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ABSTRACT: Epidemics often lead to poot, delayed, and uneven distribution of public
health resources, thereby pushing public healthcare systems to the limits of their
capacities. This research introduces a "beds, healthcare personnel, testing kits, vaccines,
funds" deep
reinforcement learning for 20 public healthcare facilities that serves 50,000 adolescents

medicines, and emergency distribution model using explainable

and includes realistic 14-day demand forecasting using an LSTM network.
Epidemiological, operational and demographic drivers of allocation decisions are
captured through SHAP explanations, and constraints on capacity, budget, emergency-
reserve and geographic-equity ensure transparent planning. The analyses of performance
are done based on demand satisfaction, resource utilization, preparedness, unmet critical
demand, vaccine wastage, epidemic peak demand, waiting time, rural-urban service
disparity, explanation fidelity. The following reference values are considered: 92%
satisfied with the demand; 90% efficiency of the resoutces; 85/100 prepatedness; 5% of
unmet critical demand; 3% of vaccine wastage; and 90% explanation fidelity. The
method is conducive to efficient, equitable and interpretable epidemic-preparedness

decision making.

Public healthcare services are key to pandemic prevention and protection of population health, but they can be overwhelmed

by the sudden surge in infections, hospitalizations and supply needs. The number of hospital beds, health staff, testing kits,
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vaccines, medicines, and emergency funds that can be made available in time are key elements in effective preparedness. This
challenge is especially critical for facilities that provide care to adolescents, as health care services could be affected by the
shift of resources during a public health emergency.

Previous research has used compartmental epidemic models, machine learning, mathematical optimization and rule-based
decision systems to predict disease spread and guide the management of health resources. Recent work shows that deep
learning models, especially long short-term memory models, can be used to predict temporal demand, and reinforcement
learning models have been applied to sequential resource-management decisions. To make the prediction more explainable,
techniques like SHAP have been introduced to the healthcare domain in the form of explainable artificial intelligence (XAI).

However, traditional allocation methods are usually static, based on fixed rules and do not respond well to rapidly changing
epidemic conditions. Forecasting and allocation are dealt with separately, and many intelligent solutions maximize resources
and do not take into account budgets, capacity, emergency reserves, geographic equity, or clear decision making. These
restrictions make an adaptive and accountable system that allows several resources to coordinate over all kinds of public

health services necessary.

Therefore, a study to design an explainable deep reinforcement learning solution towards intelligent resource allocation and
epidemic preparedness is in order. The proposed solution is a combination of 14-day LSTM model for forecasting demand,
constrained Proximal Policy Optimization for determining weekly allocations at 20 health facilities for 50,000 adolescents.
Using SHAP-based explanations, epidemiological, operational and demographic factors are characterized for each decision.

The key contributions are: 1) the creation of an integrated epidemic-demand forecasting and sequential multi-resource
allocation; 2) the creation of the capacity, budget, preparedness, and geographic-equity constraints; 3) the incorporation of
facility-level explanations for allocation decisions; and 4) the creation of an evaluation framework for efficiency, preparedness,

fairness, wastage, unmet demand, and interpretability.
2. RELATED WORK

There are always compartmental models used for the estimation of transmission and need for care, such as Susceptible—
Infected—Recovered models and Susceptible—Exposed—Infected—Recovered models, which have traditionally been used for
epidemic preparedness. These methods have been extended recently by simulation and deep reinforcement learning to find
adaptive epidemic-control policies [1]. Reinforcement learning has also been studied in the field of healthcare applications
including treatment planning, clinical decision support and sequential intervention selection [2]. There is increased interest in
value-based and hybrid approaches to reinforcement learning as evidenced in the systematics, but interpretability, reward
definition, data quality, and clinical acceptance are significant limitations [3]. Therefore, before employing reinforcement
learning recommendations in healthcare practice, it is crucial to evaluate the situation with care and develop responsible
policies [4]. Further, the interactions between disease dynamics, individual behavior, perceived risk and compliance with

interventions impacts the course of the epidemic, as illustrated in game-theoretic models [5].

