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ABSTRACT

Multiple sclerosis (MS) is an immune-mediated neurological disorder that affects one million
people in the United States. Up to 50% of people with MS experience depression, yet the
mechanisms of depression in MS remain under-investigated. Studies of medically healthy
participants with depression have described associations between white matter variability and
depressive symptoms, but frequently exclude participants with medical comorbidities and thus
cannot be extrapolated to people with intracranial diseases. White matter lesions are a key
pathologic feature of MS and could disrupt pathways involved in depression symptoms. The
purpose of this study is to investigate the impact of brain network disruption on depression using
MS as a model. We will obtain structured clinical and cognitive assessments from two hundred
fifty participants with MS and prospectively evaluate white matter lesion burden as a predictor of
depressive symptoms. Ethics approval was obtained from The University of Pennsylvania
Institutional Review Board (Protocol #853883). The results of this study will be presented at
scientific meetings and conferences and published in peer-reviewed journals.

NOTE: This preprint reports new research that has not been certified by peer review and should not be used to guide clinical practice.


https://doi.org/10.1101/2024.10.02.24314787
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRXxiv preprint doi: https://doi.org/10.1101/2024.10.02.24314787; this version posted October 4, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.

It is made available under a CC-BY-NC-ND 4.0 International license .

ARTICLE SUMMARY

Strengths and Limitations of this Study

We will use MS as a model to study how white matter disease contributes to both the
pathophysiology of depression in MS and to general network mechanisms of depression.
We will leverage research-grade 3-tesla (3T) MRIs acquired as part of routine MS care
and maximize scalability by using the Method for Inter-Modal Segmentation Analysis
(MIMoSA) for automated white matter lesion segmentation.

Our study will include participants with medical comorbidities, creating a more
representative population and more broadly applicable results.

We will obtain detailed clinical and cognitive assessments from each participant to
evaluate the inter-relationship of mood symptoms, anxiety symptoms, and cognitive
deficits, and relate them to white matter disease.

This is a single-center study.
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INTRODUCTION

Multiple sclerosis (MS) is an immune-mediated neurological disorder that affects one
million people in the United States (1,2). It is characterized by demyelinating lesions in the brain
and spinal cord due to the immune-mediated attack of oligodendrocytes (3—5). Depression is
highly comorbid with MS, with up to 50% of people with MS reporting depression (6,7).
Furthermore, 40-60% of people with MS exhibit cognitive dysfunction, and higher levels of
depression are associated with greater cognitive impairment (6,8,9). Depression comorbidity in
MS contributes to excess morbidity and mortality: it is associated with suicide rates double that of
the general population (10—12). Rates of depression in MS are higher than depression comorbidity
in other chronic autoimmune diseases, suggesting that the neural pathophysiology of MS may
specifically confer increased depression risk (13). Despite the clear overlap between the
conditions, the relationship between depression and MS is not understood. The scientific premise
of this study is that investigating the relationship between white matter lesions and depression in
MS may provide a way to understand the pathophysiology of depression in MS and the network
mechanisms of depression more broadly.

Studies of idiopathic depression have described associations between white matter
abnormalities and depressive symptoms (14—16). However, research in depression consistently
excludes participants with intracranial pathology, and thus results from these studies cannot be
extrapolated to people living with MS. Furthermore, MS lesions are heterogeneous — they vary in
size, shape, and location (17). Techniques that relate heterogeneous white matter disease to
rigorously characterized depression symptoms are vital to fill in this critical knowledge gap.

In contrast to white matter disease in MS, more work has been done relating heterogeneous

gray matter disease to the emergence of depression. To overcome limitations in previous studies,
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Fox and colleagues developed lesion network mapping (LNM) (18), which has shown that strokes
in different areas of the brain that cause the same clinical symptoms are part of connected
functional networks (19-21). In their most recent work, they extend this paradigm to depression
(22-24). The existence of this “depression network™ relies on the assumption that network hubs
exist on the backbone of structural connectivity. However, few studies have directly evaluated
whether white matter lesions in tracts that connect hubs of the depression network similarly
produce depression symptoms (25,26).

