Hippocampus serve as multimodal transdiagnostic biomarker

Introduction
#paraOl

[The Kraepelinian dichotomy, the broad classification of major mood and psychotic

illness into ‘manic—depressive’ psychosis and schizophrenia, has been enshrined for

#t5F [XY1]: Ref: “The Kraepelinian dichotomy, which
classified dementia praecox and manic depressive psychosis
as 2 distinct categories of endogenous psychosis, has been
fundamental in the evolution of psychiatric nosology over the

past century:
Chang et al., 2018, schizophrenia bulletin (IF, 7.1)

| #t5F [XY2]: Ref: “has been enshrined in Western psychiatry

over a century and [highly influenced the development of modern psychiatry

for over a century and continues to influence clinical practice,
research and public perceptions of mental illness.”
Craddock et al., 2010, BJP

(Kraepelin, 1920). [The main principle of modern psychiatry argues that mental

\disorders are separate diagnostic categories with distinct neurobiological borders and

clinical presentations. However, there are no clear-cut boundaries among different

#t3FE [XY3]: Ref: “This categorical approach has been highly
influential in the development of the Diagnostic and statistical
manual of mental disorders (DSM).”

Chang et al., 2018, schizophrenia bulletin

‘ #E5F [XY4]: Ref: “Modern psychiatry is based on the

mental disorders. On the one hand, comorbidity (the presence of two or more

disorders) is common in mental health| (Clinically, the schizophrenia (SZ), major

principle that mental disorders are separate categories with

distinct etiologies and clinical presentations.” 1]

depressive disorder (MDD), bipolar disorder (BP), and obsessive-compulsive disorder

(OCD) shared symptoms such as depression and anxiety (Barch and Sheffield, 2014,

#5F [XYS5]: Ref01: “Convering epidemiologic, genetic, and
neuroscientific research suggests that populations of

psychiatric patients are not separated by clear neurobiologi(t%l]

world psychiatry; Lee et al. 2015, Translational psychiatry). (however#1, done) One
the other hand, genetic, molecular and neuroscientific research over recent decades
have failed to [identify specific sets of genetic or neural dysfunction that can

differentiate different \illness categories\ (Cross-disorder group...Lancet, 2013). [For

#HE3FE [XY6]: Ref: “it is acknowledged that there are not clear-
cut boundaries between the different categories”
Gong et al., 2019, NPP

‘ #E3E [XY7]: Ref: “comorbidity (the coexistence of two or

example, of substantial overlap in the genetic factors that increase risk for both

affective and psychotic disordeﬁ (Purcell et al., 2009, nature; Lichtenstein et al., 2009,

more disorders) is the rule rather than the exception in mental

health’ 3]

(o v R A RS LIRS,

Lancet). Consistently, d broad range of mental disorders were found to share the same
brain network dysfunction (Matthews and Hampshire, 2016; Baker et al., 2019,

PNAS). (however#2, done) [These evidences indicated that each mental disorder is

\ [#H:,E [XY9]: Term adopted from Baker et al., 2019, PNAS.

)
)

HE3E [XY10]: Ref: “identify specific sets of genetic or neural
abnormalities that differentiate SZ, BD, and MDD.”
Chang et al., 2018, schizophrenia bulletin

#t5F [XY11]: Ref: “for example, of substantial overlap in the

better understood and defined as a combination of diagnosis-specific as well as

transdiagnostic features. |

#para02
[dentifying the shared and specific vulnerabilities across psychiatric disorders could
light the development of novel transdiagnostic treatments to decrease risk of

psychopahthology across disorders, also be helpful for future classification schemes
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#E5F [XY12]: Ref: “Consistent with shared heritability,

genetic factors that increase risk for both affective and

psychotic illness”

... [4]

partially overlapping patterns of brain network dysfunction

mark a broad range of mental diseases”

..[5])

#E3E [XY13]: Ref: “These findings have informed an

emerging conceptualization of psychiatric illness, in which

each disorder is best understood as a combination of /61




(Husain, 2017, Brain).” Many studies, however, utilize case-control design and have

only compared single of psychiatric disorder with healthy controls (HC). Which may

mask the substantial overlap and give the illusion of group specificity. [Recently, some

empirical transdiagnostic studies have investigated the shared and distinct
neurobiological features in large-scale brain networks, grey matter or white matter
across multiple mental-disorders. For example, affective and psychotic illness shared
disruption in frontoparietal network (Baker et al., 2019, PNAS), and all showed lower
fractional anisotropy values in callosal, limbic-paralimbic-heteromodal white matter
relative to healthy controls (Chang et al., 2018, SB). SZ, MDD, BP and PTSD patients
were all characterized by greater gray matter volume in the putamen than healthy
controls (Gong et al., 2019). But whether there were some consistent transdiagnostic

markers or h)sychiatric core areas\ across illness categories in multimodal imaging?

Identifying these regions, or one of core regions, may shed light on developing new

generation of anatomically directed brain stimulation treatments for mental disorders.

#Para03-introducing the hippocampus

We hypothesize the hippocampus, could be the transdiagnostically central hub across
mental disorders in multimodal imaging. Previous large-scale meta-analyses of
structural neuroimaging studies across diverse diagnostic groups (SZ, BP, MDD,
addiction, OCD, anxiety) found that the grey volume loss in hippocampus was one of
the common features across diagnoses, specifically, this feature was more evident in
nonpsychotic disorder group (i.e., exclude the SZ group) (Goodkind et al., 2015,

JAMA psy). Moreover, hippocampus is a critical brain region to regulate stress

response in humans. Loss of hippocampal neurons due to exposure to stress has been

reported in several psychiatric disorders that are related to stress events, such as SZ

and MDD (Phillips et al., 2006; Driessen et al., 2000).

#Para04-introducing the current study
The aim of the present study was therefore to investigate whether the deficits in

hippocampus was common across four psychiatric disorders (bipolar disorder, major
2/ 22

| #t5F [XY14]: Ref0l: “Understanding the nature of

vulnerabilities across psychiatric disorders may be important
in informing the development of transdiagnostic interventions
aimed a decreasing risk of psychopahthology across
disorders—a key direction for intervention research.”

