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Abstract

Background Major Depressive Disorder (MDD) is a prevalent mental health condition with significant societal
impact. Structural magnetic resonance imaging (sMRI) and machine learning have shown promise in psychiatry,
offering insights into brain abnormalities in MDD. However, predicting treatment response remains challenging. This
study leverages inter-brain similarity from sMRI as a novel feature to enhance prediction accuracy and explore disease
mechanisms. The method’s generalizability across adult and adolescent cohorts is also evaluated.

Methods The study included 172 participants. Based on remission status, 39 participants from the Hangzhou Dataset
and 34 from the Jinan Dataset were selected for further analysis. Three methods were used to extract brain similarity
features, followed by a statistical test for feature selection. Six machine learning classifiers were employed to predict
treatment response, and their generalizability was tested using the Jinan Dataset. Group analyses between remission
and non-remission groups were conducted to identify brain regions associated with treatment response.

Results Brain similarity features outperformed traditional metrics in predicting treatment outcomes, with the highest
accuracy achieved by the model using these features. Between-group analyses revealed that the remission group had
lower gray matter volume and density in the right precentral gyrus, but higher white matter volume (WMV). In the
Jinan Dataset, significant differences were observed in the right cerebellum and fusiform gyrus, with higher WMV and
density in the remission group.

Conclusions This study demonstrates that brain similarity features combined with machine learning can predict
treatment response in MDD with moderate success across age groups. These findings emphasize the importance of
considering age-related differences in treatment planning to personalize care.

Trial registration Clinical trial number: not applicable.
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Introduction

Major Depressive Disorder (MDD) has a serious impact
on the physical and mental health of patients. As one of
the most prevalent mental disorders, it has become an
important public health challenge and one of the lead-
ing causes of disability [1, 2]. A number of different
approaches can be used for the treatment of MDD, such
as pharmacotherapy, psychotherapy, and electroconvul-
sive therapy (ECT) [3]. The first-line treatment drug for
MDD, selective serotonin reuptake inhibitors (SSRI), is
only effective in 30-35% of patients [4, 5]. For patients
who do not achieve remission, multiple medications
or other treatments usually need to be tried. One study
showed that two-thirds of patients need to try multiple
antidepressants and one-third of patients remain inef-
fective even after trying multiple medications [6]. For
patients, this not only adds to their psychological and
emotional burden, but also increases the cost of treat-
ment and even the side effects associated with more
medications. There have been many studies that have
made attempts to predict treatment response in MDD
[7], and being able to predict treatment response prior to
starting therapy could reduce the costs associated with
trial-and-error approaches, providing significant benefits
to patients.

Structural magnetic resonance imaging (sMRI) is a
non-invasive neuroimaging technique. Several sMRI
studies have found differences in brain structure between
individuals with MDD and healthy individuals. For exam-
ple, patients with MDD may exhibit reduced gray matter
volume (GMYV) in brain regions such as the frontal lobe
and limbic structures compared to healthy individuals
[7, 8]. In addition to gray matter changes, patients expe-
riencing a first episode of illness were found to have
reduced white matter volume (WMYV) in the right supe-
rior frontal gyrus and around the anterior portion of the
corona radiata. In contrast, those with recurrent episodes
showed an increase in WMV around the parietal lobe
and superior temporal gyrus [9]. In addition, medication
or physical therapy can have an effect on brain structure.
One study found a general increase in cortical thickness
after treatment, and another study noted that ECT sig-
nificantly increased cortical thickness in the medial tem-
poral lobe network, including the hippocampus and its
adjacent cortex [10]. Individual differences in structural
indicators exhibited by patients often lead directly to sig-
nificant differences in treatment outcomes, i.e., whether
or not symptomatic relief is achieved. For example, one
study found that patients with thicker right caudal ante-
rior cingulate cortex at baseline showed greater symptom
improvement during follow-up. At the same time, stud-
ies have also found subtle temporal differences in brain
structure between remitters and non-remitters. Specifi-
cally, hippocampal volume and frontal cortex thickness
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showed an increasing trend in remitters, while the oppo-
site was true for non-remitters, who showed a decreas-
ing trend in the volume and thickness of these regions
[11]. More importantly, individual differences in struc-
tural indices—such as hippocampal volume, white mat-
ter hyperintensities, GMV, and cortical thickness—often
have a significant impact on treatment outcomes and can
directly determine whether a patient achieves symptom-
atic relief. While some studies have suggested that cer-
tain structural metrics may help predict treatment effects
[12-15], these studies also report that specific indicators,
such as white matter hyperintensities and hippocampal
volume, do not show a direct correlation with antidepres-
sant treatment outcomes [16]. This suggests that more
in-depth studies are needed to fully understand the rela-
tionship between brain structure and treatment outcome.

