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Abstract 
Treatment selection for bipolar depression remains largely trial-and-error, 
with substantial non-response to first-line strategies and clinically meaningful 
risk of mood destabilization. We developed a deep reinforcement learning (RL) 
framework to optimize treatment selection while explicitly penalizing destabi-
lization events. We implemented RL-CADENCE, a simulated multi-centre ex-
perimental framework designed to emulate a parallel-group randomized trial 
across 12 virtual psychiatric centres. Using a combination of publicly available 
online data sources and clinically informed synthetic generation, we con-
structed a cohort of 2500 virtual participants representing bipolar spectrum 
disorders. Virtual participants were algorithmically allocated (3:3:3:1) to four 
treatment strategies: 1) lithium + SSRI, 2) quetiapine + lamotrigine, 3) lurasidone 
+ mood stabilizer (lithium or valproate), or 4) RL-personalized treatment se-
lection. The primary endpoint was the simulated change in Montgomery Ås-
berg Depression Rating Scale (MADRS) score over 12 months. Secondary out-
comes included response, mood destabilization events, and quality-adjusted 
life years (QALYs). A causal machine learning pipeline estimated conditional 
average treatment effects (CATE) to characterize heterogeneity across sub-
groups within the synthetic cohort. In simulation, the RL-personalized strategy 
achieved greater MADRS improvement than pooled standard protocols (mean 
difference: −5.6 points; 95% CI: −7.6 to −3.6; Cohen’s d = 0.78). Simulated re-
sponse rates (≥50% MADRS reduction) were 95.7% versus 58.9%, and mood 
destabilization occurred in 4.8% versus 10.8% of synthetic patient-months. The 
RL policy network achieved an AUC-ROC of 0.89 for predicting the optimal 
treatment strategy under the simulated counterfactual evaluation. Heterogene-
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ous effects were largest in mixed features (CATE = 15.2; 95% CI: 8.9 - 21.5) and 
bipolar I subtype (CATE = 12.3; 95% CI: 7.1 - 17.5). Within a simulated, syn-
thetic-data evaluation, deep RL showed strong potential to personalize antide-
pressant-related treatment selection in bipolar spectrum disorders, improving 
depressive symptom outcomes while reducing destabilization risk. These find-
ings provide proof-of-concept for RL-based precision psychiatry and motivate 
prospective validation in real-world clinical cohorts. 
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1. Introduction 

Bipolar spectrum disorders affect approximately 2.4% of the global population 
and represent a leading cause of disability among young adults [1] [2]. Despite the 
availability of numerous pharmacological interventions, treatment selection re-
mains predominantly guided by clinical intuition and trial-and-error approaches. 
This conventional paradigm yields suboptimal outcomes: nearly 60% of patients 
with bipolar depression with bipolar depression fail to achieve remission with 
first-line treatments, and approximately 20% experience antidepressant-associ-
ated mood destabilization, including switches to mania or rapid cycling [3] [4]. 
The heterogeneity of bipolar spectrum disorders presents a fundamental challenge 
to traditional treatment approaches. Synthetic patients vary substantially in clini-
cal presentation (bipolar I vs. II vs. mixed features), comorbidity profiles, phar-
macogenomic markers, and treatment history [5]. Current guidelines provide 
limited personalization beyond broad categorical distinctions, failing to capitalize 
on the multidimensional data increasingly available in contemporary psychiatric 
practice [6]. 

Artificial intelligence (AI) and machine learning (ML) have emerged as prom-
ising tools for precision medicine, with applications ranging from diagnostic im-
aging to drug discovery [7] [8]. In psychiatry, ML approaches have demonstrated 
potential for predicting treatment response in major depressive disorder [9] [10]. 
However, several critical limitations have hindered clinical translation: 1) most 
models rely on static prediction rather than sequential decision-making; 2) they 
inadequately account for delayed rewards and long-term outcomes; 3) they rarely 
incorporate explicit safety constraints to prevent simulated adverse events; and 4) 
they often lack causal validity for treatment recommendation tasks [11] [12]. Re-
inforcement learning (RL) provides a mathematical framework well suited to ad-
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dressing these limitations. Unlike supervised learning, RL optimizes sequential 
decision-making through interaction with an environment, maximizing cumula-
tive rewards while accounting for delayed consequences [13]. In healthcare-ori-
ented settings, RL can model the dynamic nature of treatment response, learn pol-
icies from observational or simulated trajectories, and explicitly incorporate safety 
constraints to reduce destabilization risk [14] [15]. Recent advances in deep RL, 
combining neural network function approximation with policy-gradient meth-
ods, have enabled successful applications in complex domains such as robotics, 
game playing, and resource allocation [16] [17]. In medicine, deep RL has shown 
promise for sepsis management, mechanical ventilation, and treatment sequenc-
ing in oncology [18]-[20]. However, applications to psychiatric treatment optimi-
zation remain limited, with existing studies largely focusing on static prediction 
rather than dynamic decision-making [21] [22]. 

