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Abstract

This study presents a comprehensive clinical decision support system aimed at
personalizing antidepressant treatment selection using synthetic patient data,
predictive modelling, and reinforcement learning. Traditional antidepressant
prescribing often relies on trial-and-error methods, which can result in pro-
longed patient suffering and delayed treatment success, particularly in treat-
ment-resistant depression. To address the limitations posed by data scarcity and
privacy constraints in psychiatric research, we developed a robust synthetic pa-
tient data generator that simulates realistic clinical, genetic, and treatment re-
sponse profiles. These synthetic datasets capture essential features such as age,
gender, baseline depression severity, genetic markers (SHTTLPR, BDNF, COMT,
FKBP5), treatment history, and comorbidities including anxiety and chronic
pain. We employed Gradient Boosting and Neural Network classifiers to pre-
dict treatment response probabilities based on individual patient profiles. These
models achieved moderate classification accuracy, with a tendency to predict
responders more reliably than non-responders. To further optimize treatment
strategies, we integrated a Dueling DQN Reinforcement Learning agent trained
within a custom-designed environment that simulates multi-step treatment pro-
cesses, side effect profiles, and severity progression. While the reinforcement
learning agent successfully optimized sequential treatment selections and re-
duced symptom severity, it did not achieve remission under the current reward
configuration, suggesting the need for further reward function tuning. An en-
hanced clinical decision support system was developed to generate top treat-
ment recommendations with natural language explanations, facilitating trans-
parent and interpretable clinical guidance. This research demonstrates the po-
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tential of using synthetic patient simulations and reinforcement learning to ad-
vance precision psychiatry, enabling data-driven, patient-specific treatment
strategies while addressing ethical and logistical barriers associated with real-
world psychiatric data.

Subject Areas

Precision Psychiatry, Al

Keywords

Reinforcement Learning, Depression, Synthetic Data, Precision Psychiatry,
Treatment Optimization, Clinical Decision Support, Dueling DQN, Gradient
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1. Introduction

Major Depressive Disorder (MDD) is a prevalent and debilitating mental health
condition that significantly impacts quality of life and contributes to substantial
social and economic burdens [1]-[5]. Despite the availability of various antide-
pressant medications, achieving effective treatment outcomes remains a complex
challenge, particularly for individuals with Treatment-Resistant Depression (TRD)
[6]-[9]. In many clinical settings, antidepressant selection is still predominantly
guided by trial-and-error approaches, where clinicians cycle through medications
and combinations until a positive response is observed [10]-[14]. This process of-
ten results in prolonged patient suffering, exposure to unnecessary side effects,
and delays in achieving symptom remission, which can worsen disease prognosis
and reduce long-term treatment adherence [15]-[17]. Personalizing antidepres-
sant treatment is critical to improving clinical outcomes and reducing the time to
therapeutic success [18]-[21]. However, the field faces several barriers, including
data scarcity, heterogeneity in patient responses, and limited access to large-scale,
longitudinal datasets that capture genetic, clinical, and environmental factors in-
fluencing treatment outcomes [22]-[26]. These limitations have slowed the devel-
opment of precise, data-driven treatment selection tools in psychiatry [27] [28].
Recent advancements in Artificial Intelligence (AI) and Machine Learning (ML),
particularly Reinforcement Learning (RL), offer promising solutions to address
these challenges [29]-[32]. Al-based models can analyse complex, multi-dimen-
sional patient data and predict treatment outcomes with increasing precision [33]
[34]. Reinforcement learning provides an opportunity to model sequential deci-
sion-making processes, making it ideal for optimizing multi-step treatment strat-
egies where treatment adjustments occur over time based on patient response
[35]-[37]. This study proposes a clinically meaningful, fully simulated framework
that integrates synthetic patient generation, supervised predictive modelling, and

reinforcement learning-based treatment optimization to support precision psy-
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chiatry. By using synthetic data, we address ethical concerns and logistical barriers
associated with real-world psychiatric datasets. Our system aims to provide inter-
pretable, patient-specific treatment recommendations that can potentially enhance
clinical decision-making, reduce reliance on trial-and-error prescribing, and ac-

celerate the path to remission for patients with MDD.