Machine learning methods can more sensitively cap-
ture the differences in neurological indicators between
those who respond effectively to treatment and those
who do not, providing a powerful tool to unlock the
selection of precise treatment options for individuals with
MDD. Using machine learning methods, the research-
ers successfully predicted the treatment response of
patients with MDD to medication and ECT. For instance,
researchers were able to predict the effectiveness of
medication by evaluating structural indicators, includ-
ing the volumes of the left middle frontal gyrus and the
right angular gyrus in patients [17]. Similarly, by analyz-
ing sMRI data prior to ECT, some studies have been able
to predict changes in depressive symptoms and whether
patients experience remission after undergoing ECT [18,
19]. However, there are still some challenges, such as fea-
ture selection based only on raw features, which does not
fully consider the importance of structural similarity of
brain regions. This study aims to address these gaps by
using inter-brain similarity extracted from sMRI data
as a novel feature for predicting treatment outcomes
in MDD. Brain region similarity can help identify brain
regions with similar structures, thus providing impor-
tant information about the connections between these
regions. Changes in structural similarity may be associ-
ated with neurological diseases or pathological states,
providing important clues for studying the mechanisms
of these diseases. In addition, existing studies have rarely
been validated in independent samples, so it is crucial to
address the generalizability of the models across different
datasets and to improve the prediction accuracy. A key
contribution of this study is the use of inter-brain similar-
ity to capture structural changes in the brain that may be
relevant to treatment response, thus improving the pre-
diction model’s accuracy. To this end, there is a need to
further enhance dataset diversity, optimize feature selec-
tion and model training strategies, and enhance inde-
pendent validation and cross-dataset validation. These
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measures will help to improve the reliability and accu-
racy of machine learning for MDD treatment outcome
prediction.

Through sMRI and machine learning techniques, we
aim to accurately predict treatment response in patients
with MDD. The contributions of this study include the
introduction of inter-brain similarity as a key feature,
the application of various machine learning methods to
predict treatment response, and the exploration of age-
related differences in treatment outcomes across adoles-
cent and adult cohorts. In this study, we propose to use
the inter-brain similarity of sMRI as a core feature extrac-
tion method to extract the corresponding features from
the brain GMV, gray matter density (GMD), WMV, and
white matter density (WMD) feature space, which can
be used to predict treatment response in MDD. We will
extensively test the current mainstream machine learn-
ing methods and clarify the impact of various machine
learning methods on model performance. More impor-
tantly, we plan to conduct pre-intervention structural
image data collection at two independent sites for ado-
lescents and adults with MDD, respectively. This initia-
tive aims to comprehensively assess the generalizability
of our research methodology to this population of ado-
lescents and to conduct controlled analyses with the
adult dataset. The innovative aspect of the study is that
for the first time, we used inter-brain similarity of sMRI
as a key feature for machine learning and conducted a
whole-brain analysis of the four features of sMRI. By con-
ducting a comparative study between these two different
age groups, we not only expect to validate the reliability
of the model in an adult population, but also its gener-
alization and applicability in a population of adolescents
with MDD. This study’s findings will provide new insights
into personalized treatment approaches and contribute
to optimizing MDD treatment strategies across diverse
populations. This study design not only offers innovative
perspectives and support for personalized and precise
MDD treatment but also establishes a crucial scientific
foundation for the early identification and intervention of
adolescent MDD.

Materials and methods

Introduction to the data set

In this study, data on MDD from mental health hos-
pitals in two Chinese provinces were used. One of the
datasets, Dataset I, was from one of our previous studies
[20]. It contained data from Hangzhou City, China, and
is referred to in this study as the Hangzhou Dataset. It
included a sample of adult patients. Dataset II was from
Jinan City, China, and is referred to in this study as the
Jinan Dataset. It included a sample consisting of adoles-
cents. Dataset II was used to assess the stability of the
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performance of structural indicators of MDD treatment
effects across age groups.

Subjects

For the Hangzhou Dataset, a total of 118 subjects were
recruited, including 74 patients with MDD (MDD group)
and 44 healthy volunteers (HC group). The patients were
from the Department of Psychiatry of the Seventh Peo-
ple’s Hospital of Hangzhou and the Department of Psy-
chiatry of the Second People’s Hospital of Hangzhou.
MDD was diagnosed by a senior psychiatrist follow-
ing the Brief International Neuropsychiatric Interview
(MINI), and the severity was assessed by the 24-item
version of the Hamilton Depression Scale (HAMD-24).
Patient enrollment criteria and the recruitment process
were described in detail in [20]. The MDD group received
3 months of SSRI (e.g., fluoxetine, paroxetine, sertra-
line, etc.) treatment. Eventually, a total of 74 participants
received two sMRI scans before and after treatment,
including 39 patients with MDD (28 females and 11
males, mean age 27.31+8.36 years) and 35 patients with
HC (24 females and 11 males, mean age 28+ 11.15 years).
The study was approved by the Ethics Committee of the
Institute of Psychological Science, Hangzhou Normal
University. All participants obtained written informed
consent before participating in the study procedures.

For Jinan Dataset, a total of 54 adolescent patients
with MDD (MDD group) were recruited. Patients were
recruited from the Mental Health Center of Shandong
Province. MDD was diagnosed by two clinical psychia-
trists as first-episode depression according to the Diag-
nostic and Statistical Manual of Mental Disorders-5
(DSM-V) criteria, with severity rated on the Children’s
Depression Inventory (CDI). Exclusion criteria for all
participants included: (1) contraindications to MRI scan-
ning (e.g., metal implants or claustrophobia); and (2) no
history of other major psychiatric or neurological disor-
ders, head injuries, or substance abuse. The MDD group
received two months of SSRI treatment. Fifty-four (44
females, 10 males, mean age 15.78 +1.79 years) adoles-
cents with MDD underwent two pre- and post-treatment
SMRI Scanning. The study was approved by the Ethics
Committee of the School of Psychology, Shandong Nor-
mal University. Written informed consent was obtained
from all participants and their parents before they par-
ticipated in the study procedures.

