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Abstract

This paper studies a public resource allocation problem in vulnerability-based scholarship assignment with limited budgets
and location-dependent service costs. We propose a mixed-integer linear programming model that integrates direct service
costs, fixed location-activation costs, and stepwise service-capacity costs, while enforcing a mandatory-priority rule for highly
vulnerable applicants. The approach is evaluated using a large-scale case study from the Chilean School Feeding Program
(PAE), with 852,567 applicants and 1,520 institutions. Compared with the ranking-based baseline, the model increases cov-
erage from 382,063 to 390,673 selected applicants while preserving a similar average vulnerability index (87.26 vs. 87.67).
Cost-driven policies select more applicants, up to 435,522, but reduce average vulnerability to 55.76. The results show that
optimization can improve coverage while maintaining vulnerability prioritization.

Keywords: Public sector, School meal benefits, Scholarship assignment, Service-based benefit allocation, Mixed-integer

programming

1. Introduction

The allocation of public resources in education is a global challenge, as governments seek to improve
student retention and academic outcomes while operating under limited budgets. Lower-income popu-
lations benefit disproportionately from investments in basic healthcare and primary and secondary edu-
cation [24], which motivates scholarship programs aimed at vulnerable groups. Nevertheless, available
resources rarely cover all eligible applicants. For example, conditional scholarships increased enrollment
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during Indonesia’s 1998 economic crisis [28], while Chile allocated USD 180 million in 2002 to provide
meals for 1.3 million children [14].

Despite their relevance, scholarship planning and allocation are still frequently based on intuition,
experience, or manual procedures [12]. This motivates quantitative tools that use available budgets more
efficiently while increasing coverage and prioritizing those most in need.

In Chile, public social expenditure is allocated across multiple sectors, with education playing a cen-
tral role. In 2022, the national public budget reached USD 82,135 million, with substantial investments
in healthcare, economic recovery, public safety, children, older adults, and education, among others
[15]. Institutions such as the Ministry of Education, the National Board of School Aid and Scholarships
(JUNAEB), and the National Agency for Research and Development (ANID) provide benefits across dif-
ferent educational levels, from primary education to postgraduate studies. These benefits include food,
transportation, housing, and monetary scholarships. Beyond financial support, scholarships also serve as
incentives for academic achievement and persistence [18].

Scholarship programs can be broadly classified into two types. The first type provides direct in-
centives, typically monetary, where a fixed cost is incurred per beneficiary (potentially varying across
individuals) and is independent of the total number and composition of recipients [30]. An example is
the “Presidente de la Republica” scholarship in Chile [26]. The second type provides services, where the
total cost includes both fixed and variable components that depend on the number and characteristics of
beneficiaries [9].

In Chile, JUNAEB administers the School Feeding Program (PAE), which provides breakfast, lunch,
and an afternoon snack to selected students. As a'service-based program, its cost structure combines a
direct cost per selected applicant, a fixed cost for activating each served educational institution, and a
stepwise capacity cost when additional food-service staff are required [14].

To maintain consistent terminology, throughout the paper we use the term applicant to refer to any
individual considered for the program, selected applicant to refer to an applicant who receives the benefit,
and school meal benefit to refer to the service provided in the case study. The term benefit is used when
referring to the broader class of service-based public programs addressed by the proposed formulation.

Different mechanisms.are used to select scholarship recipients. A common approach consists of defin-
ing a scoring metric to rank applicants, followed by sequential allocation until the budget is exhausted.
However, in practice, some programs may skip candidates in the ranking despite remaining budget. We
refer to this phenomenon as skipping an applicant. This may occur, for example, when the benefit is
non-monetary (e.g., a device with specific technical requirements) and a candidate is not compatible with
the resource [11], or when minimum or maximum quotas on certain attributes must be satisfied, and
assigning the next candidate would violate these constraints [13].

Given this context, there is a need for data-driven analytical methods and mathematical models to
optimize resource allocation [23]. The objective of this work is to develop a modeling framework that
incorporates budget constraints, service scale costs, distribution logistics, and applicants’ socioeconomic
vulnerability to determine an efficient and sustainable allocation of school meal benefits. Rather than
using a broad notion of social impact, the proposed approach explicitly maximizes the total vulnerability
score of selected applicants, while enforcing a mandatory-priority rule for highly vulnerable applicants
and accounting for the cost structure induced by service provision across locations.
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This paper makes three main contributions. First, it formulates service-based public benefit allocation
as a fixed-charge, logistics-aware problem in which the marginal cost of selecting an applicant depends
on the other selected applicants associated with the same location. Second, it proposes a mixed-integer
linear programming model that integrates vulnerability scores, mandatory priority for highly vulnerable
applicants, location activation, and stepwise capacity costs under a common budget. Third, it evaluates
the formulation using a large-scale Chilean PAE case study and quantifies the trade-off among cover-
age, cost efficiency, baseline alignment, and vulnerability prioritization. By explicitly linking individual
priority rules with location-level economies of scale, the framework identifies when deviations from a
strict ranking can improve coverage without substantially weakening the protection of highly vulnerable
applicants.