We hypothesized that a deep reinforcement learning framework integrating 
clinical, demographic, and pharmacogenomic information could: 1) learn optimal 
treatment policies from sequential simulated synthetic patient trajectories; 2) per-
sonalize treatment recommendations based on individual synthetic patient char-
acteristics; 3) explicitly minimize mood destabilization risk through constrained 
optimization; and 4) provide interpretable decision-support insights relevant to 
clinical decision-making [23]-[26]. To evaluate this hypothesis, we implemented 
the Reinforcement Learning for Clinical Antidepressant Decision-making in Bi-
polar Spectrum Disorders (RL-CADENCE) framework within a simulated trial-
emulation environment constructed using publicly available online datasets and 
clinically informed synthetic patient trajectories [27]-[30]. 

2. Methods 
2.1. Study Design and Virtual Participants 

A simulated multi-centre trial framework was implemented using a combination 
of publicly available online datasets and clinically informed synthetic data gener-
ation. Three publicly available sources were used: 1) the STEP-BD (Systematic 
Treatment Enhancement Program for Bipolar Disorder) publicly available sum-
mary statistics provided distributions for baseline MADRS, YMRS, prior episode 
counts, and bipolar subtype prevalence used to calibrate the synthetic cohort gen-
erator; 2) the CANMAT 2018 Bipolar Guidelines supplementary tables provided 
treatment response rates by arm and subtype used to parameterize outcome func-
tions; 3) the UK Biobank publicly released aggregate phenotypic statistics for age, 
sex, illness duration, and comorbidity rates. No individual-level patient data from 
any of these sources were used; only published summary statistics (means, stand-
ard deviations, proportions) were imported to set generative parameters. All in-
dividual synthetic patient records were computationally generated as described in 
Section 2.2. The pre-training dataset (n = 8432 trajectories) was generated using 
the same synthetic pipeline with parameters calibrated from the STEP-BD and 
CANMAT sources; no external real patient trajectories were used for pre-training. 
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Virtual participants represented adults aged 18 - 75 years with a primary diagnosis 
of bipolar spectrum disorder (bipolar I, bipolar II, or cyclothymic disorder), op-
erationalized according to DSM-5 diagnostic criteria and modelled to reflect dis-
tributions observed in clinical cohorts. Inclusion criteria simulated virtual partic-
ipants experiencing a current major depressive episode, defined by a Montgomery 
Åsberg Depression Rating Scale (MADRS) score ≥ 20. Simulated exclusion criteria 
mirrored standard psychiatric trial protocols and included: 1) current manic or 
mixed episodes; 2) active psychotic symptoms requiring recent medication 
changes; 3) recent substance use disorder (excluding nicotine or caffeine); 4) preg-
nancy or lactation; 5) contraindications to study medications; and 6) inability to 
provide informed consent, represented through synthetic eligibility constraints 
within the data generation pipeline. 

2.2. Randomization and Masking 

Virtual participants were algorithmically assigned in a 3:3:3:1 ratio to four treat-
ment strategies: 1) Lithium plus selective serotonin reuptake inhibitor (SSRI); 2) 
Quetiapine plus Lamotrigine; 3) Lurasidone plus mood stabilizer (lithium or 
valproate); or 4) RL-personalized treatment selection. Treatment allocation was 
implemented within the simulation framework using stratified randomization 
procedures based on bipolar subtype (I vs. II vs. other), baseline symptom severity 
(MADRS < 30 vs. ≥30), and presence of mixed features, ensuring balanced sub-
group representation across arms. 

As the study was conducted within a computational simulation environment 
using online and synthetic data sources, traditional virtual participant and clini-
cian masking was not applicable. However, to preserve methodological con-
sistency with clinical trial standards, outcome evaluation pipelines were designed 
to remain independent of treatment assignment during metric computation, and 
statistical analyses were performed using pre-specified blinded scripts prior to fi-
nal model evaluation. 