The purpose of this study is to delineate the relationship between mood and cognition to
white matter brain lesions in MS by performing structured assessments of persons undergoing 3T
scanning as part of their clinical care. This project will provide critical knowledge regarding how
brain network dysfunction contributes to depression, learning from the example of white matter

lesions in multiple sclerosis.

Aim

This study aims to prospectively evaluate white matter disease as a predictor of depressive
symptoms in adults with MS. Two hundred fifty participants will be recruited for our prospective
cross-sectional sample from the University of Pennsylvania Comprehensive MS Center.
Participants will be assessed with structured instruments to measure the severity of depressive
symptoms, anxiety symptoms, lifetime psychopathology, and cognitive functioning. This study
will assess the relationships among individual variation in white matter lesions and depressive

symptoms, while accounting for cognitive functioning and comorbid psychopathology.
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Hypothesis
In a prospective sample, individual variation in depressive symptoms in participants with
MS will be associated with white matter lesion burden affecting tracts connecting brain regions in

known depression networks.

METHODS AND ANALYSIS
Overall Study Design

This is a prospective study that will include data collection. Over the span of the five-year
recruitment window (July 1%, 2023, to June 30", 2028), we will enroll 250 participants diagnosed
with MS who are receiving neuroimaging under the University of Pennsylvania MS 3T clinical
MRI protocol for an in-person or virtual research visit (Figure 1). Data analyses will take place

after the recruitment phase is completed.

recrsi&tlr:t\gﬁéil:tMS Inclusion Criteria
clinics - Age: 18-80
- Able to provide informed consent
Screening - Proficient in English
- ICD-10 diagnosis of MS
- Physically and cognitively able to participate
o . - 3T MRI under Penn MS Clinical Protocol from a
Eligibility screening University of Pennsylvania affiliated hospital
Exclusion Criteria
- If medical illness impedes participation
- Active substance use or substance withdrawal
( during the visit
Demographics - Poor clinical image quality
- History of a pervasive developmental disorder
Mood and anxiety
questionnaires
Visit —
Computerized
Neurocognitive
Battery (CNB)
CAT-GOASSESS
—
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Figure 1. Participants’ Flow Chart. Participants will be screened in MS clinics and then
verified for eligibility using the inclusion and exclusion criteria. During the visit, participants
will be asked questions about their demographics, answer mood and anxiety questionnaires,
complete the Computerized Neurocognitive Battery (CNB) (27), and the CAT-GOASSESS (28).
MS, Multiple Sclerosis. CAT-GOASSESS, computerized adaptive version of the GOASSESS.

Participants will undergo a comprehensive neuropsychiatric assessment to assess current

and lifetime psychiatric symptoms, as well as cognitive functioning.

Symptom Ratings

Participants will complete several symptom rating scales that will measure current levels

of depression and anxiety (Table 1). This will include: Patient Health Questionnaire Adult (PHQ-

9 Adult) (29), Beck Depression Inventory-II (BDI-II) (30), PROMIS Emotional Distress

Depression Short (Adult) (31-33), Generalized Anxiety Disorder (GAD-7) (34), Beck Anxiety

Inventory (BAI) (35), PROMIS Emotional Distress Anxiety Short (Adult) (31-33) and Hospital

Anxiety and Depression Scale (HADS) (36).

Table 1. Participant reported outcomes assessed. PROMIS, Patient Reported Outcomes

Measurement Information System.

Scale Administered
Patient Health Questionnaire Adult (PHQ-9)
Beck Depression Inventory Il (BDI-II)
PROMIS Emotional Distress Depression Short (Adult)
Generalized Anxiety Disorder (GAD-7)
Beck Anxiety Inventory (BAI)
PROMIS Emotional Distress Anxiety Short (Adult)

Hospital Anxiety and Depression Scale (HADS)

Outcome Assessed
Depression
Depression
Depression

Anxiety
Anxiety
Anxiety

Anxiety and depression
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Participants will also complete the computerized adaptive version of the GOASSESS

(CAT-GOASSESS) (28), a clinical assessment that provides a dimensional characterization of

lifetime psychopathology. Rather than generating clinical diagnoses, which tend to have

overlapping symptoms, the CAT-GOASSESS produces transdiagnostic z-scores for 5 domains:

mood and anxiety, phobias, externalizing disorders, psychosis, and personality disorders (Table 2)

(28). Of note, the psychosis domain reflects symptoms of both active and prodromal psychosis,

with prodromal questions drawn from the Structured Interview for Prodromal Syndromes (SIPS)

(37) and the Prevention through Risk Identification Management and Education screen (PRIME)

(38). Personality pathology screening questions were drawn from the Personality Inventory for

DSM-5 — Short Form (PID-5-SF) (39).