The remainder of this paper is organized as follows. Section 2 reviews the relevant literature. Section 3
describes the problem setting. Section 4 presents the proposed mathematical model. Section 5 introduces
the case study used to evaluate the approach. Section 6 describes the benchmark policies and performance
metrics. Section 7 reports the computational results. Section 8 discusses the main limitations of the study.
Section 9 presents the main conclusions and directions for future research.

2. Literature Review

The allocation of public resources, particularly in the educational sector, has been extensively studied
from multiple perspectives in the literature, encompassing both economic and social criteria. Given
resource scarcity, the objective is to optimize their distribution while preserving key considerations such
as equity and the prioritization of vulnerable populations.

The present work is positioned at the intersection of three streams of literature. The first stream
studies public resource allocation under equity and efficiency considerations, where decision makers
must balance aggregate performance with the protection of disadvantaged groups. The second stream
addresses logistics and service provision in educational and school feeding programs, where fixed costs,
economies of scale, and spatial distribution play a central role. The third stream focuses on scholarship
and benefit assignment mechanisms, where applicants are typically ranked according to merit, need,
vulnerability, or multi-criteria scores. The methodological gap addressed in this paper arises because
these three dimensions are usually treated separately: equity-oriented allocation models often abstract
from service-scale costs, logistics models typically focus on suppliers or distribution networks rather than
applicant-level selection, and scholarship-selection methods frequently rank applicants without explicitly
modeling location-dependent cost structures.

In the healthcare domain, the fair allocation of scarce resources has been widely analyzed. For in-
stance, Anahideh et al. [1] propose an approach to equitably distribute vaccines during the COVID-19
pandemic by incorporating geographic diversity and socioeconomic vulnerability. Their work introduces
an optimization model that minimizes equity gaps across subgroups while ensuring protection for disad-
vantaged populations. Resource allocation has also been studied in other contexts such as public safety.
In this setting, Baycik et al. [4] address the problem of allocating resources between intelligence op-
erations (information gathering on drug trafficking networks) and interdiction operations (arrests and
seizures), with the objective of maximizing law enforcement effectiveness at the city level.
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The equity—efficiency tension is also closely related to the broader operations research literature on
fairness in resource allocation. For example, Bertsimas et al. [5] formalize the concept of the “price of
fairness”, showing how imposing fairness-oriented allocation rules may reduce system efficiency relative
to purely efficiency-maximizing solutions. This perspective is relevant to the present setting because
protecting highly vulnerable applicants may reduce the number of selected applicants, whereas purely
cost-driven policies may increase coverage at the expense of selecting less vulnerable populations. The
proposed model explicitly captures this tension by combining an efficiency-oriented budget constraint
with a mandatory-priority rule for applicants above a vulnerability threshold.

From a broader perspective, Aray et al. [2] analyze the role of political considerations in public re-
source allocation decisions and highlight cases where operations research solutions are not directly imple-
mented. Similarly, Mayerle et al. [23] develop an optimization framework to improve resource allocation
in public education systems, focusing on the interaction between students, schools, classes, teachers,
and classrooms. The problem consists of determining an optimal matching under capacity constraints to
enhance efficiency in the use of public resources.

Regarding the challenge of managing limited resources while satisfying logistical constraints and
addressing the needs of vulnerable populations, Souza et al. [27] study the allocation of individuals to
shelters and the distribution of humanitarian aid in disaster and emergency contexts.

In the educational domain, the integration of social and economic criteria is essential. For example,
Bouzarth et al. [7] address the assignment of students to schools by minimizing transportation costs and
socioeconomic disparities between institutions. The problem is initially formulated as a nonlinear model
and subsequently linearized, allowing it to be solved as a mixed-integer linear program. Similarly, May-
erle et al. [23] propose a simultaneous optimization framework that considers both supply (infrastructure,
teachers, classrooms) and demand (students), incorporating capacity and spatial distribution constraints
within the educational system.