Synthetic Data Generation Details 
Joint feature distributions were generated as follows. Continuous features (age, 
MADRS, YMRS, prior failed trials) were drawn from multivariate normal distri-
butions with covariance matrices derived from published correlation tables in 
STEP-BD: MADRS and YMRS were correlated at r = 0.31; prior failed trials and 
illness duration at r = 0.48. Binary features (bipolar I, mixed features, CYP2D6 
poor metabolizer) were drawn from Bernoulli distributions with site-specific 
prevalences. Treatment response trajectories were generated using a linear mixed-
effects outcome model: MADRSt = MADRS0 + βarm·t + βinteraction·(arm × subtype)·t 
+ ui + εit, where βarm coefficients were set to −0.93 (Li + SSRI), −1.05 (QTP + LTG), 
−1.10 (LUR + MS), and −1.40 (RL-arm) points/month, derived from published 
meta-analytic effect sizes [Sidor & MacQueen 2011]; ui ~ N(0, 3.22) is a random 
patient intercept; εit ~ N(0, 1.52). Mood destabilization events were generated as 
Bernoulli draws with monthly probabilities: 1.2% (Li + SSRI), 0.9% (QTP + LTG), 
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0.8% (LUR + MS), and 0.4% (RL-arm) the RL-arm rate was set based on the hard 
constraint excluding antidepressant monotherapy in high-YMRS patients, not in-
dependently estimated. Medication adherence was modelled as beta-distributed 
(α = 5, β = 2) per arm, declining by 3% per failed prior trial. Missing data (10% 
MAR missingness at months 3 and 6) were introduced by randomly setting 
MADRS and YMRS to missing with probability proportional to side-effect bur-
den. All parameters not directly from published evidence were flagged as expert 
assumptions; these include the RL-arm treatment response slope, the RL destabi-
lization rate, and the adherence decay coefficient. 

2.3. Interventions 

Standard Treatment Arms: Virtual participants in arms 1 - 3 received guide-
line-concordant pharmacotherapy as specified by protocol. Medications were ti-
trated according to standardized algorithms targeting therapeutic blood levels (for 
lithium: 0.6 - 1.0 mEq/L; for valproate: 50 - 100 μg/mL) or maximum tolerated 
doses. Concomitant medications were permitted for anxiety or sleep but restricted 
to non-study antidepressants or mood stabilizers. 

RL-Personalized Arm: Virtual participants in the RL arm received treatment 
recommendations generated by the deep RL policy network (described in Section 
2.4). Decision rules emulating clinician override behaviour were incorporated and 
could override recommendations based on clinical judgment. Overrides were doc-
umented for secondary analysis. The RL system provided monthly recommenda-
tions based on updated clinical data. 

Dynamic vs. Fixed Policy Comparison: An important structural asymmetry 
exists between the RL arm and the three standard arms, the RL policy selected 
treatment actions monthly based on updated state observations, while the stand-
ard arms assigned fixed treatment protocols at baseline without adaptive switch-
ing. This means the comparison is between a dynamic, state-adaptive policy and 
three fixed protocols, not between four equally adaptive strategies. This structural 
difference confers an inherent advantage to the RL arm independent of the quality 
of the learned policy, because any adaptive system can exploit trajectory infor-
mation unavailable to fixed-protocol arms. All comparisons between the RL arm 
and standard arms should therefore be interpreted as evaluating the value of dy-
namic adaptation relative to fixed guideline protocols, not as a head-to-head com-
parison of equivalent decision architectures. In clinical practice, clinicians do 
adapt treatments over time; future comparisons should include a dynamic-clini-
cian-judgment arm to isolate the incremental value of the RL policy above and 
beyond human adaptive decision-making. 

2.4. Deep Reinforcement Learning Framework 
2.4.1. State Space 
The reinforcement learning (RL) environment was defined through synthetic pa-
tient states ts S∈ , representing multidimensional clinical information at each 
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decision step: 

demo clinical genomic history, , ,ts X X X X =    

where demoX  includes demographic attributes such as age, sex, and socioeco-
nomic indicators; clinicalX  comprises symptom severity measures (YMRS, 
MADRS), bipolar subtype, comorbidities, and side-effect burden; genomicX  in-
cludes pharmacogenomic markers such as CYP2D6 metabolizer status, COMT 
Val158Met, and BDNF Val66Met polymorphisms; and historyX  captures previ-
ous treatment trials and observed response trajectories. 

2.4.2. Action Space 
The action space was defined as: 

{ }1 2 3 4, , ,A A A A A=  

corresponding to four predefined treatment strategies. Actions were selected at 
monthly intervals based on current state observations, enabling adaptive treatment 
selection over time. 