Table 2. Computerized adaptive version of the GOASSESS (CAT-GOASSESS).

Domain

Mood and anxiety

Phobias

Externalizing disorders

Psychosis

Personality

questions in

Number of Average number of

items administered

item bank
38 12
25 12
25 12
25 9
25 9

Associated
psychopathology

Major depressive episode,
mania/hypomania, generalized
anxiety, separation anxiety,
social anxiety, panic, post-
traumatic stress disorder

Agoraphobia, specific phobia

Attention deficit/hyperactivity,
oppositional defiant, conduct

Psychosis, prodromal psychosis
Negative affect, detachment,

antagonism, disinhibition,
psychoticism
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Penn Computerized Neurocognitive Battery

Cognition will be assessed with a one-hour computerized neurocognitive battery (CNB)
(27) using a version of the CNB that has been developed specifically for MS participants. It will
assess thirty-one measures obtained from 17 neurocognitive tests of performance (15 for accuracy,
17 for speed). Domains include executive functioning, episodic memory, social cognition, complex
reasoning, and sensorimotor speed. The MS CNB will include the Penn Conditional Exclusion
Test, Penn Continuous Performance Task (Number Letter Version — Short), Letter-N-Back Test (2-
Back Version), Penn Word Memory Test (plus delayed recall), Penn Face Memory Test (plus
delayed recall), Visual Object Learning Test (Short Version + delayed recall), Penn Logical
Reasoning Test (Short Version), Penn Matrix Analysis Test (Form A), Variable Short Penn Line
Orientation Test (-15 v2.00), Penn Emotion Recognition Test (40 Faces), Measured Emotion
Differentiation Test (Form A), Psychomotor Vigilance Test (3 Minute Version), Motor Praxis Test,

and the Short Penn Computerized Finger Tapping Test (Table 3).
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Table 3. Computerized Neurocognitive Battery (CNB).
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Test

Conditional Exclusion Task

Continuous Performance Task

N-Back Test

Word Memory Test

Word Memory Test - Delayed Version

Face Memory Test

Face Memory Test - Delayed Version

Visual Object Learning Test

Visual Object Learning Test - Delayed Version

Logical Reasoning Test

Matrix Analysis Test

Line Orientation Test

Emotion Recognition Test

Measured Emotion Differentiation Test

Psychomotor Vigilance Test

Motor Praxis Test

Computerized Finger Tapping Test

Domain

Abstraction and
mental flexibility

Attention

Working memory

Verbal memory

Verbal memory

Facial memory

Facial memory

Spatial memory

Spatial memory

Verbal reasoning

Nonverbal
reasoning

Spatial reasoning
Emotion

identification

Emotion
differentiation

Alertness and
vigilance

Sensorimotor
speed

Motor speed

Accuracy
score

Y

Y

Speed
score

Y

Y
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Medical Record and MRI Imaging Data

Electronic medical record data will be obtained, with participant permission, via the
University of Pennsylvania’s Data Analytic Center. We will obtain demographic data, International
Classification of Diseases (ICD)-10 diagnoses, medication lists, and depression screens including
Patient Health Questionnaires (two question form, PHQ-2; and nine question form, PHQ-9) (29).

3T MRI including 3D T1 magnetization-prepared rapid acquisition gradient echo
(MPRAGE) (TR=1.9s, TE=2.48ms, FA=9°, acquisition time=4:18, 176 sagittal slices,
resolution=1mm?) and 3D T2 FLAIR (TR=5s, TE=398ms, FA=120°, acquisition time=5:02, 160
sagittal slices, resolution=Imm?) scans will be acquired as part of routine care and will be

transferred directly from radiology to our server.