The logistical dimension of school feeding programs has also received increasing attention. For in-
stance, Granillo et al. [16] develop a socially-oriented optimization model for school breakfast delivery,
combining clustering techniques with socioeconomic variables and achieving significant reductions in
distribution costs. At a larger scale, Mahadevan et al. [22] apply operations research techniques to a
feeding program in India, obtaining substantial savings in routing and resource allocation, which en-
abled program expansion. Similarly, Aydemir et al. [3] propose a multi-objective approach for designing
distribution networks in Turkey, emphasizing trade-offs between cost, delivery times, and environmental
sustainability. These studies demonstrate that optimization and routing methodologies have a measurable
impact on both logistical efficiency and program equity.

The importance of equity and efficiency in educational resource allocation is also reflected in studies
focused on scholarship programs. For example, Huang et al. [18] analyze incentive mechanisms to im-
prove academic performance through scholarship allocation, while Puspitasari et al. [25], Latumakulita
et al. [20], and Wimatsari et al. [29] employ multi-criteria decision-making approaches (e.g., Analytic
Hierarchy Process (AHP) and fuzzy methods) to identify suitable candidates for scholarships. These ap-
proaches incorporate both socioeconomic and academic data to maximize social impact. In a related line
of work, Durén et al. [13] develop mathematical models for selecting applicants to a graduate program,
accounting for equity and socioeconomic vulnerability.
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The Chilean case is particularly relevant due to the scale of its student support programs. The National
Board of School Aid and Scholarships (JUNAEB) faces the challenge of optimizing the allocation of
public resources for school feeding programs, ensuring retention and academic success among vulnerable
students. Although advanced analytical models for the direct allocation of these benefits are limited,
related optimization tools have been developed. For example, Epstein et al. [14] apply mixed-integer
programming techniques to assign contracts to school meal providers, solving a large-scale and complex
problem. Subsequently, Cataldn et al. [8] improve computational performance through scenario ordering
strategies, highlighting the relevance of optimization techniques in public policy applications.

Beyond the educational context, public resource allocation has been addressed using a variety of
methodologies. Lozano et al. [21] and Contreras et al. [10] propose optimization models for centralized
resource allocation in the Spanish public university system, incorporating lexicographic goal program-
ming and negotiation-based approaches among multiple stakeholders. Similarly, Karakaya et al. [19]
present a hierarchical bi-objective model for location and allocation decisions in maternal-neonatal care
systems in Turkey, aiming to improve access and reduce transportation costs.

Despite these contributions, scholarship allocation in higher education institutions is often still based
on subjective judgment or informal procedures. For instance, Gross et al. [17] show that merit- and
need-based allocation criteria are frequently supported by incomplete data and non-rigorous processes,
potentially leading to inefficient or inequitable outcomes. Likewise, Boatman et al. [6] argue that even
with substantial funding, the absence of a clear analytical framework limits the effectiveness of scholar-
ship programs, highlighting the importance of integrating statistical analysis with expert judgment.

In contrast to these related streams, the allocation problem studied in this paper concerns service-
based public benefits assigned at the applicant level but delivered through geographically distributed
locations. This creates a distinctive modeling structure. On the one hand, the decision maker must
account for individual vulnerability scores and priority rules, as in scholarship and benefit assignment
problems. On the other hand, the cost of selecting an applicant is not purely individual: it depends on
whether the associated location is activated and on the number of selected applicants already served at
that location. Therefore, the problem combines applicant-level selection, location-level fixed charges,
stepwise service-capacity costs, and a fixed per-period budget.

Existing work on_school feeding programs has demonstrated the value of optimization for contract
allocation and distribution-network design [3, 8, 14, 16, 22]. However, these studies primarily ad-
dress provider selection, routing, logistics, or network design decisions. They do not directly model
the applicant-level allocation of benefits under a vulnerability-based priority rule and location-dependent
service costs. Similarly, multi-criteria scholarship selection approaches [18, 20, 25, 29] are useful for
ranking or scoring candidates, but they generally do not capture the nonseparable cost structure induced
by delivering a recurring service through shared locations.