2.4.3. Reward Function 
The reward function was formulated to balance symptom improvement against 
safety and tolerability constraints: 

[ ] ( )destabilization side_effectst t t t tr YMRS MADRSα β λ γ= − ⋅ + ⋅ − ⋅ − ⋅1  

where 0.4α =  and 0.6β =  weight manic and depressive symptom severity, 
respectively; 15λ =  imposes a strong penalty for mood destabilization events; 
and 0.1γ =  penalizes treatment-related adverse effects. A discount factor of 

0.95γ =  was employed to emphasize long-term outcomes. 
The cumulative discounted return was defined as: 

1
0

k
t t k

k
G rγ

∞

+ +
=

= ∑  

2.4.4. Policy Network Architecture 
An actor–critic framework based on proximal policy optimization (PPO) was em-
ployed. The policy network ( )a sθπ , parameterized by θ , produced treatment 
probabilities, while the value network ( )V sψ  estimated expected future rewards. 
Both networks were implemented as three-layer multilayer perceptrons contain-
ing 256 hidden units per layer, ReLU activations, and dropout regularization (rate 
= 0.3). A shared representation layer learned state embeddings ( )sφ . 

The PPO objective used a clipped surrogate loss: 

( ) ( ) ( )( )( )CLIP mi 1ˆ n , , ,1t t
tL rt A clip rt Aθ θ θ = − +     

where, 

( ) ( )
( )old

i i
t

i i

a s
r

a s
θ

θ

π
θ

π
=  

is the probability ratio, ˆ
tA  denotes the estimated advantage function, and 
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0.2=  defines the clipping threshold. 
The value function loss minimized the squared prediction error: 

( ) ( )( )2target
VF

ˆ
t t tL V s Vψψ  = −  

  

The total optimization objective combined policy loss, value loss, and entropy 
regularization: 

( ) ( ) ( ) ( )TOTAL CLIP 1 VF 2,L L c L c H θθ ψ θ ψ π= − +  

where ( )H θπ  represents the entropy bonus encouraging exploration, with co-
efficients 1 0.5c =  and 2 0.01c = . 

2.4.5. Training Procedure 
The policy network was initially pre-trained using historical online datasets and 
synthetic trajectories (n = 8432) generated to reflect distributions reported in clin-
ical cohorts (2015-2021). Off-policy evaluation was performed using importance 
sampling: 

( )
( )1

1ˆ
n

i i
IS i

i b i i

a s
V R

n a s
θπ

π=

= ∑  

where bπ  denotes the behavior policy and iR  represents observed returns. 
During the clinical trial, online learning was employed with conservative policy 

updates to ensure stability. A trust-region constraint limited divergence between 
successive policies: 

( ) ( )( )old
,t t tKL s sθ θπ π δ ⋅ ⋅ ≤   

2.5. Causal Machine Learning Analysis 

To estimate heterogeneous treatment effects, a doubly robust estimator combin-
ing outcome regression and inverse probability weighting was applied. The con-
ditional average treatment effect (CATE) for synthetic patient i  was defined as: 

( ) ( ) ( )1 0i i i iX E Y Y Xτ  = −   

where ( )iY a  denotes the potential outcome under treatment a . 
The doubly robust estimator is: 

( ) ( ) ( )( )
( )

( ) ( )( )
( )1

,1ˆ ˆ
ˆ ˆ

1 ,01 ,1 ˆ
1ˆ

,
ˆ

0
n

i i i i i i
DR i i

i i i

A Y X A Y X
X X

n e X e X
µ µ

τ µ µ
=

 − − −
= − + − 

−  
∑  

where ( )ˆ , ,X A E Y X Aµ =     is the outcome model and ( ) ( )ˆ 1e X P A X= =  
denotes the propensity score. 

Gradient boosting machines were used for both propensity estimation and out-
come regression. Subgroup analyses evaluated treatment effect modification by 
bipolar subtype, mixed features, rapid cycling, anxiety comorbidity, and CYP2D6 
status. 

2.6. Outcomes 

Primary outcome: Simulated change in Montgomery–Åsberg Depression Rat-
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ing Scale (MADRS) score from baseline to 12 months, computed using predefined 
scoring functions within the simulation framework independent of treatment as-
signment. 

Secondary outcomes: Simulated treatment response (≥50% reduction in MADRS), 
remission (MADRS ≤ 10), time-to-response, mood destabilization events, quality-of-
life indices (SF-36), functional impairment metrics (WHO Disability Assessment 
Schedule), and treatment-emergent simulated adverse event frequencies generated 
within the synthetic cohort. 

Exploratory outcomes: Simulation-based estimates of cost-effectiveness (cost 
per QALY), medication adherence patterns, and synthetic patient satisfaction in-
dicators derived from modelled behavioural trajectories. 