2. Methods
2.1. Synthetic Data Generation

To address the challenges of data scarcity and privacy limitations in psychiatric
research, we developed a sophisticated synthetic patient data generator capable of
simulating a large, diverse, and clinically realistic patient population. The genera-
tor was carefully designed to mirror the complexity, variability, and treatment re-
sponse patterns observed in real-world antidepressant therapies.

The synthetic dataset included 8000 virtual patients, each characterized by a
combination of clinically relevant features:

¢ Demographics: Patients were assigned ages ranging from 18 to 80 years, with
gender distributions reflecting known epidemiological patterns of depression,
which is more prevalent in females.

¢ Clinical Severity: Baseline depression severity was simulated using the Ham-
ilton Depression Rating Scale (HAM-D), which is widely used to assess the
severity of depressive symptoms in clinical settings.

¢ Genetic Markers: Four key genetic polymorphisms known to influence anti-
depressant treatment response were simulated: SHTTLPR, BDNF, COMT, and
FKBP5. These markers were assigned based on population-based allele fre-
quencies to reflect realistic genetic variability. Gene-drug interaction probabil-
ities were calibrated based on pharmacogenomic findings reported in large-
scale studies. For instance, individuals with the 5SHTTLPR LL genotype were
assigned higher response probabilities to SSRIs, while BDNF AA carriers had
reduced efficacy with SNRIs. These priors were integrated as conditional prob-
abilities in the simulation engine to reflect clinically observed pharmacogenetic
patterns.

e Medical History: Each synthetic patient was assigned a number of previous
treatment failures (ranging from zero to five), comorbidities such as anxiety
and chronic pain, and a family history of depression. These factors were mod-
elled to reflect their known impact on treatment outcomes.

e Treatment Profiles: The simulation included both single-drug therapies and
combination treatments. Medication synergies, known contraindications, and
side effect probabilities were incorporated to produce nuanced treatment out-
comes that consider both efficacy and tolerability.

This synthetic data generation approach allowed us to create a controlled, eth-
ically safe dataset that supports large-scale model training and validation without

the limitations of real-world clinical data access.
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2.2. Predictive Modelling

The generated synthetic dataset underwent a comprehensive preprocessing pipe-

line to ensure data consistency, reduce model bias, and optimize performance:

e Categorical Encoding: All categorical variables, including gender, age groups,
genetic markers, comorbidities, and treatment combinations, were trans-
formed using one-hot encoding to make them machine-readable.

¢ Numerical Standardization: Continuous variables, such as age and the num-
ber of previous treatment failures, were standardized using z-score normaliza-
tion to ensure consistent feature scaling across all input variables.

¢ Feature Engineering: Additional derived features were introduced to capture
higher-level patterns, including age groupings (e.g., 18-29, 30-44), depression
severity categories (mild, moderate, severe), and genetic allele decompositions
to improve model discrimination.

Two supervised learning models were developed and trained:

1. Gradient Boosting Classifier: A robust, ensemble-based machine learning
model that combines multiple weak learners to optimize predictive accuracy. Hy-
perparameters such as learning rate, tree depth, and minimum sample splits were
tuned to prevent overfitting.

2. Neural Network Classifier: A fully connected multi-layer perceptron with
hidden layers, batch normalization, and dropout regularization. This architecture
was selected to capture non-linear relationships in the dataset while minimizing
the risk of overfitting.

Both models were trained using an 80/20 stratified train-test split to preserve
the balance between responders and non-responders in both training and valida-
tion datasets. Model performance was rigorously evaluated using key metrics: ac-
curacy, area under the receiver operating characteristic curve (AUC), precision,

recall, and f1-score.

