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ABSTRACT

Introduction: Mood impairments are frequent after stroke yet remain difficult to predict using
neuroimaging markers. While voxel-level analyses have struggled to identify reliable
predictors, network-level approaches may offer improved sensitivity. Accordingly, we
developed a pipeline to predict post-stroke mood status using whole-brain components

derived from MRI sequences routinely acquired in clinical practice.

Methods: Three heterogeneous stroke cohorts (niwta = 672) were included, with mood
evaluated six months post-stroke using the Hospital Anxiety and Depression (HAD) and
Center for Epidemiologic Studies—Depression (CES-D) scales. For model training, diffusion-
weighted signal from one cohort was compressed using principal component analysis (PCA),
and components associated with mood scores were used in nonparametric regression
models. Predictive performance was externally validated and compared with disconnectome-
based models and models based on baseline clinical and demographic variables.
Disconnectome-based models showed minimal predictive power across datasets (R? <
0.01). The imaging-based pipeline modestly outperformed clinical models for predicting
CES-D scores (AAUC = 0.046, p < 0.001; AR? = 0.056), in the absence of baseline mood
measures. For HAD outcomes, clinical models performed best for anxiety (AUC = 0.735)
and depression (AUC = 0.795), with baseline mood status as the strongest predictor. The
proposed pipeline achieved moderate predictive performance for HAD anxiety (AUC =
0.613) and depression (AUC = 0.708).

Conclusion: Overall, predictive performance remained limited across all approaches,
highlighting the heterogeneity in neuropsychiatric predictions. This novel framework to
capture global diffusion patterns without requiring advanced imaging sequences may provide
complementary information for identifying neural components associated with

neuropsychiatric dysfunction.

Keywords: Stroke, Neuroimaging, Predictive model, Post-stroke depression, Post-stroke

anxiety, Whole-brain



INTRODUCTION

Understanding how brain structure gives rise to behavior remains challenging due to the
immense number of factors influencing mental functioning. Early neuroscientific work
adopted a reductionist framework, assuming that behaviors or symptoms could be traced to
discrete brain regions in isolation (Bickle, 2012; Parker, 2023). However, accumulating
evidence shows that this assumption breaks down for higher-order cognition. Contemporary
research increasingly emphasizes holistic descriptions of cerebral activity.

The limitations of reductionism are well illustrated in studies linking stroke lesions to
neuropsychological outcomes. Non-motor impairments - particularly socioaffective
disturbances - rarely depend on the infarct location alone, but arising from interactions
among distributed brain regions instead (Herbet & Duffau, 2020). Prognosis in the chronic
post-stroke stage cannot be reliably inferred from lesion location without considering clinical
and demographic factors such as sex or medical history. This reflects the fact that brain
regions operate within functional circuits rather than as isolated modules (Parker & Friston,
2013; Bota et al., 2015). For example, damage to Broca's area may impair language, but
lesions affecting the white-matter tracts connecting frontal, parietal, and temporal regions
can produce similar deficits (Thiebaut de Schotten et al., 2015). Consequently, white-matter
disconnectivity, or the “disconnectome”, has been proposed as a more accurate
neuroimaging predictor of post-stroke outcomes (Lim et al., 2021; Thiebaut de Schotten &
Forkel, 2022).

Building on this idea, Talozzi et al. (2023) introduced the Disconnectome Symptom
Discoverer (DSD), an online tool that predicts long-term motor, functional, and cognitive
outcomes from three-dimensional lesion images. The tool estimates each patient’s
disconnectome based on the degree to which their infarct disrupts surrounding white-matter
tracts. These disconnectomes are then compressed using uniform manifold approximation
and projection (UMAP), which reduces high-dimensional data into a low-dimensional
representation (Lovri¢ et al., 2021). Each patient is represented as a point in a shared
“morphospace,” which is subsequently linked to clinical scores to build predictive models.
This approach offers a middle ground: it is broader in scope than voxel-based lesion
analyses yet more feasible for clinical use than whole-brain diffusion-tensor connectomics.
Nonetheless, methodological concerns remain. First, the UMAP dimensions are determined
by the training dataset and are therefore arbitrary; the distribution of lesions in the training
cohort shapes the entire morphospace, potentially biasing representation of under- or
over-sampled regions. Second, the DSD relies on parametric statistics, despite clinical data
often being non-parametric, which may obscure non-linear relationships between

disconnectivity and symptoms (Bolboaca, 2019).



