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Abstract 
Major Depressive Disorder (MDD) remains a complex and debilitating psychi-
atric condition characterized by heterogeneous symptom profiles and substan-
tial variability in treatment response. Despite extensive clinical research, the 
process of selecting effective pharmacological interventions for individual pa-
tients continues to rely heavily on trial-and-error, leading to prolonged suffer-
ing and increased healthcare costs. Neuroimaging-based predictive models 
have shown potential to support precision psychiatry; however, their progress 
is limited by the scarcity of large, annotated clinical datasets, high imaging 
costs, and strict patient privacy regulations. In this study, we propose a com-
prehensive synthetic neuroimaging and clinical data simulation framework 
that enables the development and testing of deep learning models in a fully 
controlled environment. Specifically, we designed a multi-task Convolutional 
Neural Network (CNN) that simultaneously predicts depression severity as a 
continuous outcome and treatment response as a binary classification task. The 
synthetic data were generated with biologically plausible brain activation pat-
terns, targeting clinically relevant regions such as the prefrontal cortex, cingu-
late cortex, amygdala, and hippocampus. Clinical variables, including age, gen-
der, baseline severity, and treatment group, were integrated into the simulation 
to reflect real-world heterogeneity. The proposed model achieved a Mean Ab-
solute Error (MAE) of 2.84 for severity prediction and an Area Under the 
Curve (AUC) of 0.80 for treatment response classification on the held-out test 
set. These results demonstrate that synthetic-data-driven pipelines can effec-
tively support the development of predictive models for complex psychiatric 
disorders. Our approach provides a scalable and reproducible pathway for ac-
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celerating algorithm validation, minimizing ethical constraints, and enabling 
large-scale experimentation in mental health research and computational psy-
chiatry. 
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1. Introduction 

Major Depressive Disorder (MDD) is a highly prevalent and disabling psychiatric 
illness, affecting millions of individuals worldwide [1]-[4]. One of the most chal-
lenging aspects of MDD management is its considerable heterogeneity—patients of-
ten present with diverse symptom profiles, varying in severity, duration, and comor-
bidities [5]-[9]. This clinical complexity is mirrored in the variability of treatment 
outcomes, where pharmacological interventions that benefit some patients may 
prove ineffective or even harmful to others [10]-[13]. Despite advancements in psy-
chopharmacology, the selection of appropriate treatments for individual patients 
largely remains a trial-and-error process, leading to extended periods of ineffec-
tive therapy, exacerbated symptoms, and increased societal and economic burdens 
[14]-[18]. In recent years, neuroimaging-based biomarkers have emerged as prom-
ising tools for stratifying patients and supporting personalized treatment deci-
sions in psychiatry [19]-[23]. Functional and structural imaging data can provide 
valuable insights into brain regions associated with mood regulation, cognitive func-
tion, and emotional processing [24]-[27]. However, the progress of neuroimag-
ing-based machine learning models has been significantly constrained by several 
key barriers: 
• The high cost of neuroimaging acquisition limits the size of available datasets 

[28]-[30]. 
• Ethical restrictions and stringent privacy regulations make it difficult to share 

patient imaging data across research centres [31] [32]. 
• Clinical variability and noise in real-world datasets complicate model training 

and generalization [33]-[35]. 
To address these challenges, synthetic neuroimaging offers a scalable and ethi-

cal alternative by generating high-fidelity, biologically plausible brain data in a 
fully controlled simulation environment [36] [37]. Synthetic datasets can be con-
structed to emulate key neuroanatomical features, regional activation patterns, 
and clinical relationships, providing an ideal testbed for developing and validating 
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predictive models [38]-[40]. 
In this study, we present a multi-task deep learning framework that is trained 

on synthetic fMRI-like data and simulated clinical profiles to jointly predict: 
• Depression severity as a continuous regression target. 
• Treatment response as a binary classification outcome. 

By combining multi-task learning, domain-specific synthetic data generation, and 
Convolutional Neural Network (CNN) architectures, we introduce a robust, repro-
ducible pipeline that can efficiently exploit shared brain features while supporting 
parallel clinical predictions. Our methodology is fully scalable, adaptable to other 
psychiatric conditions, and capable of overcoming the data scarcity and privacy 
limitations that often hinder neuropsychiatric research. This work contributes to 
the growing field of computational psychiatry and provides a valuable framework 
for accelerating algorithm development in precision mental health care. 