Eligibility and Exclusion Criteria

All participants will be 1) males and females aged 18-80, 2) able to provide signed
informed consent, 3) proficient in English, 4) physically and cognitively able to participate in a
cognitive assessment and complete questionnaires, 5) have an ICD-10 diagnosis of MS from one
of the specialists in the University of Pennsylvania Comprehensive MS Center, and 6) receiving
routine clinical 3T MRI under the University of Pennsylvania MS protocol from a University of
Pennsylvania affiliated hospital.

Subjects will be excluded if 1) medical illness impedes participation, 2) active substance
use presents the possibility of acute intoxication or withdrawal, 3) poor clinical image quality, or

4) history of a pervasive developmental disorder.

10
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Outcome Measures

Outcome measures will include volume of streamlines that intersect lesions at any point in
their trajectory (“injured streamlines’) within seventy-seven canonical fascicles as well as disease
burden within versus outside the white matter depression network (below). They will be related to
the total scores from the symptom ratings, dimensional measures of psychopathology from the

CAT-GOASSESS, and cognition from the CNB (Tables 1-3).

Image Processing and Statistical Analysis
Constructing White Matter Depression Network

In a series of studies using lesion network mapping (LNM), Fox et al. showed that lesions
in the brain that are functionally connected to hubs of the frontoparietal and dorsal attention
systems reliably produced depressive symptoms, and that neuromodulation of hubs in this network
could alleviate depression (22—24). As we have done previously, we will define the gray matter
depression network as areas positively associated with depression (22,25). To construct the white
matter depression network, we previously identified fascicles that served as the structural
backbone of a functional depression circuit map from Siddiqi et al. (22). We then constructed a
binary map by applying a threshold of # > 3.09 to identify voxels with a statistically significant
positive association between depression symptoms and brain disease or stimulation. The white
matter depression network was then created in DSI studio by creating 77 canonical fascicles
spanning cortical and subcortical regions from an atlas that was derived from a large sample of
high-quality diffusion MRI (31,32). We next calculated the volume (in voxels) that overlapped

between the fascicle’s individual fibers, or streamlines, and the binarized functional depression

11
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network. Fascicles were ranked by their volume of overlap with the functional depression network.
Fascicles with the highest degree of overlap (top 25%, 19 fascicles) were considered to be in the
white matter depression network. The resulting white matter depression network included fascicles
known to be commonly affected in MS, including the corpus callosum and thalamic projections.
However, the superior longitudinal fasciculus and arcuate fasciculus, which support language and

complex cognition, also comprised a substantial portion of the white matter network.

Lesion Segmentation

The Method for Inter-Modal Segmentation Analysis (MIMoSA) will be used to perform
automated lesion segmentation on the MRIs (42). MIMoSA uses local covariance patterns across
T1 and T2 FLAIR images within an individual subject to produce a probability map of potential
white matter lesions (42). These probability maps will be thresholded and binarized to produce a

mask of lesions.

Streamline Filtering

We will conduct analyses in template space using tools from DSI Studio, a tractography
tool for mapping brain pathways and analyzing tract-related metrics (40,41,43). Specifically, we
will project the lesions segmented with MIMoSA onto an expert-vetted, population-averaged atlas
of the structural connectome derived from diffusion MRI data (N=842), as reported previously
(25,40). This template was achieved by creating a high-resolution template of diffusion patterns
averaged across individual subjects and using tractography to generate 550,000 trajectories of
representative white matter fascicles annotated by anatomical labels. The trajectories were

subsequently clustered and labeled by a team of experienced neuroanatomists in order to conform
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to prior neuroanatomical knowledge (40). For each individual, the volume of white matter tracts
intersecting each lesion will be computed via streamline filtering in DSI studio (40,41,43). This
will require identifying whether individual streamlines within a fascicle were impacted (i.e., passed
through a lesion) or spared (avoided a lesion). Delineating fascicles in a single diffusion MRI
dataset is known to be error-prone, so we will compare spatially normalized lesions to seventy-
seven canonical fascicles in template space (44). Individual lesion maps will be normalized to the
template space of the canonical fascicles (Montreal Neurological Institute 2009b Asymmetric
template) using the TI1-weighted-based transform calculated by antsRegistration (45-47).
Streamlines intersecting lesions at any point in their trajectory will be considered injured and
isolated from the rest of the fascicle. The total volume (in voxels) occupied by injured streamlines

will be calculated as the measure of disease burden in the fascicle.