Importantly, the DSD was not trained to predict post-stroke mood impairments. Conditions
such as post-stroke depression (PSD) and post-stroke anxiety (PSA) affect roughly one-third
of patients each, yet remain undertreated, partly due to difficulties in predicting their onset
and trajectory (Medeiros et al., 2020; Ferro et al., 2016). Even beyond the context of stroke,
the link between neuroanatomy and mood disorders is weak; despite extensive research,
affective dysfunction cannot be localized beyond the level of distributed neural circuits
(Pessoa et al., 2023; Oakes et al., 2017). No lesion location or structural feature has been
consistently associated with PSD, and the literature on PSA is even more limited (Robinson
et al., 2024; Moore et al., 2024). This challenge was highlighted in the recent NEURAL Cup
competition, which evaluated models predicting long-term post-stroke symptoms from acute
imaging: despite diverse approaches, including disconnectivity, parcellation, and neural
networks, PSA and PSD predictions showed the lowest performance among
neuropsychological outcomes (Matsulevits et al., 2025). These findings underscore the need
for neuroimaging markers that capture broad, distributed patterns of brain organization
rather than relying on fine-grained voxel-level analyses.

In this study, we introduce a methodological pipeline for predicting post-stroke mood
impairments using linear compression of routine clinical MRI scans. Although the pipeline
can incorporate any imaging sequence, we used diffusion-weighted images to approximate
diffusion-tensor information. Our objectives were to: (1) extract whole-brain diffusivity
patterns using principal component analysis across a complete MRI cohort; (2) identify
components significantly associated with post-stroke anxiety and depression
symptomatology; and (3) compare the predictive performance of this model with clinical and

disconnectome-based models in independent cohorts.

MATERIALS AND METHODS

DATA COLLECTION

Clinical diffusion-weighted imaging (DWI) scans taken at patient admission were obtained

from three French stroke cohorts:

1. Brain Before Stroke (BBS): conducted between June 2012 and February 2015 (French
Research ID: PHRC-12-152) (Munsch et al., 2016). Primary inclusion criteria were: adults
with a clinical diagnosis of minor-to-severe supratentorial ischemic stroke (National Institutes
of Health Stroke Scale (NIHSS) between 1 and 25) between 24 and 72 hours after the onset.

Exclusion criteria were history of symptomatic ischemic stroke with functional deficit



(prestroke modified Rankin Scale [mRS] score 21), infratentorial stroke, history of dementia
or psychosis. DWI scans were obtained using a General Electric 3T scanner with TE 82 ms,
TR 9000 ms, voxel size 0.94 x 0.94 x 4.5 mm?3, field of view 24 x 24 cm?, slice thickness 4

mm, and slice gap 0.5 mm.

2. Groupe de Réflexion pour I'Evaluation Cognitive Vasculaire (GRECOGVasc,
ClinicalTrials: NCT01339195): conducted between September 2010 and November 2016
(Godefroy et al., 2012). For the present analyses, a subgroup of the cohort was taken, for
which the inclusion criteria were consenting French-speaking patients between ages 40 and
80, hospitalized for cerebral infarct within the past 30 days with initial positive DWI imaging,
a reliable informant, and no previously diagnosed conditions - other than a previous stroke -
affecting cognition. DWI scans were obtained using a General Electric SIGNA Prime 1.5T
scanner with TE 97.6 ms, TR 9650 ms, voxel size 1.02 x 1.02 x 6 mm?, field of view 12 x 12

cm?, slice thickness 4 mm, and slice gap 4 mm.

