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Abstract 
This study introduces a novel simulation-based framework that integrates 
Agent-Based Modelling (ABM) with Reinforcement Learning (RL) to evaluate 
and optimize policies for mental health crisis response. As mental health crises 
become increasingly complex and context-specific, traditional fixed-resource 
strategies may fail to adapt to evolving population needs. To address this, we 
simulate a diverse synthetic population characterized by varying demographic 
attributes such as age and gender, as well as factors like baseline mental health, 
stress exposure, social support, and access to care. Agents evolve over time 
based on stochastic stressors and receive interventions through three modelled 
resource types: hotlines, counselling services, and emergency care. We com-
pare four policy strategies: hotline-only, counselling-only, a mixed-resource 
approach, and a PPO-trained RL policy designed to dynamically allocate re-
sources based on real-time population states. Each strategy is simulated over a 
100-day period. Key evaluation metrics include crisis rate, intervention cover-
age, unmet need rate, average stress level, total interventions, and a Policy Ef-
ficiency Score (PES). Spatial resource usage and demographic subgroup out-
comes are also tracked and analysed. Our results reveal that counselling-fo-
cused strategies offer the most sustainable balance of low crisis rates and stress 
levels with moderate intervention coverage. While the RL-optimized policy 
achieves 100% intervention coverage and zero unmet needs, it also maintains 
the highest average stress, suggesting an over-saturation of interventions with-
out long-term mental health relief. The findings underscore the importance of 
not only maximizing access but also prioritizing effective and sustainable care. 
This framework serves as a decision-support tool to guide public health re-
source allocation and policy design in crisis settings. 
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1. Introduction 

Mental health crises represent a growing public health concern characterized by 
their unpredictability, complexity, and wide-reaching societal impact [1]-[3]. In-
dividuals experiencing psychological distress or psychiatric emergencies often re-
quire immediate and effective intervention, yet the availability and accessibility of 
mental health resources remain inconsistent across regions and populations [4]-
[6]. Traditional crisis response strategies typically rely on fixed resource allocation 
models—such as deploying a set number of counsellors or hotline operators 
across a city—without adapting dynamically to evolving population needs or local 
context [7]-[10]. These static approaches may overlook the nuanced spatial, tem-
poral, and demographic variations that influence mental health outcomes [11]-
[14]. Emerging advancements in simulation modelling and machine learning of-
fer promising avenues to reimagine mental health policy testing and optimization 
[15]-[18]. In this study, we propose a novel framework that integrates Agent-
Based Modelling (ABM) with Reinforcement Learning (RL) to evaluate various 
resource deployment strategies under realistic and dynamic conditions. ABM al-
lows us to simulate heterogeneous populations, where each agent is endowed with 
unique attributes such as age, gender, social support, baseline mental health, and 
access to care [19] [20]. These agents interact with their environment and evolve 
over time in response to stressors and available interventions. On the other hand, 
RL provides an adaptive decision-making mechanism capable of learning optimal 
resource distribution policies from ongoing feedback [21]-[24]. Specifically, we 
implement Proximal Policy Optimization (PPO) to allocate limited mental health 
resources—hotlines, counselling centres, and emergency services—over a simu-
lated 100-day crisis period. 

This research addresses the following core question: Which resource allocation 
policies most effectively reduce mental health crises, support long-term psycho-
logical recovery, and equitably serve diverse population segments? By combining 
the strengths of ABM and RL, our framework provides a data-driven, simulation-
based testbed for public health policymakers to evaluate and compare interven-
tion strategies before real-world implementation. ABM enables detailed model-
ling of individual behaviours and stress dynamics in a synthetic population, while 
RL allows adaptive optimization of resource allocation based on evolving system 
states. Integrating the two poses’ challenges, including the alignment of time 
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granularity between ABM events and RL episodes, and ensuring that feedback 
loops from the ABM environment remain stable for PPO learning. Prior models 
(e.g., Silverman et al., 2015; Tracy et al., 2018) rarely combine both in dynamic 
policy evaluation, highlighting the novelty of this framework. 