Image acquisition and pre-processing

For the Hangzhou Dataset, a GE 3T scanner (MR750,
GE Medical Systems, Milwaukee, WI) was used to com-
plete the structural scanning at the Center for Cognition
and Brain Disorders of Hangzhou Normal University.
The scanning parameters were as follows: TR=9 ms,
TE=3.664 ms, FOV =240 x 240 mm?, matrix =300 x 300,
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Table 1 Demographic and clinical characteristics of subjects
Hangzhou Dataset

Jinan Dataset

Gender (male/female) 28/11 26/8

Age 27.31(8.36) 15.39(1.26)
HAMD-24(pre/post) 27.87(8.02)/12.74(5.66) /

CDl(pre/post) / 25.61(7.92)/18.18(7.83)

HAMD-24: the 24-item version of the Hamilton Depression Scale, CDI: Children’s
Depression Inventory

flip angle=13", slice thickness=0.8 mm, and acquisition
time=13 min 37 s.

For the Jinan Dataset, a cranial 3D-T1 structural image
scan was completed at Qilu Hospital of Shandong Uni-
versity using a Siemens 3.0T Verio magnetic resonance
instrument. A magnetized prepared rapid gradient echo
(MPRAGE) scanning sequence was used. The scanning
parameters were as follows: sagittal orientation, number
of slices =208, repetition time (TR) =2400 ms, echo time
(TE) =2.19 ms, slice thickness =1 mm, flip angle =28, field
of view (FOV)=224x224 mm? matrix size =256 x 256,
and total scan time =11 min 18s.

In this study, we focused on four structural indicators,
including GMV, GMD, WMV, and WMD. The sMRI data
were preprocessed using DPABI_V3.1 (Data Processing
and Analysis Toolbox for Brain Imaging) [21]. The data
were normalized to the Montreal Neurological Insti-
tute (MNI) standard space using the “Dartel + segment”
method. During processing, the images were smoothed
using a Gaussian kernel with a half-maximum (FWHM)
of 8 mm.

Criteria for division into remission and non-remission groups
For the Hangzhou Dataset, based on the criteria pro-
posed by Jiang et al. [19], we classified patients with >50%
change in HAMD-24 scores before and after treatment
and a posttest score of <10 into the remission group,
whereas patients who did not meet this criterion were
categorized into the non-remission group. There were 19
patients in the remission group and 20 in the non-remis-
sion group.

For the Jinan Dataset, since the patients were ado-
lescents, a reduction of >30% in the total score of the
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scale was defined as a treatment remission according
to the criteria of Emslie et al. [22]. In order to ensure a
balanced dataset, we ultimately chose 14 remitters and
20 non-remitters from the 54 patients. Table 1 presents
the demographic and clinical characteristics of subjects,
including gender, age, and pre- and post-test scores for
both groups.

Method

Our study follows a complete set of machine learning
processes, as shown in Fig. 1. First is the data preprocess-
ing stage, which has been described in detail in the previ-
ous section. Next is the data reading and processing, in
which we normalized the image data, followed by resiz-
ing the image and dividing it into more smaller regions
for subsequent feature extraction. This was followed by
the feature extraction phase in which we defined three
different similarity matrices to describe the relationships
between the data. This was closely followed by feature
selection, where we applied statistical testing methods to
filter out features that contribute significantly to the per-
formance of the classifier. Finally, we performed model
training and evaluation, choosing appropriate perfor-
mance metrics to assess the model’s performance. This
systematic process ensures the rigor and credibility of
our study.

Reading and processing of data

The sMRI images were processed using commonly used
libraries in python. After acquiring the image data, the
minimum and maximum values of the image data were
calculated, and the data were normalized so that the val-
ues ranged between 0 and 1. Next the normalized images
were resampled and new pixel values were calculated
using cubic spline interpolation method and finally the
images were resized to a dimension of 40 x 40 x 40. Next,
the resized images were split into four regions along each
of the x-axis, y-axis, and z-axis, resulting in a total of 64
small regions. Since the image was resized to 40 x 40 x 40,
the size of each small region on each axis was 40/4.=10.
The final extracted small regions were cubic in shape,

Fig. 1 Schematic diagram of machine learning workflow based on structural similarity features
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with each side measuring 10 units in length. A total of 64
small regions covered the entire 40 x 40 x 40 image space.

Feature extraction

First, for each small region, a matrix representing the
degree of similarity between the small regions was con-
structed by calculating their eigenvectors. The similarity
matrix was a two-dimensional array in which each ele-
ment represented the degree of similarity between two
small regions. For brain sMRI data, the data distribution
was usually unknown because brain structures might
have large individual variability among different individu-
als. The pixel values in an MRI image, after preprocessing
such as segmentation, reflected the volume of the tissue
or the density of the tissue, and these factors may varied
greatly between individuals. Therefore, even for the same
type of sMRI image, the data distribution might be differ-
ent due to individual differences. In this case, we chose
to use Pearson’s correlation, Spearman’s correlation, and
Minimum Covariance Determinant (MCD), respectively,
as similarity measures to gauge the correlation between
two small regions. This step involved calculating the
correlation between small regions, thus reflecting their
degree of similarity in the feature space.