3. MObile Technologies In the preVention of POSt-stroke DEPression (MOTIV-POSDEP,
ClinicalTrials: NCT04043052) cohort: conducted between September 2020 and September
2023 (Duttagupta et al., 2026). Primary inclusion criteria were: first-ever stroke within the
past 15 days and no severe handicap (MRS score above 3) or cognitive impairment
(Montreal Cognitive Assessment [MoCA] score under 16). The primary exclusion criteria
were post-stroke severe aphasia (NIHSS item 9 = 2), current or recent (within the 6 months
preceding stroke) anxiety or depressive disorder as assessed by the Mini International
Neuropsychiatric Interview version DSM 5, or psychoactive drug use. DWI images were
obtained using a SIEMENS Magnetom Altea 1.5 T scanner with TE 78 ms, TR 5000 ms,
voxel size 0.78 x 0.78 x 2.4 mm?3, field of view 27.0 x 24.5 cm?, slice thickness 2 mm and

slice gap 2.4 mm.

The following demographic and clinical baseline data were collected: age, sex, pre-stroke
functional and cognitive status (measured using the modified Rankin Scale and the
Informant Questionnaire on Cognitive Decline in the Elderly, respectively), the NIHSS score
at admission, and the cognitive status during hospital stay (assessed using the Montreal
Cognitive Assessment). Stroke lesion volume was considered as a clinical variable for the
purpose of analysis, computed from binarized lesion masks. Kruskal-Wallis and x2 tests

were used to evaluate the heterogeneity of the cohorts.

The mood variables were scores from (i) the Hospital Anxiety and Depression (HAD) scale,
with a range of possible scores for both the Anxiety and Depression subscales between 0
and 21 (Lépine et al., 1985), and (ii) the Center of Epidemiological Studies-Depression Scale
(CES-D) (Morin et al., 2011), with a range of possible scores between 0 and 60. The anxiety
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and depression subscales from the HAD have a clinical threshold score of 8 or above, while
the most commonly used clinical threshold for depression using the CES-D is a score of 16
or above.The HAD was administered in the BBS and MOTIV-POSDEP cohorts at baseline
and the 6-month follow-up, while the CES-D was administered in GRECOGVasc and
MOTIV-POSDEP only at the 6-month follow-up.

IMAGE PROCESSING

The DWI sequences in all cohorts were encoded within three-directions and had b-values of
0 and 1000 s/mm?. Mean diffusion-weighted images were computed (isotropic images) and
skull-stripped using the HD-BET tool (Isensee et al., 2019). The images were normalized
using the non-linear transformation of Advanced Normalization Tools in Python (ANTSpy)
(Avants et al., 2009), using a DWI MNI 1mm template derived from the Human Connectome
Project (Van Essen et al., 2012). We used smoothing with a median filter of 3 mm for the
BBS cohort to mitigate some unusually high inhomogeneity within the scanner that directly

provided mean DWI images.

To confirm the reliability of the pipeline, apparent diffusion coefficient (ADC) maps were
generated to be used as an alternative input. ADC represents the magnitude of diffusion that
theoretically should remain constant across different MRI machines, but slight variations are

produced due to anisotropy bias and vendor-specific algorithms (Malyarenko et al., 2014).

MODEL DESIGN

The code for the model was written in Python. It is available at

https://github.com/SuhritD/pca-prediction-pipeline
Three steps were involved in creating the pipeline:

1. Dataset compression: Each subject’s image was taken as a 1-D array of the
unravelled intensity values, i.e., an array of size 7221032 for an image of 192 x 218 x
192 voxels. The combined matrix of the data was compressed through principal
component analysis (PCA) set to create 100 components. In order to ensure
reproducibility of the compressed data, full singular value decomposition was
implemented.

2. Component selection: For each clinical evaluation, Spearman correlation was done
between the 100 PCA components and the patients’ 6-month scores. Components

with a correlation coefficient over 0.2 were selected for the particular evaluation. If



more than 4 components were selected, backward linear regression was performed
to eliminate non-significant components.

