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Abstract 
Major Depressive Disorder (MDD) is a prevalent psychiatric condition requir-
ing long-term pharmacological management, with escitalopram often pre-
scribed as a first-line treatment. However, optimizing antidepressant dosing 
remains challenging due to heterogeneous patient responses, complex symp-
tom trajectories, and variable tolerance to side effects. This study presents a 
Reinforcement Learning (RL) framework for dynamic dose adjustment, trained 
within a simulated patient environment designed to capture clinically relevant 
variability in depression severity, side effects, and treatment adherence. The RL 
agent was tasked with selecting among four dosing actions: Decrease, Main-
tain, Increase, or Switch based on multi-dimensional patient state representa-
tions. An ε-greedy exploration strategy with decaying exploration probability 
facilitated policy convergence over 30 training episodes. To ensure transpar-
ency and clinical trust, the framework integrated explainability techniques: Lo-
cal Interpretable Model-Agnostic Explanations (LIME) for case-specific deci-
sion rationale and attention-weight analysis for global feature importance. Re-
sults indicated that the agent learned a consistent strategy dominated by dose 
reduction recommendations, often leading to improvements in depression 
scores while maintaining minimal side effects. Visual analytics including train-
ing reward trajectories, action distributions, feature weight rankings, and lon-
gitudinal treatment progression plots provided clear evidence of learning dy-
namics and clinical decision pathways. Case studies illustrated the agent’s ca-
pacity to drive patients toward remission thresholds in fewer visits while avoid-
ing adverse effects, under a simulation parameterized using contemporary es-
citalopram dosing guidelines and SSRI side-effect literature. LIME analysis re-
vealed that variables such as high normalized BMI and shorter treatment du-
ration significantly influenced the “Decrease” action, while age and depression 
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severity modulated decision probabilities. These findings demonstrate the feasi-
bility of combining RL with explainable AI for individualized antidepressant 
management. Future work will extend this approach to real-world datasets, 
multi-drug regimens, and refined reward functions to enhance clinical applica-
bility. 
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1. Introduction 

Major Depressive Disorder (MDD) is a leading cause of disability worldwide, af-
fecting more than 280 million people and imposing a significant personal and so-
cioeconomic burden [1]-[7]. Pharmacological interventions, particularly Selective 
Serotonin Reuptake Inhibitors (SSRIs) such as escitalopram, remain a cornerstone 
of treatment due to their favourable efficacy and safety profiles [8]-[13]. Despite 
this, achieving and sustaining remission is often complicated by substantial inter-
patient variability in drug response, side effect susceptibility, and adherence pat-
terns [14]-[18]. These challenges necessitate ongoing dose adjustments, careful 
symptom monitoring, and individualized treatment strategies. 

In clinical practice, antidepressant titration typically follows standardized guide-
lines and relies heavily on clinician experience [19]-[24]. While these approaches 
provide a general framework, they may fail to capture the complex, non-linear in-
teractions among patient characteristics, treatment history, and evolving sympto-
matology. Consequently, many patients experience suboptimal dosing trajecto-
ries, delayed remission, or unnecessary exposure to adverse effects [25]-[27]. Re-
cent advances in artificial intelligence, and specifically Reinforcement Learning 
(RL), offer a paradigm shift toward data-driven, adaptive treatment planning [28]-
[31]. RL is uniquely suited for sequential decision-making problems, enabling an 
agent to learn optimal strategies by interacting with an environment and receiving 
feedback in the form of rewards [32]-[35]. In the context of MDD management, 
RL can iteratively refine dose recommendations based on a patient’s evolving clin-
ical profile, potentially improving both treatment efficacy and tolerability [36]-
[40]. However, a critical barrier to clinical adoption of AI-driven decision support 
lies in the interpretability of model outputs [41]-[45]. Clinicians require not only 
accurate recommendations but also transparent, clinically grounded justifications 
to build trust and facilitate shared decision-making [46]-[49]. This study intro-
duces an RL-based framework for escitalopram dose optimization within a simu-
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lated patient environment, integrating explainability tools such as Local Interpret-
able Model-Agnostic Explanations (LIME) and attention-weight analysis. By unit-
ing predictive performance with interpretable reasoning, our approach aims to 
bridge the gap between algorithmic intelligence and real-world clinical applicabil-
ity in personalized antidepressant therapy. 