In this way, the above three methods were used to com-
pute the similarity between each pair of small regions,
and for each pair of small regions (i, j), the similarity of
their eigenvectors was computed and filled into the cor-
responding positions of the similarity matrix to obtain a
similarity matrix. Since the similarity matrix was sym-
metric, here, only the lower triangles were filled and
the value of the upper triangles in the similarity matrix
was set to zero. Through the above steps, the similarity
matrix was populated, where each element represented
the degree of similarity between the corresponding small
regions. Finally, the populated similarity matrix was
spread into a one-dimensional vector that served as the
final feature representation for each sample.

Feature selection

In the feature selection section, we first executed the
Wilcoxon rank sum test for two independent samples.
For each feature, comparisons were made between the
categories ‘remission group’ and ‘non-remission group,
respectively. Specifically, for each feature, we first
extracted samples from the training set for the categories
‘remission group’ and ‘non-remission group, and then
performed the rank sum test on the samples from these
two categories separately. We calculated p-values for
each feature to measure the significance difference of that
feature between the two categories (‘remission group’
and ‘non-remission group’). We then selected the top 70
features that were significantly different based on the size
of the p-value as the final set of features. This was done to
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exclude features that contribute less to the performance
of the classifier, thus improving the generalization ability
and performance of the model.

Model training and evaluation

To ensure the diversity and comparability of the mod-
els, we selected six classical models, namely K-Nearest
Neighbor (KNN), Support Vector Machine (SVM), Deci-
sion Tree (DT), Bernoulli Naive Bayes (BernoulliNB),
Random Forest (RF), and Linear Discriminant Analysis
(LDA). These classifiers were chosen based on their well-
documented effectiveness in handling medical imaging
tasks and their ability to provide insights into various
aspects of classification performance. The KNN algo-
rithm is simple and intuitive, is insensitive to outliers, but
computationally expensive when dealing with large data-
sets. The SVM performs well in high-dimensional spaces,
can handle nonlinear data, and has strong generalization
capabilities. DT is an interpretable classifier that handles
nonlinear relationships. BernoulliNB, though simple, is
effective for binary classification tasks and has been suc-
cessfully applied in medical domains. RF improves accu-
racy and robustness by aggregating predictions from
multiple decision trees. LDA is particularly useful for
dimensionality reduction and feature extraction, making
it suitable for the high-dimensional datasets that are typi-
cally encountered in neuroimaging studies.

Regarding similarity metrics, we selected Pearson,
Spearman, and MCD due to their complementary
strengths in capturing different aspects of the data.
Pearson correlation is widely used and effective for lin-
ear relationships, while Spearman correlation can cap-
ture monotonic but not necessarily linear relationships,
which can be important in brain imaging data where
relationships may not always be linear. MCD is a robust
estimator that handles outliers and non-normal distri-
butions effectively, making it suitable for neuroimaging
data with potential outlier or noise issues. These metrics
were chosen to assess inter-brain similarity from mul-
tiple perspectives, thereby enhancing the robustness and
interpretability of the results.

Ten-fold cross-validation was used for model evalu-
ation. The evaluation metrics included Accuracy, Preci-
sion, Recall and F1-score and Area under the ROC curve
(AUC).

4 B TP+ TN "
Y = TP+ FN + TN + FP
TP
Sensitivity /Re call = TPLFN (2)
TP
Precision —
Iecision = mps——r ~FP (3)



Song et al. BMC Psychiatry (2025) 25:540 Page 6 of 12
Table 2 Group analysis results of two datasets
Dataset Data Type Cluster location Cluster size MNI T value
X y z
Hangzhou Dataset GMV Precentral_R 74 345 15 375 -6.40
GMD Precentral_R 49 34.5 15 375 -6.24
Cingulum_Ant_L 16 -15 255 30 -5.81
WMV Precentral_R 44 345 15 37.5 7.4
Jinan Dataset GMD Cerebelum_7b_R 19 12 -75 -42 -542
WMV Cerebelum_7b_R 13 135 -735 -40.5 5.06
WMD Cerebelum_7b_R 19 12 -75 -42 543
Fusiform_L 11 -375 -78 -12 448

GMV: Gray matter volume, GMD: Gray matter density, WMV: White matter volume, WMD: White matter density, R: right, L: left

Fig. 2 Visualization of differences between responding and non-responding groups of Hangzhou Dataset in (A) gray matter volume (GMV), (B) gray mat-
ter density (GMD), and (C) white matter volume (WMV)

2 x (Precision x Recall)

Fl1= (4)

Precision + Re call

In addition, we performed model testing using images
after preprocess as features to compare the impact of fea-
ture selection schemes on classifier performance.

Replicability studies

In order to fully validate the generalizability of our pro-
posed methodology to the adolescent population, we
specifically selected the Jinan Dataset, a dataset that
focuses on adolescents, and carried out a data process
that is fully consistent with the main study. To ensure
clarity, the Jinan Dataset was utilized as an external vali-
dation set to evaluate the generalizability of the proposed
methodology, thereby providing further validation of its
applicability to different populations.

Intergroup analysis

A two-sample t-test was performed on the structural
characteristics (GMYV, GMD, WMV, WMD) of the remis-
sion and non-remission groups using the Statistical

Analysis function in the DPABI software [21]. During this
analysis, age and gender of the subjects were corrected
as covariates. The results of the group analysis were
visualized using the Viewer function of the software. In
the visualization process, we used the GRF correction
method by setting the p-value of voxel to 0.001 and the
p-value of cluster to 0.05, and chose the two-tailed test
mode.