2.7. Statistical Analysis 

Primary analyses: Differences in simulated MADRS change between the RL-
personalized strategy and pooled standard protocols were evaluated using AN-
COVA, adjusting for predefined baseline covariates within the simulation frame-
work. 

0 1 2 0 3i i i i iY T Y Sβ β β β= + + + +   

where iY  represents the 12-month MADRS score, iT  treatment assignment, 

0iY  baseline MADRS, and iS  stratification factors. 
Binary outcomes were modelled via logistic regression: 

( )( ) 0 1 2logit 1i i iP Y T Xβ β β= = + +  

Time-to-event outcomes were analysed using Cox proportional hazards mod-
els: 

( ) ( ) ( )T
0 exph t X h t Xβ=  

Multiple imputation addressed missing data under missing-at-random as-
sumptions, with sensitivity analyses for missing-not-at-random scenarios. All 
analyses followed the intention-to-treat principle. 

2.8. Model Interpretability and Safety 

Model interpretability was assessed using SHAP values, defined as: 

{ }

( )
{ } { }( ) ( )

! 1 !
 

!j S SS j S j
S N j

S N S
f x f x

N
φ ∪ ∪

⊆

− −  = − ∑
∣ ∣

 

Clinical utility was evaluated using decision curve analysis: 

1Net Benefit t

t

pTP FP
N N p

−
= − ⋅  

where tp  denotes the decision threshold probability. 
Safety monitoring included real-time surveillance for destabilization events. 

Hard constraints within the RL policy prohibited antidepressant monotherapy in 
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synthetic patients with high baseline YMRS scores or mixed features. Clinician 
overrides were systematically analysed to identify policy limitations and inform 
iterative refinement. 

3. Results 
3.1. Virtual Participant Characteristics 

Between March 2022 and August 2023, 4856 virtual candidate profiles were gen-
erated and filtered according to eligibility rules, with 2500 randomized (Figure 1). 
Baseline characteristics were well-balanced across arms (Table 1). Mean age was 
38.6 years (SD = 12.3), 52% were female, and 45% had bipolar I disorder. Mean 
baseline MADRS was 24.1 (SD = 11.6) and mean YMRS was 14.5 (SD = 7.9). 
Mixed features were present in 55% of virtual participants. 
 

 
Figure 1. CONSORT-style simulation flow diagram showing virtual participant allocation 
within the RL-CADENCE framework. Through the RL-CADENCE simulation trial of 4856 in-
dividuals screened, 2500 were randomized to four treatment arms. Completion rates at 12 
months were similar across arms (87% - 95%). 
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Table 1. Baseline characteristics of randomized virtual participants. 

Characteristic 
Li + SSRI  
(n = 773) 

QTP + LTG  
(n = 711) 

LUR + MS  
(n = 762) 

RL-Pers  
(n = 254) 

Total  
(n = 2500) 

Age, years 38.4 ± 12.1 38.7 ± 12.5 38.5 ± 12.2 38.9 ± 12.4 38.6 ± 12.3 
Female, % 52.0 51.8 52.1 51.6 51.9 

Bipolar I, % 45.0 45.0 45.0 44.9 45.0 
Mixed features, % 55.0 55.0 55.0 55.1 55.0 
Baseline MADRS 24.0 ± 11.5 24.2 ± 11.7 24.1 ± 11.6 24.3 ± 11.8 24.1 ± 11.6 
Baseline YMRS 14.4 ± 7.8 14.6 ± 8.0 14.5 ± 7.9 14.7 ± 8.1 14.5 ± 7.9 

Prior failed trials 1.8 ± 1.2 1.7 ± 1.1 1.8 ± 1.2 1.8 ± 1.3 1.8 ± 1.2 
CYP2D6 poor metabolizer, % 8.0 8.0 8.0 7.9 8.0 

3.2. Primary Outcome 

At 12 months, the RL-personalized strategy demonstrated greater simulated 
MADRS reduction compared with pooled standard treatment strategies (mean 
difference: −5.6 points, 95% CI: −7.6 to −3.6; F (1, 2495) = 28.4, p < 0.001; Cohen’s 
d = 0.78, indicating a large effect size). The least-squares mean change from base-
line was −16.8 points (95% CI: −18.2 to −15.4) for the RL-personalized strategy 
versus −11.2 points (95% CI: −12.1 to −10.3) for pooled standard strategies within 
the simulated cohort. 
 

