation
condition. We then assessed whether negative alcohol expectancies correlated with regulation success in the ROC
task, and whether ROC regulation success correlated with
regulation success in the ER task. A missing value on the
Negative Alcohol Expectancy Questionnaire was imputed for 1
participant (95,96). An alpha level of p , .05 was used across
analyses.

Participants were scanned in a 3T Siemens TIM Trio scanner
(Siemens AG, Munich, Germany). One participant was scanned
in a 3T Siemens Prisma (Siemens AG) due to scanner upgrade
during the study period (between-scanner differences are
minimal and do not compare with physiological noise) (97).
Importantly, excluding this participant did not change the main
ﬁndings; thus, we included these data in analyses. Scan parameters followed Human Connectome Project recommendations (98). Functional images were acquired with T2*-weighted
echo-planar pulse sequences with a multiband acceleration
factor of 6 (repetition time/echo time = 700 ms/31 ms; ﬂip
angle = 55 ; ﬁeld of view = 210 3 210 mm; 54 3 2.50 mm
slices). High-resolution structural images were acquired using
a single-shot, magnetization prepared rapid acquisition
gradient-echo sequence (repetition time/echo time = 2400 ms/
2.01 ms; ﬂip angle = 8 ; ﬁeld of view = 256 3 256 mm; 224 3
0.80 mm slices).
Functional images were preprocessed using SPM8 (Wellcome Trust Centre for Neuroimaging, London, United
Kingdom) following our prior work [e.g., (99)]. Speciﬁcally,
functional images were co-registered to the structural image,
motion-corrected, warped to the Montreal Neurological Institute template, and smoothed using a Gaussian ﬁlter (5-mm full
width at half maximum). Both before and after preprocessing,
data were subjected to multiple tests for quality assurance and
inspected for signal spiking and motion. Volumes were discarded if the root mean square of motion parameters exceeded half of a single voxel size (100). First-level modeling of trial
events was conducted using robust regression to reduce the
inﬂuence of strong outliers (99,101,102). Following prior work
[e.g., (40,92)], for both tasks, the instruction cue and picture
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Figure 2. Behavioral ratings (y-axis) from
the (A) regulation of craving and (B) emotion
regulation tasks, separated by condition
(x-axis). Signiﬁcance is noted: *p , .05,
**p , .01, ***p , .005, and ****p , .001.
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presentation periods were modeled together as boxcar regressors convolved with the hemodynamic response function,
using the general linear model. The rating period, motion parameters, their squares, and high-pass ﬁlter parameters were
included as additional regressors of no interest. Second-level
contrasts identiﬁed regions that were differentially activated
between conditions. Speciﬁcally, we calculated the
LATER.NOW contrast for the ROC task and the REAPPRAISE-Negative.LOOK-Negative contrast for the ER task.
Additionally, parametric analyses were performed to identify
regions that covaried trial by trial with self-reported levels of
craving in the ROC task and negative affect in the ER task.
To identify regions that were mutually activated during
regulation across tasks, we performed a formal conjunction
analysis between the primary group contrasts from the two
tasks using the minimum statistic approach, as previously
described (103,104) and as we implemented previously
(99,101). The conjunction map was deﬁned by setting the
statistical value at each voxel to the smaller of the two contrasts (LATER.NOW for the ROC task and REAPPRAISENegative.LOOK-Negative for the ER task). This allowed us to
formally represent voxels that were statistically signiﬁcant
across both contrasts. Finally, to test whether the regions
identiﬁed in the conjunction overlapped with those previously
reported as commonly activated across self-control types in
smokers, we masked the conjunction results with 6-mm
spheres centered around these peaks (78): vlPFC (248,
20, 26), dlPFC (244, 24, 30), and dmPFC/presupplementary
motor area (24, 16, 52).
Results were familywise error corrected at a combined
voxelwise and cluster threshold (k) of p , .05, with a voxelwise
threshold of p , .001 (105) (see Supplement for analyses
corrected with p , .005 voxelwise threshold). The estimated
spatial smoothness of the residual was used to determine the k
threshold for each second-level map: ROC task
LATER.NOW (k = 27), ROC task effect of craving as parametric regressor (k = 56), ER task REAPPRAISE-NEGATIVE.LOOK-Negative (k = 27), ER task effect of negative

affect as parametric regressor (k = 68), and ROC task and ER
task conjunction map (k = 2). The VS/subgenual ACC (sgACC)
and vmPFC/orbitofrontal cortex (OFC) in the ROC task and the
amygdala in the ER task were selected as a priori regions of
interest (ROIs), given the evidence implicating these areas in
craving and affective processing, respectively. To do this, the
amygdala ROI was deﬁned using an anatomical mask, while
the VS/sgACC and vmPFC/OFC ROIs were deﬁned
using spherical ROIs (radius = 6 mm) centered around peaks
previously observed during ROC in cigarette smokers (VS/
sgACC: 23, 11, 22; vmPFC/OFC: 0, 56, 22) (40). These
regions were considered signiﬁcant at a familywise error rate of
p , .05 using a voxelwise threshold of p , .005 and small
volume correction.