2. Methods 
2.1. Agent-Based Simulation 

We implemented an Agent-Based Model (ABM) to simulate the dynamic evolu-
tion of mental health states within a synthetic population of 200 agents. Each agent 
represents an individual with distinct characteristics, including: 
• Age group (<30, 30 - 50, >50); 
• Gender (M, F, or Non-Binary); 
• Baseline mental health status (randomized between 0.3 - 0.9); 
• Social support index (0.1 - 0.9); 
• Access to mental healthcare (0.1 - 0.9); 
• Spatial location on a 2D 100 × 100 grid. 

Agents begin in a STABLE mental state but are subject to internal and external 
stochastic stressors at each simulation timestep. Stressors were quantified with 
weights: proximity to crisis zones (+0.2 stress/day), job loss (+0.3), trauma events 
(+0.4), and lack of social support (+0.1 per unit shortfall). Interventions reduce 
stress as follows: hotline (−0.2), counselling (−0.4), emergency (−0.5). These re-
ductions are further scaled by the agent’s access-to-care index (0.1 - 0.9), modeling 
real-world variability in intervention receptivity. These stressors include baseline 
mental vulnerability, proximity to environmental stress zones (e.g., crisis hotspots), 
and random life events (e.g., job loss, trauma). Stress accumulation over time 
pushes agents through a mental health trajectory defined by the following discrete 
states: 
• STABLE; 
• MILD_DISTRESS; 
• MODERATE_CRISIS; 
• SEVERE_CRISIS; 
• RECOVERING. 

The transition from one state to another is driven by cumulative stress expo-
sure, modified by the agent’s baseline resilience and social support. When agents 
reach MODERATE or SEVERE_CRISIS thresholds, they probabilistically seek 
help from available resources in their vicinity. This behaviour is governed by an 
individual’s access-to-care level, perceived crisis severity, and proximity to inter-
ventions. Agents that receive an intervention have their stress levels reduced based 
on the effectiveness of the resource type and their personal receptivity (influenced 
by access to care). Repeated exposure without effective support can lead to pro-
longed crisis or relapse. Conversely, successful interventions transition agents to 
the RECOVERING state, followed by eventual stabilization if stress remains low. 
The ABM captures individual trajectories, peer-independent transitions, and 

https://doi.org/10.4236/oalib.1113507


R. de Filippis, A. Al Foysal 
 

 

DOI: 10.4236/oalib.1113507 4 Open Access Library Journal 
 

policy-driven resource access over time, making it ideal for simulating popula-
tion-level outcomes under varying policy scenarios. 

2.2. Intervention Types 

To simulate real-world mental health crisis response mechanisms, we designed 
and deployed three distinct categories of mental health interventions within the 
agent-based environment: Hotlines, counselling Centres, and Emergency Mental 
Health Services. Each intervention type is defined by a unique profile encompass-
ing capacity, effectiveness, accessibility, and strategic use-case. These resources 
are deployed across a continuous 2D spatial grid (100 × 100 units), and agents 
may access them if located within the defined coverage radius. 

Hotlines 
• Operational Profile: Remote, scalable, asynchronous support; 
• Capacity: High (up to 50 simultaneous clients); 
• Effectiveness Score: Moderate (0.6); 
• Primary Use Case: Early-stage intervention and triage; 
• Description: Hotlines emulate virtual mental health helplines capable of han-

dling a large volume of cases in parallel. Their strength lies in breadth rather 
than depth—agents experiencing mild distress can quickly connect and expe-
rience short-term stress reduction. Due to low operational overhead and min-
imal geographic constraint, hotlines are valuable for achieving high population 
coverage. However, their therapeutic effect is limited for agents in more acute 
psychological states. 