3. Training: Nonparametric regression was conducted between the significant
components and mood scores. k-nearest neighbors (k-NN) regression is an algorithm
that predicts output values based on the values of the closest training data points
(Altman et al., 1992). It is one of the simplest forms of machine learning and is well-
suited for fitting non-linear relationships. The number of neighbors selected can
significantly affect model performance: for instance, using only one neighbor (k=1)
will lead to overfitting because the prediction would rely too heavily on a single data
point. While the optimal number of neighbors depends on the specific dataset, using
five neighbors (k=5) is often considered a reasonable default. In this study, the value
of k was chosen between 2 and 30 based on cross-validation of the regression
performance. The model was implemented using the KNeighborsRegressor from the

sklearn.neighbors package (Pedregosa et al., 2011; Cunningham & Delany, 2021).

The pipeline configuration was done by taking images from two cohorts: the training sample
for HAD Anxiety and Depression scores was the BBS cohort and the validation sample was
MOTIV-POSDEP. For the CES-D scores, training was done on the MOTIV-POSDEP cohort
and validation on the GRECOGVasc cohort. Apart from the previously noted preprocessing
steps, while using mean DWI images, a crucial modification of the validation cohort images
is the shifting of intensities - based on the mean range and variance of the images in the
original cohort, the intensities of the validation sample images were shifted by ordinal rank to
match the pattern of the intensity histogram of the training sample. This is an important
modification due to the nature of PCA: it relies on correlations between the columns of the
data to capture as much of the data’s variance. Due to the multitude of factors differing
between the MRI images of different cohorts, it is necessary to shift the intensities to obtain
satisfactory results. This can be overcome by either training the model using ADC maps or

taking a combination of DWI images across cohorts.

The new images were transformed based on the same PCA to obtain the 100 components
for the validation samples and the regression parameters obtained for each evaluation were
used to predict the new scores. During the processing stages, the emotional scores were
standardized to their z-score based on the complete set of values of the evaluation across
cohorts to increase the predictions’ generalizability. Compared to studies utilizing the HAD
and CES-D at 6 months post-stroke, the mean and standard deviation of our pooled scores
matched those of the general stroke population (Knapp et al., 2020; Liu et al., 2023; Liu et
al., 2024).



To illustrate the biological nature of relevant PCA components, we created diffusivity maps -
for each relevant component, a ranked correlation between the transformed component and
each voxel of the DWI intensity matrix was performed. The resulting matrix can be
represented as a 3D image with the same dimensions as the normalized DWI images. The
heatmap of the diffusivity images can illustrate patterns of high or low intensity values across

the brain that are associated with a specific clinical evaluation.

PERFORMANCE COMPARISON

For each evaluation, the pipeline was compared with the DSD and a model using only
clinical variables. For the clinical models, a generalized linear model was created to choose

the best fit from routine evaluations conducted at hospital stay:

Age

Sex

Admission NIHSS
Stroke Volume
Pre-stroke IQCODE
MoCA

Baseline mood status (only for cohorts with HAD scores)

N o o bk~ 0w Dd =

MRS scores could not be used due to the low values.
The GRECOGVasc cohort did not assess baseline mood and hence the variable was not
considered for predicting CES-D scores. Additionally, the models for predicting HAD Anxiety

and Depression were also fitted without this variable to evaluate its impact.

For the DSD model, the code implemented in Talozzi et al. (2023) was used. Briefly, the
steps were: (i) converting normalized lesion masks to disconnectomes through a deep
learning tool (Matsulevits et al., 2024), (ii) representing lesions on a UMAP plane of
dimensions 280 x 240, (iii) selecting clusters of voxels significantly correlated with a specific
clinical evaluation, and (iv) linear regression of the first three PCA components of the
clusters to predict the clinical score. For validation, the disconnectomes of another cohort
were compressed with the same UMAP before applying the same PCA weights and

regressors to obtain the predicted scores.

Goodness-of-fit
We used three metrics: the pseudo R-squared (the squared Pearson correlation coefficient

between actual and predicted values), the mean squared error (the mean of the squared



difference between predicted and actual values) and the area under the receiver operating

characteristics curve (AUC), which characterizes the discriminative power of the predictive

model. A model with 0.5 AUC is equivalent to random chance of predicting whether or not a

patient has a score above the clinical threshold. Comparing AUC values between models

was done through DelLong’s test.