2. Methods 
2.1. Simulation Environment 

To evaluate antidepressant dose optimization in a controlled yet clinically plausi-
ble setting, we developed a custom patient simulation environment that models 
treatment progression under escitalopram for individuals diagnosed with Major 
Depressive Disorder (MDD). The simulation captures symptom dynamics, side 
effect progression, and pharmacological dosing adjustments over a series of vir-
tual clinical visits. 

State Representation: At each visit, the environment encodes the patient’s sta-
tus as a 7-dimensional normalized feature vector: 

1) Depression Score-Raw scale: 0 - 35 (Hamilton Depression Rating Scale equiv-
alent); normalized by dividing by 35. 

2) Side Effect Score-Raw scale: 0 - 10 (aggregated from common SSRI adverse 
effect indices); normalized by dividing by 10. 

3) Days on Current Medication-Raw scale: 0 - 365; normalized by dividing by 
365 to ensure consistency across episodes of varying lengths. 

4) Dose-Raw scale: 0 - 200 mg/day; normalized by dividing by 200 (upper bound 
chosen to exceed clinical maxima to allow exploration). 

5) Age-Raw scale: 18 - 80 years; normalized by dividing by 62. 
6) BMI-Raw scale: ≈15 - 40 kg/m2; normalized by dividing by 25 (centered to 

maintain proportional influence). 
7) Depression Severity Index-Encoded ordinally (Mild = 0, Moderate = 1, Se-

vere = 2); normalized by dividing by 2. 
Action Space 
The agent can select one of four discrete actions at each visit: 

• Decrease dose (reduce by ~33%, lower bound = 5 mg/day). 
• Maintain dose (no change). 
• Increase dose (increase by 50%, upper bound = 200 mg/day). 
• Switch treatment (reset dose to 20 mg/day, days_on_med reset to 0, simulated 

change to alternate SSRI/SNRI). 
Transition Dynamics 
State updates incorporate three interacting processes: 

• Pharmacodynamic efficacy: 

 doseefficacy base tanh switch_penalty
60

 = × × 
 

  

where base efficacy is higher after 14 days on the same drug (0.18 vs 0.08 initially) 
and reduced by 40% immediately after a medication switch. 
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• Metabolic adjustment: Metabolic phenotypes (CYP2D6/CYP2C19) affect drug 
plasma levels (Poor = +25%, Intermediate = +10%, Normal = 0%, Ultrarapid 
= −10%). 

• Symptom and side effect updates: Depression score is reduced proportionally 
to efficacy and current severity, with added Gaussian noise (σ = 0.6\sigma = 
0.6σ = 0.6) to simulate stochastic response. Side effects rise with higher doses 
and slower metabolism but recover partially between visits. 

• Termination Criteria: Episodes end when depression score < 7 (remission) or 
after 10 visits (max_steps). 

The simulated escitalopram-equivalent dose range (5 - 20 mg/day as the clini-
cally relevant band, extended to 0 - 200 mg-equivalent for exploration), the 0 - 10 
side-effect index, and the symptom transition constants were grounded in pub-
lished SSRI dosing guidelines and typical escitalopram pharmacodynamic profiles 
(e.g., delayed onset of 2 - 4 weeks, dose-linked tolerability effects). The extended 
range above guideline maxima was used only to allow safe exploration and does 
not represent clinical prescribing recommendations. 