2. Methodology 
2.1. Study Workflow 

The entire research pipeline is systematically outlined in Figure 1, which presents 
the sequential workflow starting from synthetic data generation, preprocessing, 
model development, training, and finally comprehensive evaluation and visuali-
zation. This structured roadmap ensures a reproducible and modular framework 
that can be adapted for similar predictive tasks in other psychiatric domains. Each 
step of the pipeline has been meticulously designed to mirror key aspects of real-
world neuroimaging studies while leveraging the scalability of synthetic simula-
tions. 

2.2. Synthetic Data Generation 

A high-fidelity synthetic neuroimaging dataset was generated to emulate functional 
MRI (fMRI) brain activation patterns with anatomically and clinically meaningful 
variability. The synthetic images were constructed with controlled activation pat-
terns focusing on brain regions widely implicated in depression, ensuring biolog-
ical plausibility: 
• Prefrontal Cortex: Simulated as the primary region correlating with depres-

sion severity, reflecting its role in mood regulation and cognitive control. 
• Cingulate Cortex: Modelled as a key modulator of treatment response, in align-

ment with its established involvement in affective processing and treatment 
outcomes. 

• Amygdala and Hippocampus: Incorporated as secondary contributors to emo-
tional regulation and memory processing, adding realistic complexity to the 
activation patterns. 

Each synthetic image was designed to include both structured, region-specific 
signals and spatially distributed random noise to approximate the inter-subject var-
iability typically observed in clinical fMRI datasets. This noise emulates biological 
and acquisition variability. 
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Figure 1. Visualization of the stepwise methodology and the logical flow of the study components. 

 
Clinical Data Simulation 
In parallel, synthetic clinical profiles were generated to reflect key demographic 

and clinical variables: 
• Age and gender were sampled from statistically representative distributions. 
• Baseline depression severity scores were tied to activation levels in the prefron-

tal region, introducing a biologically informed correlation. 
• Treatment group assignments (SSRI, SNRI, Placebo) were modelled with dis-

tinct probabilistic effects on response likelihood. 
Treatment Response Modelling 
Treatment response was simulated as a nonlinear probabilistic function influ-

enced by: 
• Average activation in the cingulate cortex. 
• Assigned treatment class, allowing differential response probabilities across drug 

types. 
• Added controlled noise to introduce uncertainty and reflect real-world clinical 

unpredictability. 
The synthetic dataset comprised 2400 total subjects, generated with 3D image 

volumes of dimensions 64 × 64 × 64 voxels, emulating standard low-resolution 
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fMRI scans. Each voxel represented a simulated isotropic resolution of 3 mm3. The 
dataset was split into training (1600 subjects, 66.7%), validation (400 subjects, 16.7%), 
and test (400 subjects, 16.7%) sets using stratified sampling based on treatment 
response to ensure class balance. Each synthetic subject included a 3D brain acti-
vation map and an associated clinical profile containing age, gender, baseline se-
verity, and assigned treatment group. This approach ensured that both severity and 
response targets were driven by interpretable neurobiological patterns while main-
taining sufficient complexity to challenge the learning model. 

2.3. Preprocessing Pipeline 

All synthetic neuroimaging data underwent subject-level z-score normalization to 
standardize intensity distributions across subjects and reduce variability induced 
by individual baselines. This normalization step is critical for stable gradient flow 
during training and for ensuring model robustness to varying input scales [41]-[43]. 
The entire dataset was then partitioned into: 
• Training set 
• Validation set 
• Test set 

The splitting process used stratified sampling based on treatment response la-
bels to ensure balanced class distributions across all splits. Stratification is partic-
ularly important in psychiatric datasets, where class imbalances can bias learning 
and impair generalization [44] [45]. This step guaranteed that each data subset con-
tained proportional representations of responders and non-responders, preserv-
ing clinical heterogeneity during both training and evaluation. No additional class-
balancing techniques such as oversampling, class weighting, or focal loss were em-
ployed beyond stratified splitting. This decision was based on the synthetic da-
taset’s-controlled class distribution, which allowed for equal representation of re-
sponders and non-responders by design. Since the underlying data generation pro-
cess ensured balanced label frequencies, further augmentation or reweighting was 
deemed unnecessary and potentially distorting. 