Statistical Analysis

For our primary analysis, we will evaluate the relationship of white matter lesion burden
within and outside the depression network to depression symptomatology. Secondary analyses will
include relating white matter lesion burden to measures of anxiety, cognition, and lifetime
psychopathology. Given that MS is a progressive illness that worsens with age, it is vital to account
for age effects—which are often nonlinear over the lifespan. Generalized additive models (GAMs,
R-package mgcv) (48) with penalized splines will be used to flexibly model both linear and
nonlinear aging trajectories while avoiding overfitting by applying a penalty for increasing levels
of nonlinearity, which is estimated from the data using restricted maximum likelihood. All analyses

will account for multiple comparisons.
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Reproducibility

Data will be managed by Datal.ad, a free and open-source distributed data management
system that allows for the storage of large high-dimensional data and for data analysis to be tracked
or undone, thus guaranteeing 100% reproducibility (49). Furthermore, Curation of the Brain
Imaging Data Structure (CuBIDS) (50), a Python-based software package that aids users in
validating and managing the curation of neuroimaging datasets, will be used to identify
heterogeneity in acquisition parameters and ensure all data are in valid BIDS format. All image

processing and analysis will be containerized to ensure reproducibility (50).

Sample Size Power Calculation

To define our sample size target, power calculations were conducted in PASS (NCSS,
Version 2022) (51) assuming a 5% type I error rate and using two-sided hypothesis tests.
Conservatively assuming 20% of subjects have insufficient data quality (final n=200), we expect
to have 80% power to determine associations between depression scores and lesion burden in the
depression network with small effect sizes of 2=0.04 or larger, adjusting for total lesion volume

and age.

Patient and Public Involvement

Patients and the public were not involved in the design or conduct of this study. Individual

results will be communicated to participants who wish to be notified.
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ETHICS AND DISSEMINATION
Research Ethics Approval
Ethics approval has been obtained from the University of Pennsylvania Institutional

Review Board.

Data Access and Dissemination

All processing pipelines used will be shared via a publicly available software repository on
GitHub. As part of our efforts to maximize rigor and reproducibility, all analyses will utilize
Jupyter or Rmarkdown notebooks, which will ensure that all interested parties will be able to fully
reproduce all analyses. These publicly available notebooks include prose, code, and results. In
publication, presentation, or data sharing resulting from this research, the participants will not be

identified.
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FIGURE LEGENDS

Figure 1. Participant Flow Chart. Participants will be screened in MS clinics and then verified
for eligibility using the inclusion and exclusion criteria. During the visit, participants will be asked
questions about their demographics, answer mood and anxiety questionnaires, complete the
Computerized Neurocognitive Battery (CNB), and the CAT-GOASSESS. MS, Multiple Sclerosis.

CAT-GOASSESS, computerized adaptive version of the GOASSESS.

17


https://doi.org/10.1101/2024.10.02.24314787
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRXxiv preprint doi: https://doi.org/10.1101/2024.10.02.24314787; this version posted October 4, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.

It is made available under a CC-BY-NC-ND 4.0 International license .

REFERENCES

1.

10.

I1.

12.

13.

Wallin MT, Culpepper WJ, Campbell JD, Nelson LM, Langer-Gould A, Marrie RA, et al.
The prevalence of MS in the United States: A population-based estimate using health claims
data. Neurology. 2019 Mar 5;92(10):1029-40.

Culpepper WJ, Marrie RA, Langer-Gould A, Wallin MT, Campbell JD, Nelson LM, et al.
Validation of an algorithm for identifying MS cases in administrative health claims datasets.
Neurology. 2019 Mar 5;92(10):e1016-28.

Compston A, Coles A. Multiple sclerosis. Lancet Lond Engl. 2008 Oct 25;372(9648):1502—
17.

Jékel S, Agirre E, Falcio AM, van Bruggen D, Lee KW, Knuesel I, et al. Altered human
oligodendrocyte heterogeneity in multiple sclerosis. Nature. 2019 May 9;566(7745):543-7.

Dulamea AO. Role of Oligodendrocyte Dysfunction in Demyelination, Remyelination and
Neurodegeneration in Multiple Sclerosis. Adv Exp Med Biol. 2017;958:91-127.