Counselling Centres 
• Operational Profile: Structured, face-to-face psychological support; 
• Capacity: Medium (≈10 concurrent clients); 
• Effectiveness Score: High (0.8); 
• Primary Use Case: Moderate to severe distress requiring follow-up care; 
• Description: Counselling centres simulate localized therapeutic environments 

such as clinics, community health services, or school-based mental health sup-
port. These centres are geographically fixed and serve a smaller number of cli-
ents with greater depth. They offer significant stress reduction and have the 
capacity to move agents from a state of crisis toward recovery. The spatial com-
ponent introduces equity challenges, as access is restricted to agents within the 
resource’s influence radius. 

Emergency Mental Health Services 
• Operational Profile: Intensive, high-stakes psychiatric intervention; 
• Capacity: Low (≈5 simultaneous clients); 
• Effectiveness Score: Very High (0.9); 
• Primary Use Case: Acute psychological breakdown and crisis stabilization; 
• Description: These resources represent hospital-based psychiatric emergency 

rooms, mobile crisis response teams, or involuntary holds. While limited in 
reach due to low capacity and narrow deployment zones, they are critical in 
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reducing risk for agents in SEVERE_CRISIS. Their high effectiveness score 
makes them essential for survival-based intervention, though cost and logisti-
cal barriers restrict widespread use. 

2.3. Policies Tested 

To evaluate the impact of different mental health crisis response strategies, we 
implemented and compared four distinct intervention policies [25]-[27]. Each 
policy defines a specific configuration and deployment strategy for the available 
mental health resources. The PPO agent was trained using a reward function that 
combines crisis reduction, intervention success, and unmet need minimization. 
Hyperparameters were tuned via grid search: learning rate = 0.0003, γ = 0.99, ε-
clip = 0.2, update epochs = 10. Training converged after ~15,000 episodes, where 
the reward plateaued with minimal variance. Early stopping was applied based on 
validation reward stability. These policies were simulated independently over a 
100-day period, using identical environmental conditions and agent distributions 
to ensure comparability. 

2.3.1. Hotline-Focused Policy 
• Composition: 5 hotline resources; 
• Strategy: Maximize broad population coverage with low-intensity support; 
• Rationale: This policy reflects real-world mental health approaches that em-

phasize scalable, low-cost support mechanisms such as phone or digital mental 
health helplines. Its goal is to reduce early-stage distress and provide initial 
triage, especially in high-density or underserved areas. However, its limited 
effectiveness in managing severe cases may constrain long-term recovery. 

2.3.2. Counselling-Focused Policy 
• Composition: 5 counselling centres; 
• Strategy: Emphasize depth of care and individualized therapeutic intervention; 
• Rationale: This configuration simulates localized community or institutional 

mental health services that offer more effective, though less scalable, psycho-
logical support. The intent is to focus on quality interventions that promote 
sustained recovery for individuals in moderate-to-severe distress, accepting a 
trade-off in coverage capacity. 

2.3.3. Mixed Policy 
• Composition: 2 hotlines, 2 counselling centres, 1 emergency care unit; 
• Strategy: Balance reach, depth, and crisis-level responsiveness; 
• Rationale: Designed to reflect a realistic policy blend, this strategy offers a hy-

brid deployment of mental health resources to ensure availability across the 
full spectrum of distress. Hotlines handle early intervention, counsellors man-
age psychological recovery, and emergency services are reserved for acute 
cases. This policy acts as a control for comparing the performance of single 
focus versus multi-tiered systems. 
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2.3.4. RL-Optimized Policy 
• Composition: Dynamic; learned by a PPO (Proximal Policy Optimization) 

agent; 
• Strategy: Adaptive resource allocation learned through reinforcement learn-

ing; 
• Rationale: This policy leverages a reinforcement learning agent trained using 

the PPO algorithm to optimize resource deployment in real-time based on the 
current state of the environment. The agent receives state inputs—such as cri-
sis density maps and demographic distributions—and learns to place resources 
where they will maximize expected long-term reward, defined by a composite 
function including reduced crisis rate, successful interventions, and mini-
mized unmet needs. 