2.4. Model Architecture 

We developed a multi-task Convolutional Neural Network (CNN) capable of sim-
ultaneous regression and classification, optimizing for both depression severity and 
treatment response. 

CNN Backbone 
The shared feature extractor consisted of four convolutional blocks, each with: 

• Convolutional layers with increasing filter sizes to progressively capture spatial 
hierarchies. 

• Batch normalization layers to stabilize learning and accelerate convergence. 
• Max pooling layers to reduce spatial dimensionality while preserving salient 

features. 
• Dropout layers applied with increasing intensity to mitigate overfitting, espe-

cially crucial in synthetic domains where overfitting to controlled patterns is a 
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risk. 
Following the convolutional blocks, global average pooling was applied to sum-

marize global activation patterns efficiently, reducing model complexity and fur-
ther minimizing overfitting risks. 

Multi-Task Output Towers 
The model branched into two parallel fully connected towers: 

• Severity Prediction Tower (Regression): 
o Designed to predict continuous depression severity. 
o Used Huber loss to balance sensitivity to outliers and regression stability. 

• Treatment Response Tower (Classification): 
o Output probability of treatment response (binary outcome). 
o Used binary cross-entropy loss, optimized for AUC performance. 

Both towers integrated L1/L2 regularization and aggressive dropout (up to 50%) 
to ensure sparse, robust representations and prevent the model from overfitting 
to dataset-specific features. 

Key Architectural Innovations 
• Multi-Task Learning: Enabled shared feature extraction across tasks, improv-

ing learning efficiency and potentially allowing the model to leverage correla-
tions between severity and response. 

• Strong Regularization: Combining dropout and L1/L2 penalties protected against 
overfitting, particularly when training on synthetic data with partially controlled 
variance. 

2.5. Training Strategy 

The model was trained using the Adam optimizer, chosen for its adaptability and 
efficiency in handling non-stationary objectives in multi-task settings [46] [47]. 

Loss Function Design 
• The combined loss function assigned dynamic weights to the severity and re-

sponse tasks, with higher emphasis placed on response classification due to its 
direct clinical relevance in treatment planning. 

• Huber loss was selected for severity prediction to ensure robustness against 
outliers, while binary cross-entropy was used for treatment response to handle 
probabilistic output effectively. 

Training Control and Optimization 
The training process was carefully managed through: 

• Real-time AUC Monitoring: AUC was tracked using validation data during 
training to prioritize treatment response optimization. 

• Learning Rate Scheduling: A reduce-on-plateau strategy was applied to de-
crease the learning rate when validation loss stagnated, helping the optimizer 
escape potential local minima. 

• Early Stopping: Monitored validation loss with a patience threshold to pre-
vent overfitting and automatically restore the best-performing model weights. 

• Model Checkpointing: Saved the model state at the epoch with the lowest val-
idation loss to ensure the most generalizable version was retained. 
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This robust training strategy balanced performance across both tasks while min-
imizing the risks of overfitting and training collapse, which can occur in complex 
multi-objective optimization. 

The methodology integrates a fully controlled synthetic data generation pro-
cess, advanced multi-task CNN architecture, and rigorous training controls, form-
ing a scalable and generalizable framework for psychiatric prediction tasks. The 
workflow in Figure 1 serves as a foundational blueprint for future computational 
psychiatry studies using synthetic neuroimaging pipelines. 

3. Results 
3.1. Training Dynamics 

The training progression of the multi-task deep learning model is illustrated in 
Figure 2, which plots the evolution of depression severity prediction (MAE) and 
treatment response classification (AUC) over epochs. The model demonstrated rapid 
convergence for severity prediction, with the training and validation MAE decreas-
ing consistently in the early epochs, indicating that the network effectively learned 
the continuous regression mapping between neuroimaging features and severity 
scores. In contrast, the AUC curve for treatment response exhibited a more com-
plex learning trajectory. While the model initially achieved steady AUC improve-
ments, the validation AUC later displayed noticeable oscillations and plateaus. These 
fluctuations likely reflect the intrinsic probabilistic boundaries and controlled noise 
structures inherent in the synthetic data generation process. In real-world datasets, 
such variations are expected due to biological complexity; in the synthetic domain, 
they result from deliberately embedded nonlinearities and randomized response 
probabilities. The differences in learning stability between the two tasks suggest 
that while the severity regression task is primarily driven by global activation in-
tensity, the treatment response classification task is more sensitive to subtle, local-
ized variations in the synthetic brain patterns. 
 