Feinstein A, Magalhaes S, Richard JF, Audet B, Moore C. The link between multiple
sclerosis and depression. Nat Rev Neurol. 2014 Sep;10(9):507-17.

Multiple sclerosis and depression - Anthony Feinstein, 2011 [Internet]. [cited 2022 Mar 16].
Available from: https://journals.sagepub.com/doi/full/10.1177/1352458511417835

Rao SM, Leo GJ, Bernardin L, Unverzagt F. Cognitive dysfunction in multiple sclerosis. 1.
Frequency, patterns, and prediction. Neurology. 1991 May;41(5):685-91.

Benedict RHB, Cookfair D, Gavett R, Gunther M, Munschauer F, Garg N, et al. Validity of
the minimal assessment of cognitive function in multiple sclerosis (MACFIMS). J Int
Neuropsychol Soc JINS. 2006 Jul;12(4):549-58.

Shen Q, Lu H, Xie D, Wang H, Zhao Q, Xu Y. Association between suicide and multiple
sclerosis: An updated meta-analysis. Mult Scler Relat Disord. 2019 Sep;34:83-90.

Kalb R, Feinstein A, Rohrig A, Sankary L, Willis A. Depression and Suicidality in Multiple
Sclerosis: Red Flags, Management Strategies, and Ethical Considerations. Curr Neurol
Neurosci Rep. 2019 Aug 28;19(10):77.

Tsivgoulis G, Triantafyllou N, Papageorgiou C, Evangelopoulos ME, Kararizou E, Sfagos C,
et al. Associations of the Expanded Disability Status Scale with anxiety and depression in
multiple sclerosis outpatients. Acta Neurol Scand. 2007 Jan;115(1):67-72.

Marrie RA, Walld R, Bolton JM, Sareen J, Walker JR, Patten SB, et al. Increased incidence
of psychiatric disorders in immune-mediated inflammatory disease. J Psychosom Res. 2017
Oct 1;101:17-23.

18


https://doi.org/10.1101/2024.10.02.24314787
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRXxiv preprint doi: https://doi.org/10.1101/2024.10.02.24314787; this version posted October 4, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

It is made available under a CC-BY-NC-ND 4.0 International license .

Coloigner J, Batail JM, Commowick O, Corouge I, Robert G, Barillot C, et al. White matter
abnormalities in depression: A categorical and phenotypic diffusion MRI study. Neurolmage
Clin. 2019;22:101710.

Lai CH, Wu YT. The White Matter Microintegrity Alterations of Neocortical and Limbic
Association Fibers in Major Depressive Disorder and Panic Disorder. Medicine (Baltimore).
2016 Mar 7;95(9):€2982.

He M, Cheng Y, Chu Z, Wang X, Xu J, Lu Y, et al. White Matter Network Disruption Is
Associated With Melancholic Features in Major Depressive Disorder. Front Psychiatry
[Internet]. 2022 [cited 2022 May 23];13. Available from:
https://www.frontiersin.org/article/10.3389/fpsyt.2022.816191

Smets I, Goris A, Vandebergh M, Demeestere J, Sunaert S, Dupont P, et al. Quantitative MRI
phenotypes capture biological heterogeneity in multiple sclerosis patients. Sci Rep. 2021 Jan
15;11(1):1573.

Fox MD. Mapping Symptoms to Brain Networks with the Human Connectome. N Engl J
Med. 2018 Dec 6;379(23):2237-45.

Darby RR, Joutsa J, Burke MJ, Fox MD. Lesion network localization of free will. Proc Natl
Acad Sci U S A. 2018 Oct 16;115(42):10792-7.

Kim NY, Hsu J, Talmasov D, Joutsa J, Soussand L, Wu O, et al. Lesions causing
hallucinations localize to one common brain network. Mol Psychiatry. 2021 Apr;26(4):1299—
309.

Darby RR, Horn A, Cushman F, Fox MD. Lesion network localization of criminal behavior.
Proc Natl Acad Sci U S A. 2018 Jan 16;115(3):601-6.

Siddiqi SH, Schaper FLWVJ, Horn A, Hsu J, Padmanabhan JL, Brodtmann A, et al. Brain
stimulation and brain lesions converge on common causal circuits in neuropsychiatric
disease. Nat Hum Behav. 2021 Dec;5(12):1707-16.