Motivated by this gap, this paper proposes a mathematical optimization framework for allocating
service-based public benefits to ranked applicants under a fixed per-period budget. The model allows de-
viations from a strict ranking-based policy when such deviations improve coverage, but it also enforces a
mandatory-priority rule for applicants above a predefined vulnerability threshold. In doing so, the formu-
lation provides a structured way to quantify the trade-off between preserving vulnerability prioritization
and exploiting location-level economies of scale.
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3. Problem Description

We consider a set Z of applicants to a service-based public benefit program with a known periodicity,
where benefits are not automatically renewed (i.e., applicants must reapply in each period). Applicants
are ranked according to a nonnegative real-valued vulnerability index, denoted by V; € R for each ap-
plicant. Higher values of V; indicate greater socioeconomic vulnerability, whereas lower values indicate
lower vulnerability. The mathematical formulation does not require V; to be integer. In the empirical
application, the vulnerability index is normalized on a scale from 1 to 100, allowing applicants to be
consistently prioritized according to their socioeconomic vulnerability.
A vulnerability threshold V' defines the mandatory-priority set

It={ieZ:V,>V}

The model requires all applicants in Z* to be selected whenever this rule is feasible under the avail-
able budget. Otherwise, the deterministic formulation becomes infeasible, indicating that the threshold,
budget, or priority rule must be revised or relaxed through penalties or a lexicographic formulation.

The benefit provides a standardized service to selected applicants; incurring a constant direct service
cost of C' monetary units per applicant in the empirical application. This cost is referred to as the direct
service cost. It represents the unit cost directly associated with serving an applicant, independently of
where the service is delivered.

The service is delivered at a set of predefined locations /N, such as schools, service centers, local
facilities, or other institutional locations. Each applicant is associated ex ante with exactly one location;
this association is an input of the problem rather than a decision. The binary parameter U, equals 1 if
applicant 7 is associated with location 7, and the corresponding applicant set is Q,, = {i € Z : Uy, = 1}.
Activating a location requires incurring a fixed cost of L,, monetary units per period whenever at least one
applicant associated with location n is selected. This cost is referred to as the fixed location-activation
cost or fixed logistical cost.

Providing the service may also require discrete capacity resources. At location n, each capacity unit
serves up to K, selected applicants and costs GG,, monetary units. Consequently, selecting between 1 and
K, applicants requires one unit, selecting between K, + 1 and 2K, requires two, and so on. We refer to
this component as the stepwise service-capacity cost.

The decision maker has a non-transferable budget of P monetary units in each allocation period and
must select applicants to maximize total vulnerability while covering direct, fixed logistical, and stepwise
capacity costs and enforcing the mandatory-priority rule.

4. Solution Approach

The proposed solution approach is based on a mixed-integer linear programming (MILP) model. Its
formulation relies on the sets, indices, parameters, and decision variables defined in Table 1.

The formulation can be interpreted as a fixed-charge, stepwise-cost allocation model with applicant-
level benefits and location-level cost coupling. In a purely ranking-based policy, each applicant is con-
sidered sequentially according to the vulnerability index, and the ranking itself determines the allocation
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order. In the proposed model, by contrast, the decision to select an applicant depends jointly on the appli-
cant’s vulnerability score, the activation status of the associated location, and the service-capacity units
already required at that location. This coupling is precisely what allows the model to exploit economies
of scale while preserving a mandatory-priority rule for highly vulnerable applicants.

This structure also clarifies the methodological role of the binary location variables y,, and the integer
service-capacity variables H,,. The variables y,, capture the fixed-charge nature of serving a location,
while the variables H,, represent the stepwise capacity expansion required as more applicants are selected
at the same location. Thus, the model does not merely select applicants independently under a budget
constraint; it jointly determines which applicants and locations should be served, and how much location-

level capacity is required to support the resulting allocation.

Table 1. Model notation

Set Definition
T Set of applicants to the benefit program
N Set of locations where the service-based benefit is provided A
It Subset of mandatory-priority applicants, definedas ZT = {i € Z: V; > V'}
Index Definition
1 Index associated with applicants, ¢ € Z
n Index associated with locations, n € N’

Parameter Definition

P Available budget for the benefit program

C Constant direct service cost per applicant in the empirical application
K, Maximum number of selected applicants that can be served by one service-capacity unit at location n
Gy, Stepwise service-capacity cost per capacity unit at location n

L, Fixed location-activation or logistical cost incurred when location n is served

Vi Nonnegative real-valued vulnerability index of applicant 7, V; € R ; higher values indicate greater

vulnerability

Uin Binary parameter equal to 1-if applicant ¢ is associated with location n

Qn Subset of applicants exogenously associated with locationn, Q, = {i € Z: U;,, = 1}

1% Vulnerability threshold used to define the mandatory-priority set Z+

Variable Definition

x; Binary variable equal to-1 if applicant ¢ is selected to receive the benefit, and O otherwise

Yn Binary variable equal to 1 if at least one applicant is selected at location n, and 0 otherwise

H, Integer variable representing the number of service-capacity units required at location n