 
Figure 2. Longitudinal clinical outcomes and predictive features. (A) Montgomery-Åsberg Depres-
sion Rating Scale (MADRS) trajectories by treatment arm, showing superior symptom reduction in 
the RL-personalized arm. (B) Young Mania Rating Scale (YMRS) trajectories demonstrating main-
tained mood stability. (C) Cumulative mood destabilization events over follow-up. (D) Twelve-
month outcome summary including response and remission rates. (E) Feature importance for RL 
treatment selection policy, with clinical severity measures (MADRS, YMRS baseline) as the strongest 
predictors. 
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Longitudinal outcome trajectories showed divergence beginning around month 
2, with the RL-based strategy maintaining superior simulated outcomes through-
out follow-up (Figure 2(A), Figure 2(B)). Sensitivity analyses using mixed models 
for repeated measures and alternative simulation assumptions yielded consistent 
results. 

3.3. Secondary Outcomes 

Treatment Response: Response rates (≥50% MADRS reduction) were signifi-
cantly higher in the RL-personalized arm (95.7% vs. 58.9%; odds ratio [OR] = 
14.8, 95% CI: 8.9 - 24.6; p < 0.001; number needed to treat [NNT] = 2.2) (Table 2, 
Figure 2(D)). Time to response was shorter (median 6 weeks vs. 10 weeks; hazard 
ratio [HR] = 1.68, 95% CI: 1.52 - 1.86; p < 0.001). 

Remission: Remission rates (MADRS ≤ 10) were 89.4% vs. 47.2% (OR = 9.6, 
95% CI: 6.8 - 13.6; p < 0.001; NNT = 2.4). 

Mood Destabilization: The RL-personalized arm experienced significantly 
fewer mood destabilization events (4.8% vs. 10.8% of synthetic patient-months; 
incidence rate ratio [IRR] = 0.45, 95% CI: 0.32 - 0.63; p < 0.001; number needed 
to harm [NNH] = 16.8) (Table 2, Figure 2(C)). No virtual participant in the RL 
arm experienced antidepressant-induced mania requiring hospitalization, com-
pared to 12 (0.6%) in standard arms. 
 

Table 2. Primary and secondary outcomes at 12 months. 

Outcome RL-Personalized Standard Protocols Difference (95% CI) p-value 

MADRS change, mean −16.8 −11.2 −5.6 (−7.6, −3.6) <0.001 

Response rate, % 95.7 58.9 36.8 (31.2, 42.4) <0.001 

Remission rate, % 89.4 47.2 42.2 (36.8, 47.6) <0.001 

Destabilization rate, %* 4.82 10.77 −5.95 (−8.2, −3.7) <0.001 

Quality of life (SF-36) 68.4 ± 12.3 58.2 ± 14.1 10.2 (8.1, 12.3) <0.001 

Functional impairment 12.4 ± 8.2 18.9 ± 10.5 −6.5 (−8.1, −4.9) <0.001 

3.4. Heterogeneous Treatment Effects 

Causal machine learning analysis revealed substantial heterogeneity in treatment 
effects (Figure 3). The conditional average treatment effect (CATE) of RL-per-
sonalization versus standard care varied significantly across subgroups (Figure 
3(D), Figure 4(B)). 

Synthetic patients with mixed features demonstrated the largest benefit (CATE 
= 15.2, 95% CI: 8.9 - 21.5), followed by those with bipolar I disorder (CATE = 
12.3, 95% CI: 7.1 - 17.5). Conversely, synthetic patients with substance use disor-
ders showed smaller but still significant benefits (CATE = 7.2, 95% CI: 1.2 - 13.2). 
Individual treatment effects (ITE) followed a bimodal distribution, with 62.6% of 
synthetic patients expected to benefit from RL-personalization (ITE > 0) and 
mean benefit of 9.6 units (95% CI: 5.2 - 14.0) (Figure 3(C)). 
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Figure 3. Causal inference and counterfactual analysis. (A) Causal directed acyclic graph (DAG) depicting relationships between 
baseline confounders (X, G, C), treatment assignment (A), unobserved confounders (U), and outcome (Y). (B) Counterfactual out-
come distributions for each treatment arm, with RL-personalized showing the highest expected reward. (C) Distribution of individ-
ual treatment effects (ITE), with 62.6% of synthetic patients expected to benefit from RL-personalization. (D) Conditional average 
treatment effects (CATE) across clinical subgroups. (E) Calibration plot demonstrating excellent agreement between predicted and 
observed probabilities of optimal treatment assignment. 

3.5. Model Performance and Interpretability 

The RL policy network achieved an AUC-ROC of 0.89 (95% CI: 0.87 - 0.91) for 
predicting optimal treatment assignment on held-out test data. Calibration was 
excellent, with predicted probabilities closely matching observed outcomes (Fig-
ure 3(E)). 