Padmanabhan JL, Cooke D, Joutsa J, Siddiqi SH, Ferguson M, Darby RR, et al. A Human
Depression Circuit Derived From Focal Brain Lesions. Biol Psychiatry. 2019 Nov
15;86(10):749-58.

Boes AD, Uitermarkt BD, Albazron FM, Lan MJ, Liston C, Pascual-Leone A, et al. Rostral
anterior cingulate cortex is a structural correlate of repetitive TMS treatment response in
depression. Brain Stimulat. 2018 May 1;11(3):575-81.

Baller EB, Sweeney EM, Cieslak M, Robert-Fitzgerald T, Covitz SC, Martin ML, et al.
Mapping the Relationship of White Matter Lesions to Depression in Multiple Sclerosis. Biol
Psychiatry [Internet]. 2023 Nov 17 [cited 2024 Jan 5];0(0). Available from:
https://www.biologicalpsychiatryjournal.com/article/S0006-3223(23)01722-5/fulltext

19


https://doi.org/10.1101/2024.10.02.24314787
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRXxiv preprint doi: https://doi.org/10.1101/2024.10.02.24314787; this version posted October 4, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

It is made available under a CC-BY-NC-ND 4.0 International license .

Siddiqi SH, Kletenik I, Anderson MC, Cavallari M, Chitnis T, Glanz BI, et al. Lesion
network localization of depression in multiple sclerosis. Nat Ment Health. 2023 Jan;1(1):36—
44,

Moore TM, Reise SP, Gur RE, Hakonarson H, Gur RC. Psychometric properties of the Penn
Computerized Neurocognitive Battery. Neuropsychology. 2015 Mar;29(2):235-46.

Zoupou E, Moore TM, Kennedy KP, Calkins ME, Gorgone A, Sandro AD, et al. Validation
of the structured interview section of the penn computerized adaptive test for neurocognitive
and clinical psychopathology assessment (CAT GOASSESS). Psychiatry Res. 2024 May
1;335:115862.

Gilbody S, Richards D, Brealey S, Hewitt C. Screening for depression in medical settings
with the Patient Health Questionnaire (PHQ): a diagnostic meta-analysis. J Gen Intern Med.
2007 Nov;22(11):1596-602.

Wang YP, Gorenstein C. Assessment of depression in medical patients: a systematic review
of the utility of the Beck Depression Inventory-II. Clin Sao Paulo Braz. 2013
Sep;68(9):1274-87.

Schalet BD, Pilkonis PA, Yu L, Dodds N, Johnston KL, Yount S, et al. Clinical Validity of
PROMIS® Depression, Anxiety, and Anger across Diverse Clinical Samples. J Clin
Epidemiol. 2016 May;73:119-27.

Cella D, Riley W, Stone A, Rothrock N, Reeve B, Yount S, et al. Initial Adult Health Item
Banks and First Wave Testing of the Patient-Reported Outcomes Measurement Information
System (PROMIS™) Network: 2005-2008. J Clin Epidemiol. 2010 Nov;63(11):1179-94.

Cella D, Riley W, Stone A, Rothrock N, Reeve B, Yount S, et al. The Patient-Reported
Outcomes Measurement Information System (PROMIS) developed and tested its first wave
of adult self-reported health outcome item banks: 2005-2008. J Clin Epidemiol. 2010
Nov;63(11):1179-94.

Spitzer RL, Kroenke K, Williams JBW, Lowe B. A Brief Measure for Assessing Generalized
Anxiety Disorder: The GAD-7. Arch Intern Med. 2006 May 22;166(10):1092-7.

Beck AT, Epstein N, Brown G, Steer RA. An inventory for measuring clinical anxiety:
psychometric properties. J Consult Clin Psychol. 1988 Dec;56(6):893-7.

Zigmond AS, Snaith RP. The hospital anxiety and depression scale. Acta Psychiatr Scand.
1983 Jun;67(6):361-70.

Miller TJ, McGlashan TH, Woods SW, Stein K, Driesen N, Corcoran CM, et al. Symptom
Assessment in Schizophrenic Prodromal States. Psychiatr Q. 1999 Dec 1;70(4):273-87.