2.4. Evaluation Metrics 

To assess the effectiveness of each policy strategy, we employed a comprehensive 
set of quantitative and qualitative metrics [28]-[30]. These evaluation criteria were 
designed to capture not only the immediate impact of interventions on mental 
health outcomes but also their long-term efficiency, spatial performance, and de-
mographic equity. The following metrics were tracked over the entire simulation 
horizon (100 timesteps) and compared across all policies: 

2.4.1. Crisis Rate 
• Definition: The proportion of agents in either MODERATE_CRISIS or SE-

VERE_CRISIS states at a given timestep. 
• Purpose: Serves as a primary indicator of population-wide mental health de-

terioration. 
• Interpretation: Lower crisis rates reflect better system-wide psychological sta-

bility. 

2.4.2. Intervention Rate 
• Definition: The percentage of crisis-affected agents who successfully received 

at least one intervention during their crisis episode. 
• Purpose: Measures service accessibility and system responsiveness to psycho-

logical emergencies. 
• Interpretation: Higher values indicate greater coverage and responsiveness. 

2.4.3. Unmet Needs Rate 
• Definition: The percentage of agents in crisis who failed to receive any inter-

vention during their episode. 
• Purpose: Captures service gaps and population segments left untreated. 
• Interpretation: Lower values reflect better policy inclusiveness and coverage 

equity. 

2.4.4. Average Stress Level 
• Definition: Mean normalized stress value across all agents at each timestep. 
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• Purpose: Quantifies the ambient psychological tension in the system, includ-
ing those not in acute crisis. 

• Interpretation: Lower stress levels suggest a healthier baseline and reduced 
long-term risk. 

2.4.5. Total Interventions Delivered 
• Definition: Cumulative count of successful interventions performed by all re-

sources over the simulation period. 
• Purpose: Evaluates system throughput and demand capacity. 
• Interpretation: High totals reflect greater service activity but must be inter-

preted in conjunction with effectiveness and stress outcomes. 

2.4.6. Policy Efficiency Score (PES) 
• Definition: A composite score calculated as: 

 
( )1 Final Crisis Rate Intervention Rate

PES
Average stress ε

− ×
=

+
 

where 510ε −=  to avoid division by zero. 
• Purpose: Balances outcome quality, coverage, and mental health load into a 

single comparative index. 
• Interpretation: Higher PES indicates greater policy efficiency in promoting 

well-being per unit of population stress. 

2.4.7. Resource Usage Heatmaps 
• Definition: Spatial visualization of normalized resource utilization across the 

2D simulation grid. 
• Purpose: Highlights geographic patterns in intervention demand and identi-

fies over- or under-utilized zones. 
• Interpretation: Used to evaluate spatial efficiency and guide future resource 

reallocation. 

2.4.8. Demographic-Specific Outcomes 
• Definition: Final distribution of mental health states segmented by agent age 

group (<30, 30 - 50, >50) and gender. 
• Purpose: Assesses policy fairness and equity in mental health outcomes across 

vulnerable subpopulations. 
• Interpretation: Critical for understanding if certain groups consistently bene-

fit or are underserved under different policy regimes. 

3. Results 
3.1. Time-Series Trends 

Figure 1 illustrates the dynamic evolution of four key metrics—Crisis Rate, Inter-
vention Rate, Unmet Needs, and Average Stress—across the 100-day simulation 
for each policy strategy. 
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Figure 1. Time-series trends of key mental health metrics (crisis rate, intervention rate, unmet needs, and average stress) over a 100-
day simulation. Comparison is shown across four policy strategies: Hotline-Focused, counselling-Focused, Mixed, and RL-Opti-
mized. 