Despite the benefits of representation learning for constructing and modeling meaningful states from complex healthcare
data, the performance of policies in these applications is sensitive to the chosen representation [6]. The problem of deriving
"Individualized and interpretable Sepsis-Treatment Strategies" from intensive-care information has been solved by applying
reinforcement learning techniques [7]. Deep reinforcement learning has been used at the population level to make decisions
for the time and level of lockdown and travel restrictions during Covid-19 [8]. Similatly, deep reinforcement learning has been
used to solve large-scale epidemic control research to find adaptive intervention policies in the nonlinear disease dynamics [9].
In agent-based environments like Pyfectious, detailed simulation settings of population structure and transmission, and the
saturation of the healthcare system, are taken into account for learning containment policies [10].

The use of continuous state space reinforcement learning to maintain physiological information and assist in sequential
decisions for sepsis treatment has been explored [11]. But, offline policy selection remains challenging as candidate policies
cannot be reliably assessed by allowing the random deployment of policies in the clinic [12]. To overcome this, clinician-in-
the-loop approaches propose near-optimal sets of actions, instead of forcing a single automated offered action [13]. Seamless
and extensive surveys reinforce the possibility of reinforcement learning for dynamic treatment, diagnosis, scheduling, and

healthcare control, as well as identifying the issues of safety, generalizability and interpretability.
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In spite of this progress, these factors are infrequently combined in a single public health framework: forecasting, multi-
resource allocation, preparedness reserves, geographic equity, operational constraints, and explainability. It is the present
approach that fills this gap, by leveraging LSTM-based epidemic-demand forecasting, the constrained version of Proximal
Policy Optimization, and explanation via SHAP to facilitate coordinated deployment of health resources.

3. PROPOSED METHODOLOGY
3.1 Overall Framework and Public Healthcare Environment

The proposed system is a public health care network that coordinates the coordination of epidemic preparedness and
resources distribution between 20 health care facilities with an adolescent population. There are eight urban, seven semi-
urban and five rural facilities, representing a total of 50,000 adolescents ages 10-19 years. A planning horizon of 104 weeks is
thought to cover routine healthcare demand, seasonal variation and varying epidemic conditions. The decisions on allocating
resources are produced every seven days, the forecast for demand in healthcare is made over the next 14 days. The network
configuration is summarised in Table 1.

Table 1. Configuration of the public healthcare environment

Component Configuration
Healthcare facilities 20

Urban facilities 8

Semi-urban facilities 7

Rural facilities 5

Population represented 50,000 adolescents
Age range 10-19 years
Planning period 104 weeks
Allocation interval 7 days
Historical observation window | 28 days
Forecasting horizon 14 days

The framework involves public-health data acquisition, epidemic-demand forecasting, constructing a healthcare state, deep
reinforcement learning for allocation, and explanation of decision by SHAP, as shown in Figure 1. This data-acquisition
component gathers facility-level epidemiological, demographic, operational, resource and environment factors. The
forecasting part takes the previous 28 days of data and feeds it into two layers of long short-term memory (LSTM) network to
forecast the demand for the next 14 days. The construction of healthcare-states incorporates all these forecasts, existing
stocks, capacity levels, vulnerability of the population to the impacts of a healthcare state, geographical features, available

budgets, and past decisions on healthcare-state configuration.