RESULTS

Descriptive Statistics

The descriptive statistics for the three cohorts are presented in Table 1 along with the

prevalences of clinically-defined mood disorders. Between-cohort comparisons based on the

baseline characteristics are provided in Supplementary Material 1 - briefly, the cohorts were

significantly different based on all clinical variables (p<0.001) except for pre-stroke cognitive

status (IQCODE p = 0.188), confirming their heterogeneity.

Table 1: Descriptive statistics of clinical and demographic status of all patients.

BBS GRECOGVasc MOTIV-POSDEP
(n=207) (n=282) (n=183)
Sex (M/F) 142/65 172/110 130/53
66 (21) 65 (18) 58 (21)
Age
35-90 40-81 21-89
3(4 3(5 2 (3
Admission NIHSS @ ) )
1-21 0-24 0-18
0 (0.00) 0 (0.00) 0 (0.00)
Pre-stroke mRS
0-4 0-3 0-2
3(0.00) 3 (0.063) 3.1(0.10)
Pre-stroke IQCODE
2.30-3.90 1.88-3.56 1.00-3.80
o 24 (7.00) 24 (6.00) 26 (3.00)
Admission MOCA
1-30 0-30 17-30
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7.33 (20.09) 1.58 (10.12) 0.618 (2.134)
Stroke Volume (cm?)
0.09-165.67 0.001-31.91 0.01-61.06
Baseline 6 (6.00) 6 (4.00)
Not recorded
HAD-A 0-19 0-18
Baseline 3 (4.00) 2 (3.00)
Not recorded
HAD-D 0-18 0-13
6-month 3 (6.00) 4 (3.50)
Not recorded
HAD-A 0-21 0-15
6-month 2 (5.00) 2 (4.50)
Not recorded
HAD-D 0-18 0-18
10 (14.8) 6 (8.50)
CES-D Not recorded
0-54 0-38
Prevalence of clinically-defined mood disorder (%)
Baseline
14.49 10.38
HAD-A
Baseline
17.9 12.8
HAD-D
6-month
35.1 341
HAD-A
6-month 19.32 19.67
HAD-D
CES-D 32.66 13.7

The numerical statistics are median (Inter-quartile range) and range unless mentioned otherwise. CES-D: Centre

for Epidemiological Studies-Depression scale; IQ-CODE: Informant Questionnaire on Cognitive Decline in the

Elderly scale; HAD-A: Hospital Anxiety and Depression Scale-Anxiety; HAD-D: Hospital Anxiety and Depression

Scale-Depression; NIHSS: National Institutes of Health Stroke Scale; MoCA: Montreal Cognitive Assessment;

mRS: Modified Rankin score

The univariate analyses of the three mood evaluations using baseline clinical variables as
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predictors are reported in Supplementary Material 2. Based on the HAD-A scores, follow-up
anxiety was strongly positively correlated with baseline anxiety in both BBS and MOTIV-
POSDEP (p<0.001), negatively correlated with age only in BBS (p=-0.209, p=0.003), and
differing by sex only in MOTIV-POSDEP (F > M, p=0.013). Based on the HAD-D scores,
follow-up depression was strongly positively correlated with baseline depression (p<0.01)
and significantly differed by sex only in the BBS cohort (F>M; p=0.028). Based on the CES-
D scores, follow-up depression was negatively correlated with age only in GRECOGVasc (p
=-0.227, p<0.001), negatively correlated with initial MoCA scores only in MOTIV-POSDEP
(p =-0.153, p=0.039), and significantly differed by sex only in GRECOGVasc (F>M,
p<0.001).

