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Abstract

Emergency healthcare systems are faced with the challenging problems of distributing
scarce resources quickly, fairly and economically and balancing limited resources with
unpredictable demand. This study aims to present a multi-objective optimization
methodology for ambulance allocation, healthcare manpower deployment, beds,
equipments and emergency supplies to healthcare facilities. The model concurrently seeks
to minimize response time, cost of operation, resource limitations and risk to the patient
and maximize the scope of coverage and the utilization of resources. Forecasts of demand,
facility levels, transportation limitations and priorities are included in the decision process.
Balanced allocation alternatives of conflicting objectives are identified using Pareto based
optimization. Simulation results show that better results in emergency coverage, waiting
time, allocation cost and resource available have been achieved than that of traditional single
objective approaches. The framework can be used to guide emergency healthcare planning
in case of a routine crisis and/or a large-scale disaster that is responsive, transparent, and
based on evidence.

Subject Classification: 65K10.

Keywords: Emergency healthcare, Resource allocation, Multi-objective optimization, Pareto
optimization, Response-time minimization, Healthcare planning.

I. Introduction

To manage emergency healthcare systems, they are faced with the
challenges of limited capacity, changing priorities, unclear patient flow and time
constraints. There is significant evidence of the increased death toll, congestion,
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and operational costs associated with delays in the provision of ambulances,
beds, clinicians, medicines, blood units and diagnostic equipment [1, 2]. The
traditional allocation methods tend to focus on a specific criterion such as cost
or response time, without considering fairness, service coverage, resource use
and severity of patients. Emergency planning thus must be seen as a problem of
achieving several conflicting goals, all of which must be balanced [3, 4, 5]. Such
a problem can be formulated mathematically as a multi-objective optimization
problem, which gives rise to a set of efficient allocation alternatives, instead of
one solution that is optimized for a single objective. It allows decision makers to
consider the various trade-offs between response time, treatment accessibility,
operating costs, workload balancing, risk of shortage, and clinical outcomes [6,
7]. Comparable solution identification with Pareto-based techniques can help in
making decisions in a transparent and context-sensitive manner, when there are
solutions that can improve one objective but degrade another. The aim of this
study is to create a multi-objective framework for allocation of healthcare
resources in emergency in interconnected facilities and service areas [8, 9]. The
model embodies the resource availability, projected demand, facility capacity,
travel time, patient priority and logistical limitations by means of decision
variables and objective functions. It aims at reducing response time, allocation
expenses, shortage and inequality of allocation along with increasing coverage
and utilization [10, 11]. Comparative experiments are conducted to compare the
approach to the conventional allocation strategies, in cases of demand scenarios.
The resulting framework provides support for decision making during routine
emergencies, mass-casualty incidents and disaster preparedness, thus helping to
increase the system's resilience and enhance patient support [12, 13].

I1. Mathematical Optimization in Healthcare

Healthcare constraints are converted to decisions in mathematical
optimization models, which optimize capacity planning, scheduling, allocation
and service delivery in facilities without excessive costs, delays, shortages and
inefficiencies [14].

Minimize Zy = E{L, I cijx;; (1)

The total operating cost (1) is obtained by adding up the unit allocation
costs for the different regions of demand and health care facilities, which allows
for the economically efficient allocation of resources during emergency
situations, consistently.

H P
Minimize Z, = —[’Slzfﬁjt”x”] @)
[l if 1]

The average emergency response time, which is calculated as the
accumulated travel-time allocations divided by the total assigned resources, is
estimated by Equation (2) and is useful for making decisions about clinical
interventions in a timely manner to provide rapid response services.

Minimize Z; = £}, max[0,d; — /L, x;] (3)
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Equation (3) is used to minimize the amount of shortfalls, by calculating
only the positive value of the difference between regional need and the resources
allocated, this equation would reduce the number of shortfalls and make the
facilities more prepared to deal with emergency patients.

P min(d;zH xi:
Maximize Z, = [ m‘n£d1’zl=1xlj)] @
=1a)]

By comparing the regional demand that is met with the overall demand for
healthcare services, as shown in Equation (4), maximum service coverage is
obtained by distributing limited emergency resources to the maximum number
of patients, fairly.

Iixy < Cyforalli %)

IlLix;+ s;= dj, forall j (6)

Equation (5) ensures that the resources allocated to each facility do not
exceed its capacity, keeping the resource use within limits, preserving stability
in operations and ensuring that the distribution of resources in case of a crisis is
feasible in the healthcare network. The minimum regional demands of the
allocated resources and shortage variables are preserved with the help of
Equation (6), which guarantees that all the required emergency service
requirements are met while making it possible for the optimization model to
determine the shortages.

Erys = \/{(%) ij=1[dj - ZiH=1xij]2} (7

The root mean square allocation error (as in equation (7)) measures
allocation deviations between required and supplied resources, and is a measure
of overall performance in the provision of healthcare that is accurate, balanced,
and demand responsive, with a smaller value representing more accurate,
balanced, and demand responsive allocations of resources overall.