The outcome is fed into a limited Proximal Policy Optimization (PPO) agent that makes weekly bed, staff, testing kit, vaccine,
medicine and emergency cash allocation decisions. A constraint-validation mechanism checks inventory, capacity, budget,
critical-care, minimum-reserve and geographic-access requirements prior to acceptance of actions. The explanation
component in the SHAP is then used to estimate the contribution of each input in the recommended allocation and the main
reasons for the decisions at the facility level are presented. Unlike epidemic forecasting and resource allocation, it is an
architecture of predictive modelling and adaptive and interpretable resource planning.
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Public-Health Data Preprocessing LSTM Forecasting Healthcare-State Construction
* Epidemiological Missing-value handling Two recurrent layers Forecast demand + current epidemic indicatofs
* Demographic Normalization 128 and 64 units Inventory + capacity + vulnerability
 Operational
P ! 28-day sequences 14-day horizon Budget + geography + previous allocations
* Resources
Facility-level grouping Demand predictions Unified state vector for 20 facilities

« Environmental

Constrained PPO Allocator Constraint Validation

Actor: continuous resource actions Budget and inventory limits

Critic: long-term value estimation Capacity and critical-care limits

Reward: coverage, cost, fairness 10% emergency reserve

20 x 9 allocation matrix Geographic-equity requirement

Resource Distribution Preparedness Assessment SHAP Explanation
Beds, staff, tests, vaccines, Capacity, staffing, inventory, Top factors, direction, magnitude,
medicines and emergency funds accessibility and demand coverage constraints and shortage risk

Figure 1. Overall architecture of the proposed explainable DRL framework.
3.2 Input Processing and Epidemic-Demand Forecasting

The framework adapts five sets of input variables. Confirmed cases, suspected cases, test-positivity rate, effective
reproduction number, hospitalization rate, ICU admission rate, recovery rate, and vaccine coverage are examples of
epidemiological variables. Demographic inputs consist of age distribution, prevalence of chronic conditions, socioeconomic
vulnerability, population density, population geography, and adolescent population. Operational variables are outpatient
volume, percentage of bed occupancy, occupancy of Intensive Care Units, delay in the waiting time, workload of staff, delay
in delivery of supplies, and interfacility travel time. Resource variables are the number of beds, doctors, nurses, tests, vaccines,
drugs, ambulances and emergency money available. The environmental factors are the temperature, humidity, mobility and
school-activity indices.

If an observation is missing for a continuous variable, it is filled with the median value of that variable for the same facility
and from the previous time window; if an observation is missing for a categorical variable, then it is filled with the mode for
that variable for that facility and the previous time window. When there is no data, a missingness indicator is preserved if the

absence of data is indicative of operational disruption. Min—max scaling is used for normalizing continuous variables:

. _min
x|, =t 1)
jt T max_yming o ———
j j
where xj is the value of variable j at time t, x™" and x/"** are its minimum and maximum reference values, ], is the

normalized value, and € is a small constant that prevents division by zero.

For each facility, a 28-day sequence is used, with the use of two-layer LSTM. The first layer is composed of 128 hidden units,
and the second layer of 64 hidden units. The dropout rate of 0.20 prevents the recurrent layers to overfit. The proposed
configuration sets the learning rate to be 0.001, batch size to be 64, and sets the number of training epochs to be 100
iterations. The state transition of the LSTM can be represented as follows:

Rie Cip = LSTM (x; ¢, hipq,Cip-1301)s (2)

where x;, denotes the normalized input vector of facility i at time t, ;¢ is the hidden state, ¢;, is the cell state, and 8
represents the trainable LSTM parameters. The multi-output demand forecast is defined as:
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di,t+1:t+14 = g(hi(,zt) S ¢))

where hgyzt) is the final hidden representation produced by the second LSTM layer, g(-) is the output transformation, and

d; ¢+1:¢+14 contains the predicted infections, outpatient visits, hospital admissions, ICU admissions, testing demand, vaccine
demand, and medicine demand for the next 14 days. These predicted quantities become part of the state observed by the

allocation agent.