 
Figure 2. Training history showing depression severity MAE and treatment response AUC over training epochs for 
both training and validation sets. 
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3.2. Model Performance on Test Set 

Severity Prediction 
The model achieved: 

• Mean Absolute Error (MAE): 2.84 
• Root Mean Squared Error (RMSE): 3.53 

These results indicate strong predictive accuracy for continuous severity esti-
mation, with errors well within clinically interpretable ranges. The low MAE sug-
gests the model can closely approximate actual depression severity, supporting its 
potential clinical utility for personalized symptom monitoring [48]-[51]. 

Treatment Response Prediction 
The classification task achieved: 

• Accuracy: 74.0% 
• AUC: 0.80 

The ROC curve in Figure 3 demonstrates a well-separated response prediction 
boundary with an AUC of 0.80, which signifies a high degree of discriminative ca-
pability between responders and non-responders in the synthetic dataset. 
 

 
Figure 3. ROC curve for treatment response classification. AUC = 0.80, reflecting good predictive sepa-
rability. 

 
The scatter plot in Figure 4 visually confirms the strong alignment between the 

predicted and actual depression severity scores. The dense clustering around the 
identity line highlights the model’s ability to generalize accurately to unseen data. 
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Figure 4. Scatter plot comparing predicted vs. actual severity scores on the test set, showing 
robust regression performance. 
 

The confusion matrix in Figure 5 further emphasizes the model’s clinical strength 
in correctly identifying non-responders, with: 
• Precision: 81% 
• Recall (Sensitivity): 78% 
 

 
Figure 5. Confusion matrix showing the model’s ability to classify treatment responders 
and non-responders, with particularly strong identification of non-responders. 
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This high recall for non-responders is particularly important in clinical deci-
sion-making, as it enables early identification of patients unlikely to benefit from 
a given treatment, potentially reducing unnecessary medication exposure and en-
abling faster intervention adjustments. 

The simulated depression severity scores were based on the Hamilton Depres-
sion Rating Scale (HAM-D), one of the most widely used clinical instruments for 
assessing depressive symptom burden. On this scale, which typically ranges from 
0 to 52, a Mean Absolute Error (MAE) of 2.84 suggests that the model’s predic-
tions fall within ±3 points of the true severity score. Clinically, this level of devia-
tion is generally considered acceptable, corresponding to the difference between 
adjacent severity categories (e.g., mild vs. moderate depression), indicating strong 
predictive performance. 

3.3. Activation Mapping 

The spatial activation differences between high-severity and low-severity patients 
are visualized in Figure 6. The prefrontal cortex showed consistent hyperactiva-
tion in patients with higher depression severity, supporting the known involve-
ment of this region in mood regulation and executive dysfunction in MDD. The 
activation map confirms that the synthetic neuroimaging generation process ef-
fectively captured biologically plausible severity-related patterns. Moreover, this 
alignment with clinical expectations reinforces the reliability of using synthetic 
data for pre-training and algorithm development in computational psychiatry 
[52]-[54]. 
 

 
Figure 6. Activation difference map comparing high- and low-severity patients, demon-
strating pronounced prefrontal cortex involvement in severe depression cases. 
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3.4. Regional Importance 

The regional correlation analysis is presented in Figure 7, which quantifies the 
relationship between mean regional activations and depression severity. 
• The prefrontal cortex exhibited the strongest correlation (r ≈ 0.55) with sever-

ity, consistent with extensive clinical literature linking prefrontal dysfunction 
to depressive symptoms, impaired decision-making, and emotional dysregu-
lation. 

• The cingulate cortex showed a moderate correlation, reflecting its role in treat-
ment responsiveness and emotional integration. 

• The amygdala and hippocampus also displayed meaningful, though slightly 
weaker, associations with severity, supporting their involvement in emotional 
memory and stress processing in depression. 