Minimize Z = \/Wlle + WoZ3 + wiZi + sz(1—z4) (®)

Equation (8) has the ability to balance the four objectives (cost, response
time, shortages and uncovered demand) by using weighted squared objectives,
and results in an efficient overall selection of emergency allocation solutions.

II1. Multi-Objective Optimization Techniques

Multi-objective methods consider conflicting healthcare objectives that are
compared in terms of Pareto fronts, weighted sums, evolutionary algorithms and
goal programming with the aim of devising solutions that balance multiple
objectives while producing efficient and equitable allocations of healthcare
resources.

Minimize F(x) = Ef=1kak(x) ©)
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In this case, several health care objectives are used together in a single
scalar objective function via assigned weights, to rapidly determine the efficient
resource allocation in emergency situations that satisfy all health care goals.

(fk(x)_ f};min)
()

This is because objectives measured in different scales can be normalized
in the equation (10) so that proportionately, without numerical bias, all of them
contribute to the optimization of these objectives.

freo S &k = 2,3,.K (11)
The optimization of primary objective while keeping remaining objective
values within the pre-defined epsilon limits in (11) helps to perform systematic

trade-off analysis between emergency healthcare allocation goals and constraints
effectively.

Minimize Fyn = Ji_,wy

(10)

Minimize Z = XK (wid + wid}) (12)

By minimizing both the positive and negative deviations from desired

healthcare targets, weighted by the importance of the achievement, Equation

(12) enables decision makers to reach the desired performance levels for the
resources, cost, response, coverage, and equity at the same time.

2
(Freo~ )

_fmin
()

The smallest distance in the equation (13) is the most desired and balanced
healthcare allocation alternative which is the most desirable and closest to ideal
objective values among all candidate solutions.

( f’£+1_ f;i_l)

The crowding distance calculation as given in equation (14) is used to
prevent the use of same solutions by neighboring individuals in the population,
maintaining population diversity and exploring widely distributed alternatives of

resource-allocation solutions in the objective space efficiently and effectively
with consistency.

x* = argmin, ¢ o J{2,f=1wk[fk<x> - 11} (15)

Equation (15) chooses the compromise solution that is closest to the ideal
solution sets of the objective values, which offers a viable tradeoff between cost,
timeliness, coverage, shortages and utilization.

D() = |{Zkx (13)

CD; = K, (14)
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IV. Emergency Healthcare System Description
The emergency healthcare system is composed of patient, ambulance,

hospital, medical team, beds, equipment and supply networks that are
coordinated to provide timely healthcare in the face of variable demand and

crises.
- »
v

Figure 1
Emergency Healthcare Service Delivery Framework

As shown in Figure 1, the progression of emergency healthcare starts with
identifying the need for emergency care, dispatching it, transporting by an
ambulance, receiving treatment and recovery at the hospital in a coordinated
manner.

Aj(t) = AOj +a; sin(wjt) + € (16)
In this model (in equation (16)), arrival rates of emergency patients reflect

baseline demand, periodic variations and random disturbances, reflecting
realistic temporal variations in the demand for healthcare resources.

dbD;
djt(t)_ = Ajo — Siw — #Djw 7)
Sitey = Zrealirthir(o) (18)
Lij
Tij =ﬁ+ Ti+ 61']' (19)

The changes over time in regional emergency caseloads (patient-demand
evolution) are captured by equation (17) as the difference between arrivals and
completed services and natural departures. To determine the capacity of hospital
services, equation (18) computes the level of efficiency of various resources and
their active amounts, to indicate the level of treatment that can be achieved
during an emergency. Equation (19) provides an approximation of the time it
will take the ambulance to reach the patient from travel distance, vehicle speed,
dispatch wait time and unexpected delays, which will enable correct emergency
transportation planning decisions to be made.

L = J[(pi - pj)2 + (q - Clj)z] (20)
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This equation (20) calculates the straight-line distance between a
healthcare facility and an incident, and is a basic measure for routing
ambulances and for choosing the nearest healthcare facility for an incident.

0
Piw) = (21)

The level of the facility workload is the ratio of patients that arrive to the
total capacity of the facility (Equation 21), which means that it is a measure of
the congestion risk and operational pressure levels.

W =r—t— (22)
[kita - p]

The patient queueing time is estimated by equation (22) which illustrates
the strong dependence of the queueing time on the level of the facility utilization
with service rate, as load levels approach saturation.

B(t) = \/{2}!;1 [aD].z(t)+ [?W]'.Z(t)+ }/7}2(0]} (23)

This was achieved by combining patient demand, waiting time and
response time in a burden measure based on the root of the three variables as
shown in equation (23), which allows for the assessment of overall burden of an
emergency system and its allocation urgency.

V. Resources, Demand, and Decision Variables

The resources are the number of personnel, vehicles, beds, medicines and
equipment; the demand is the number of patients' needs; the decision variables
are the quantities, facilities location, assignments and prioritisation of
scheduling, optimally across facilities.