3.3 Constrained PPO-Based Resource Allocation

Resource allocation is formulated as a constrained Markov decision process:
M=ESAPRYG, (4

where § is the state space, A is the action space, P denotes the state-transition dynamics, R is the reward function, y is the
discount factor, and G represents the set of operational and equity constraints. The state of facility i at allocation time t is
represented by:

Sit = [ei,t: dit)Qies Citr Vits by, ai,t—l], __

here e;; contains current epidemic indicators, d; ¢ represents forecast demand, gq; ; denotes available inventory, ¢; ; describes
facility capacity, v;, represents demographic and socioeconomic vulnerability, b, is the remaining budget, and a;,_; contains

the previous allocation. For each decision interval, the agent produces an action matrix:
— 20x9
Ac=lay ] eR™>, (6

where @; ¢ is the quantity of resource k assigned to facility i. The 20 rows are healthcare facilities and the nine columns are
general beds, isolation beds, ICU beds, physicians, nurses, testing kits, vaccine doses, medicine courses and emergency funds.
Table 2 provides the resource pool and principal values of the PPO that will be considered to establish the allocation

environment.

Table 2. Resource availability and PPO parameters

Category | Parameter Value
Resource | General beds 1,000
Resource | Isolation beds 300
Resource | ICU beds 100
Resource | Physicians 150
Resource | Nurses 400
Resource | Testing kits per week 15,000
Resource | Vaccine doses per week 12,000

Resource | Medicine courses per week | 8,000

Resource | Emergency budget per week | USD 500,000

PPO Actor learning rate 0.0003
PPO Critic learning rate 0.001
PPO Discount factor 0.99
PPO Clipping coefficient 0.20
PPO Batch size 64
Constraint | Emergency reserve 10%

The composite reward balances healthcare coverage, containment, efficiency, preparedness, utilization, and fairness:

R, = 0.30S, + 0.20C, + 0.15E, + 0.15P, + 0.10U, + 0.10F, — AV}, (7)

24
Natural Resources for Human Health (NRFHH)

https://nrfhh.com



Natural Resources for
Human Health

elSSN: 2583-1194

where S; denotes normalized demand satisfaction, Cy represents containment of epidemic-related pressure, E; denotes cost
efficiency, P; is the preparedness score, U, represents resource utilization, Fy measures allocation fairness, Viand A controls
the violation penalty. Each positive component is normalized to the interval [0,1] before aggregation. The allocations must
remain within the available resource pool:

2%21 Apge < Qk,t(l -p) k=1..9__ (8

where Qy  is the available quantity of resource k, and py, is the reserve proportion. A value of p=0.10 retains 10% of critical

resources for unexpected demand. The budget constraint is expressed as:
LELP(9) = E[min(r.(0)A,, clip(r:(8),1 —e,1+)A)],__ (9)

where 13(6) is the probability ratio between the updated and previous policies, 4; is the estimated advantage, e=0.20 is the
clipping coefficient, and 0 denotes the actor-network parameters. Clipping restricts excessively large policy changes and

supports stable sequential allocation decisions.

Healthcare State PPO Policy Candidate Action
Constraint Check

Budget * inventory * capacity
reserve * equity * critical care

Epidemic indicators 20 facilities x 9 resources

‘ Actor network n(als) ‘

14-day forecast demand Continuous allocations

Inventory and capacity Weekly decision interval

Vulnerability and budget ‘ Critic network V(s) ‘

Infeasible Feasible

Reward and Next State Action Projection and Penalty Feasible Allocation
Coverage, containment and cost Project into feasible resource space Validated resource distribution
Preparedness, utilization and fairness Measure constraint violation V; Beds, staff, supplies and funds
Updated demand and inventory Apply penalty —AV, Applied to healthcare environment

v

PPO Policy Update

Compute advantage estimate and clipped objective;

Feedback to
next state
_____________________________ update actor and critic

Repeat for the next weekly alllocation cycle

Figure 2. Constrained PPO-based resource-allocation workflow.