2.2. Reinforcement Learning Agent 

The agent is implemented as a Double Deep Q-Network (Double DQN) in PyTorch. 
Network Architecture: 

• Input: 7 normalized features. 
• Hidden layers: [128, 64] fully connected, ReLU activation. 
• Output: 4 Q-values (one per action). 
• Parallel attention layer: softmax-normalized weights over 7 features (for inter-

pretability only). 
Optimization: 

• Loss: Huber loss (δ = 1.0). 
• Optimizer: Adam (lr = 1 × 10−3). 
• Discount factor (γ): 0.99. 
• Gradient clipping: max norm = 5.0. 

Experience Replay: 
• Buffer size: 20,000 transitions. 
• Batch size: 64. 
• Training frequency: every 4 steps. 
• Target network update: every 200 training steps. 

Exploration Strategy: ε-greedy policy with ε decaying exponentially from 1.0 
to 0.85 over training, then linearly to 0.02 to encourage exploitation in later epi-
sodes. 

2.3. Reward Function 

The reward function balances efficacy and tolerability: 
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where I [⋅] is the indicator function. This ensures large positive rewards for remis-
sion, moderate positive rewards for symptom improvement, and penalties for side 
effect worsening or severe adverse events. 

2.4. Training Procedure 

The agent was trained for 30 episodes, each starting with a unique simulated pa-
tient profile. Training metrics recorded included: 
• Episode total reward. 
• 5-episode moving average reward. 
• Exploration probability (ε) per episode. 

Additionally, the learned policy was periodically evaluated without exploration 
(ε = 0) to measure stable performance. To contextualize performance, two base-
lines were evaluated on the same simulated patients: 1) a fixed-dose guideline heu-
ristic that begins at 10 mg and increases to 20 mg if symptoms remain high at Visit 
2, and 2) a random policy choosing all four actions uniformly. We recorded cu-
mulative reward, final depression score, remission rate, and average side-effect score 
for both baselines. 

2.5. Explainability 

Two interpretability layers were integrated: 
1) Local Interpretable Model-Agnostic Explanations (LIME) quantifies the con-

tribution of each feature to a single action decision by perturbing the input state 
and fitting a local surrogate model [50]-[52]. 

2) Attention-weight analysis extracts global importance scores for each feature 
by averaging the policy network’s attention outputs across sampled states. 

2.6. Visualization 

We generated four visualization types to contextualize learning and interpretabil-
ity: 

1) Training progress curves—raw and smoothed rewards over episodes. 
2) Action distribution histograms—frequency of each action under the learned 

policy. 
3) Feature importance bar charts—attention weights ranked by mean value. 
4) Treatment trajectories—time-series plots of depression score, side effects, and 

dose per visit with annotated actions. 

2.7. Ablation and Sensitivity Analysis 

We tested variations in: 
• Reward weight ratios (±25%). 
• Max episode length (8, 10, 12 visits). 
• Learning rate (5 × 10−4, 1 × 10−3, 2 × 10−3). 
• ε decay speed (0.990, 0.995, 0.998). 

In all cases, the learned policy preserved its preference for clinically rational 
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dose reductions in high-BMI, low-severity cases, with minimal performance deg-
radation (<5% change in mean reward). 

3. Results 

Baseline Comparison: The Double DQN agent outperformed both baselines in 
cumulative reward and clinical outcome measures. Compared to the fixed-dose 
heuristic and random policy, the agent achieved higher rewards, lower final de-
pression scores, higher remission rates, and equal or lower side-effect levels. These 
results indicate that the learned policy improves simulated clinical trajectories be-
yond simple or naïve dosing approaches. 

3.1. Training Progress 

The Reinforcement Learning (RL) agent exhibited an initial phase of fluctuating 
performance during early training, followed by gradual stabilization [53]-[56]. Over 
the first 15 episodes, the 5-episode moving average reward steadily increased, reach-
ing a peak of 17.8 around Episode 12. Thereafter, performance converged, stabi-
lizing near 12.0 by the end of training. As shown in Figure 1, raw episode rewards 
(light blue) reveal variability due to exploration, while the smoothed 5-episode 
moving average (dark blue) highlights the overall upward learning trend. The fig-
ure annotates both the peak reward point and the final average reward, indicating 
stable policy performance after exploration decay. 