Feature importance analysis (SHAP values) identified baseline MADRS (mean 
|SHAP| = 0.245), baseline YMRS (0.198), age (0.156), and mixed features (0.134) 
as the strongest predictors of treatment selection (Figure 2(E), Figure 4(D)). 
Pharmacogenomic markers (CYP2D6 metabolizer status) contributed modestly 
(0.067) but showed significant interaction effects with medication class. Decision 
curve analysis demonstrated superior clinical utility of the RL model across clini-
cally relevant threshold probabilities (Figure 4(C)). At a threshold of 15% (indi-
cating willingness to treat if probability of response exceeds 15%), the net benefit 
was 0.28 compared to 0.15 for standard protocols. 
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Figure 4. Deep reinforcement learning architecture and clinical decision support. (A) Neural architecture comprising synthetic 
patient state observation, state embedding, policy and value networks, treatment action selection, clinical environment interaction, 
and reward calculation. (B) Heterogeneous treatment effects by synthetic patient subgroups, with the largest benefits in mixed states 
and Type I bipolar disorder. (C) Decision curve analysis showing superior clinical utility of RL-personalized approach across thresh-
old probabilities. (D) SHAP summary of feature importance for treatment decisions. (E) Distribution of mood destabilization risk 
categories, with RL-personalized approach shifting synthetic patients toward lower-risk categories. 

3.6. Safety and Tolerability 

Treatment-emergent simulated adverse events were reported by 68% of virtual 
participants in the RL arm versus 72% in standard arms (p = 0.18). Serious simu-
lated adverse events occurred in 3.9% vs. 5.2% (p = 0.34). Discontinuation due to 
simulated adverse events was lower in the RL arm (8.3% vs. 14.2%; p = 0.008). The 
RL policy avoided high-risk recommendations: among 140 virtual participants 
with mixed features and high baseline YMRS (>15), the system recommended 
combination therapy or atypical antipsychotics in 94% of cases, avoiding antide-
pressant monotherapy. 

4. Discussion 
4.1. Principal Findings 

The simulation framework suggests that deep reinforcement learning significantly 
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improves antidepressant selection in bipolar spectrum disorders. The RL-person-
alized approach achieved a 5.6-point greater reduction in depression severity 
compared to standard protocols, representing a large effect size (Cohen’s d = 0.78) 
that exceeds thresholds for clinical meaningfulness [31]. Notably, this improve-
ment was accompanied by a 55% relative reduction in mood destabilization 
events, addressing the central safety concern in bipolar depression treatment. The 
NNT of 2.2 indicates that for every two synthetic patients treated with RL-person-
alization rather than standard care, one additional synthetic patient achieves treat-
ment response. This compares favourably to NNTs of 4 - 7 reported for FDA-
approved treatments in bipolar depression [32]. The NNH of 16.8 suggests a fa-
vourable benefit-risk profile, with mood destabilization events occurring less than 
half as frequently in the RL arm. 

4.2. Heterogeneity and Precision Medicine 

Our causal machine learning analysis reveals that treatment effects are highly het-
erogeneous across synthetic patient subgroups. The finding that synthetic patients 
with mixed features derive the greatest benefit (CATE = 15.2) is clinically signifi-
cant, as mixed states represent a treatment challenge with limited evidence-based 
options [33]. The RL system’s ability to identify and appropriately treat these syn-
thetic patients avoiding antidepressant monotherapy while optimizing combina-
tion strategies likely contributes to the superior outcomes. The modest contribu-
tion of pharmacogenomic markers to treatment selection (SHAP importance = 
0.067) suggests that clinical features remain primary drivers of treatment response, 
consistent with recent polygenic score studies in psychiatric disorders [34]. How-
ever, significant gene-treatment interactions indicate that pharmacogenomic data 
may become more informative as sample sizes increase and genetic architectures 
are better characterized. 

4.3. Comparison with Previous Work 

Prior machine learning studies in bipolar disorder have focused primarily on di-
agnosis or prognosis prediction [35] [36]. To our knowledge, large-scale simu-
lated randomized trial framework of deep RL for treatment optimization in psy-
chiatry. Our findings extend prior observational studies suggesting that algorith-
mic treatment selection can improve outcomes in depression [37] [38] by demon-
strating causality through randomization and addressing safety-critical constraints 
specific to bipolar disorder. The performance of our RL policy (AUC-ROC = 0.89) 
compares favourably to predictive models in other medical domains, such as sep-
sis (AUC 0.70 - 0.80) or acute kidney injury (AUC 0.75 - 0.85) [39] [40]. The ex-
plicit incorporation of safety constraints penalizing destabilization events with 
represents a methodological advance over standard RL approaches, aligning with 
principles of safe reinforcement learning [41]. 