The environment state is outlined in the first column of Figure 2, based on forecast demand and conditions at the facilities.
The creation of a candidate allocation by the actor network and the assessment of the network critic on the probable long
term value of the allocation. The constraint layer verifies capacity, inventory, budget, reserve, critical-care and equity
requirements. A feasible action is executed on the healthcare environment, while an infeasible action is thrown into the
feasible allocation space, where it gets penalized using V;. This resulting healthcare state then becomes the next healthcare

state used for the next weekly decision cycle.
3.4 Explainability, Fairness, and Preparedness Assessment

SHARP is added to measure the contribution of individual state variable to a specific recommendation for resource allocation.
An explanation for an allocation model f(x) is:

f)=¢o+Xjty (10)

whete {(x) is the allocation predicted for a selected facility and resource, ¢ is the expected allocation under the reference
state, m is the number of input variables, and ¢; is the SHAP contribution of variable j. A positive ¢; supports an increase in

the allocation, whereas a negative value supports a reduction.

Individual site explanations include the five most important variables, their direction and size, the variation they have from

the preceding allocation, binding inventory or budget constraints, and the estimated likelihood of there being a shortage. For
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instance, if the incidence of the disease forecast is high, the proportion of the population vaccinated is low, ICU occupancy is
high, and the socioeconomic vulnerability is high, the proportion of the population that is expected to receive the vaccine
could increase. Conversely, if there is enough vaccine in stock and demand is low, the proportion of the population to receive
the vaccine may be lowered. These explanations are designed to assist healthcare administrators in considering the rationale
for the policy, but not to use the DRL output to explain the policy. To measure geographic fairness, the absolute difference

between the rural and urban demand coverage is assessed:

G, = |D#rban _ D[ural|’ (11)

where D#Pa and DI¥ denote the proportions of forecast demand covered in urban and rural facilities. The framework

constrains Gy to remain within 10 percentage points while still accounting for differences in epidemic severity and clinical

need. The facility preparedness score is calculated as:
P = 100(0.251(” + 0.20H;, + 0.201;, + 0.15R;, + 0.104;, + 0.10Di,t), (12)

where K, is capacity adequacy, H; ; is staff availability, I; . is inventory sufficiency, R; ; is emergency-reserve adequacy, A4; ¢ is
geographic accessibility, and D;, is predicted-demand coverage. Fach component is normalized between zero and one,

producing a final preparedness score from zero to 100.

The decision constraints are set so that only 10% of the services in the rural and urban areas are different, only 3% of
vaccines are wasted and only 5% of unmet demand will be in the ICU. An emergency reserve of 10% is provided for critical
resources and budget and facility capacity violations are considered unacceptable actions. These values are used to set the
operational requirements of the allocation policy, and do not necessarily represent outcomes until accompanied by completed

evaluations data.
4. RESULTS AND DISCUSSION
4.1 Evaluation Design and Comparison Methods

The framework will be tested during scenarios of normal, moderate and severe outbreaks. These scenarios will simulate a
level of healthcare demand, higher numbers of infections and admissions, and extreme stress with high levels of ICU beds
used, shortages of items, and staffing limitations. To allow for a common benchmarking, a consistent set of healthcare
network, resource availability, budget, and demand will be followed across all the methods.

The proposed approach will be contrasted to the equal allocation, population-proportional allocation, priority-rule allocation,
linear programming, Deep Q-Network and conventional PPO methods. These are optimization-based, static and
reinforcement-learning strategies respectively. Demand satisfaction, resource utilization, unmet critical demand, epidemic
peak reduction, vaccine wastage, operational cost, waiting time, service gap between rural and urban areas, preparedness
score, decision latency, and explanation fidelity will be used as assessment methods for performance. Each epidemic scenario
will be analyzed in terms of allocation efficiency, outbreak response preparedness, geographic equity, computational efficiency
and interpretability.

4.2 Resource-Allocation and Epidemic-Preparedness Analysis

To explore the distribution of beds, people, testing kits, vaccines, medicines and resources for emergencies in Urban, Semi-
Urban, Rural facilities. Predicted infections, hospital occupancy, population vulnerability, inventory availability, and

geographic access will be used to look at allocations.