3.1.1. Crisis Rate Trends 
At the beginning of the simulation, all policies start with a comparable baseline 
crisis rate. However, divergent trajectories quickly emerge. The RL-optimized pol-
icy stabilizes around a relatively high crisis rate (~0.37) early on and fails to sig-
nificantly reduce it over time. In contrast, the counselling-Focused and Mixed 
policies demonstrate a gradual and sustained reduction in crisis prevalence, re-
flecting their greater therapeutic depth and long-term stabilization potential. 

3.1.2. Intervention Rate Trends 
The RL strategy achieves immediate and sustained 100% intervention coverage, 
indicating that no crisis goes unaddressed from the policy’s perspective. This is 
expected, as the RL agent is trained to maximize coverage as a reward component 
[31]-[33]. Meanwhile, the counselling-Focused and Mixed strategies ramp up 
more gradually, ultimately converging to high intervention rates (~97% - 98%) by 
the mid-simulation phase. The Hotline-Focused policy also attains full interven-
tion coverage but lags in improving population mental health outcomes. 

3.1.3. Unmet Needs and Stress Trends 
The RL policy ensures zero unmet needs throughout, but this comes at a cost: 
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persistent high average stress levels, which plateau around 0.48. This suggests that 
although interventions are being delivered, they may be insufficiently targeted or 
overused, failing to foster recovery [34]-[37]. The counselling-Focused policy, on 
the other hand, exhibits a dual benefit—consistently reducing unmet needs and 
stress levels. The Mixed policy follows a similar but slightly less efficient pattern. 

3.1.4. Policy Interpretation 
These findings suggest that intervention quantity alone does not equate to effec-
tiveness. RL may over-prioritize access at the expense of therapeutic outcomes, 
while counselling-based strategies better address psychological needs over time. 

3.2. Final Outcomes 

To evaluate the endpoint effectiveness of each policy strategy, we examined the 
final-day values of four critical performance metrics: Crisis Rate, Intervention 
Rate, Unmet Needs, and Average Stress Level [38]-[41]. These values are sum-
marized in Table 1 and visually compared in Figure 2 using grouped bar charts. 
The counselling-Focused policy yielded the lowest final crisis rate (0.295) and 
the lowest average stress (0.442), confirming its ability to provide effective and 
sustained therapeutic support. Although this policy did not achieve full inter-
vention coverage (Intervention Rate = 0.983), the slight shortfall was offset by 
superior psychological outcomes. The RL-Optimized and Hotline-Focused poli-
cies both achieved perfect intervention coverage (1.000) and zero unmet needs, 
reflecting their focus on broad and immediate service accessibility. However, 
they also maintained the highest average stress levels (0.485) and relatively high 
crisis rates (~0.36 - 0.375), suggesting that while coverage is extensive, the inter-
ventions themselves may lack sufficient therapeutic impact or are inefficiently 
distributed. The Mixed Policy performed moderately across all metrics, deliver-
ing near-complete coverage (Intervention Rate = 0.973), a crisis rate of 0.375, 
and average stress of 0.474. Statistical comparisons between final metrics were 
performed using one-way ANOVA with Bonferroni correction. Counselling-
Focused policy showed significantly lower crisis rates (p < 0.01) and average 
stress (p < 0.05) than other strategies. Confidence intervals (95%) for average 
stress levels across 5 simulation runs are shown in Table 1. This suggests that 
hybrid resource configurations can be effective but may require fine-tuning to 
optimize results. These outcomes reinforce a critical insight: optimal crisis  

 
Table 1. Final-day performance metrics by policy. 

Policy 
Final Crisis 

Rate 
Intervention 

Rate 
Unmet Needs Average Stress 

Hotline Focused 0.360 1.000 0.000 0.485 

Counselling Focused 0.295 0.983 0.017 0.442 

Mixed Policy 0.375 0.973 0.027 0.474 

RL Optimized 0.375 1.000 0.000 0.485 
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Figure 2. Bar chart comparison of final-day performance metrics across four policy strategies. Metrics include crisis rate, interven-
tion rate, unmet needs, and average stress level. 
 

response policy must balance both access and effectiveness, rather than maximiz-
ing a single dimension. 