Results

Group analysis results

For the Hangzhou Dataset, the results of group analy-
sis were shown in Table 2; Fig. 2. The results showed
that the remission group had lower grey matter volume
and density on the right side of the precentral gyrus
(t=-6.40/-6.24, p<0.001), while the WMV was signifi-
cantly higher (t=7.14, p<0.001), compared to the non-
remission group. In addition, the left grey matter density
in the anterior cingulate and paracingulate gyrus was
also significantly lower in the remission group (t=-5.81,
p<0.001).
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Fig. 3 Visualization of differences between responding and non-responding groups of Jinan Dataset in (A) gray matter density (GMD), (B) white matter
volume (WMV) and (C) white matter density(WMD)

Table 3 Hangzhou dataset prediction results based on original
image features (%)

Classifier Accuracy Precision Recall F1Score
GMV KNN 52.50 75.00 25.00 31.67
SVM 4833 93.33 10.00 5.00
DT 61.67 6833 75.00 69.67
BernoulliNB 4833 90.00 0 0
RF 60.83 61.67 55.00 54.67
LDA 46.67 5333 45.00 42.33
GMD KNN 5167 7833 20.00 2233
SVM 60.00 36.67 45.00 39.67
DT 60.00 36.67 45.00 39.67
BernoulliNB 4833 90.00 0 0
RF 59.17 56.67 45.00 43.00
LDA 56.67 6833 45.00 47.33
WMV KNN 61.67 76.67 45.00 40.00
SVM 4833 8833 20.00 11.67
o1 50.83 45.00 50.00 4333
BernoulliNB 4833 90.00 0 0
RF 65.83 71.67 55.00 54.67
LDA 49.17 5833 50.00 42.67
WMD KNN 65.00 71.67 65.00 65.00
SVM 4833 90.00 0 0
DT 4833 46.67 50.00 46.33
BernoulliNB  51.67 10.00 0 0
RF 75.00 55.00 50.00 47.00
LDA 60.83 83.33 35.00 40.67

Bolded text indicates the optimal result predicted by the model

The results and visualisation of the Jinan Dataset were
presented in Table 2; Fig. 3, showing the differences in
neuroimaging features between the remission and non-
remission groups. We observed a significant decrease in
the right cerebellar grey matter density in the remission
group compared to the non-remission group (t=-5.42,
p<0.001), whereas the right cerebellar WMV and den-
sity increased significantly (t=5.06/5.43, p<0.001), and
we observed a similarly significant increase in the WMD
of the left fusiform gyrus in the remission group (t=4.48,
p<0.001).

It is worth noting that we did not find significant group
differences in other brain regions, which may be due to
individual differences in neuroanatomy, limitations in
sample size, or the specific parameters used in the statis-
tical analysis.

Prediction results

Prediction results based on original image features

The accuracy, precision, recall, and F1 scores of all clas-
sifiers were at or slightly above the random level when
raw features (including GMV, GMD, and WMYV) were
used. For example, when GMV was used, the accuracy
of the classifiers ranged from 46.67 to 61.67%, while
when GMD was used, the accuracy ranged from 48.33 to
60.00%. However, only when WMD was used as features,
the RF classifier achieved an accuracy of 75%, which was
higher than the random level, but its precision, recall,
and F1 score were only 55%, 50%, and 47%, respectively
(Table 3).
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The lower performance of other classifiers with GMYV,
GMD, and WMYV could be attributed to the relatively
low discriminatory power of these features for treat-
ment response prediction. This might reflect the need
for more robust feature extraction methods or improved
classifiers.

Prediction results based on brain similarity features
The prediction results of features extracted based on
Pearson, Spearman, and MCD as similarity matrix calcu-
lation methods were shown in Table 4. Compared to the
original structural image features, the metrics showed
different degrees of improvement in the classification
tasks of GMV, GMD, WMV, and WMD. WMV demon-
strated the most significant performance in terms of clas-
sification accuracy, with an accuracy of 77.5%, followed
by WMD, with an accuracy of 74.17%. These results
were derived from the evaluations performed with the
MCD matrix, LDA classifier, and Spearman matrix, RF
classifier. The results of the analysis of the ROC curves,
as shown in Fig. 4, also showed that the performance of
these two features was good with AUC values of 0.88 and
0.76 respectively.

While the performance with similarity-based fea-
tures was improved, some combinations still performed
poorly. This may be due to the complexity of combining
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neuroimaging data with similarity matrices or the classi-
fiers not being optimal for all feature types.

Results of the model’s generalizability assessment in
adolescent populations

The model generalizability study conducted for Jinan
Dataset demonstrated that the grey matter density pre-
sented relatively good performance through the DT clas-
sifier in the original image classification task, as shown
in Table 5, with an accuracy of 61.67% but a precision of
up to 90.00%, with a recall and F1 score of 0.5500% and
0.5167, respectively. Other feature and model combina-
tions also showed different levels of performance, with
the accuracy, precision, recall and F1 score of each clas-
sifier varying under GMV, GMD, WMV and WMD fea-
tures, further highlighting the importance of feature
selection and classifier. Some feature-model combina-
tions performed poorly, likely due to the complexity of
the data and feature interactions. For example, the low
performance in certain classifiers could be a result of the
inherent difficulty in predicting treatment response using
such features.