Gong et al., 2019, NPP

Ref02: “Identifying signatures of pathology across the
functional connectome could provide a framework for
researchers to study neurobiological contributions to the onset
and maintenance of clinically relevant symptoms, informing
the development of novel treatments and future classification

schemes.”

.| Baker et al., 2019, PNAS

H#E3E [XY15]: Ref: “most research utilizes case-control
designs, examining single psychiatric illnesses in isolation.
This approach can potentially mask the presence of
substantial overlap in the distributions of connectome
functioning across populations, giving the illusion of group

specificity.”

.. | Baker et al., 2019, PNAS.

#5%F [XY16]: Same term adopted from Downar et al., 2016,

| TICS

#t3F [XY17]: Ref: “These regions may represent promising
targets for a new generation of anatomically directed brain
stimulation treatments.”

Downar et al., 2016, TICS

#3F [XY18]: “Our aim in this study was to test the NDH

meta-analytically and trans-diagnostically using the
hippocampus as the central hub”

Kotkowski et al., 2018, NI clinical

[#ttii [M19]: 34 discussion #4342 &% HPA fii$h#, j




depression disorder, obsessive-compulsive disorder, schizophrenia). Critically, this

study combined hnulti-modal neuroimaging\ included structural MRI, resting state #53F [XY20]: The same term adopted from:
“Multimodal imaing of the self-regulating developing brian”

Fiell et al., 2012, PNAS.

fMRI, and diffusion tensor imaging, which may give us full perspective about the

trans-diagnostic neural features underlying different illness categories. To exclude the
possibility that some results might be attributed to treatment effects, the current study
only recruited medication-naive individuals suffering from four psychiatric disorders,
including BP (n=49), MDD (n=100), OCD (n=56), SZ (n=168), and healthy controls

(n=210). Of note, all participants’ data were collected using the same scanner and

acquisition sequence to ensure the data comparability.\ HE5E [XY21]: Ref:  “All participants were scanned using
the same scanner and acquisition sequence, ensuring
compar- ability of the data across multiple diagnostic
categories.
” Gong et al., 2019, NPP.
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Method

Ethic approval. [The experimental protocol was in accordance with principles of the
Declaration of Helsinki and approved by a local Research Ethics Committee of the
Second Affiliated Hospital of Xinxiang Medical University (Xinxiang, China). All
participants provided written informed consent after the experimental procedure had
been fully explained and were informed of their right to withdraw at any time during

the study.

Participants. We collected resting-state functional magnetic resonance imaging
(fMRI) data from 583 individuals, including 210 healthy controls (HC, free of current
or a history of psychiatric disorders) and 373 patients who were diagnosed with
bipolar depression (BP, N = 49), major depression disorder (MDD, N = 100),
obsessive compulsive disorder (OCD, N = 56), and schizophrenia (SZ, N = 168). All
patients were screened using non-structured interviews based on the diagnostic
criteria of the DSM-IV by independent experienced psychiatrists from the Second
Affiliated Hospital of Xinxiang Medical University (Xinxiang, China). Thirty-eight
participants (MDD =2, OCD =4, SZ =26, HC = 6) were excluded from the
subsequent resting-state analyses due to significant head motion (above 2.5 mm or
2.5° in any directions, see Data preprocessing for resting state for more details).
Thus, data from 545 participants were included in the formal data analysis: 49 with BP,
98 with MDD, 52 with OCD, 142 with SZ, and 204 HCs. Seven participants (SZ = 2,
HC =5) had abnormal T1 image, thus we included 576 participants into voxel-based
morphometry analyses, including 49 with BP, 100 with MDD, 56 with OCD, 166 with
SZ, and 205 healthy controls. There were 389 participants who also had their
diffusion imaging data, including 49 BP patients, 94 MDD patients, 51 OCD patient,
87 SZ patients and 108 healthy controls. [Demographics information| and clinical

characteristics of all patients and healthy controls were shown in Table S1. |

| #lt5E [XY22]: Ref01: “The experimental procedures of all

experiments met the standards set by the Declaration of
Helsinki and were approved by a local research ethics
committee at the State Key Laboratory of Cognitive Neuro-
science and Learning, Beijing Normal University. All
participants provided written informed content after the
experimental procedures were fully explained and were
informed of their right to withdraw at any time”

SPE-paper, 2018

Ref02: “The study protocol was in accordance with principles
of the Declaration of Helsinki and approved by the Ethics
Committee of the Second Affiliated Hospital of Xinxiang
Medical University (Xinxiang, China).”

Yang et al., 2019, frontiers in psychiatry.

#t5F [YX23]: The demographic information and clinical data
reported based on the VBM sample, N =

Neuropsychological and neuropsychiatric assessment. We also asked participants to

complete questionnaires to assess related symptoms of each disorder. Psychiatry
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#5F [YX24]: Adopted from 3-D self, revised manuscript by
Prof. Yina Ma.




symptoms of SZ patients were obtained using the Positive and Negative Syndrome
Scale (PANSS) (Kim et al., 2012). BP and MDD patients completed the Beck Anxiety
Inventory (BAI) (Beck et al., 1988) and Beck Depression Inventory (BDI) (Beck et
al., 1961) assess their affective symptoms. The Yale-Brown Obsessive-Compulsive
Scale (Y-BOCS) (Goodman et al., 1989) were employed to assess the obsessive
thoughts and compulsive behaviors of OCD patients. We calculated the total scores of

each questionnaire and reported them in Table S1.

Image acquisition. Functional brain images were acquired using a 3-Tesla Siemens
Trio scanner at the Second Affiliated Hospital of Xinxiang Medical University
(Xinxiang, China). Blood oxygen level-dependent (BOLD) gradient echo planar
images (EPIs) were obtained using a 12-channel head coil [64 x 64 x 33 matrix, voxel
size = 3.44 x 3.44 x 4 mm3, repetition time (TR) = 2000 ms, echo time (TE) = 30 ms,
flip angle = 70°, field of view (FOV)=256 x 256mm?]. A high-resolution T1-weighted
structural image was subsequently acquired (256 x 256 x 144 matrix with a spatial
resolution of 1 x 1 x 1 mm, TR =2530 ms, TE = 3.37 ms, inversion time (TI) = 1100
ms, flip angle = 70°).