RESULTS
Self-reported Craving in the ROC Task
We found a main effect of instruction (F1,16 = 13.04, p = .002),
such that participants reported lower craving in LATER than in
NOW, as expected (t16 = 23.58, p = .003) (Figure 2A,
Supplemental Figure S1). We also found a main effect of image
type (F1,16 = 5.50, p = .03), such that alcohol images induced
signiﬁcantly greater craving than food (t16 = 2.48, p = .02). We
did not ﬁnd a signiﬁcant interaction (p = .24). Regulation success did not signiﬁcantly differ between image types (p = .24).

Self-reported Negative Affect in the ER Task
We found a main effect of condition (F1,14 = 57.70, p , .001),
such that participants reported greater negative affect when
looking at negative images than at neutral images (t14 = 10.59,
p , .001), and reported lower negative affect when instructed
to reappraise negative images compared with looking at them
(t14 = 23.40, p = .004), consistent with prior work (Figure 2B,
Supplemental Figure S1). Regulation success in the ER and
ROC tasks was not signiﬁcantly correlated (p = .41).
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Figure 3. Regions modulated by cognitive regu-

A ROC task

lation in the (A) regulation of craving (ROC) (LATER.NOW) and (B) emotion regulation (ER)
(REAPPRAISE-Negative.LOOK-Negative)
tasks.
Maps are familywise error corrected for multiple
comparisons at p , .05 with a voxelwise threshold
of p , .001. Subcortical regions of interest (ventral
striatum [VS] and ventromedial prefrontal cortex
[vmPFC] for ROC, amygdala for ER) are shown at
p , .005 (uncorrected). dlPFC, dorsolateral
prefrontal cortex; dmPFC, dorsomedial prefrontal
cortex; preSMA, presupplementary motor area;
vlPFC, ventrolateral prefrontal cortex.
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Correlation With Negative Alcohol Expectancy

Parametric Modulation

Regulation success during alcohol trials of the ROC task was
signiﬁcantly and positively correlated with long-term negative
alcohol expectancies (r15 = .54, p = .03), such that participants
with greater expectancies about the long-term negative effects
of alcohol were better able to regulate their craving. Regulation
success did not correlate signiﬁcantly with the same-day or
next-day subscales (ps . .12).

We observed a signiﬁcant positive association between trialby-trial brain activity and craving in the vmPFC/OFC and VS/
sgACC (Figure 4, Table 2). We did not observe any parametric
associations between brain activity and negative affect during
the ER task.

Neural Activity During ROC
We observed greater recruitment of the dlPFC and vlPFC
during cognitive ROC (LATER.NOW) (Figure 3A, Table 2). We
also observed relative deactivations in the VS/sgACC and
vmPFC/OFC (a priori ROIs). We did not ﬁnd signiﬁcant modulation of activity in the amygdala.

Neural Activity During ER
We observed increased activations in the dlPFC, vlPFC, and
dmPFC during ER (REAPPRAISE-Negative.LOOK-Negative)
(Figure 3B, Table 2). We also observed a relative deactivation
in the amygdala (a priori ROI). We did not ﬁnd signiﬁcant
modulation of activity in the VS/sgACC or vmPFC/OFC.

244

Conjunction Between Regulation of Craving and
Emotion
We observed signiﬁcant coactivation in the left vlPFC between
ROC (LATER.NOW) and negative affect (ER; REAPPRAISENegative.LOOK-Negative) (Figure 5, Table 2) (see
Supplement for dlPFC in analysis using a p , .005 threshold).
As a result, this analysis revealed that subregions of the right
dlPFC and left vlPFC were uniquely active during ROC but not
during ER (Table 2). When the conjunction analysis was
masked with regions previously observed in smokers during
various forms of cognitive control, we observed signiﬁcant
overlap in the left vlPFC.