This regional analysis validates that the model is not learning arbitrary features 
but rather focusing on clinically relevant brain regions known to be central to de-
pression pathophysiology. 

 

 
Figure 7. Regional importance bar plot showing correlations between mean brain region 
activations and depression severity, highlighting the dominant role of the prefrontal cortex. 

 
Collectively, these results demonstrate that the proposed multi-task model: 

• Effectively learns clinically meaningful neuroimaging patterns from synthetic 
data. 

• Achieves high precision in identifying non-responders, a critical target for per-
sonalized treatment. 

• Produces spatial activation and regional importance maps that align with es-
tablished neurobiological frameworks. 

The combination of robust severity estimation and reliable response prediction 
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underscores the potential of synthetic neuroimaging pipelines as a viable solution 
for scalable model development in psychiatric research. 

4. Discussion 
4.1. Clinical Relevance and Translational Impact 

This study provides compelling evidence that multi-task deep learning models can 
effectively leverage synthetic neuroimaging data to simultaneously predict depres-
sion severity and treatment response with high precision. The ability to accurately 
identify non-responders is particularly significant for clinical practice, as it ena-
bles early detection of patients unlikely to benefit from standard pharmacological 
interventions. Such predictive capacity holds the potential to dramatically reduce 
the latency to effective treatment, sparing patients from prolonged exposure to in-
effective therapies and minimizing the associated psychological and physiological 
risks [55]-[57]. 

The model’s strong recall and precision in classifying non-responders offer a 
critical step towards precision psychiatry, where treatment decisions can be pro-
actively tailored rather than retrospectively corrected. If translated to real-world 
datasets through further validation and domain adaptation, this framework could 
meaningfully contribute to treatment stratification, clinical triaging, and resource 
optimization in mental health care systems. Moreover, the multi-task structure aligns 
well with the complex clinical reality, where symptom severity and treatment re-
sponse are inherently interconnected. By jointly modelling these outcomes, the 
framework provides a more holistic representation of patient trajectories com-
pared to traditional single-task models. 

4.2. Synthetic Data as a Scalable Research Accelerator 

The use of synthetic neuroimaging data in this study directly addresses the most 
pressing limitations in psychiatric machine learning: 
• Data Scarcity: Generating high-fidelity synthetic datasets allows researchers to 

rapidly prototype, benchmark, and optimize predictive models without the lo-
gistical, financial, and ethical constraints of clinical data collection. 

• Controlled Experimentation: Synthetic pipelines enable the deliberate simu-
lation of specific, testable brain-behaviour relationships that are often confounded 
or obscured in real-world datasets. This level of control permits researchers to 
systematically probe model sensitivities and the relative influence of individual 
brain regions on clinical outcomes. 

• Bias and Confounder Mitigation: By embedding clinically interpretable depend-
encies into the synthetic data generation process, this study ensures that the 
model learns meaningful causal structures rather than spurious correlations 
driven by hidden biases typically present in observational datasets. 

Importantly, the simulation framework allows the injection of customizable noise, 
probabilistic response functions, and nonlinear clinical dependencies, which col-
lectively foster the development of models that are both robust and adaptable. 
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This approach can accelerate the pre-training of complex architectures and serve 
as a critical bridge to real-world deployment, particularly when combined with trans-
fer learning or domain adaptation strategies. Synthetic datasets, when designed 
with anatomical and clinical plausibility as demonstrated here, can serve as ethical 
and scalable surrogates for sensitive patient data, enabling more open collabora-
tion and reproducibility across research groups. 

4.3. Model Architecture and Learning Dynamics 

The proposed Convolutional Neural Network (CNN) architecture demonstrated 
a strong ability to capture spatial dependencies and regional patterns across synthetic 
brain images, reflecting the complex yet interpretable relationships between neu-
robiological features and psychiatric outcomes. The multi-task learning structure 
provided several key advantages: 
• Enhanced parameter efficiency by sharing feature representations across tasks. 
• Improved generalization capacity by leveraging joint supervision from both se-

verity regression and response classification. 
• Increased clinical relevance by simultaneously predicting complementary out-

comes that are often considered separately in psychiatric studies. 
Although the training curves indicated some validation loss fluctuations and 