The dMRI images were acquired using a diffusion-weighted echo-planar imaging
(EPI) sequence covering the whole brain. Imaging parameters were as follows: 50
axial slices, 3.0 mm slice thickness, Repetition Time (TR)=8400 ms, Echo Time (TE)

=91 ms, Field of View (FOV)=128 mm?, b-values of 0 and 1000 s/mm?, in 64 non-

collinear diffusion directions.

Data preprocessing for resting state.

The fMRI data was preprocessed using SPM12 (Wellcome Trust Centre for
Neuroimaging, London). Similar to previous studies (Hampson et al., 2002, HBM;
Long et al., 2008, INmethod), the first 10 functional images were discarded to avoid
initial steady-state problems. Remaining images were spatially realigned for head
motion correction, and corrected for slice acquisition temporal delay. Functional
images were then co-registered to each participant’s segmented gray matter T1-

weighted image, spatially normalized to a common the Montreal Neurological
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Institute (MNI) space, and resampled into 3 x 3 x 3 mm? voxels. Finally, all
functional images were spatially smoothed with an isotropic 4mm FWHM Gaussian
kernel.

Diffusion magnetic resonance imaging data pre-processing

The diffusion-weighted imaging datasets were analyzed within }the FMRIB software
library framework (http://fsl.fmrib.ox.ac.uk) using a MATLAB toolbox named
“pipeline for analyzing brain diffusion images” (PANDA) (Cui et al., 2013). The raw
data for each participant were corrected for head motion, adopting eddy current
correction, by registering the diffusion weighted images to the b = 0 images with an
affine transformation. Diffusion tensor metrics were then calculated (applying dtifit of
FSL) in a voxel-wise fashion within the brain mask including fractional anisotropy
(FA), mean diffusivity (MD), axial diffusivity (AD), and radial diffusivity (RD). For
normalization, each patient’s FA images in the native space were non-linearly

registered to the FA template in MNI space. Then the resulting images of the diffusion

metrics (FA, MD, RD, AD) were normalized to the Montreal Neurological Institute
(MNI) space and were resampled to 2 mm isotropic voxels, followed by spatial
smoothing with a 4 mm Gaussian kernel to reduce image noise and misalignment

between participants.

Voxel-based morphometry.
We used voxel-based morphometry from Computational Anatomy Toolbox 12

(CAT12; http://www.neuro.uni-jena.de/cat/). \All T1-weighted images were

HEE [XY25]: XA/ £ EBSHIXFS paper £ method R
2
2015_NI_Specific white matter tissue microstructure changes

associated with obesity

EBRE.

#E3E [XY26]: Ref: “Gray matter density was examined using
voxel-based morphometry from FSLVBM.” Vachon-Presseau
etal, 2018, NC

preprocessed with default settings of the CAT12 toolbox, including corrections for
bias-field inhomogeneties, segmentation into gray matter, white matter, and
cerebrospinal fluid (CSF). The aforementioned segmented images were then
normalized to the DARTEL template in standard Montreal Neurological Institute
(MNI) space and resampled to 1.5%1.5x 1.5 mm?. Modulated gray matter images
were smoothed with an 8-mm full-width-half-maximum isotropic Gaussian kernel and

used for further analysis.
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#E3F [XY27]: Ref01: “For VBM analyses, the structural
imaging data were preprocessed with default settings of the
CAT12 toolbox, including corrections for bias-field
inhomogeneties, segmentation into gray matter (GM), white
matter, and cerebrospinal fluid, followed

by spatial normalization to the DARTEL template in MNI
space (voxelsize: 1.5Smm_ 1.5mm_ 1.5 mm). Next, the
preprocessed GM data were smoothed with an 8mm full-
width-half-maximum isotropic

Gaussian kernel” Weise et al., 2019, NI

Ref02: “We applied spatial normalisation and segmentation
into three voxel classes: grey matter (GM), white matter
(WM) and cerebrospinal fluid

(CSF) using a segmentation approach based on adaptive
maximum a posterior segmentation and partial volume
segmentation. We also determined

total intracranial volume (TIV) for all scans” Spalthoff et al.,

2018, SZ research




Calculation of degree centrality maps
We computed degree centrality maps for each subject employing the similar approach

shown in previous studies (Buckner et al., 2009; Zuo et al. 2012)| Specifically, for

each voxel k, we first calculated the functional connectivity between the whole BOLD

signal time series| within this given voxel k and the time-course of any other voxel

within the mask of gray matter. hhen the functional connectivity map was thresholded

(r=0.25, consistent with previous study: Buckner et al., 2009;Hampson et al., 2012;

Van Dijk et al., 2012) to yield binary map\, that is, connections below this threshold

were set to zero while the remaining connections were set to l.HThe Degree centrality

for this voxel was the sum of all non-zero connections within the binary map. This
process was repeated for every voxel and resulted a whole-brain degree centrality

maps for each subject.HThe Individual-level voxel-wise degree centrality maps were

normalized by converting to z-scores, the resulting z maps were then smoothed

)

(FWHM = 4 mm), and entered into group analysis.\

Wode—wise structure-function relationships.

To estimate the link between structure and function for each brain region, we adopted
a multilinear regression model as same as previous literature did (Vazquez-Rodriguez
et al., 2019), that relates node-wise structural and functional connection properties.
Structural network for each participant was estimated from diffusion spectrum
imaging (DSI), was constructed using deterministic streamline tractography, jand the
nodes of the structural network were adopted in a same manner as the nodes in the

functional network. We constructed a multilinear regression model (Equation 1) for

each given node 7, the dependent variable and predictors kept same with previous
work (Vazquez-Rodriguez et al., 2019), that is, we used the resting state functional

connectivity (FC) between node i and all other nodes within in the network which was

not i (for example, node ki) as dependent variable. And adopting Euclidean

distance, path length and communicability as predictor variables. Specifically, path

length and communicability were estimated from the binarized structural connectome

7722

5 [XY28]: Ref: “Degree centrality maps were computed
by using the REST toolbox that employs an approach similar
to that shown by Buckner et al. (2009) and Zuo et al. (2012)”
Xiao etal., 2015, NI

| Hb3E [XY29]: Ref: “Correlation and causality metrics can be

applied to blood-oxygen level-dependent (BOLD) signal time
series” Chang et al., 2008, NI.