The objective function maximizes the total vulnerability of the selected applicants, as defined in (1):

max Vi x; 1

2 Vi M
The constraints ensure that all costs associated with providing the benefit are considered within the
available budget, that locations are activated whenever at least one applicant is selected, that the stepwise
service-capacity structure is properly represented, and that all applicants in the mandatory-priority set
I are selected whenever the resulting allocation is feasible. The model is defined by the following

constraints:

C> i+ Ln-ynt+ Y Gn-H, <P (2)

i€l neN neN
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Z >y, VneN
1€EQn

in <|Qunl Yy YnenN
1€EQn

>
e o H VYneN (4)

n

v e{0,1} Viel
y, €{0,1} VneN (6)
H,€Zi YneN

The role of each constraint is as follows. Constraint (2) enforces the budget limit P by accounting
for all cost components: (i) the constant direct service cost per applicant in the empirical application, (ii)
the fixed location-activation or logistical cost incurred when a location is served, and (iii) the stepwise
service-capacity cost required to provide the benefit at each location.

In the empirical application, the direct service cost is represented by the scalar parameter C' because
the school meal package is standardized across applicants within the studied region. Nevertheless, the
formulation can accommodate heterogeneous direct service costs without modifying its underlying struc-
ture. If costs vary across applicants, the term C') . _; x; in constraint (2) can be replaced by .., C;;,
where C; denotes the direct service cost of applicant 7. If direct service costs vary by location or re-
gion, they can instead be represented by > .- Cy, ZieQn x;, where C,, denotes the direct service cost
applicable to applicants associated with location n.

The two inequalities in constraint (3) jointly impose the correct logical relationship between applicant
selection and location activation. The first inequality prevents the activation of an empty location: if
yn = 1, at least one applicant in (),, must be selected. The second inequality ensures that selecting any
applicant in ), forces y, = 1; equivalently, if y,, = 0, it forces ZieQn x; = 0. The location-specific
coefficient |(),| provides a tighter upper bound than the global coefficient |Z|. Because each applicant’s
location is fixed in the input data through U;, and (), the single-indexed decision variable z; is suffi-
cient. A double-indexed variable x;, would be required only if assigning applicants to locations were
itself a decision. Constraint (4) captures the stepwise structure of service-capacity requirements by deter-
mining the number of capacity units of size K,, required at each location, thereby defining the resource
usage variable H,,. Constraint (5) enforces the mandatory-priority rule by selecting all applicants whose
vulnerability index is at least V. Finally, constraints (6) define the domain of the decision variables.



Vulnerability-Based Scholarship Allocation 9

5. Case Study

The case study is based on the School Feeding Program (PAE) administered by the National Board of
School Aid and Scholarships (JUNAEB) in Chile. The problem addressed concerns the allocation of
school meal benefits to students, which are delivered through the educational institutions they attend.
The operational data used in this study were obtained directly from JUNAEB’s institutional databases,
including information on applicants, educational institutions, vulnerability indices, location assignments,
budget levels, and the cost components required to represent the allocation problem.

For confidentiality reasons, the data were perturbed before conducting the computational experiments.
The perturbation process was designed to preserve the main empirical distributions observed in the origi-
nal databases, including the distributions of vulnerability scores, the geographic distribution of applicants
and educational institutions, and the relative structure of the cost parameters. In addition, the perturbed
instance was calibrated to remain consistent with the scale of the actual program, including the order of
magnitude of the available budget and the number of selected applicants under the baseline allocation
rule. Therefore, the instance used in this paper should be interpreted as a representative and calibrated
version of the real operational setting, rather than as an exact reproduction of the confidential JUNAEB
databases.

The baseline policy used in the computational experiments, referred to as Policy 1, reflects the opera-
tional rules used by JUNAEB to prioritize and assign school meal benefits. In particular, it represents a
ranking-based allocation rule in which applicants are ordered according to their vulnerability index and
selected sequentially while the available budget allows the service to be provided. This policy was not
defined as an ad hoc heuristic for this study; rather, it was constructed from JUNAEB’s allocation rules
and contrasted against real allocation data to verify that it reproduces the main aggregate patterns of the
current assignment procedure.

Although the benefit is conceptually assigned at the individual level, its implementation is carried out
at the school level. In other words, the service provider receives a budget to deliver school meal benefits
to the selected applicants attending each institution. Consequently, cost structures depend not only on the
number of selected applicants but also on their geographic distribution and on how service-capacity and
logistical resources are coordinated to provide the benefit.