With the introduction of our method, all the metrics
are significantly improved than when using the origi-
nal images as features (Table 6), especially the WMD
extracted through the MCD matrix, which reaches

Table 4 Prediction results (%) of Hangzhou dataset applying three similarity methods and six classifiers

Accuracy/Precision/Recall/F1 Score

Pearson
GMV KNN 48.33/38.33/45.00/41.00
SVM 38.33/31.67/45.00/36.33
DT 46.67/38.33/30.00/32.33
BernoulliNB 59.17/46.67/55.00/48.33
RF 54.17/40.00/45.00/40.33
LDA 36.67/30.00/40.00/36.67
GMD KNN 54.17/40.00/40.00/37.00
SVM 58.33/55.00/60.00/53.33
DT 59.17/51.67/65.00/55.00
BernoulliNB 54.17/45.00/50.00/43.67
RF 50.83/46.67/50.00/44.67
LDA 48.33/53.33/45.00/46.00
WMV KNN 64.17/50.00/75.00/59.33
SVM 49.17/38.33/55.00/44.67
DT 64.17/68.33/75.00/66.33
BernoulliNB 64.17/56.67/65.00/58.00
RF 64.17/63.33/65.00/61.00
LDA 56.67/50.00/55.00/49.00
WMD KNN 61.67/58.33/50.00/50.67
SVM 65.83/60.00/75.00/65.67
DT 65.83/66.67/55.00/56.33
BernoulliNB 60.83/60.00/55.00/55.00
RF 71.67/61.67/65.00/61.67
LDA 60.83/58.33/70.00/61.33

Spearman MCD

62.50/51.67/45.00/46.33 54.17/46.67/30.00/34.67
45.83/33.33/45.00/37.67 71.67/71.67/65.00/64.67
51.67/46.67/40.00/39.67 56.67/55.00/50.00/48.67
59.17/46.67/55.00/48.33 65.83/66.67/65.00/63.33

55.83/46.67/55.00/48.00 61.67/61.67/45.00/48.33
36.67/30.00/40.00/33.67 61.67/55.00/60.00/55.33
43.33/20.00/25.00/21.67 66.67/66.67/55.00/56.33
45.83/41.67/45.00/39.67 67.50/63.33/80.00/69.33
56.67/55.00/70.00/58.67 49.17/36.67/45.00/45.00
54.17/45.00/50.00/43.67 62.50/63.33/65.00/62.33
43.33/35.00/35.00/31.67 62.50/61.67/60.00/58.00
48.33/53.33/45.00/46.00 66.67/70.00/70.00/64.00
38.33/28.33/40.00/33.00 75.00/70.00/65.00/65.33
61.67/48.33/65.00/55.00 65.00/56.67/65.00/60.00
61.67/63.33/70.00/62.67 65.83/56.67/65.00/58.67
64.17/56.67/65.00/58.00 75.00/73.33/70.00/69.33
64.17/63.33/65.00/59.67 72.50/65.00/65.00/68.33
56.67/50.00/55.00/49.00 77.50/75.00/80.00/77.00
49.17/51.67/50.00/48.00 67.50/65.00/70.00/65.67
74.17/66.67/65.00/33.33 70.00/73.00/65.00/66.00
60.83/60.00/55.00/53.67 68.33/68.33/65.00/64.33
60.83/60.00/55.00/55.00 70.00/68.33/65.00/64.33
74.17/71.67/70.00/68.33 69.17/70.00/70.00/65.67
60.83/58.33/70.00/61.33 68.33/63.33/70.00/63.33

Bolded text indicates the optimal result predicted by the model
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Fig.4 ROC curves for classification based on similarity methods (left: white matter volume, MCD matrix, LDA classifier; right: white matter density, Spear-

man matrix, RF classifier)

Table 5 Jinan dataset prediction results based on original image
features (%)

Discussion

Classifier Accuracy Precision Recall F1Score
GMV KNN 4833 60.00 40.00 36.67
SVM 36.67 63.33 60.00 3333
DT 55.00 63.33 10.00 05.00
BernoulliNB  36.67 7333 40.00 20.00
RF 38.33 4833 40.00 24.67
LDA 5333 70.00 45.00 40.00
GMD KNN 36.67 50.00 15.00 16.67
SVM 26.67 5333 40.00 20.00
DT 61.67 90.00 55.00 51.67
BernoulliNB  31.67 63.33 40.00 20.00
RF 2833 61.67 75.00 61.67
LDA 31.67 5833 50.00 26.67
WMV KNN 50.00 66.67 40.00 31.33
SVM 36.67 63.33 60.00 3333
o1 30.00 4833 20.00 11.67
BernoulliNB  36.67 63.33 60.00 3333
RF 4167 51.67 20.00 14.67
LDA 45.00 55.00 55.00 41.67
WMD KNN 4167 51.67 60.00 50.00
SVM 36.67 6833 50.00 26.67
DT 35.00 5833 40.00 36.67
BernoulliNB  31.67 5833 50.00 26.67
RF 4167 5333 35.00 25.00
LDA 36.67 63.33 60.00 3333

Bolded text indicates the optimal result predicted by the model

71.63% accuracy, 63.33% precision, 0.7000 recall, and
0.6333 F1 scores after applying the BernoulliNB classifier.
These results signify that our method has good generalis-
ability on different datasets, which provides a solid foun-
dation and important support for further exploration
of neuroimaging in the field of MDD treatment effect
prediction.