#E3E [XY30]: Ref: “Specifically, for each voxel i the
connectivity

between the time course of this given voxel i and the time
course of every other voxel within the mask of graymatter of
the brain was computed.”

Xiao etal., 2015, NI

: [#ttiz [XY31]: FSPE j

#E3E [XY32]: “Then the correlation map of voxel i was
converted to a binary map of connectivity thresholded at r =
0.25, setting all connections below the threshold to zero while

setting all remaining connections to 1”.

Xiao etal., 2015, NI.

#5%F [XY33]: “The sum of all non-zero connections in this
binary map was calculated to yield the degree centrality of the

voxel i.”

.. [7]
fitSE [XY34]: Ref “The individual-level degree centrality

maps were then standardized by converting to z-scores”
Xiao et al., 2015, NI.

[?HZ?} [XY35]: FSPE, RSA-method part. j

#3F [XY36]: @Yina, All sentences were from the original
paper.

“Gardients of structure-function tethering across

.. [8]
#t3FE [XY37]: Ref: “To estimate the correspondence between

local structure and function, we constructed a multilinear

regression model that relates node-wise structural and

... [9]
#E3F [XY38]: Ref: “Adjacency matrices were reconstructed

using deterministic streamline tractography”

#t5F [XY39]: Ref: “The nodes of the structural network
were taken in a similar manner as the nodes in the

functional network to enable the following analysis betwm

| $t5F [XY40]: Fora given node i, the dependent variable is

the resting state functional connectivity between node i and

all other nodes in the network j not= i. The predictor VariaHiﬁ




based on Brain Connectivity Toolbox (https://sites.google.com/site/betnet/; Rubinov

and Sporns, 2010). The regression coefficients (b1, b2, b3) and intercept (b0) were
estimated via ordinary least squares, then we adopted the goodness-of-fit to represent
the correspondence between structural and functional networks for the given node,

which was quantifying by the adjusted R-square.

FC;= b0+ blEuclidean distance ; + b2Path length;+ b3Communicability; (Equation 1)

Automated Fiber Quantification

Automated Fiber Quantification (AFQ; https://github.com/jyeatman/AFQ) was used
as an independent validation method in order to confirm the mean FA of the manual
tractography obtained across the entire tract. Instead of calculating mean diffusion
properties across entire tracts, this method allowed for a more precise localization of
group differences. The AFQ analysis pipeline is described extensively in Yeatman,
Dougherty and Myall et al. (2012). Description of the steps with specific parameters

used in this study is provided here:

(1) whole-brain tractography was computed using a deterministic streamline tracking
algorithm seeded with a white matter mask defined as all voxels with an FA

value >0.1. Fiber tracking was terminated if the minimum angle between the last

path segment and the next step direction was greater than 40°;

#t3E [XY41]: Ref: “Model parameters (regression coe_cients
for each of the 3 predictors) are then estimated via ordinary
least squares. Goodness-of-fit for each node i, representing
the correspondence between strucrtural and functional
profiles for that node, is quantified by the adjusted R-square

between observed and predicted functional connectivity.”

(2) individual fibers were assigned to a particular tract if they cross through the 2
waypoint ROIs that characterize the central portion of that tract. These ROIs were
anatomically defined using the subject’s T1-image based on the procedure proposed
by Wakana et al. (2004) and were created in MNI space on a group-average diffusion
dataset. These ROIs were converted into each subject’s native space based on an

estimated nonlinear transformation into MNI template space.
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#5F [XY42]: The tracing is terminated when the FA value
becomes lower than 0.2 or the minimum angle between the
last path segment and next step is greater than 30°.

Sun et al., 2015, JAMA psy.




(3) Then, fiber tract probability maps developed by Hua et al. (2008) were
transformed into each subject’s native space and used to determine the probability of
individual fibers belonging to their assigned fiber group based on the voxels that they
pass through. Fibers that passed through low-probability voxels were excluded from
the fiber group. The fiber groups were further cleaned by removing all fibers that

were >4 standard deviations.

\The portion of fibers between two waypoint ROIs was clipped. lAnd the resulting

clipped tract was segmented into 100 equidistant nodes. Spline interpolation was used
to calculate FA, radial diffusivity (RD), and axial diffusivity (AD) across each tract
and at each of the 100 nodes of each tract for each subject. These diffusion properties
were calculated by taking a weighted average of the measures of each fiber at that
node. The weight of each fiber was determined based on the probability that the fiber

belonged to the fiber group.

Because AFQ uses strict criteria for tract identification, the tracts of interest could not
be located in all subjects (Langer et al., 2015). The number of participants in which
automated tractography was successfully obtained for each tract are as follows: 23 BP
patients, 24 MDD patients, 28 OCD patients, 29 SZ patients, and 33 healthy controls
for the left uncinate. And 32 BP patients, 41 MDD patients, 30 OCD patients, 36 SZ

patients, and 44 healthy controls for the right uncinate.

Statistical analyses for grey volume, degree centrality, structural-functional
coupling.

We first examined the difference of the properties mentioned above in left and right
hippocampus (HIP) of all groups (i.e., HC, BP, MDD, OCD and SZ) by adopting one-
way analysis of covariance (ANCOVA), with Group (HC vs. BP vs. MDD vs. OCD
vs. SZ) as factor, and with age, gender and education as covariates. Then did post hoc
analyses to reveal the difference between each kind of disorder and healthy controls,
as well to unravel the difference between any pair of disorder. All multiple

comparisons were corrected by false-discovery rate (FDR), and significance was set
9/ 22

#E5F [XY43]: After tract identification, the portion of fibers
between two waypoint ROIs was clipped.
Sun et al., 2015, JAMA




to a corrected p < 0.05.