Clinical Models

The parameter estimates of the models are in the supplementary material (Supplementary
Table 3). The prediction performance in the BBS cohort was moderate for 6-month HAD-A
(R?=0.221, AUC = 0.776) and 6-month HAD-D (R?=0.202, AUC = 0.710) scores. The best
predictors in both cases were baseline mood status, sex, and age. Using the same
predictors with the MOTIV-POSDEP cohort gave similar performance (HAD-A: R2=0.215,
AUC = 0.735; HAD-D: R?=0.265, AUC = 0.735), although age was not a significant
covariate for both models and sex was not a significant factor for HAD-D. Without baseline
mood status, the performance was poorer for HAD-A (BBS R?= 0.090, AUC = 0.688;
MOTIV-POSDEP R?=0.027, AUC = 0.624) as well as HAD-D (BBS R?=0.053, AUC =
0.614; MOTIV-POSDEP R2< 0.01, AUC = 0.538).

For 6-month CES-D scores, baseline depression was not used as a predictor since it was
not evaluated in the GRECOGVasc cohort. Using MOTIV-POSDEP data, the best model
comprised admission MoCA and stroke volume, although neither covariates were significant
and the model had low predictability (R?=0.0345, AUC = 0.639). Validating on the
GRECOGVasc sample, the performance was poorer (R?<0.01, AUC = 0.507) with no
significant predictors. Upon adding baseline HAD-D scores to the MOTIV-POSDEP model,
the performance increased greatly (R?=0.244, AUC = 0.781).

Disconnectome Models

The DSD could not be used for certain evaluations due to a low correlation between
disconnectome data and the clinical scores: the MOTIV-POSDEP cohort could not be used
to predict HAD-A scores and the GRECOGVasc cohort could not be used to predict CES-D

scores. For all three clinical scores, the predictive performance was weak (Validation R2 <
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0.01) and no stronger than random chance in training or validation samples. The technical
failures of the model are explained in the supplementary material (Supplementary Material
4).

Pipeline Models

All three cohorts could be utilized in the pipeline. The transformed data of 100 components
from the PCA explained a majority of the MRI data variance in each cohort (BBS: 83.7%;
MOTIV-POSDEP: 95.7%; GRECOGVasc: 97.2%). The order of cohorts for training and
validation remained the same (as listed in section 2.3).

To represent the derived brain components, a ranked correlation between each voxel of the
raw data matrix and a certain component is done: two examples of diffusivity maps have
been displayed in Figure 1, with warmer colors indicating higher diffusion signal intensity
from the MRI data. The 6th PCA component from the BBS cohort - explaining 4.83% of the
data variance - was positively correlated with 6-month HAD-A scores (Figure 1A-D), showing
prominently lower intensity along the corpus callosum. The 4th PCA component from the
GRECOGVasc cohort - explaining 1.79% of the data variance - negatively correlated with 6-
month CES-D scores (Figure 1E-H), with high intensity in the posterior right hemisphere and

relatively low intensity in the frontal lobes and the left temporal lobe.
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Fig 1. Diffusivity maps associated with mood evaluations (A-C) A component positively correlated
with HAD Anxiety and (D-F) a component negatively correlated with the CES-D. The anatomical
orientation is inverted. The color map is not to scale. The scatterplots between the transformed
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component values and the normalized HAD anxiety (G) and CES-D scores (H) show the
corresponding slopes (black) and the Spearman correlation coefficients (p).

The pipeline had moderate predictability in the training sample (R?> 0.1) and was weaker
during validation. Compared to the clinical models predicting HAD-A and HAD-D in the
validation sample, the capacity to correctly assign clinical mood status was significantly
lower (DeLong’s test: p<0.001). The pipeline model performed better than the clinical model
for predicting CES-D scores in the validation sample (AAUC = 0.046, p = 0.01; AR? = 0.056)

as well as for HAD scores when baseline mood was not included as a covariate.

The performance comparisons of the three models are listed in Table 2. The clinical models

showed the best performance except for predicting CES-D scores, while the disconnectome

model had the poorest performance in all cases. Additionally, we determined that ADC maps
could be used instead of mean DWI images for predicting HAD-A and Depression scores

with slightly better performance (Supplementary Material 5).

TABLE 2: Performance comparison between clinical, disconnectome, and whole-brain

prediction models.