In this study, we introduced inter-brain similarity fea-
tures extracted from structural MRI (sMRI) and com-
bined them with machine learning techniques to predict
treatment response in patients with MDD. Our results
indicated that these inter-brain similarity features lead
to more accurate predictions than raw image features,
especially when GMV and WMD were used as predic-
tors. Additionally, the method chosen for constructing
the inter-brain similarity matrix significantly impacted
the prediction outcomes, with MCD yielding the best
results. To validate the robustness of these findings, we
also tested the method using an adolescent dataset, fur-
ther supporting its applicability.

Our findings were consistent with the growing body of
literature highlighting the importance of brain structural
features in predicting treatment response in MDD [12—
15]. This study offered a significant contribution by inte-
grating inter-brain similarity features from sMRI into the
prediction of treatment response in MDD. These features
captured subtle structural differences between brain
regions, which could improve the accuracy of predictive
models. Previous studies highlighted structural network
disruptions in the brains of patients with MDD, partic-
ularly in regions such as the amygdala and medial pre-
frontal cortex, which played critical roles in depressive
pathology [23]. Further studies had identified structural
covariance patterns that differentiate patients with MDD
from healthy controls and suggested that structural con-
nectivity may be crucial in predicting treatment response
[24]. Our findings aligned with these results, providing
additional evidence that brain region similarity features
held promise in predicting treatment outcomes in MDD.

For the extraction of brain region similarity features,
we compared three different computational methods:
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Table 6 Prediction results (%) of Jinan dataset applying three similar methods and six classifiers
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Accuracy/Precision/Recall/F1 Score

Spearman MCD

55.00/36.67/45.00/39.67 50.00/36.67/50.00/41.33
31.67/33.33/40.00/33.33 46.67/35.00/55.00/41.33
45.00/43.33/55.00/45.00 55.00/51.67/45.00/46.33
30.00/28.33/40.00/30.00 53.33/33.33/50.00/39.33
36.67/38.33/45.00/36.67 46.67/31.67/45.00/36.33
41.67/30.00/30.00/28.33 53.33/45.00/70.00/53.00
38.33/20.00/25.00/19.67 43.33/28.33/30.00/26.67
53.33/50.00/70.00/54.67 36.67/28.33/40.00/31.67
56.67/40.00/45.00/38.00 68.33/51.67/55.00/51.33
51.67/50.00/60.00/50.00 46.67/40.00/45.00/39.67
53.33/43.33/60.00/46.33 65.00/60.00/60.00/58.33
55.00/53.33/55.00/48.33 43.33/26.67/35.00/28.00
56.67/50.00/75.00/56.00 51.67/58.33/60.00/55.00
38.33/30.00/40.00/31.33 45.00/46.67/65.00/50.00
55.00/46.67/55.00/46.33 56.67/38.33/40.00/37.67
36.67/31.67/35.00/31.33 55.00/33.33/45.00/36.67
43.33/35.00/40.00/33.00 51.67/50.00/55.00/48.33
40.00/28.33/50.00/34.67 46.67/33.33/45.00/35.00
48.33/41.63/50.00/44.67 60.00/53.33/65.00/55.00
66.67/66.67/65.00/64.67 66.67/63.33/65.00/60.00

56.67/51.67/50.00/49.67
60.00/56.67/70.00/61.33
56.67/51.67/60.00/53.00

61.67/56.67/70.00/57.67

71.63/63.33/70.00/63.33

58.33/58.33/60.00/53.33

Pearson
GMV KNN 40.00/33.33/40.00/33.33
SVM 38.33/31.67/35.00/31.33
DT 45.00/40.00/45.00/40.00
BernoulliNB 30.00/28.33/40.00/30.00
RF 36.67/38.33/45.00/36.67
LDA 41.67/30.00/30.00/28.33
GMD KNN 46.67/46.67/50.00/41.67
SVM 56.67/46.67/70.00/52.67
DT 43.33/28.33/40.00/29.67
BernoulliNB 51.67/50.00/60.00/51.33
RF 50.00/40.00/60.00/44.33
LDA 55.00/53.33/55.00/48.33
WMV KNN 43.33/26.67/30.00/28.00
SVM 60.00/50.00/55.00/51.67
DT 51.67/53.33/50.00/46.67
BernoulliNB 36.67/31.67/35.00/31.33
RF 36.67/33.33/40.00/33.33
LDA 40.00/28.33/50.00/34.67
WMD KNN 53.33/55.00/75.00/59.67
SVM 65.00/60.00/60.00/59.67
DT 61.67/46.67/40.00/41.33
BernoulliNB 60.00/56.67/70.00/61.33
RF 53.33/50.00/75.00/58.00
LDA 68.33/63.33/65.00/60.00

68.33/63.33/65.00/60.00 66.67/65.00/70.00/64.67

Bolded text indicates the optimal result predicted by the model

Pearson’s correlation coefficient, Spearman’s correlation
coefficient, and MCD. Our results showed that MCD
was the most effective method, particularly for analyz-
ing high-dimensional and noisy data. However, MCD
may underperformed in scenarios with extreme het-
erogeneity in datasets, where its robustness was com-
promised. This limitation should have been considered
when applying MCD to datasets with significant varia-
tion across subjects. MCD, a robust covariance estima-
tion technique, proved superior by accurately identifying
structural changes associated with neurological disorders
and improving the generalization of the model across dif-
ferent datasets [25—26]. This robustness made MCD an
ideal tool for brain region similarity analysis, enabling
it to capture the true structural characteristics of brain
regions while effectively handling outliers.