In a normal condition, the allocation stability, emergency reserves and resource wastage will be the focus. Moderate and
severe outbreaks will be discussed on the aspects of resource redirection, ICU and staff shortage, demand growth in short
period and the budget constraints. The allocation of the resources (people, equipment, etc.) will be compared for the three

epidemic cases in Figure 3.
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o
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O
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Emergency funds
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Figure 3. Healthcare resource allocation under different epidemic scenarios.

All 20 facilities will be evaluated for preparedness, which will cover capacity, staffing, inventory, reserves, accessibility and
coverage of demand. A comparison of facility types based on preparedness scores and the 85/100 score will be presented in

Figure 4.

95

Preparedness score (0-100)

uz u3 u4 us U6 u7 us s1 s2
Healthcare facility (U: urban, S: semi-urban, R: rural)

s3 sS4

S5

Figure 4. Facility-level epidemic preparedness scores.

The design objectives are: 92% demand satisfaction, 90% use of tesources, 5% "unmet critical demand", 20% reduction of
the epidemic peak, 3% vaccine wastage and an 85/100 preparedness score. These values ate ‘evaluation targets' not findings.

The values obtained by the design in Table 3 are not the values obtained by the results. They represent the desired level of

operation that the allocation framework is based upon.

Table 3. Design objectives for resource allocation and preparedness

Indicator Design objective
Demand satisfaction 92%

Resource utilization 90%

Unmet critical demand 5%

Epidemic peak reduction | 20%

Vaccine wastage 3%

Preparedness score 85
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4.3 Comparative, Explainability, and Fairness Analysis

The proposed method will be compared with other methods such as equal allocation, allocation based on population,
allocation based on priority rule, linear programming, DQN and conventional PPO. These will be studied in the comparison
of the following: demand satisfaction, resource utilization, unmet critical demand, operational cost, service gap between rural
and urban areas, preparedness, and decision latency. The target for satisfaction of demand is 92%, resource utilisation 90%,
not satisfied if critical demand is 5%, test the gap between rural and urban 10 petrcentage points and score 85/100 for

preparedness.

SHAP will measure the effect of the predicted incidence, vaccination coverage, ICU occupancy, socioeconomic vulnerability
of the population, population density, staff availability, and resource inventory. 90% will be the reference objective in
Explanation fidelity. The measure of fairness will be done based on the rural-urban service disparity, vulnerability adjusted
demand coverage, and allocation consistency.

4.4 Sensitivity, Ablation, and Practical Implications

The level of resources will range from 70% to 130% availability; the reproduction number from 0.5 to 3.0; weekly emergency
funding between USD 300,000 and USD 700,000; forecasting uncertainty between 5% and 25% and emergency reserves
between 5% and 20%. LSTM forecasting, fairness reward, preparedness term, safety constraints, and SHAP explanations will

be removed one by one via an ablation process.

The changes in the demand coverage, shortage, utilization, cost, equity, preparedness, policy stability, and infeasible
allocations will be analyzed. Reliable public-health data, privacy protection and administrative oversight, audit mechanisms,

region validation and prospective assessment will have to be implemented for practical deployment.
CONCLUSION

This paper proposes an interpretable deep reinforcement learning method for intelligent resoutce allocation and epidemic
preparedness in public health care systems. It unites 14-day forecasting based on LSTM with constrained PPO, a framework
that controls beds, health workers, testing kits, vaccines, medicines, and funds in urban, semi-urban and rural health centers.
Capacity, budget, emergency-reserve, critical-care and geographic-equity are built into to ensure that allocation decisions are
feasible and responsible. SHAP explanations have the useful property of revealing epidemiological, demographic and

operational factors driving each recommendation, thus leading to better transparency.

The framework offers a structured approach to assessing the satisfaction of demand, use of resources, critical shortages,
preparedness, cost-effectiveness, geographic equitability and fidelity of explanations of the epidemic under various epidemic
scenarios. It is not possible to know whether it is effective until it is fully assessed and validated externally. Future research
should focus on real public-health data, various disease scenarios and other regional settings, prospective multi-institutional

research, and evaluation of privacy, fairness, usability, safety, and regulatory issues before implementation.
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