HAD-A
Pipeline Clinical Disconnectome

Training Sample R? 0.1 0.16 0.025
MSE | 13.31 13.5 12.4
AUC | 0.662 0.710 0.507

Testing Sample | R? | 0.064 0.225 0.01
MSE | 16.03 7.13 18.6
AUC | 0.613 0.735 0.452

HAD-D

Training Sample Rz |0.108 0.146 0.076
MSE | 10.2 11.7 21.9
AUC [ 0.721 0.765 0.618

Testing Sample R2 | 0.067 0.268 0.004
MSE | 15.37 8.17 11.9
AUC | 0.708 0.795 0.547

CES-D

Training Sample R2 |0.199 0.030 0.042
MSE | 72.22 17.5 18.9
AUC | 0.718 0.630 0.522
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Testing Sample R2 |0.078 0.022 9e-4
MSE | 109.2 119.0 132.49
AUC | 0.643 0.597 0.421

AUC: Area under the receiver operating characteristic curve; CES-D: Centre for

Epidemiological Studies-Depression; HAD: Hospital Anxiety and Depression scale; MSE:

Mean squared error; R?: Coefficient of determination.

DISCUSSION

Based on fundamental principles of data analysis, we designed a model to predict 6-month
post-stroke mood scores. With out-of-sample testing from cohorts with heterogeneous
populations, our model greatly outperformed a dedicated stroke tool utilizing white matter

disconnections.

An important perspective to provide is that, with the exception of initial mood status, no
single neuroimaging or clinical variable was a consistently significant predictor across
cohorts. Unfortunately, patients are frequently not given mood evaluations during hospital
stay, particularly those with low symptom severity. Our findings show that it may be a crucial
step for clinicians to develop a long-term prognosis. Although female sex is also considered
as a strong predictor of post-stroke mood impairments, it was not significantly associated
with follow-up anxiety scores in the BBS cohort, nor was it a significant predictor of follow-up
depression scores in the MOTIV-POSDEP cohort. Considering the differences in clinical

samples, the moderate but robust performance of our pipeline indicates its validity.

Previous publications on the BBS cohort reported no significant predictors of mood through
voxel-based lesion-symptom mapping or diffusion tensor imaging (Sagnier et al., 2019;
Sagnier et al., 2020). It is likely that our technique can perform better because instead of
relying on fine-grained calculations of specific voxels, we use whole-brain patterns as loose
components. The importance of lesion-network analysis in identifying associations with
depressive symptoms not available using voxel analysis has been increasingly identified
(Rios et al., 2025; Siddiqi et al., 2023). We implemented a similar data-driven approach to
identify gray- and white-matter networks associated with post-stroke fatigue, observing that
certain networks were related to specific domains of fatigue (Duttagupta et al., 2026).
Furthermore, to the best of our knowledge, this is the first study to evaluate neuroimaging

predictors of post-stroke anxiety through network-based analysis. As shown in our data,
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anxiety may be more prevalent than depression at the acute or follow-up stages and thus

must not be considered as a secondary factor.

The results from the DSD were practically unusable for post-stroke mood status, which is
expected due to no robust association between lesion location and mood outcomes being
identified in the literature (Robinson et al., 2024; Wei et al., 2015; Medeiros et al., 2020). For
models in all cohorts, there were not enough UMAP morphospace voxels correlated with
anxiety and depression scores to yield satisfactory results. Unlike PCA, UMAP is a non-
linear calculation; its ability to preserve topological structure in the compressed data has
been utilized in various domains (Lovri¢ et al., 2021). Although it would seem that assigning
multiple stroke disconnectomes to a compressed plane would yield better results than
standard voxel analysis, this was not the case. No significant UMAP voxels were found in
the MOTIV-POSDEP cohort with HAD Anxiety scores and the GRECOGVasc cohort with
CES-D scores, hence why they could not be used for the training step. Methodologically,
certain steps in our pipeline could possibly be implemented in the DSD, such as applying
nonparametric statistics and using standardized clinical scores for a better regression fit.
However, its critical limitations, i.e., the only input being lesion voxels and the lack of a

coherent disconnectome map formed in the UMAP plane, cannot be altered.