Statistical analyses for Automated Fiber Quantification

In order to statistically test group difference in diffusion properties in each segment of

the left and right UF, we conducted hoointwise comparison\ among all groups, with age, fit5F [XY44]: Flowchart for Pointwise Comparison.

gender and education as covariates. All results were correct for multiple comparisons The same term adopted from Sun et al, 2015, JAMA psy.

at each node along the tract.
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Results

Decreased grey matter volume in bilateral hippocampus were shared across

psychiatric disorders compared with HC, also were distinct between SZ and

OCD patients.

Using one-way analysis of covariance (ANCOVA), with Group (HC vs. BP vs. MDD

vs. OCD vs. SZ) as factor, and with age, gender and education as covariates, we found

the main effect of Group was significant in bilateral hippocampus (left HIP:

F(4,526)=9.205, p < 0.001, n?= 0.066; right HIP: F(4,526)=11.523, p < 0.001, n?=

0.082). Post hoc analyses revealed a significantly decreased grey matter volume of

bilateral hippocampus in the BP, MDD, OCD, and SZ groups compared with HCs (all

P <0.050, FDR correction). And the SZ were associated with higher grey volume than

OCD (SZ vs. OCD, left HIP: F(1,187)=7.854, p = 0.006, 12 = 0.041; right HIP:

F(1,187)=8.459, p = 0.004, n> = 0.044). MDD patients showed more grey volume than

OCD patients in right hippocampus (right HIP: F(1,147)=5.871, p = 0.017, n2= 0.039;

Figure 1A, B). No differences were found other comparisons after FDR correction (all

p > 0.070).

A Left hippocampus

°
N
&
*
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°
N
S

Grey volume

0.00

B Right hippocampus

0.3

Grey volume

Figure 1. Results of grey volume within bilateral hippocampus.

(A, B) Differences in grey matter volume in bilateral hippocampus among the five

groups. Violin plots represent the distribution of grey matter volume, parameter in

each group and solid lines indicate the medians.

(Error bars represent standard error. p<0.05%, p<0.01**, p<0.001***).
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| #EE [M45]: £ 0129 DIRTRIRRA T, EIMERMTTRA

MP-ICA B—#89, JFEAT introduction 1 discussion £
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comparison,

$E5E [YX46R45]: ;X FEEE 5 Gong et al., 2019, NPP —
H.

| #E3F [XY47]: Ref: “Group effects on each pair of static and

dynamic connectivity were examined using one-way analysis
of covariance (ANCOVA), with age and gender as
covariates.”

Lietal., 2019, bioX




Decreased degree centrality in bilateral hippocampus were shared across
psychiatric disorders compared with HC, also were distinct among all patients.
Consistently, we did the same analyses and identified the significant main effect of
Group (left HIP: F(4,500)=14.417, p < 0.001, n?>= 0.105; right HIP: F(4,500)=13.003,
p <0.001, n?>=0.095). All patients had decreased degree centrality of bilateral
hippocampus compared with HCs (all P <.001, FDR correction). Moreover, SZ were
associated with higher dwell time than BP (SZ vs. BP, left HIP: F(1,162)=10.481, p =
0.001, n?>= 0.062; right HIP: F(1,162)=6.395, p = 0.012, n?= 0.039) , MDD(SZ vs.
MDD, left HIP: F(1,211)=11.869, p = 0.001, n? = 0.054; right HIP: F(1,211)=11.240,
p =0.001, 1*= 0.052) and OCD (SZ vs. OCD, left HIP: F(1,165)=6.549, p = 0.011, n?
=0.039; right HIP: F(1,165)=7.440, p = 0.007, n>= 0.044; Figure 2A, B). No
differences were found among other kinds of comparison (all p > 0.250). All results

still remained unchanged after FDR correction.

A Left hippocampus B Right hippocampus
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BP MDD ocp sz HC ’ BP MDD ocop sz
Figure 2. Results of degree centrality within bilateral hippocampus.

(A, B) Differences in degree centrality within bilateral hippocampus among the five
groups. SZ patients revealed significantly higher degree centrality within bilateral
hippocampus than BP , MDD, and OCD patients.

Violin plots represent the distribution of degree centrality, parameter in each group and
solid lines indicate the medians. Error bars represent standard error. p<0.05%*, p<0.01%%*,

p<0.001%%%).

12 / 22



Shared and distinct structure-function correlation in bilateral hippocampus
across psychiatric Disorders

We found significant main effect of Group on the structure-function associations in
left hippocampus (F(4,354)=3.641, p=0.006, n>= 0.040) but not right hippocampus
(F(4,354)=1.906, p=0.109, n*>= 0.021; see Figure 3). Post hoc analyses revealed that
only BP and MDD patients showed distinct weaker structure-function associations in
left hippocampus than healthy controls (BP vs. HC: F(1,148)=9.269, p=0.003, n?=
0.060; MDD vs. HC: F(1,192)=10.340, p=0.002, n?>= 0.052). No significant
differences were detected from other comparisons (all p > 0.200). All results still

remained unchanged after FDR correction.
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Figure 3. Results of structure-function correlation in bilateral hippocampus.

(A) BP and MDD patients showed weaker structure-function correlation in left
hippocampus compared with HC. No differences were found for SZ and OCD
patients when compared with HC.

(B) No significant difference was found among all groups in right hippocampus.
Violin plots represent the distribution of structure-function correlation, parameter in
each group and solid lines indicate the medians. (Error bars represent standard error.

p<0.05%, p<0.01%*, p<0.001%**).