Qi < Ry, foralliandr (24)

Effectively, Equation (24) restricts the amount of each resource used in
different demand regions to its respective facilities' availability keeping the
infeasible assignments, over-allocation and lack of resource operation during
emergencies at bay.

Il qijy + wyp = Djp, foralljandr (25)

Dy = DXTRY ) - (26)

Allocated resources plus recorded unmet demand are equal to or greater
than regional requirements (25) which enables the model to meet the demands
while accurately and consistently identifying the unmet demands as they are
unavoidable. Effective and clinically useful resource demand calculations for
emergency resource allocation decisions with limited capacity are made with

Equation (26) which calculates the weighted demand across patient categories,
with higher weight given to the critical patient categories.

RE™ = Ry — Zf_1qijr (27)

Residual availability is calculated using equation (27) in order to keep
track of inventory stocks even as they are being allocated and to plan for re-
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distributing and re-stocking at the right time during an emergency across
regions.
2f=1Qijr

]x 100 (28)

Uy = [
i

The value of the allocated quantities in equation (28) describes as a
percentage of available resources, the operational efficiency and indicates a
facility that is under utilising, in balance, or over putting pressure on the

resources during an emergency.

op = J{(g) 50,55 (D = Dyar)’} (29)

The RMSE of the demand from the data of equation (29) measures the
dispersion of demand, which is useful when dealing with a geographically
unequal emergency situation in different areas of the service region and
providing robust allocation.

L e R

The equation (30) computes the allocation fairness of the demand adjusted
provision of emergency healthcare across regions: the higher the value of the
index, the better the overall performance of allocation of emergency healthcare
across regions is.

VI. Result and Discussion

The results show that the multi-objective allocation leads to significant
reductions in response time, shortages, operating cost and workload imbalance,
and increases in coverage, utilization, equity and accessibility of emergency
treatment of regions.

Table 1
Comparative Performance of Healthcare Resource-Allocation Methods
Allocation Method Average | Operatio | Resource | Demand Unmet
Response | nal Cost | Utilization | Coverage | Demand

Time (min) | ($x10%) (%) (%) (%)
Conventional 24.8 186.4 713 78.6 214
Allocation
Single-Objective 19.6 162.8 79.5 84.2 15.8
Optimization
Weighted-Sum 16.7 154.3 85.1 89.7 10.3
Optimization
NSGA-II Optimization 14.2 149.6 89.4 93.5 6.5

Table 1 illustrates improved performance of emergency health services in
allocating care, as measured by the improvement that occurred over time. The
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longest response time, highest operation cost, lowest utilization and maximum
unmet demand are achieved by conventional allocation. Moderate gains can be
achieved with single objective and weighted summarization methods. The
allocation methods by response, cost, utilization and coverage are compared in

Figure 2.
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Figure 2

Comparative Performance Analysis of Emergency Healthcare
Resource Allocation Methods

The combination of NSGA-II yields the best results: a response time of
14.2 Minutes, a cost of $149.6 thousand, an 89.4% utilization and a 93.5%

demand coverage and a total unmet demand of 6.5%.

Table 2
Resource-Allocation Results Under Emergency-Demand Scenarios

Demand Patient Ambulances Beds Fulfilment

Scenario Demand Allocated Allocated Rate (%)
Low Demand 250 18 165 98.4
Moderate 500 31 308 96.8
Demand
High Demand 750 43 446 94.1
Critical 1,000 56 571 90.6
Demand

The number of emergency resources allocated increases with emergency
demand, as shown in Table 2. Patient demand is boosted from 250 to 1,000,
meaning that the ambulances have to be raised from 18 to 56, beds from 165 to
571. The Figure 3 below shows how resources are allocated based on the various

emergency demand levels.
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Figure 3

Emergency Healthcare Resource Allocation across Demand Scenarios

While all these expansions are made, the fulfilment rate is not getting
better but rather it is decreasing a little each day when the demand is low but
drops significantly when the demand is critical, from 98.4% to 90.6% of the
time. This decrease suggests increasing capacity pressures and a capacity
adaptation approach along with reserve resources.

VII. Conclusion

This research provided a multi-objective optimization solution for
emergency health care resources allocation in the case of limited capacity and
uncertain demand. It balances the response time, cost, shortages, coverage,
equity and resource utilisation to deliver balanced solutions for ambulances,
beds, people, medicines and medical equipment. The Pareto-based analysis
helps decision-makers to consider trade-offs and make choices based on clinical
priorities and operational constraints. This shows that the results are obtained
with lower delays, better service coverage, lower resource deficits and a more
balanced workload distribution compared to the traditional single-objective
based approaches. The model thus enhances the ability to be prepared for
emergencies and helps to take timely decisions, based on evidence. The
implications for future research are to incorporate real-time demand forecasting,
dynamic routing, stochastic disruptions and hospital data to make the system
more adaptable, scalable, and applicable.
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