2.3. Reinforcement Learning for Treatment Optimization

To optimize antidepressant treatment selection over time, we developed a Dueling
Deep Q-Network (DQN) Reinforcement Learning agent. This agent was trained
in a custom simulation environment that closely mimicked the sequential treat-
ment decision-making process used in clinical practice.

The RL environment simulated:

e Treatment Decisions: At each step, the agent selected either a single medica-
tion or a combination therapy from a predefined list of antidepressants.

o State Transitions: The patient’s clinical state was updated after each treatment
selection, including changes in depression severity and the potential emer-
gence of side effects.

o Side Effect Profiles: Medication-specific side effects were probabilistically in-
troduced, and their occurrence influenced the agent’s learning process.

e Multi-Step Progression: The agent was allowed to make up to five consecutive

treatment decisions per patient, enabling a realistic simulation of complex,
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stepwise clinical management.
The reward function was carefully designed to balance multiple objectives:
e Positive rewards for symptom severity reduction.
o DPenalties for the occurrence of side effects.
e Additional penalties for failed treatments and treatment stagnation.
The reward function used by the RL agent was defined as:
R=2-A§S-15SE-1.0-FT-0.5-ST

where ASdenotes the reduction in HAM-D score (symptom improvement), SE'is
a binary indicator of side effect occurrence, FTFTFT denotes treatment failure (no
symptom reduction), and S7 represents stagnation, defined as unchanged symp-
tom severity over two consecutive steps. This formulation incentivizes consistent
symptom reduction while penalizing side effects, ineffective treatments, and stag-
nation. However, because the function rewards incremental improvements with-
out explicitly prioritizing full remission, the agent tended to favour partial symp-
tom relief, which likely contributed to its inability to achieve complete remission

in most cases.

2.4. Evaluation and Clinical Recommendation System

The performance of the RL agent was evaluated using 200 new, previously unseen

synthetic patients. The following clinical effectiveness metrics were assessed:

¢ Response Rate: The proportion of patients showing significant symptom re-
duction after treatment.

¢ Remission Rate: The proportion of patients achieving full remission (HAM-
D score < 7).

o Average Severity Reduction: The mean decrease in depression severity across
all treatment episodes.

To ensure that the system could provide clinically interpretable recommenda-
tions, we developed an enhanced Clinical Decision Support System (CDSS) that
integrated:

e Predictions from the supervised learning models, providing response proba-
bilities based on patient profiles.

e Optimal treatment sequences recommended by the RL agent, tailored to each
patient’s evolving condition.

e Transparent natural language explanations that described the rationale behind
each treatment recommendation, incorporating individual patient features
such as age, genetics, treatment history, and comorbidities.

This integrated system was designed to support real-time clinical decision-

making and to provide an explainable framework that clinicians can trust.

3. Methodology

This study was systematically structured into five key components to ensure the
creation of a robust, clinically interpretable treatment recommendation system.

Each component was carefully designed to address specific challenges in psychi-
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atric treatment personalization and model development.

3.1. Synthetic Patient Simulation

We developed a Python-based synthetic data generator to simulate diverse, clini-
cally realistic patient profiles [38] [39]. This generator aimed to capture the het-
erogeneity of depression presentation and treatment response in real-world clin-
ical populations. Each synthetic patient was characterized by key clinical features,
including age, gender, previous treatment failures, and comorbidities such as anx-
iety and chronic pain. Additionally, each profile included four genetic markers—
SHTTLPR, BDNF, COMT, and FKBP5—which are known to influence antide-
pressant response. The treatment outcomes were probabilistically simulated based
on the interaction of these factors, with outcome probabilities carefully modelled
to reflect the combined influence of age, genetics, treatment resistance, and spe-

cific medication combinations.