\Group differences in tract profile of FA in bilateral uncinate H5F [XY48]: NOTE | A EXBHERERENES
A

In pointwise comparison of FA profile in bilateral uncinate, we found the inferior

portion of the bilateral uncinate, and the 20%-30% percentile, as well as end of the

right uncinate revealed significant difference among all groups (Figure 4).
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Specifically, in the inferior portion of bilateral uncinate, only BP and OCD patients
showed distinct FA value relative to healthy controls. And the SZ patients showed
larger FA than BP patients and OCD patients. BP patients had higher FA than OCD
patients, then no difference was detected for any other comparisons. In the 20-30%
percentile of the right uncinate, MDD and BP patients were distinct from healthy
control, no differences were found between SZ and healthy control, neither for the
OCD patients. No significant differences were found for other comparisons. In the
end portion of right uncinate, only MDD and OCD patients were distinct from healthy
controls. Moreover, MDD patients still showed largest FA, as well the OCD patients
showed smallest FA than any other patients. And the difference between BP and OCD

was not significant.

Left Uncinate Right Uncinate

0.6 0.6

0.5
I HC
N BP

I MDD 0.4

= ocp

Sz

0.3
P<0.05

(FDR correction)
0.2
. 0.1
0 50 100 0 50 100

Figure 4. The plots of FA profiles of bilateral uncinate among all groups (solid lines
for mean value and shaded areas for SE). The green bar under the FA profile indicate
the regions of significant difference among all groups. The x-axis represents the

location between the beginning and termination waypoint regions.
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Discussion

#para0l-results summary

[The current study revealed the existence of critical brain region---hippocampus,
across multimodal imaging that bridge several diagnostic categories.[Here, we
identified a decrease in gray matter volume of the bilateral hippocampus, as well as
decreased degree centrality within hippocampus in all patient groups relative to

healthy controls. Interestingly, the finformation sharing (degree centrality) within

#E3E [M49]: Ref: “The present analyses reveal the existence
of functional connectomic profiles that bridge diagnostic
categories, aligning with clinical symptoms in a graded
fashion.”

Baker et al., 2019, pnas.

hippocampus was also distinct between schizophrenia and affective disorders (i.e.,
bipolar disorder and major depression disorder) in a graded fashion (SZ > BP; SZ >
MDD). [The functional link between structure and function in hippocampus‘ showed
diagnostic-specific property, that is, affective disorders revealed less function-
structure association in left hippocampus than healthy controls but OCD and SZ
patients were not different with healthy participants. Highlighting the patients were all
medication-free at the time of the scanning, thus the current results cannot be

explained by treatment effects.
#para02-transdiagnosis & hippocampus & HPA axis

Our investigation showed that the hippocampus was the potential transdiagnostic
neural marker in multimodal fashion. The hippocampus, one important brain
corticosteroid feedback site, was considered as a potential regulator of the
hypothalamic-pituitary-adrenocortical (HPA) axis (Jacobson and Sapolsky, 1991,
endocrine reviews) —the major system involved in orchestrating the psychological
experience of stress. HPA hyperactivity have been implicated in individuals with SZ
and other psychotic symptoms (Phillips et al., 2006, Australian and New Zealand
Journal of Psychiatry), it also has been found in affective disorder (Belvederi Murri et
al., 2015, psychoendo) and obsessive compulsive disorder (Labad et al., 2018,

psychoncﬂndo). And heightened HPA-axis and excessive levels of cortisol would

dampen the neuronal processes, also be correlated with [senescent losses of both

corticosteroid receptors in the hippocampus, then lead to the reduced gray volume and
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#tt33F [M50]: Ref: “The extent of information sharing
(degree count) between a prefrontal cortical region,
r-MFG»

TeAtreault et al., 2017, PB.

#E3F [M51]: Ref: “What is the link between structure and
function in brain networks?”

“Here we address the relationship between structure and
function by focusing on connection pro_les of individual

brain regions.”

Vazquez-Rodrguez et al., 2019, bioX.

| #t3F [M52]: The HPA axis in bipolar disorder: Systematic

review and meta-analysis

| #tt3FE [M53]: Ref: “HPA hyperactivity in the aged rats
correlates with senescent losses of both corticosteroid
receptors and neurons from the hippocampus.”

Jacobson and Sapolsky, 1991, endocrine reviews




dysfunction (McEwen, 1999, annual review of neurosci). Thus, it was not surprise to

find the hippocampus as the transdiagnostic brain region.
#para03- Diagnostic-specific results among the 4 patients

Interestingly, the hippocampus is also associated with diagnostic-specific properties
among the four groups. The depression and bipolar disorder are two major illness
belong to affective disorder. The separation between SZ and affective disorder has
been a topic of scientific debates over decades. Kraepelinian view argued the SZ is
biologically distinct from affective disorder (Kraepelin, 1920), while several theorists
have proposed that the SZ and affective disorder shared some similarities (Grow,

1990, BJP). Our results demonstrated the difference between SZ and affective

disorders can be modality-dependent. Evidence from structural MRI revealed the SZ
and affective disorder shared the hippocampal deficits, but the results from functional
MRI supported the distinct boundary between SZ patients and affective disorders,
which was consistent with previous research in investigating the functional networks
(Baker et al., 2019, pnas).

Moreover, the direct comparisons among all patients also showed that the OCD
patients were associated with distinct hippocampal properties (gray volume and
functional connectivity) relative to SZ patients, while shared hippocampal dysfunction
with affective disorder. Apparent comorbidity between affective disorders and OCD is
common in psychiatry. About 20% of patients with BP showed a lifetime comorbidity

for OCD (Merikangas et al., 2007), and about 50% overlap of symptoms between

MDD and OCD ("ﬂorres et al., 2016). The high comorbidity suggests some shared

#5%F [XY54]: The continuum of psychosis and its genetic
origins: the sity-fifth Maudsley lecture.

| #tt3F [XY55]: Lifetime and 12-month prevalence of

bipolar spectrum disorder in the National Comorbidity

Survey replication. Arch. Gen. Psychiatry

psychological determinants among the three disorders, including distress, anxiety, or

negative affectivity (Grupe and Nitschke, 2013). Previous studies revealed the

abnormalities in the HPA axis had been found in affective disorders, as well as in

OCD dLabad et al., 2018, psychoendo}, [Murri et al., 2016, psychoendo). Which may

#tt3E [XY56]: Comorbidity variation in patients with
obsessive-compulsive disorder according to symptom
dimensions: results from a large multicentre clinical

sample. JAD

suggest the HPA axis dysfunction can serve as one potential factor to account the
comorbidity. Current analyses that identified the shared hippocampal deficits across

these three disorders may further support this implication. Although the comorbidity
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| #t3% [XY57]: Uncertainty and anticipation in anxiety: an

integrated neurobiological and psychological perspective.