DISCUSSION
The results indicate that individuals with AUD can regulate
craving as well as negative affect using cognitive strategies.
Further, those who reported greater long-term negative alcohol
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Table 2. Peak Coordinates of Regions Identiﬁed in Whole-Brain Analyses
Peak MNI Coordinates
Region of Activation

Hemisphere

x

y

z

k

Maximum

Mean

ROC (LATER.NOW)
dlPFC/middle frontal gyrus

Right

vlPFC/inferior frontal gyrus

Left

45

12

51

39

5.47

4.37

242

21

23

63

4.87

4.33

VS and subgenual anterior cingulatea
vmPFC/medial frontal gyrusa

Left

0

15

212

6

23.63

23.30

Left

23

57

26

45

23.18

23.03

Middle temporal gyrus

Left

248

218

227

97

7.08

4.87

dlPFC/middle frontal gyrus

Left

245

6

54

38

6.47

4.85

dmPFC/superior frontal gyrus

Left

215

9

72

111

6.47

4.82

vlPFC/inferior frontal gyrus

Left

239

21

26

61

5.94

4.63

Amygdalaa

Left

230

3

221

5

24.66

23.88

ER (REAPPRAISE-Negative.LOOK-Negative)

ROC Parametric Analysis
vmPFC/dmPFC/medial frontal gyrusa

Left

3

51

3

40

5.30

3.97

VSa

Left

26

6

23

15

3.98

3.50

Inferior frontal gyrusb

Left

242

21

26

20

5.01

4.50

Inferior frontal gyrus

Left

248

21

12

3

4.42

4.27

Conjunction: ROC (LATER.NOW) and ER
(REAPPRAISE-Negative.LOOK-Negative)

Results are p , .05 (familywise error corrected), with applied voxelwise threshold of p , .001. k indicates number of 2.5-mm isometric voxels.
Maximum indicates the maximum t statistic in region; mean indicates the average t statistic.
dlPFC, dorsolateral prefrontal cortex; dmPFC, dorsomedial prefrontal cortex; ER, emotion regulation; MNI, Montreal Neurological Institute; ROC,
regulation of craving; vlPFC, ventrolateral prefrontal cortex; vmPFC, ventromedial prefrontal cortex; VS, ventral striatum.
a
Region of interest small volume familywise error corrected at p , .05 with a voxelwise threshold of p , .005.
b
Regions in the conjunction analysis that were also observed after masking with previously identiﬁed regulation region from Tabibnia et al. (78).

expectancies were more successful at regulating their craving.
Importantly, regulation was accompanied by increased activity
in the dlPFC, vlPFC, and dmPFC, and relative deactivations in
regulation targets, namely the VS/sgACC and vmPFC/OFC for

y=6

VS

web 4C=FPO

vmPFC

z=0
Figure 4. Regions that parametrically covaried with levels of craving in

the regulation of craving task trial by trial. The ventral striatum (VS) and
ventromedial prefrontal cortex (vmPFC) were regions of interest (shown
uncorrected; p , .005).

craving and the amygdala for negative affect. Furthermore, the
VS/sgACC and mPFC/medial OFC activity parametrically varied with moment-to-moment craving. Finally, formal conjunction analysis showed that activations during both types of
regulation spatially converged in vlPFC (and dlPFC at a more
relaxed threshold; see Supplement). These ﬁndings have
important implications for our understanding of AUD, CBT, and
SUD treatment more broadly.
Our results demonstrate that individuals with AUD can use
cognitive strategies to reduce cue-induced craving for both
alcohol and food, consistent with our prior behavioral ﬁndings
(49). This is an important replication given the wealth of
research linking alcohol use and AUD to cognitive impairments
(106). In addition, we provide novel evidence suggesting that
individuals with AUD can successfully regulate negative affective responses toward negative stimuli. As such, these
ﬁndings provide experimental validation of cognitive strategies
that are used in psychological AUD treatments.
Interestingly, although results suggest that individuals with
AUD are able to use cognitive strategies to regulate craving
and negative emotion in a laboratory setting, they may not
spontaneously do so in everyday life. Indeed, AUD is clinically
characterized by impaired control of emotion (12,56). This
seeming contradiction—whereby individuals with AUD can use
regulatory strategies in the lab despite apparent deﬁcits in
everyday life—parallels ﬁndings in depression. Speciﬁcally,
studies have demonstrated that individuals with depression
can use cognitive reappraisal to reduce negative affect in
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web 4C=FPO

vlPFC

Figure 5. Regions coactivated during regulation of craving (LATER.NOW)
and emotion regulation (REAPPRAISE-Negative.LOOK-Negative). Maps are
familywise error corrected for multiple comparisons at p , .05 with a
voxelwise threshold of p , .001. vlPFC, ventrolateral prefrontal cortex.