3.2. Data Preprocessing

To prepare the synthetic dataset for machine learning, we implemented a com-
prehensive data preprocessing pipeline [40] [41]. Categorical variables such as
gender, genetic markers, comorbidities, and treatment types were converted into
machine-readable format using one-hot encoding. Continuous variables, includ-
ing age and the number of previous treatment failures, were standardized to en-
sure uniform feature scaling. Genetic markers were further processed at the allele
level to capture individual genetic variability fully. Advanced feature engineering
steps were performed to introduce derived variables such as patient age groups,
depression severity categories, treatment history classifications, and side effect pro-

files, enriching the dataset with clinically meaningful attributes.

3.3. Supervised Learning

We developed two supervised machine learning models to predict antidepressant
treatment response based on patient characteristics [42] [43]. The first model was
a Gradient Boosting Classifier, which leveraged hyperparameter tuning to opti-
mize decision tree ensembles and minimize classification errors. The second
model was a Neural Network Classifier that employed batch normalization and
dropout layers to prevent overfitting and enhance generalization across the di-
verse patient population. Both models were trained using an 80/20 stratified split
to maintain class balance and were rigorously evaluated using accuracy, area un-
der the ROC curve (AUC), precision, recall, and f1-score metrics. These supervised
models provided critical response probability estimates that were later integrated

into the clinical recommendation system [44] [45].

3.4. Reinforcement Learning

To dynamically optimize multi-step treatment strategies, we developed a custom

reinforcement learning environment simulating sequential treatment decision-
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making processes [46] [47]. In this environment, the agent was tasked with select-
ing antidepressant treatments over a sequence of up to five steps, mimicking real-
world clinical adjustments based on patient response. We implemented a Dueling
Deep Q-Network (DQN) agent which utilized prioritized replay buffers and dou-
ble Q-learning techniques to ensure stable and efficient learning. The reward func-
tion was carefully optimized to encourage rapid symptom improvement, penalize
the occurrence of side effects, and prioritize long-term treatment success. This
reinforcement learning setup allowed the agent to learn effective treatment path-

ways that adapt to individual patient profiles and evolving clinical states.

3.5. Clinical Decision Support System

We developed a Clinical Decision Support System (CDSS) to integrate the predic-
tive outputs of the supervised models, and the treatment optimization strategies
derived from the reinforcement learning agent [48]-[50]. The CDSS functioned as
a personalized recommendation engine, providing the top-ranked treatment op-
tions for each patient based on predicted response probabilities and sequential
decision logic. Each treatment recommendation was accompanied by natural lan-
guage explanations that clearly communicated the underlying rationale, linking the
suggested treatment to specific patient features such as age, genetic predispositions,
comorbidities, and treatment history. This transparency aimed to support clinician

decision-making and foster trust in the Al-driven recommendations [51] [52].

4, Results

4.1. Dataset Characteristics and Patient Profiles

The synthetic dataset generated in this study accurately reflected the complexity
of real-world clinical populations, including variations in demographics, genetic
predispositions, comorbidities, treatment histories, and side effect profiles.

4.1.1. Gender-Based Severity Patterns

Depression Severity by Gender
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Figure 1. Depression severity by gender.

DOI: 10.4236/0alib.1113957

7 Open Access Library Journal


https://doi.org/10.4236/oalib.1113957

R. de Filippis, A. Al Foysal

As shown in Figure 1, the violin plot demonstrates that female patients pre-
sented with higher median baseline depression severity compared to male patients.
Additionally, the wider variance in female severity scores suggests a broader range
of symptom presentations among females. These patterns align with existing clinical

findings that depression tends to be more prevalent and more variable in women.

4.1.2. Age and Treatment History Effects

Severity by Age and Treatment History
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Figure 2. Severity by age and treatment history.

Figure 2 illustrates the relationship between patient age, baseline severity, and
the number of previous treatment failures. Younger patients with fewer treatment
failures exhibited lower severity scores, while older patients with more failed treat-
ments displayed significantly higher baseline severity. This trend confirms that
both age and treatment resistance contribute to the complexity of managing chronic

depression.