The neural architecture of relevant DWI components can be observed by generating
diffusivity maps based on the association between the raw and compressed MRI data, as
shown in Figure 1. The diffusivity map associated with HAD Anxiety scores (Figure 1A-C)
shows a prominent lower intensity along the corpus callosum, indicating that greater anxiety
was linked to higher diffusivity. This hypothesis has some support from DTI studies
examining PSA (Ferro et al., 2016) as well as anxiety disorders (Saar-Ashkenazy et al.,
2023; Lu et al., 2018; Kartashov et al., 2020). The diffusivity map negatively associated with
CES-D scores (Figure 1D-F) shows high intensity in the posterior right hemisphere,
indicating that higher PSD scores were linked with the frontal lobe and lesions in the left
hemisphere. While there is some consensus in the literature on frontal lobe lesions
contributing to psychiatric mood impairments (Rios et al., 2025, Siddiqgi et al., 2023), the role
of laterality on PSD is controversial. Robinson et al. (2024) have repeatedly found patients
with left hemisphere strokes to have an elevated risk of PSD. However, other meta-analyses
have reported no association at all, or a weak association with the right hemisphere instead
(Douven et al., 2017; Wei et al., 2015). Nevertheless, it would be prudent not to compare the
importance of each hemisphere but observe how imbalances between the two impact mood;
studies using graph theory, a quantitative network-based approach, have demonstrated the
underlying role of imbalance across regions or hemispheres for several psychiatric disorders

(Chang et al., 2021; Jiang et al., 2019; Bouttier et al., 2022). The advantage of our pipeline is
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that it provides information on latent properties of the entire brain in a single step that may
typically require several different imaging sequences to acquire. It would be a valuable
improvement if the brain components identified through our approach could be characterized

to provide complementary results to graph theory analyses.

However, the neurobiological interpretability of the emotional brain components is inherently
ambiguous. They may potentially reflect composite or emergent properties of tissue
microstructure as opposed to well-defined anatomical or functional substrates. Moreover, the
diffusivity maps used to represent these neural components are not always readily
interpretable, as secondary PCA components that explain limited variance typically fail to
exhibit distinct patterns. This limitation represents a trade-off due to the global nature of our

methodology, which should be addressed through further investigation.

We have only tested the pipeline using three-directional diffusion sequences. Although we
verified that apparent diffusion coefficient (ADC) maps - which are often preferred for cross-
study comparability due to their quantitative scaling - could be alternatively used, ADC
values are dependent on model fitting assumptions and scanner-specific preprocessing
steps (Malyarenko et al., 2014). Consequently, the generalizability of spatial patterns we
obtained may be reduced. A further step would be to evaluate how white matter disruptions
can be incorporated as a covariate, either from fluid-attenuated inversion recovery (FLAIR)
images or from DTl images in the form of microstructural properties, to improve the
pipeline’s neurobiological justification. Considering that the pipeline relies on diffusion
intensities and not specifically on the presence of strokes, it may be worth examining

whether its predictability can be replicated in DWI images of other neurological disorders.

Beyond neuroimaging aspects, certain limitations of our work should be noted. Our results
also depend on the standardized clinical scores of three French hospital-based cohorts with
mild-to-moderate stroke patients and must therefore be validated in larger, culturally different
populations. Additionally, we only utilized two self-reported mood evaluations, among which
we did not have data for the specific dimensions of the CES-D in one of the cohorts. It will be
important to test the pipeline with observer-rated scales of anxiety and depression as well as

with other multidimensional neuropsychological evaluations.

CONCLUSION

We designed a pipeline to predict perceived levels of anxiety and depression
symptomatology six months following stroke, relying only on routine clinical MRI images. It

proved to be a viable technique in cases where a dedicated lesion disconnectome approach
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could not be used. The simplicity of its design and underlying rationale act as a new potential
avenue into network-level analyses. With further development, it may be utilized to establish

how diffusion characteristics affect post-stroke neuropsychiatric symptoms.
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