NRN

] #E5F [XY58]: HPA axis activity in the comorbidity between

OCD and MDD. 2018, psychoendo.

#5%F [XY59]: The HPA axis in bipolar disorder, systematic

review and meta-analyses.2016, psychoendo.




between OCD and SZ patients has been described in previous literatures (Tonna et al.,

2016), the overlap in symptoms for SZ and OCD were mainly focus on obsession,

delusion, and overvalued thoughts (Insel and Akiskal, 1986). Therefore, our findings

implicate the deficits in hippocampus may be more related to affective aspects but not

the [delusion-like beliefs. |

#5%F [XY60]: Obsessive-Compulsive Symptoms in
Schizophrenia and in Obsessive-Compulsive Disorder:

Differences and Similarities

The structure-functional association within bilateral hippocampus cannot be a
transdiagnosis biomarker across all psychiatric illnesses. It is more likely specific to

affective disorders, but not for SZ and OCD patients.
#para04-confound exclusion & limitation statement

The effects reported in the present investigation cannot be explained by medication
and illness chronicity—two common confounds in psychiatric neuroimaging, since all
patients were in their first episode and remained medication-naive at the time of
scanning. Further, all five groups were scanned using the same MRI scanner and
image acquisition parameters, therefore our results cannot be explained by systematic
differences in the data acquisition. However, the current study has at least three
limitations. First, the social deficits and hippocampal dysfunction co-occur and are

prevalence across psychiatric disorders (Schafer and Schiller, 2018). And the

| #1t3% [XY61]: Obessive compulsive disorder with psychotic

features, a phenomenological analysis. AJP

hippocampus has been found to organize social information into maps (Tavares et al.
2015, neuron) and guide social decision making (Montagrin et al. 2018,

Hippocampus). Although we can exclude some potential confounds like medication,

age, education year, gender, there are other kinds of psychosocial indices social skills,
socioeconomic status that were not measured and which may influence the results.
Second, neuroanatomical variability such as intelligence quotient may affect the

results (ﬂ(oenen et al.,2009, AJP), although we measured the education level and used

it as the covariate in data analyses, the lack of a direct intelligence assessment is still a
limitation and should be included in future research. Finally, we did not assess clinical
data (e.g., diseases severity) across all groups, therefore it was not possible to

unambiguously identity the elaborated relationship between hippocampal dysfunction

and psychiatric illness severity.
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#5F [XY62]: Ref: “The prevalence of delusion-like beliefs
relative to sociocultural beliefs in the general population”

psychopathology, 2011, cited 60

#t3F [M63]: Cold Spring Harbor Symposia on Quantitative
Biology

#t3F [M64]: Montagrin A, Saiote C, Schiller D. 2018. The

social hippocampus. Hippocampus.

#t3E [M65]: Childhood 1Q and Adult Mental Disorders: A

Test of the Cognitive Reserve Hypothesis




#para05-conclusion

Taken collectively, our investigation combined multi-modal neuroimaging technique
to reveal the hippocampus can be a potential trandiagnostic marker of psychiatric
illness when relative to non-clinical sample. At the same time, the hippocampus can
also show diagnosis-specific properties among the four types of mental disorders. Our
findings may assist to develop a new kind of anatomically directed brain stimulation
treatments for mental disorders, as well shed new light on finding the biomarkers to

classify specific psychiatric illness from other disorders.

Data and code avalibility:

Code/G 4L EGitHub k£,

Supplymental materials

Table S1. Demographic and clinical data from all groups.
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Healthy Bipolar disorder Major depression | Obsessive Schizophrenia Healthy contro
comparison disorder compulsive
disorder BP br

N 204 49 98 52 142 F p-value
Age 31.119+8.320 33.632+10.280 35.561+10.926 27.365+8.964 26.624+6.055 19.270 | <0.001 0.072 <0.(
Age range 17-55 16-58 15-57 12-47 12-58 N/A N/A N/A N/A
Gender(female/male) 111/93 23/26 64/34 32/20 72/70 1.862 0.116 0.332 0.07
Education 13.930+3.866 10.930+3.460 11.180+3.710 11.060+3.158 11.400+2.921 17.965 <0.001 <0.001 <0.(
Disease duration(month) | N/A 80.96+92.672 44.54+65.414 50.04+55.613 3{ $#3% [XY66]: Ref: the same term from Fiorenzato et al, N/A
BDI N/A 9.58+11.349 19.13+7.022 N/A N 2019, Brain. Tablel N/A
BAI N/A 34.65+13.372 39.18+12.060 N/A N/A N/A N/A N/A N/A
YMRS N/A N/A N/A 29.610+8.128 N/A N/A N/A N/A N/A
PANSS N/A N/A N/A N/A 82.14+8.977 N/A N/A N/A N/A

Note: BDI, Beck Depression Inventory; BAI, Beck Anxiety Inventory;

YMRS, Young Mania Rating Scale; PANSS, Positive and Negative

Syndrome Scale.
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#STATEMENTS before reading the paper

EE I hippocampus R #Bf HMM [y 5347

ZBIEIMITAE HIP JI2BIL voxel HEALHIT HMM 47, BREBRITA, MR%H
REXEBHAR. BHRBNECHNERILRESE, MRMA dynamic LR
ERMEMARE. FUENLEXNINER, NREEBE, BENBBLERMN
.