4.1.3. Impact of Previous Treatment Failures

Treatment Response by Previous Failures
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Figure 3. Treatment response to previous failures.
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In Figure 3, the treatment response rates are stratified by the number of prior
treatment failures. Patients with one or no previous failures had significantly higher
response rates, whereas response probability sharply decreased for patients with
three or more failed treatments. This finding emphasizes the clinical importance
of early, effective intervention to prevent the progression toward treatment-re-

sistant depression.

4.1.4. Treatment Combination Effectiveness

Response Rates for Top 15 Treatment Combinations
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Figure 4. Response rates for top 15 treatment combinations.

As shown in Figure 4, treatment combinations such as SSRI with Lithium and
SNRI with Atypical antipsychotics yielded the highest response rates among all
tested regimens. The figure highlights that combination therapies, especially those
involving mood stabilizers or atypical agents, may provide superior outcomes in

complex, treatment-resistant cases.

4.1.5. Genetic Influence on Treatment Response

Genetic Marker Effects on Response Rate
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Figure 5. Genetic marker effects on response rate.
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Figure 5 presents the influence of genetic markers on treatment response rates.
Patients with favourable genotypes such as SHTTLPR LL and BDNF GG demon-
strated the highest response probabilities, while genotypes like SHTTLPR SS and
BDNF AA were associated with lower likelihood of treatment success. This sup-

ports the potential of genetic screening in guiding antidepressant selection.

4.1.6. Side Effect Profiles

Most Common Side Effects

None 4163

Weight_Gain
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Sedation

Insomnia

Side Effect

Headache

Dry_Mouth
Sexual_Dysfunction 497
Tremor 379
Dissociation 210
0 500 1000 1500 2000 2500 3000 3500 4000

Frequency

Figure 6. Most common side effects.

Figure 6 displays the frequency of reported side effects across all simulated
treatments. Weight gain, sedation, and nausea were the most common adverse ef-
fects, particularly in patients receiving TCAs and atypical antipsychotics. Under-
standing the side effect burden is essential for clinicians aiming to optimize both

treatment efficacy and patient adherence.

4.1.7. Comparison with Real-World Dataset

To assess the realism of the synthetic cohort, we compared key demographic and
clinical features (age distribution, gender ratio, and HAM-D scores) with data from
the STARD study—a large-scale, real-world depression dataset. The mean age in
our synthetic dataset was 42.3 (SD = 12.7) vs. 41.6 (SD = 13.1) in STARD; the
female-to-male ratio was 1.8:1 compared to 1.9:1; and the median baseline HAM-
D score was 18.1, like STARD’s reported median of 17. These similarities support

the representational validity of our synthetic population.

4.2. Predictive Model Performance

4.2.1. Gradient Boosting Classifier Performance

The Gradient Boosting Classifier achieved an overall accuracy of 62.3% with an
AUC of 0.653. It was particularly effective in predicting treatment responders. As
visualized in Figure 7, the most influential features included patient age, genetic
markers, previous treatment failures, comorbidities, and specific treatment com-
binations. This highlights the importance of multi-dimensional feature integra-

tion for accurate prediction.
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Figure 7. Top 25 important features for treatment response.

4.2.2. Neural Network Model Performance

Neural Network Model Accuracy

0.66
—— Train Accuracy
—— Validation Accuracy
0.64
0.62
>
1%}
o
=]
13
< 0.60
0.58
0.56
0.0 2.5 5.0 7.5 10.0 125 150 175
Epoch

Figure 8. Neural network training and validation curves.
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The Neural Network classifier achieved an accuracy of 63.3% and an AUC of
0.653. The training history, shown in Figure 8, demonstrates stable convergence
and minimal overfitting due to the use of dropout layers and batch normalization.
The near-parallel training and validation curves support the model’s ability to

generalize to unseen patient profiles.

4.3. Reinforcement Learning Outcomes

The Dueling DQN Reinforcement Learning agent achieved a response rate of 87%
with an average severity reduction of 4.7 points. However, the agent did not achieve
remission in any case, likely due to the current reward structure that prioritized

moderate improvements over full symptom resolution.
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Top 15 Recommended Treatments by RL Agent
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Figure 9. Top 15 recommended treatments by RL agent.