In the group analysis, the Hangzhou Dataset revealed
significant structural differences between patients in
remission and those not in remission. Specifically, the
remission group exhibited lower GMV and density in the
right precentral gyrus but greater WMV. These findings
aligned with previous studies that reported structural dif-
ferences in the precentral gyrus and other brain regions
related to MDD [7]. Additionally, we observed differences
in the anterior cingulate gyrus and orbitofrontal cortex,
consistent with other research suggesting these regions

were critical in depressive pathology [8]. Furthermore,
the Jinan Dataset confirmed these findings, with signifi-
cant changes in GMV and WMV in the remission group,
particularly in regions like the cerebellum and fusiform
gyrus. These results further reinforced the potential of
brain structure as a predictor of treatment response in
MDD.

However, while these structural differences offered
insight into potential treatment-related biomarkers, their
clinical application remained to be fully explored. Tailor-
ing treatment approaches based on these structural fea-
tures could have potentially led to more pearsonalized
care, though further research was required to determine
how these features correlate with treatment efficacy in
real-world settings.

Our study also demonstrated the generalizability of this
method across different datasets and age groups. When
comparing the predictive performance between adult and
adolescent cohorts, we observed that WMV had the best
predictive performance in the adult group (Hangzhou
Dataset). In contrast, WMD was the strongest predic-
tor in the adolescent group. This variability highlighted
the importance of considering age-related differences in
brain structure when using these features for prediction.
Previous studies have suggested that MDD manifests dif-
ferently in adolescents compared to adults, with distinct
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pathophysiological mechanisms at play [27]. Structural
differences in brain development between these age
groups could explain why different brain features were
predictive in each group. For example, studies have
shown that the cerebral cortex exhibits significant devel-
opmental differences between adolescents and adults
with MDD, which might impact treatment response [28].
This variability underscored the importance of designing
prediction models that accounted for age-related struc-
tural differences in MDD.

Despite these promising results, several challenges
remained. First, the sample size in our analysis was rela-
tively small, which was a critical limitation. According to
the PROBAST guideline, the ratio of sample size to pre-
dictors should be 20 or greater to ensure reliable model
performance and generalizability. In our case, the small
sample size could have led to underrepresentation of
certain subpopulations, which might have skewed the
results. This limitation emphasizes the need for larger,
more diverse cohorts to enhance the robustness of our
findings and ensure they are applicable to broader popu-
lations. Second, our dataset predominantly represents
a Chinese population, which might limit the generaliz-
ability of the model to other populations with different
genetic, cultural, and environmental backgrounds. The
applicability of the model to diverse populations, includ-
ing those from different countries and ethnic groups,
needs further validation. To mitigate these challenges,
future research could focus on increasing the sample size,
diversifying the datasets, and addressing potential biases
in model development. This will help refine the predic-
tive capabilities of the model and improve its clinical
utility across various populations. Additionally, incorpo-
rating more robust preprocessing and feature selection
methods could help mitigate dataset biases and improve
the generalizability of the model across different popula-
tion groups. Furthermore, while the study acknowledges
the longitudinal nature of depression, we did not explore
the temporal evolution of brain structure in relation to
treatment response. Future work could consider how
brain structural changes over time may influence treat-
ment outcomes, as this could provide more accurate pre-
dictions in clinical settings.

Conclusion

Our study is the first to use the inter-brain similarity of
sMRI of the brain as a feature for machine learning to
predict the treatment response of MDD. By integrating
the neuroimaging features extracted by the similarity
method and combining them with the machine learn-
ing technique, we succeeded in predicting the treatment
response of patients with MDD, and the method not
only possesses high accuracy but also shows good gener-
alisability, which provides a new perspective to support
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individualized and precise MDD treatment strategies.
The finding that brain structure and density features of
depressed individuals exhibit significant variability across
age highlights the need to adequately account for age
differences in feature categorisation tasks. These results
enrich our understanding of the relationship between
neuroimaging features and treatment outcomes in MDD
and provide an important reference for future clinical
practice and research.

Abbreviations

MRI Magnetic resonance imaging
MDD Major depressive disorder
HC Healthy controls

GMD Gray matter density

GMV Gray matter volume

WMD White matter density

WMV White matter volume

SVM Support vector machine

sMRI Structural magnetic resonance imaging

KNN K-Nearest Neighbor

DT Decision Tree

BernoulliNB  Bernoulli Naive Bayes

RF Random Forest

LDA and Linear Discriminant Analysis

L Left

R Right

MCD Minimum Covariance Determinant

ECT electroconvulsive therapy

MNI Montreal Neurological Institute

HAMD-24 The 24-item version of the Hamilton Depression Scale
CDI Children’s Depression Inventory

DSM-V Diagnostic and Statistical Manual of Mental Disorders-5
AUC Area under the ROC curve

SSRI Selective Serotonin Reuptake Inhibitors
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