- IMASRN 2R TR

20200129 Z BIAIRRAN © #1 MP_ICA —##5£ 23 HC 5 patient (Y= 5%, H&E 4
patient 2 477

20200129 2 [Ff9RRAN - E{#fi 5 A7 A one-way ANOVA,

B AR B9 LT B SR ER R XA, I BIXAEE 7 mE i B trans-diagnosis fY45
Ro

The hippocampal-amygdala FC was weird result (B Bj&FiX&8

DHIER)

B MRS
HIP-AMY FC #38, #4t3%% HPA axis dysfunction, 31 T3RZHRE FC #38, psychiatric

illness #& ™ &,

Evidence#1
The amygdala—hippocampal pathway is crucially involved in the regulation of HPA axis
(Herman et al, 2005). Kiem et al (2013) reported that stronger amygdala—hippocampal rs-

FC is associated with dampened cortisol responses to Dex/CRH test, which indicates
decreased efficiency of the HPA axis to re-establish homeostasis after perturbation.
Evidence#2 (more direct evidence, Hakamata et al., 2018, scientific report)
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Mediation effect Covariate
0.046*

(accounted for 61.4 %
of the total effect) 03247 Amygdala-pgACC FC

Amygdala-Hippocampus FC

0,014 3.346™ 3814w

Anxiety symptoms Tove Daily cortisol levels
(0.074)

Figure 4. Results of mediation analysis. Amygdala-HC FC mediating effect on the relationship between anxiety
symptoms and dCOR. The effect of the amygdala-pgACC FC was incorporated as covariate in the mediation
model. Abbreviations: HC, hippocampus; FC, functional connectivity; dCOR, daily cortisol concentrations;
pgACC, periginual anterior cingulate cortex. *p < 0.05, *¥p < 0.01, **¥p < 0.001. All path coefficients are
unstandardized regression weights. The value in parentheses indicates anxiety symptoms’ total effect on dCOR.

M TREMROERTIE, EEHD.

Decreased functional connectivity strength between hippocampus and amygdala
were shared across psychiatric disorders compared with HC, also were distinct
among all patients.

Next, we calculated the functional connectivity strength (FCS) between hippocampus
(HIP) and amygdala (AMY). Similarly, the main effect of Group was significant
(F(4,500)=14.964, p<0.001, n*>= 0.108, since the results of all possible connections
such as left HIP-left AMY, left HIP-right AMY were similar, see SI Section? we just
reported the average connection strength between hippocampus and amygdala here).
We found that HC group was associate with significantly stronger connection between
hippocampus and amygdala than any kind of mental disorder (all p < 0.003). Other
post hoc analyses showed that the SZ patients have stronger FCS than BP patients
(F(1,162)=7.515, p=0.007, n*>= 0.045) and MDD patients (F(1,211)=10.361, p=0.001,
N> = 0.048; Figure 3). No significant differences were detected from other
comparisons (all p > 0.070). All results still remained unchanged after FDR

correction.
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Figure 3. Results of functional connectivity strength between hippocampus and
amygdala.
Differences in functional connectivity strength between hippocampus and
amygdala among the five groups. SZ patients revealed significantly higher
functional connectivity strength than BP, MDD patients.
Violin plots represent the distribution of functional connectivity strength, parameter
in each group and solid lines indicate the medians. Error bars represent standard
error. p<0.05%*, p<0.01**, p<0.001**%*),

M EREMBRMNERTIE, B,
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Paxand

%1 DL {EIF xva xinyuanyan 2020/1/18 PM9:30:00

Ref: “Modern psychiatry is based on the principle that mental disorders are separate
categories with distinct etiologies and clinical presentations.”
Gong et al., 2019, NPP

Paxand

%1 L2 #EFE xvs) xinyuanyan 2020/1/18 PM9:20:00

Ref01: “Convering epidemiologic, genetic, and neuroscientific research suggests that
populations of psychiatric patients are not separated by clear neurobiological borders
between diagnostic categories or across health and disease”

Baker et al., 2019, PNAS

Ref02: “Modern psychiatry is based on the principle that mental disorders are separate
categories with distinct etiologies and clinical presentations.”

Gong et al., 2019, NPP

% 1 DL #FE xvn xinyuanyan 2020/1/18 PM9:52:00

Ref: “comorbidity (the coexistence of two or more disorders) is the rule rather than
the exception in mental health”
Gong et al., 2019, NPP

Paxand

1 Tl #HOFE poag xinyuanyan 2020/1/18 PM10:27:00

Ref: “for example, of substantial overlap in the genetic factors that increase risk for
both affective and psychotic illness”
Baker et al., 2019, PNAS.

Paxand

1 005 #HEOFE vz xinyuanyan 2020/1/18 PM10:34:00

Ref: “Consistent with shared heritability, partially overlapping patterns of brain
network dysfunction mark a broad range of mental diseases”
Baker et al., 2019, PNAS.

Paxand

1 Tl e HEFE pvagy xinyuanyan 2020/1/18 PM10:36:00

Ref: “These findings have informed an emerging conceptualization of psychiatric
illness, in which each disorder is best understood as a combination of diagnosis-specific
as well as transdiagnostic features or mechanisms.”

Gong et al., 2019, NPP

Paxand

7 DL m HFE s Yan Xinyuan 2019/8/8 PM4:11:00




“The sum of all non-zero connections in this binary map was calculated to yield the
degree centrality of the voxel 1.”
“This process was repeated for each voxel in the brain to produce a whole-brain map

of the network degree.”
Xiao et al., 2015, NI

% 7 DL (8] #LIE (xv3e Yan Xinyuan 2019/8/4 AM11:28:00

@Yina, All sentences were from the original paper.
“Gardients of structure-function tethering across neocortex”, 2019, bioX.

% 7 DL 9 #IF xvar) Yan Xinyuan 2019/8/5 PM8:20:00

Ref: “To estimate the correspondence between local structure and function, we
constructed a multilinear regression model that relates node-wise structural and
functional connectional profiles”

Paxaxd

7 DL o) #E xva9) Yan Xinyuan 2019/8/4 AM11:35:00

Ref: “The nodes of the structural network were taken in a similar manner as the
nodes in the functional network to enable the following analysis between the two
types of networks” Sun et al., 2014, plos one.

Paxand

% 7 DLy #FE xvao Yan Xinyuan 2019/8/5 PM8:49:00

For a given node i, the dependent variable is the resting state functional connectivity between node i
and all other nodes in the network j not=i. The predictor variables are the geometric and structural

relationships between i and j, including Euclidean distance, path length and communicability.