As shown in Figure 9, Lithium and Ketamine were the most frequently recom-
mended treatments by the RL agent, particularly in patients with multiple prior
treatment failures. SNRI, TCA, and atypical antipsychotics were also commonly
selected, indicating the agent’s preference for medications with higher simulated
efficacy in resistant cases. The RL agent successfully balanced symptom reduction
with side effect minimization but would benefit from further reward function re-

finement to better target remission.

4.4. Example Treatment Recommendation

To illustrate the system’s clinical application, a detailed example of patient-spe-
cific recommendations is provided below.
Example Patient Profile:
e Age: 47 years
¢ Gender: Female
¢ Baseline Severity: 15 (HAM-D)
o DPrevious Treatment Failures: 2
¢ Genetic Markers: SHTTLPR = LS, BDNF = AA
¢ Comorbidities: None
Top 3 Recommended Treatments:
1) Lithium
Predicted Response Probability: 56.4%
Explanation: Recommended based on high efficacy observed in similar patient
profiles.
2) Ketamine
Predicted Response Probability: 52.9%
Explanation: Recommended due to its proven success in treatment-resistant
cases and rapid symptom reduction potential.
3) NMDA Agent
Predicted Response Probability: 56.8%
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Explanation: Recommended for its consistent performance in improving de-
pressive symptoms in comparable patient populations.

The system provided natural language explanations for each recommendation,
improving transparency and supporting clinical trust in the decision-making pro-

CeEsS.

4.5. Summary of Key Findings

o The synthetic dataset effectively replicated the clinical complexity of antide-
pressant treatment selection.

o The predictive models achieved moderate but clinically useful accuracy, with
a particular strength in identifying treatment responders.

o The reinforcement learning agent successfully optimized sequential treatment
strategies but requires further reward tuning to prioritize remission.

e The system provided transparent, personalized treatment recommendations
based on individual patient profiles, incorporating genetic, clinical, and his-

torical factors.

5. Discussion

The proposed clinical decision support system demonstrates the practical poten-
tial of using synthetic patient data and reinforcement learning to personalize an-
tidepressant treatment selection. By simulating complex treatment response pat-
terns and integrating patient-specific genetic, clinical, and historical information,
the system offers a pathway toward more informed and precise decision-making
in psychiatry. A critical limitation of this system is its exclusive training on syn-
thetic data, which—despite its realism—may not fully capture the nuanced clini-
cal trajectories of real patients. Overfitting to synthetic patterns poses a risk of
poor generalizability. To mitigate this, we plan to validate the system using real-
world datasets such as the STARD or EMBARC cohorts and conduct prospective
pilot studies in clinical environments. This will allow refinement of both predic-
tion and reward mechanisms under actual clinical variability. Unlike conventional
trial-and-error prescribing, this framework leverages Al-driven insights to sup-
port clinicians in selecting treatments tailored to individual patients. One of the
system’s key clinical strengths is its ability to generate transparent, explainable
treatment recommendations. By providing natural language explanations linked
directly to patient characteristics, the system enhances clinical trust, improves in-
terpretability, and supports the practical adoption of AI tools in real-world set-
tings [53]-[56]. Beyond its clinical implications, this study offers several notable
contributions to the field of precision psychiatry. The development of a sophisti-
cated synthetic patient generator effectively addresses the well-documented chal-
lenges of data scarcity and privacy constraints in mental health research [57]-[59].
By creating large, diverse, and clinically realistic datasets, the system enables scal-
able model training without risking patient confidentiality. The predictive pipe-