4.4. Clinical and Policy Implications 

These findings support the integration of AI-driven decision support into clinical 
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practice for bipolar disorder. The RL system functions not as a replacement for 
clinical judgment but as a tool augmenting evidence-based decision-making. The 
high override rate observed in other AI implementations [42] was notably low in 
our study (8.3%), suggesting good alignment between algorithmic recommenda-
tions and clinician preferences. 

From a health systems perspective, the RL approach may reduce costs through 
improved efficiency (shorter time to response, fewer failed trials) and reduced 
simulated adverse events (fewer hospitalizations for mood destabilization) [43]-
[45]. Cost-effectiveness analyses are underway and will inform reimbursement 
and implementation decisions. 

4.5. Limitations 

Several limitations should be considered. First, the trial duration (12 months) cap-
tures medium-term but not long-term outcomes. Durability of benefits and po-
tential late-emerging adverse effects require extended follow-up. Second, the 
saredy population was restricted to synthetic patients with access to academic 
medical centres; generalizability to community settings or resource-limited envi-
ronments is uncertain. Third, the RL system was trained primarily on synthetic 
patients with European ancestry; performance in diverse racial and ethnic groups 
requires validation. Fourth, while we employed causal inference methods to esti-
mate heterogeneous effects, residual confounding may persist in subgroup anal-
yses. The randomized design ensures unbiased estimation of average treatment 
effects, but subgroup analyses are inherently observational and should be inter-
preted cautiously. Fifth, the relatively small sample size in the RL arm (n = 254) 
limits precision for rare simulated adverse events and subgroup analyses. Because 
outcomes are generated by a synthetic environment designed from prior assump-
tions, performance estimates may partially reflect modelling choices rather than 
real clinical complexity. 

4.6. Future Directions 

First, extending the reinforcement learning (RL) paradigm toward sequential 
treatment optimization represents an important next step. Rather than selecting a 
single treatment at baseline, future systems could dynamically adapt medication 
strategies based on longitudinal synthetic patient responses, thereby reflecting real 
clinical workflows. In this context, contextual multi-armed bandit algorithms of-
fer an attractive solution by balancing exploration of alternative treatments with 
exploitation of known effective strategies under safety constraints. A commonly 
used approach is the Upper Confidence Bound (UCB) strategy, where the action 
selected at time step t  is defined as: 

 ( ) ( )
lnarg ˆmaxt a ta
a

tA x c
N t

µ
 

= + 
  

 

where ( )ˆa txµ  denotes the estimated expected reward for treatment action a  
given synthetic patient context tx , ( )aN t  represents the number of times ac-
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tion a  has been previously selected, and the constant c  controls the explora-
tion-exploitation trade-off. Such formulations allow adaptive learning while lim-
iting excessive exploration that could compromise synthetic patient safety. 

Second, expanding the multimodal data sources used for prediction may sub-
stantially improve model robustness and clinical relevance. Future frameworks 
should incorporate digital biomarkers such as actigraphy and voice-based fea-
tures, alongside neuroimaging and large-scale electronic health record (EHR) 
data. In parallel, federated learning approaches present a practical solution for 
cross-institutional model training, enabling collaborative learning while preserv-
ing privacy and regulatory compliance by keeping synthetic patient data localized. 
Third, improving interpretability remains critical for real-world adoption. Alt-
hough feature attribution methods such as SHAP provide useful insights, future 
research should focus on more clinically intuitive explainability paradigms. Nat-
ural language generation (NLG) systems capable of transforming model outputs 
into structured narrative explanations may bridge the gap between complex AI 
reasoning and clinician decision-making by summarizing evidence, uncertainty, 
and synthetic patient-specific risk factors in an interpretable manner. 

5. Conclusion 

Deep reinforcement learning showed strong performance for optimizing antide-
pressant selection in bipolar spectrum disorders within a simulated evaluation 
framework, achieving improved symptom reduction while minimizing mood de-
stabilization risk. The RL-CADENCE framework serves as a proof-of-concept for 
AI-driven precision psychiatry, demonstrating that algorithmic treatment optimi-
zation can be modelled within clinically inspired workflows using online and syn-
thetically generated data. These results support further methodological develop-
ment and motivate future real-world validation, as well as the design of regulatory 
and implementation frameworks for clinical AI systems in precision mental 
healthcare. 
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