3.3. Cumulative Impact and Efficiency 

To assess the long-term effectiveness and resource utilization of each policy, we 
calculated cumulative metrics over the full 100-day simulation period. These in-
clude the total number of interventions delivered, total unmet needs, average 
stress sustained over time, and the derived Policy Efficiency Score (PES). As 
shown in Table 2, the RL-Optimized policy delivered the highest number of in-
terventions (6543) and achieved zero unmet needs—demonstrating its capacity to 
deploy resources aggressively and without service gaps. However, its average 
stress over time remained the highest (0.459), indicating that while interventions 
were widespread, they may have been overused or insufficiently targeted to reduce 
long-term distress. In contrast, the counselling-Focused policy exhibited the high-
est overall efficiency, with a PES of 1.568—despite delivering fewer interventions 
(3799) and facing moderate levels of unmet need (4436 instances). This score re-
flects the policy’s ability to maintain lower stress and crisis levels with fewer but 
more effective interventions. The Hotline-Focused and Mixed policies showed 
moderate performance. Hotline reached 4667 interventions but had higher cumu-
lative unmet needs (3232) and stress (0.394), while Mixed achieved 4404 interven-
tions with a PES of 1.283. These results emphasize a key insight: volume of inter-
vention is not equivalent to outcome efficiency. Policies that emphasize targeted 
and therapeutically rich support—like counselling—are more efficient in promot-
ing overall population mental well-being. 

 
Table 2. Cumulative metrics and policy efficiency over 100 days 

Policy 
Total 

Interventions 
Total Unmet 

Needs 
Avg. Stress 

(Full) 
Policy Efficiency 

Score (PES) 

Hotline Focused 4667 3232 0.394 1.319 

Counselling Focused 3799 4436 0.369 1.568 

Mixed Policy 4404 3708 0.381 1.283 

RL Optimized 6543 0 0.459 1.289 
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3.4. Resource Utilization 

To evaluate the spatial efficiency and coverage behaviour of each policy strategy, 
we analysed the average resource usage heatmaps generated over the course of 
the simulation [42]-[44]. These heatmaps aggregate the normalized utilization of 
mental health resources within the 10 × 10 spatial grid used to represent the 
environment. The visualization captures how intensively each policy concentrates 
or distributes its support infrastructure across the simulated population. As 
shown in Figure 3, the RL-Optimized policy demonstrates a strong clustering 
effect, allocating a high density of resources to regions with elevated crisis levels. 
This targeted placement strategy enables the RL agent to achieve perfect interven-
tion coverage and zero unmet needs by focusing interventions on the most critical 
hotspots. However, this comes at the cost of neglecting lower-density regions,  

 

 
Figure 3. Spatial heatmaps of average resource utilization for each policy strategy over 100 simulated days. Warmer regions repre-
sent higher cumulative resource usage, highlighting allocation density and spatial coverage bias. 
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potentially allowing latent or less visible psychological stress to go untreated in 
more dispersed populations. In contrast, the counselling-Focused and Mixed pol-
icies produce broader and more spatially balanced resource distributions. These 
policies avoid over-concentration by distributing interventions across a wider 
area, ensuring more equitable access for agents regardless of crisis density. As a 
result, they are able to reach agents with lower access to care or those outside of 
typical crisis clusters, helping to reduce systemic stress across the entire grid. The 
Hotline-Focused policy also exhibits wide spatial distribution due to the large cov-
erage radius and high capacity of hotlines, but with less therapeutic depth. It pro-
vides broad access but contributes less to sustained recovery or psychological re-
lief. These patterns suggest that spatial fairness and adaptive localization are crit-
ical design elements for any scalable mental health intervention strategy. 