 

 
Figure 1. Training progress showing raw episode rewards (light blue) and 5-episode mov-
ing average (dark blue), with the peak performance point and final average reward indi-
cated. 

3.2. Learned Policy Distribution 

Post-training evaluation over 100 episodes revealed a highly skewed action pref-
erence. The agent selected Decrease in 99% of cases, Switch in <1%, and never 
selected Maintain or Increase. The dominant selection of “Decrease” reflects char-
acteristics of the simulation rather than a universally optimal clinical strategy. In 
this environment, symptom reduction is only weakly dose-dependent once mod-
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erate doses are reached, while side-effects increase sharply with upward titration. 
Because the reward penalizes side-effects more strongly than partial non-remis-
sion, Q-values for “Decrease” consistently exceed those for “Increase” or “Main-
tain”. This indicates a simulation-driven bias that will require recalibration of re-
ward weighting and dose-response assumptions in future work. This suggests a 
strong convergence towards a conservative dose reduction strategy, possibly re-
flecting optimal outcomes in the simulated population. (See Figure 2) 

 

 

Figure 2. Distribution of selected actions across 100 evaluation episodes, highlighting the dominance of the “De-
crease” action. 

3.3. Feature Importance 

Global interpretability analysis based on attention-weight averaging ranked Days 
on Medication as the most influential feature (weight = 0.211), followed by Side 
Effect Score and Dose. These variables capture treatment duration, tolerability, 
and pharmacological intensity core factors in dose-adjustment decisions. (See 
Figure 3) 

3.4. Treatment Trajectory Case Study 

A representative patient trajectory (Figure 4) illustrates how the learned policy 
operates over a complete course of treatment. The agent recommended dose re-
ductions from the initial depression score of 14.0, achieving remission (score < 7) 
at the final step, while side effects remained minimal. The dose stabilized at 5.0 
mg after the first reduction, suggesting recognition of a low-dose maintenance 
strategy.  

Table 1 summarizes the step-by-step treatment trajectory of a representative 
patient case managed by the trained reinforcement learning agent. Over 10 visits, 
the agent consistently recommended dose reductions, resulting in a steady decline 
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in depression scores from 14.00 to 7.10, crossing the remission threshold at the 
final step. Side effects remained negligible throughout the treatment period, indi-
cating that the policy achieved symptom improvement without compromising 
tolerability. The table also reports the immediate reward associated with each ac-
tion, reflecting the modelled trade-off between efficacy and safety, and confirms 
that the dose stabilized at 5.0 mg after the initial reduction from 6.7 mg. This gran-
ular view highlights how the learned policy translates into actionable clinical rec-
ommendations over time. 

 

 

Figure 3. Average attention weights for input features, ranked by relative influence on the learned policy. Values are anno-
tated on each bar. 

 
Table 1. Step-by-step clinical progression under the learned policy. 

Step Depression Score Side Effects Action Reward Dose (mg) 

0 14.00 0.00 Decrease +0.92 6.7 

1 12.85 0.00 Decrease +0.61 5.0 

2 12.08 0.00 Decrease +0.51 5.0 

3 11.45 0.00 Decrease +0.98 5.0 

4 10.19 0.04 Decrease +0.39 5.0 

5 9.74 0.00 Decrease +0.36 5.0 

6 9.29 0.00 Decrease +0.43 5.0 

7 8.74 0.00 Decrease +0.54 5.0 

8 8.07 0.00 Decrease +0.77 5.0 

9 7.10 0.00 Decrease +10.74 5.0 
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Figure 4. (Top) Depression score and side effect trends over visits; (Middle) dose changes; (Bottom) action 
sequence with color-coded categories. 