The case study focuses on the Santiago Metropolitan Region, which includes 852,567 potential benefi-
ciaries (applicants) across 1,520 educational institutions. To deliver the program in this region, JUNAEB
operates under a total budget of 300 million monetary units. School meal benefits are allocated based on a
nonnegative real-valued vulnerability index V;, normalized on a scale from 1 to 100, where higher values
indicate greater vulnerability. The provision of the benefit involves three main cost components: direct
food costs incurred for each selected applicant, fixed delivery or logistical activation costs incurred when
an institution is served, and stepwise staffing costs associated with the personnel required to prepare and
serve meals. Table 2 summarizes the values, ranges, and empirical specifications of the parameters used
in the computational analysis.

The stepwise staffing component introduces an important structural feature of the problem, namely the
presence of economies of scale in scholarship allocation. For example, at least one food-service worker
is required for any institution with at least one beneficiary, and each worker can serve up to 70 students,
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Table 2. Parameters used in the empirical analysis

Parameter

Meaning

Value or empirical
specification

Treatment in the case study

IZ|
V]

Number of applicants

Number of educational
institutions

Available budget

Vulnerability index
Mandatory-priority threshold
Constant direct service cost per
applicant

Applicants served by one
service-capacity unit

Cost per service-capacity unit at
location n

Fixed activation or logistical
cost at location n
Applicant-location association
Applicants associated with
location n

852,567 applicants
1,520 institutions

300,000,000 monetary units
Real-valued, 1 < V; < 100
80 in the main experiment
Constant perturbed monetary
coefficient

70 applicants

Location-specific perturbed
monetary coefficients
Location-specific perturbed
monetary coefficients
Binary, U;,, € {0,1}
Qn:{iEI:Uinzl}

Obtained from JUNAEB’s operational database
Obtained from JUNAEB’s operational database

Calibrated to the scale of the operational allocation

Perturbed while preserving the empirical vulnerability distribution

DefinesZt = {i € Z:V; >V}

Constant because the school meal package is standardized in the studied region
One food-service staffing unit can serve up to 70 applicants

Preserves the relative empirical structure of staffing costs

Preserves the relative empirical structure of location-level delivery costs

Each applicant is associated with exactly one observed educational institution
Derived from the observed applicant—institution associations

Note. The exact perturbed monetary coefficients used for C, G,,, and L,, are not reproduced because they were derived
from confidential operational information. The complete perturbed coefficients were used in‘all computational experiments
and are subject to the conditions stated in the data availability declaration.

as represented by parameter [, in Table 2. Thus, an institution serving up to 70 beneficiaries requires

one staffing unit, whereas serving 71 beneficiaries requires a second staffing unit, increasing the staffing
cost discretely. Therefore, both the number of beneficiaries and their distribution across schools have a
significant impact on total costs.

Additionally, the region exhibits both urban and rural areas, leading to heterogeneous cost structures.
Urban areas typically have higher concentrations-of applicants and lower delivery costs, whereas ru-
ral areas have lower student density and higher logistical activation costs. Figure 1 presents the spatial
distribution of average vulnerability by school (blue indicating higher vulnerability and red lower vulner-
ability). Figure 2 illustrates the spatial variation in fixed delivery or logistical activation costs for serving

each institution, where red indicates lower costs and blue higher costs.

Distribution of the Vulnerability Index

100
~33.0 l
- 80
-33.2 A
S -33.4
s L 60
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w —33.6
=
=
=
® 338 - - 40
~34.0 {
- 20
~34.2 1
—71.75-71.50-71.25-71.00-70.75-70.50-70.25-70.00-69.75

Longitude (DMM)

Figure 1. Spatial distribution of average vulnerability index by educational institution.

As observed, some rural schools exhibit high transportation costs and relatively few potential bene-
ficiaries, while urban areas concentrate a larger number of applicants with lower logistical costs. The
challenge is to allocate scholarships to students—considering both individual characteristics and their as-
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Spatial Distribution of Logistical Costs
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Figure 2. Spatial distribution of logistical costs across educational institutions.

sociated institutions—in a way that maximizes the impact of the program without exceeding the available
budget.

6. Computational Experiments

To evaluate the performance of the proposed approach, we compare it against several allocation policies,
including the one currently implemented by JUNAEB. The comparison is conducted using performance
metrics that are relevant to the problem setting. “The benchmark policies and evaluation metrics are
described below.

6.1. Policies

To assess the performance of the proposed solution, denoted by SP, we compare it with five benchmark
allocation policies. Policy 1 represents the ranking-based operational baseline derived from JUNAEB’s
assignment rules and validated against real allocation data. Policies 2 and 3 are constructive allocation
rules designed to emphasize marginal cost efficiency and location-level economies of scale, respectively.
Policies 4 and 5 are optimization-based benchmarks. Detailed pseudocode for Policies 1-3 is provided
in Appendix A as supporting material for transparency and reproducibility.