laboratory studies [e.g., (107,108)]; nevertheless, they are also
less likely to spontaneously do so (109,110). This may also be
true for individuals with AUD who are able to regulate craving
but may not do so in everyday life. Thus, the underlying
problem may not be in capability, but rather in a more downstream process that negatively affects the tendency to execute
regulation strategies. Alternatively, individuals with AUD may
not regulate their craving in everyday life simply because it is
more difﬁcult to do so, relative to the laboratory setting. In
either case, the ﬁndings suggest that targeted training in ROC
and negative emotion might be helpful for this population, to
enhance individuals’ ability to regulate even in difﬁcult moments and to make strategies more accessible. This could
increase the likelihood of regulation in everyday life
(89,111,112).
Notably, successful regulation of alcohol craving was
associated with long-term negative expectancies about
alcohol. This ﬁnding suggests that the current strategy—
namely, thinking about the long-term negative effects of
alcohol—may work best in individuals who already have
negative expectancies. This is consistent with prior reports that
negative alcohol expectancies are associated with abstinence
motivation prior to alcohol treatment (113) and predict subsequent abstinence (88). Thus, one intriguing possibility is that
negative expectancies inﬂuence treatment outcome via their
effect on ROC. Alternatively, negative expectancies may
represent individuals’ motivation for change (7–9). Both accounts point to enhancing negative expectancies as an
important target of treatment.
Neuroimaging analyses revealed that during cognitive ROC
and negative emotion, individuals with AUD recruit prefrontal
regions, including the dlPFC, vlPFC, and dmPFC. These results echo ﬁndings from prior imaging work on ER in healthy
adults (74,114) and ROC in cigarette smokers (26) and cocaine
users (43). However, to our knowledge, this is the ﬁrst study to
examine the neural mechanisms underlying these cognitive
regulation strategies in AUD. Moreover, the current ﬁndings are
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somewhat surprising given the consistent reports of disruptions in prefrontal function and structure in AUD [e.g., (80–82)].
Importantly, along with PFC recruitment, we observed
relative deactivations in the VS/sgACC and vmPFC/OFC during ROC. Parametric modeling demonstrated that VS/sgACC
and mPFC/OFC activity tracked with moment-to-moment
changes in craving across image types and instructions.
These results are consistent with meta-analyses showing that
craving for drugs and food is associated with VS/sgACC and
mPFC/OFC activations (115–118) and with the broader role
proposed for these regions in value computation (119–122).
Taken together, these results provide further evidence for the
role of a prefrontal-striatal pathway in the ROC (40).
Across both tasks, conjunction revealed coactivation of the
vlPFC during regulation (and dlPFC at a more relaxed
threshold; see Supplement). Interestingly, this region overlapped with a region previously identiﬁed across 3 domains of
cognitive control in cigarette smokers (78). We also observed
nonoverlapping activations in PFC subregions during ROC and
negative emotion. These spatial differences may be partially
attributable to differences in strategy implementation between
the ROC and ER tasks: the strategy used for alcohol cues
involved focusing on the negative consequences of consumption, whereas the strategy used for negative stimuli
involved generating positive reinterpretations. Thus, differential
engagement of prefrontal regions associated with autobiographical memory [e.g., (123)], prospective thinking [e.g.,
(124)], self-referential processing [e.g., (125)], and affective
processing [e.g., (126)] is likely.
In addition, given that domain-speciﬁc subcortical targets
were modulated during ROC and negative emotion, different
cortical mechanisms may be engaged during each type of
regulation, forming distinct regulatory pathways. That is,
although PFC activation during both types of regulation largely
overlap, different cortical circuits are likely engaged in the
modulation of distinct subcortical targets. Importantly, these
neural differences may account for the absence of correlation
between regulation success for craving and regulation success
for negative emotion. In other words, behavioral differences
between the two tasks may be due to the domain-speciﬁcity of
pathways that underlie these two types of regulation.
Importantly, the sample size was relatively small. Although
this is often the case with fMRI studies in AUD (127–130) and in
clinical populations more generally [for meta-analysis, see
Picó-Pérez et al. (131)], this is a limitation that reduces the
likelihood of detecting small effects and may limit generalizability of the ﬁndings. We hope that future studies will expand
on this work with larger samples. Such studies could also
include healthy control participants and social drinkers to
examine whether regulation success relates to drinking
severity. Such studies could also test whether AUD affects
prefrontal-subcortical pathways within and across domains of
regulation (e.g., selecting appropriate regulatory outputs).
Additionally, longitudinal designs could test the relationships
between negative alcohol expectancy, ROC, and clinical outcomes. Finally, given that individuals with AUD are capable of
regulating craving when instructed to do so, the next important
step may be to identify ways to train them to increase their
tendency to use such strategies in their daily lives.
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