instability in later epochs, these oscillations likely stem from the controlled varia-
bility and constrained complexity inherent in the synthetic domain. The synthetic 
response modelling used probabilistic functions with predefined noise bounda-
ries, which can limit the diversity of failure modes typically seen in real-world data 
and cause the model to overfit specific probabilistic artifacts. Despite these do-
main limitations, the model achieved clinically meaningful AUC and low severity 
prediction error, suggesting that the learned representations may generalize well 
to real clinical scenarios when coupled with domain adaptation or fine-tuning on 
empirical datasets. The spatial activation maps and regional correlation analyses 
further validate that the model consistently focused on neuroanatomically rele-
vant regions, such as the prefrontal and cingulate cortices, rather than memoriz-
ing superficial image features. This indicates that the network not only optimized 
performance but also aligned with the biological underpinnings of depression [58]-
[62]. 

This study demonstrates that synthetic neuroimaging combined with multi-
task deep learning provides a powerful and scalable pathway for advancing com-
putational psychiatry. The framework offers substantial clinical value by accurately 
predicting both symptom severity and treatment outcomes while simultaneously 
overcoming critical barriers associated with data scarcity, privacy, and bias. By 
adopting a synthetic-data-driven pipeline, we open new possibilities for ethical, large-
scale model development and testing in psychiatric research, laying the ground-
work for the next generation of precision mental health solutions. Future research 
will focus on: 
• Cross-domain validation using real-world neuroimaging datasets. 
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• Integration of multimodal clinical inputs (e.g., genetic, cognitive, environmen-
tal data) to further enhance model robustness. 

• Application of domain adaptation techniques to align synthetic feature spaces 
with clinical data distributions for improved generalization. 

Nevertheless, the transition from synthetic to real clinical datasets poses a no-
table domain-shift challenge. While synthetic data allows for rigorous control, 
real-world fMRI scans exhibit greater noise, scanner heterogeneity, and clinical 
variability. To address this, future work will explore domain adaptation strategies 
such as adversarial fine-tuning and representation alignment, enabling the trans-
fer of pre-trained models to clinical cohorts with minimal retraining. Incorporat-
ing real neuroimaging samples into the validation process will also be essential for 
assessing cross-domain generalization. This study thus represents a transforma-
tive step towards data-driven, ethically scalable, and clinically actionable artificial 
intelligence in psychiatry. 

5. Conclusions 

This study introduces a fully optimized, multi-task deep learning framework ca-
pable of simultaneously predicting depression severity and treatment response us-
ing synthetic neuroimaging and clinically simulated data. By integrating anatom-
ically plausible synthetic brain activations with carefully controlled clinical pro-
files, we have developed a scalable and reproducible pipeline that addresses some 
of the most critical challenges in psychiatric machine learning, including data scar-
city, privacy concerns, and limited access to large, annotated neuroimaging da-
tasets. The proposed model demonstrated strong predictive performance across 
both tasks, achieving high accuracy in identifying non-responders and precise es-
timation of depression severity. These findings highlight the potential of syn-
thetic-data-driven pipelines to support clinically meaningful predictions and offer 
valuable decision support tools in psychiatry [63]-[65]. Importantly, this work val-
idates that models trained on synthetic data, when designed with embedded clin-
ical dependencies and biologically relevant patterns, can learn features that closely 
align with the known pathophysiology of depression. This framework is not only 
scalable but also adaptable, providing a flexible foundation for the rapid prototyp-
ing and pre-training of deep learning models in mental health applications. The 
ability to control data generation parameters and simulate complex brain-behav-
iour relationships offers unprecedented opportunities to refine and test predictive 
algorithms in a fully ethical and efficient environment. 

Future Directions 
Moving forward, this research will aim to: 

• Extend the synthetic pipeline to real-world multi-centre neuroimaging datasets 
for external validation and clinical translation. 

• Integrate multimodal clinical, genetic, cognitive, and environmental data to en-
hance model robustness and capture the multidimensional nature of psychiat-
ric disorders. 
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• Apply domain adaptation and transfer learning strategies to bridge the synthetic-
to-clinical domain gap, enabling the seamless deployment of these models in 
real-world clinical settings. 

Overall, this work provides a transformative approach for advancing precision 
psychiatry, accelerating the development of ethical, scalable, and clinically action-
able artificial intelligence solutions for mental health care. 
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