6.1.1. Allocation Policy 1

Under Policy 1, applicants are sorted in decreasing order of their vulnerability index V; and selected
sequentially while the resulting allocation remains within the available budget. Once the next applicant
in the ranking cannot be selected without exceeding the budget, the allocation procedure stops. Conse-
quently, applicants cannot be skipped. Policy 1 is used as the baseline because it represents JUNAEB’s
operational ranking-based assignment logic. It was constructed from the institutional allocation rules and
contrasted with historical allocation data to verify that it reproduces the principal aggregate characteris-
tics of the current procedure. The implementation is detailed in Algorithm 1 in Appendix A.
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6.1.2. Allocation Policy 2

Policy 2 selects, at each iteration, the applicant with the lowest marginal assignment cost. This marginal
cost includes the direct service cost and any additional fixed location-activation or stepwise service-
capacity cost induced at the applicant’s educational institution. The procedure continues while an addi-
tional applicant can be selected without exceeding the available budget. Its implementation is detailed in
Algorithm 2 in Appendix A.

6.1.3. Allocation Policy 3

Policy 3 seeks to exploit location-level economies of scale while retaining vulnerability prioritization.
The procedure first selects the most vulnerable applicant who has not yet been selected and then consid-
ers additional high-vulnerability applicants from the same educational institution, up to the corresponding
service-capacity block. Applicants are added while the remaining budget permits, preserving the vulner-
ability order within the institution. The procedure is repeated until no further feasible selection can be
made. Its implementation is detailed in Algorithm 3 in Appendix A.

6.1.4. Allocation Policy 4

This allocation policy seeks to maximize the total vulnerability of the selected applicants. To do so, it uses
the optimization model proposed in Section 4, removing the mandatory-priority vulnerability constraint
(constraint (5)).

6.1.5. Allocation Policy 5

Finally, this policy seeks to maximize the total number of selected applicants without considering the
vulnerability index V;. To do so, it uses the optimization model proposed in Section 4, replacing the
objective function with the following:

max E ZT;

6.2. Performance Metrics

To compare the performance of the proposed approach against the five policies described above, we
define the following evaluation metrics:

1. Direct cost percentage: This metric measures the proportion of total expenditure corresponding to
direct costs.

2. Number of selected applicants: This metric counts the total number of applicants selected to
receive the benefit.

3. Baseline-displaced applicants: This metric measures the deviation of a policy from the baseline
ranking-based allocation. Let S' denote the set of applicants selected under Policy 1, and let S?
denote the set of applicants selected under policy p. The number of baseline-displaced applicants
is defined as |S' \ SP|. Therefore, this metric does not measure “skipping” in an absolute ranking
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sense; rather, it counts how many applicants selected by the baseline policy are not selected by the
policy being evaluated.

4. Average vulnerability index of selected applicants: This metric computes the average vulnerabil-
ity index of the applicants selected to receive the benefit.

5. Position of the last selected applicant: This metric reports the ranking position of the last selected
applicant in the list sorted by vulnerability index.

It is important to distinguish between baseline displacement and ranking-based skipping. The former
is measured relative to Policy 1, which is used as the baseline allocation rule. The latter refers to selecting
lower-ranked applicants while leaving higher-ranked applicants unselected. In this study, the baseline-
displacement metric is used to quantify how much each policy departs from the current ranking-based
allocation, whereas the position of the last selected applicant provides complementary information on
how far into the ranking each policy reaches.

7. Results

To evaluate the performance of the proposed policy relative to the policies described in Section 6.1,
we consider the instance associated with the JUNAEB case study. As described in Section 5, this in-
stance was constructed from JUNAEB operational databases, perturbed to protect confidentiality while
preserving the main empirical distributions and calibrated against the current allocation procedure. All
models and algorithms were implemented in Python 3.10 and executed on the Cedar cluster of the Digital
Research Alliance of Canada. The optimization models were solved using GUROBI 9.5.

The resulting optimization model is large-scale, but its variable structure follows directly from the
formulation presented in Section 4. Specifically, the model includes one binary variable z; for each
applicant 7 € Z, one binary activation variable v,, for each location n € N, and one nonnegative integer
variable H,, for each location n. € N.. Thus, the formulation does not require a binary decision variable
for each applicant—location pair; applicant—location associations are captured through the input sets @),
and the assignment parameters. U, .

The computational effort was mainly associated with preparing the large-scale instance, including data
preprocessing, construction of the applicant-location sets, parameter generation, and model instantiation.
Once the instance was constructed, the optimization model was solved within approximately two hours.
This distinction is important because the reported preprocessing and model-generation effort should not
be interpreted as solver time.