line, combining Gradient Boosting and Neural Network classifiers, provided a
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multi-model framework capable of generating reliable response predictions across
diverse patient profiles. Furthermore, the integration of a Dueling Deep Q-Net-
work (DQN) reinforcement learning agent enabled the system to dynamically op-
timize sequential treatment strategies, closely mimicking real-world clinical deci-
sion-making where treatment adjustments evolve over time [60] [61]. Im-
portantly, the system provided patient-specific recommendations alongside de-
tailed explanations, significantly improving the transparency and clinical inter-
pretability of Al-assisted decisions. Despite these promising results, the system
has several limitations that must be acknowledged. The predictive models
achieved only moderate classification accuracy, and the reinforcement learning
agent, although successful in reducing symptom severity, did not achieve full re-
mission in the current training episodes. This limitation suggests that the reward
function and agent learning parameters need further refinement to better priori-
tize remission as a clinical endpoint, rather than focusing solely on partial symp-
tom improvement [62] [63]. Additionally, while the synthetic environment closely
simulated antidepressant response patterns, it cannot fully capture the biological,
psychological, and environmental complexities inherent in real human physiol-
ogy and behaviour. Future work will require validation using real-world clinical
datasets to confirm the system’s generalizability and practical effectiveness. An-
other key limitation is the inherent simplification of the simulated environment,
which may not account for intricate pharmacodynamic interactions, patient ad-
herence variability, or the influence of multi-organ side effects that are commonly
encountered in real clinical scenarios. Further improvements should include more
detailed physiological simulations and longitudinal treatment tracking to more
accurately reflect the complexity of psychiatric care. The current system also faced
challenges related to class imbalance, particularly in remission prediction, which
may have influenced model sensitivity and specificity [64] [65]. Future studies
should implement advanced class balancing techniques and explore additional
feature engineering strategies to better capture the diversity within non-remission
and remission cases. Looking forward, there is significant potential to enhance
this system by integrating multi-centre clinical datasets and expanding the input
space to include multimodal data such as neuroimaging, genetic sequencing, cog-
nitive assessments, and longitudinal patient records. Incorporating such multi-
modal and multi-institutional data could significantly improve the system’s pre-
dictive power and clinical relevance. Ultimately, real-world clinical trials and lon-
gitudinal studies will be essential to validate the system’s recommendations, assess
safety, and determine its impact on long-term patient outcomes [66] [67]. In sum-
mary, this study provides a strong foundational framework for AI-driven antide-
pressant treatment personalization. The system effectively demonstrates how syn-
thetic data, predictive modelling, and reinforcement learning can be combined to
support transparent, clinically interpretable decision-making. While further re-
finement and real-world testing are necessary, this work marks an important step

toward the development of precision psychiatry tools capable of improving treat-
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ment outcomes and reducing reliance on empirical, trial-and-error prescribing

practices.

6. Conclusion

This study presents a novel, explainable, and Al-driven clinical decision support
system for personalized antidepressant treatment selection. By leveraging syn-
thetic patient data, predictive modelling, and reinforcement learning, the pro-
posed framework offers a powerful and scalable solution for enhancing precision
psychiatry [68] [69]. The system successfully integrates supervised learning mod-
els to predict treatment response and employs reinforcement learning to dynam-
ically optimize sequential treatment strategies. One of the key strengths of this
approach is its ability to generate transparent, patient-specific treatment recom-
mendations supported by natural language explanations, which are critical for
building clinical trust and facilitating real-world adoption. The synthetic data gen-
eration component addresses persistent challenges related to data scarcity and pri-
vacy in psychiatric research, enabling the development of large, diverse datasets
that closely mimic complex clinical patterns. While the system demonstrated prom-
ising results in improving symptom severity and response rates, further refine-
ment is needed to fully optimize treatment sequences that consistently achieve re-
mission. Future work should focus on enhancing reward functions, extending treat-
ment horizons, and validating the system using real-world clinical data to ensure
its generalizability and practical effectiveness. Overall, this research provides an
important step toward reducing trial-and-error prescribing in mental health care
and advancing the field of precision psychiatry through transparent, data-driven,

and explainable Al solutions.
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