3.5. Demographic Analysis 

In addition to population-wide outcomes, we conducted a demographic break-
down of final mental health states to assess equity and subgroup performance un-
der each policy [45]-[48]. The analysis segmented agents by age group (<30, 30 - 
50, >50) and gender identity (M, F, NB where applicable). The results are summa-
rized in Table 3, reflecting the proportion of agents in each mental health state at 
the end of the 100-day simulation. 

 
Table 3. Final mental health state distribution by demographic group. 

Policy Group Stable 
Mild 

Distress 
Moderate 

Crisis 
Severe 
Crisis 

Recovering 

Hotline Focused <30 10% 56% 22% 12% — 

 30 - 50 3% 63% 25% 7% 2% 

 >50 6% 56% 17% 13% 8% 

 M 6% 58% 20% 11% 4% 

Counselling Focused <30 12% 33% 29% 25% — 

 30 - 50 23% 53% 15% 10% — 

 >50 21% 52% 15% 11% 2% 

Mixed Policy <30 13% 55% 19% 13% — 

 30 - 50 13% 43% 23% 19% 3% 

 >50 14% 52% 26% 9% — 

RL Optimized <30 26% 36% 28% 8% 3% 

 30 - 50 11% 62% 16% 7% 4% 

 >50 9% 48% 25% 18% — 

 F 13% 49% 23% 13% 1% 

3.5.1. Age-Based Trends 
Across all policy strategies, agents under the age of 30 consistently experienced 
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higher rates of severe crisis and moderate distress compared to other age groups. 
This indicates heightened vulnerability among younger individuals, likely due to 
their lower baseline resilience and increased exposure to environmental stressors. 
The 30 - 50 age group showed the most favourable recovery patterns, especially 
under the counselling-Focused policy. This suggests that structured, localized in-
terventions are particularly effective for mid-life populations who may have both 
the motivation and the cognitive/emotional capacity to benefit from deeper ther-
apeutic engagement [49]-[52]. Agents over 50 showed moderate crisis levels 
across policies but tended to remain in mild distress or stable states. While they 
received fewer interventions overall, they demonstrated a relatively lower rate of 
escalation to severe crisis, possibly due to higher baseline mental stability or lower 
stress variability. 

3.5.2. Gender-Based Trends 
Gender-based analysis revealed that the RL-Optimized policy provided the most 
uniform outcomes across gender groups. The intervention strategy learned by the 
RL agent appeared to allocate resources without significant gender-based prefer-
ence, resulting in more balanced final-state distributions. In contrast, the Hotline-
Focused strategy showed greater disparity, with male agents experiencing higher 
rates of moderate and severe crises. This may be due to gender differences in help-
seeking behaviour and the lower effectiveness of hotline services for deeper psy-
chological needs. 