Miller TJ, McGlashan TH, Rosen JL, Cadenhead K, Ventura J, McFarlane W, et al.
Prodromal Assessment With the Structured Interview for Prodromal Syndromes and the

20


https://doi.org/10.1101/2024.10.02.24314787
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRXxiv preprint doi: https://doi.org/10.1101/2024.10.02.24314787; this version posted October 4, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC-ND 4.0 International license .

Scale of Prodromal Symptoms: Predictive Validity, Interrater Reliability, and Training to
Reliability. Schizophr Bull. 2003 Jan 1;29(4):703—15.

39. Maples JL, Carter NT, Few LR, Crego C, Gore WL, Samuel DB, et al. Testing whether the
DSM-5 personality disorder trait model can be measured with a reduced set of items: An

item response theory investigation of the Personality Inventory for DSM-5. Psychol Assess.
2015 Dec;27(4):1195-210.

40. Yeh FC, Panesar S, Fernandes D, Meola A, Yoshino M, Fernandez-Miranda JC, et al.
Population-averaged atlas of the macroscale human structural connectome and its network
topology. Neurolmage. 2018 Sep;178:57-68.

41. Yeh FC, Badre D, Verstynen T. Connectometry: A statistical approach harnessing the
analytical potential of the local connectome. Neurolmage. 2016 Jan;125:162-71.

42. Valcarcel AM, Linn KA, Vandekar SN, Satterthwaite TD, Muschelli J, Calabresi PA, et al.
MIMoSA: An Automated Method for Inter-Modal Segmentation Analysis of Multiple
Sclerosis Brain Lesions. J Neuroimaging Off J Am Soc Neuroimaging. 2018 Jul;28(4):389—
98.

43. Yeh FC, Zaydan IM, Suski VR, Lacomis D, Richardson RM, Maroon JC, et al. Differential
Tractography as a Track-Based Biomarker for Neuronal Injury. Neurolmage. 2019 Nov
15;202:116131.

44. Maier-Hein KH, Neher PF, Houde JC, C6té MA, Garyfallidis E, Zhong J, et al. The
challenge of mapping the human connectome based on diffusion tractography. Nat Commun.
2017 Nov 7;8(1):1349.

45. Fonov V, Evans A, McKinstry R, Almli C, Collins D. Unbiased nonlinear average age-
appropriate brain templates from birth to adulthood. Neurolmage. 2009 Jul 1;47:S102.

46. Glasser MF, Smith SM, Marcus DS, Andersson J, Auerbach EJ, Behrens TEJ, et al. The
Human Connectome Project’s Neuroimaging Approach. Nat Neurosci. 2016 Aug
26;19(9):1175-87.

47. Tustison NJ, Cook PA, Holbrook AJ, Johnson HJ, Muschelli J, Devenyi GA, et al. The
ANTsX ecosystem for quantitative biological and medical imaging. Sci Rep. 2021 Apr
27;11(1):9068.

48. Wood SN. Generalized Additive Models: An Introduction with R, Second Edition. 2nd ed.
New York: Chapman and Hall/CRC; 2017. 496 p.

49. Halchenko YO, Meyer K, Poldrack B, Solanky DS, Wagner AS, Gors J, et al. Datal.ad:
distributed system for joint management of code, data, and their relationship. J Open Source
Softw. 2021 Jul 1;6(63):3262.

50. Covitz S, Tapera TM, Adebimpe A, Alexander-Bloch A, Bertolero MA, Feczko E, et al.
Curation of BIDS (CuBIDS): a workflow and software package for streamlining

21


https://doi.org/10.1101/2024.10.02.24314787
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRXxiv preprint doi: https://doi.org/10.1101/2024.10.02.24314787; this version posted October 4, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC-ND 4.0 International license .

reproducible curation of large BIDS datasets [Internet]. bioRxiv; 2022 [cited 2022 May 23].
p. 2022.05.04.490620. Available from:
https://www.biorxiv.org/content/10.1101/2022.05.04.490620v1

51. Sample Size Software | Power Analysis Software | PASS | NCSS.com [Internet]. [cited 2022
May 25]. Available from: https://www.ncss.com/software/pass/

22


https://doi.org/10.1101/2024.10.02.24314787
http://creativecommons.org/licenses/by-nc-nd/4.0/