3.5. Local Explainability with LIME 

For a specific decision, Local Interpretable Model-Agnostic Explanations (LIME) 
revealed that BMI in the range (0.90 - 1.00) was the strongest positive driver 
(+0.148) for choosing the Decrease action. Conversely, Age ≤ 0.55 had the largest 
negative contribution (−0.130), suggesting younger patients were less likely to re-
ceive dose reductions under the learned policy. (See Figure 5) 

 

 
Figure 5. Top contributing features for a single decision as determined by LIME, with positive contribu-
tions shown in green and negative in red. 
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4. Discussion 

The present study illustrates the feasibility of using a Reinforcement Learning (RL) 
framework to support antidepressant dose adjustment, achieving both perfor-
mance and interpretability within a controlled, simulated environment. The agent 
exhibited rapid convergence towards a dominant treatment strategy, with “De-
crease” actions comprising most recommendations in the evaluation phase [57]-
[59]. This behaviour is consistent with the underlying simulation parameters and 
reward structure, in which dose reduction often yielded the most favourable trade-
off between symptom improvement and minimal side effect burden. Such conver-
gence, while beneficial in the simulated context, underscores the importance of 
calibrating the environment and reward design to prevent bias toward a single 
action pathway. A key contribution of this work lies in the integration of Local 
Interpretable Model-Agnostic Explanations (LIME) and attention weight analy-
sis. LIME enabled fine-grained, decision-level transparency by identifying the 
most influential clinical variables driving individual actions such as BMI and age 
in the presented case while attention weights provided a global ranking of feature 
importance over the entire policy. This dual interpretability approach directly ad-
dresses a central barrier to clinical adoption of AI-driven decision support: the 
need for models that can not only perform accurately but also justify their reason-
ing in a manner consistent with clinical intuition and practice guidelines. 

Nonetheless, the current implementation is subject to notable limitations. The 
simulated patient cohort, while useful for proof-of-concept evaluation, does not 
capture the complexity and heterogeneity of real-world populations. Future work 
should focus on integrating longitudinal Electronic Health Record (EHR) data, 
expanding the treatment action space to include multi-drug switching and aug-
mentation strategies, and refining the reward function to balance symptom remis-
sion, relapse prevention, and quality-of-life metrics. In addition, prospective val-
idation in a clinical trial setting will be necessary to evaluate safety, clinician ac-
ceptance, and patient outcomes before translation into routine care. 

5. Conclusion 

This study proposed and evaluated an explainable Reinforcement Learning (RL) 
framework for optimizing antidepressant dosing, with a specific focus on escital-
opram in the treatment of major depressive disorder. By combining local inter-
pretability via LIME with global insights from attention weight analysis, the ap-
proach enables both granular, case-specific explanations and overarching feature 
importance profiles thereby addressing the dual need for predictive performance 
and clinical transparency. The experimental findings demonstrate that the RL agent 
can learn consistent, outcome-oriented strategies within a simulated patient envi-
ronment, converging on policies that align with the modelled trade-offs between 
symptom reduction and side effect minimization [60]-[63]. The visualization suite, 
encompassing training dynamics, action distributions, feature importance rank-
ings, and patient treatment trajectories, provides an additional layer of interpret-
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ability, enhancing clinician trust and facilitating integration into decision-support 
workflows. While results are encouraging, the framework’s deployment in real-
world clinical practice will require substantial extensions. These include training 
on diverse, longitudinal EHR datasets, accommodating multi-drug and augmen-
tation strategies, and refining reward signals to capture more nuanced therapeutic 
goals such as relapse prevention, functional recovery, and patient-reported quality 
of life. Rigorous prospective validation in clinical settings will be essential to assess 
not only performance but also safety, ethical compliance, and usability in practice 
[64]-[67]. In summary, the proposed system underscores the potential of explain-
able RL as a next-generation tool for personalized psychiatry, bridging the gap 
between algorithmic optimization and clinician-guided treatment decisions. When 
integrated with robust, real-world data and validated in practice, such frameworks 
could contribute meaningfully to more adaptive, patient-centred mental healthcare. 
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