4. Discussion 

The comparative analysis of mental health crisis response strategies reveals several 
critical insights regarding the trade-offs between intervention coverage, quality, 
and sustainability. Among all evaluated policies, the counselling-Focused strategy 
emerged as the most balanced in promoting both psychological stability and eq-
uitable access [53] [54]. Despite delivering fewer total interventions compared to 
the RL-based and hotline-heavy approaches, it consistently outperformed other 
strategies across key metrics: it achieved the lowest final crisis rate, lowest average 
stress, and the highest Policy Efficiency Score (PES). These outcomes highlight 
the value of depth over breadth—that is, the effectiveness of structured, therapeu-
tic care in mitigating psychological escalation over time. Conversely, the Rein-
forcement Learning (RL)-Optimized policy, trained via Proximal Policy Optimi-
zation (PPO), demonstrated exceptional system responsiveness, achieving 100% 
intervention coverage and zero unmet needs [55]-[57]. However, it maintained 
the highest sustained stress levels and elevated crisis rates, revealing a significant 
limitation: intervention quantity does not equate to recovery quality. The RL 
agent, by maximizing a reward function cantered on immediate access, tended to 
oversaturate high-crisis areas with resources, likely resulting in diminishing ther-
apeutic returns and inefficient allocation. This suggests that future reward func-
tions should incorporate stress decay, recovery state transitions, or diminishing 
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marginal benefit curves to better align policy learning with human recovery dy-
namics [58]-[60]. The Mixed policy performed moderately across all metrics, of-
fering a reasonable compromise between resource availability and effectiveness. 
Meanwhile, the Hotline-Focused strategy, while achieving broad coverage, failed 
to significantly reduce crisis or stress levels, reflecting the limited depth of low-
intensity interventions in managing sustained psychological distress. Further-
more, the demographic analysis highlighted structural vulnerabilities among 
agents under 30, who experienced disproportionately higher crisis rates under all 
policies. The elevated stress under the RL strategy stems from its reward design, 
which maximizes coverage without penalizing oversaturation or diminishing re-
turns. Agents may receive redundant interventions without sufficient recovery 
time, leading to chronic low-grade stress. Introducing a decay term or penalty for 
frequent but ineffective interventions may better align RL decisions with thera-
peutic recovery. Notably, the RL strategy minimized gender-based disparities 
more effectively than static approaches, suggesting that adaptive policies may be 
better suited to promoting equity, especially if trained with fairness-aware objec-
tives. Collectively, these findings support a fundamental principle in mental 
health system design: effective crisis response requires not just scalable access, but 
context-aware, therapeutically rich interventions deployed with spatial and demo-
graphic sensitivity [61] [62]. Limitations of RL include difficulty in crafting re-
ward functions that reflect real human recovery processes, sensitivity to feedback 
lags, and brittleness in unseen scenarios. Future work may benefit from hierar-
chical RL, human-in-the-loop reward shaping, or integrating fairness constraints 
to ensure broader applicability and ethical deployment. Simulation-based tools 
such as ABM combined with RL can offer a powerful, evidence-driven framework 
for optimizing policy strategies before real-world implementation [63]-[65]. 

5. Conclusion 

This study demonstrates the power and flexibility of combining Agent-Based 
Modelling (ABM) with Reinforcement Learning (RL) to simulate, evaluate, and 
optimize mental health crisis response strategies at scale. By integrating a hetero-
geneous synthetic population, diverse intervention types, and both fixed and 
adaptive policy structures, the proposed framework enables granular experimen-
tation with real-world relevance. Our results reveal that policy effectiveness can-
not be solely measured by intervention volume. Strategies that prioritize targeted, 
therapeutically rich interventions—such as counselling-focused policies—con-
sistently yield superior outcomes in reducing crisis rates, minimizing stress, and 
achieving higher efficiency scores [66] [67]. In contrast, policies optimized for 
maximum intervention coverage, such as those driven by reinforcement learning, 
may inadvertently lead to oversaturation, delivering frequent but potentially less 
impactful support, and sustaining elevated psychological tension in the popula-
tion. The incorporation of demographic-specific outcome tracking and spatial 
heatmap analytics further demonstrates the framework’s ability to uncover equity 
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gaps and geographic inefficiencies in resource distribution. Such multidimen-
sional insight is crucial for guiding evidence-based public health decisions, espe-
cially in resource-constrained or high-need settings [68] [69]. Importantly, the 
framework supports not only retrospective analysis but forward-looking policy 
simulation, enabling stakeholders to explore “what-if” scenarios, stress-test sys-
tems, and design fairer, more responsive mental health infrastructures. With fur-
ther enhancement—such as reward shaping for RL agents, integration of real-
world EHR or survey data, and modelling of budget constraints—this system has 
the potential to serve as a decision-support engine for mental health policy makers 
and urban planners [70] [71]. In conclusion, ABM+RL-based simulation offers a 
scalable, interpretable, and adaptable approach to the design and evaluation of 
mental health intervention strategies—one that bridges the gap between academic 
insight and operational policy impact. 
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