For the case study, with 852,567 applicants and 1,520 locations, this structure leads to 852,567
applicant-selection binary variables, 1,520 location-activation binary variables, and 1,520 integer service-
capacity variables, in addition to the corresponding budget, activation, capacity, and priority constraints.

7.1. Metrics

Table 3 summarizes the performance of each policy across the defined metrics. The proposed solution
is denoted as SP. In the main experiment, the vulnerability threshold was set to VV = 80. This value
should be interpreted as a policy parameter rather than as an estimated statistical cutoff. It defines the
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set of applicants who receive mandatory priority in the allocation process and, consequently, controls
the trade-off between protecting highly vulnerable applicants and allowing flexibility to improve overall
coverage.

The choice of V' = 80 was used as the main scenario because it represents a high-vulnerability thresh-
old on the normalized vulnerability scale and provides a clear policy interpretation: applicants in the
upper segment of the vulnerability distribution are treated as mandatory-priority applicants. Before solv-
ing the proposed model, we verified that the mandatory-priority set Z+ = {i € Z : V; > 80} was feasible
under the available budget. Therefore, constraint (5) represents an enforceable policy requirement in the
evaluated instance.

Because the threshold directly affects the feasible set and the allocation pattern, the results reported
below should be interpreted as conditional on the policy choice V' = 80. Different values of V' would
induce different mandatory-priority sets and, therefore, potentially different coverage-equity trade-offs.
Thus, in practical implementations, V' should be selected by the decision maker according to the desired
level of protection for highly vulnerable applicants, and sensitivity analyses over alternative threshold
values should be used to support that choice.

Table 3 reports the main results using Policy 1 as the reference point. Rather than highlighting only
the best value in each column, the table includes the change in coverage and average vulnerability relative
to the ranking-based baseline. This format is intended to make the policy trade-offs explicit: for exam-
ple, a policy may increase the number of selected applicants while substantially reducing the average
vulnerability of the selected population. The proposed solution (SP) is emphasized because it corre-
sponds to the model proposed in this paper, and its performance should be interpreted as a compromise
between improving coverage, preserving vulnerability prioritization, and remaining close to the baseline
allocation.

Table 3. Comparison of allocation policies relative to the ranking-based baseline

Policy Direct cost Selected A selected Avg. vuln. A vuln. Baseline-displaced Last rank

(%) applicants vs. P1 index vs. P1 applicants  selected
P1 68.6 382,063 - 87.67 - N/A 382,063
P2 77.0 @ 428,335  +46,272 55.76  -31.91 266,176 852,566
P3 70.0 393,736  +11,673 86.36  -1.31 19,952 852,552
P4 74.5 414,666  +32,603 8523  -2.44 40,782 578,954
P5 78.2 435,522 +53,459 5790 -29.77 248,936 852,566
SpP 70.2 390,673 +8,610 87.26 -041 12,334 482,052

Note. Changes are computed relative to Policy 1, the ranking-based baseline. Positive values in A selected indicate ad-
ditional selected applicants relative to the baseline, whereas negative values in A vulnerability indicate a reduction in the
average vulnerability index. The SP row is emphasized because it corresponds to the proposed solution. Its interpretation
is not that it maximizes a single metric, but that it increases coverage while preserving an average vulnerability index
close to the baseline and producing the lowest number of baseline-displaced applicants among the non-baseline policies.

The results reveal clear trade-offs between efficiency (coverage and cost structure) and equity (vul-
nerability prioritization).

Policies 2 and 5 achieve the highest number of selected applicants, with 428,335 and 435,522 selected
applicants, respectively. This is consistent with their objective of prioritizing cost efficiency, which is



Vulnerability-Based Scholarship Allocation 15

also reflected in the highest proportion of direct costs (up to 78.2%). However, this comes at the expense
of equity, as these policies select significantly less vulnerable applicants, resulting in substantially lower
average vulnerability indices (55.76 and 57.9, respectively).

In contrast, Policy 1 prioritizes vulnerability, achieving the highest average vulnerability (87.67) and
selecting applicants strictly according to the ranking. However, this results in the lowest coverage, with
382,063 selected applicants, indicating an efficiency loss in terms of the number of applicants served.

Policies 3 and 4 provide intermediate behaviors, partially improving coverage while still prioritizing
vulnerable applicants. However, they also displace a non-negligible number of applicants selected by
the baseline policy, as measured by the baseline-displacement metric. This indicates that their coverage
gains are achieved by modifying the composition of the baseline allocation.

The proposed solution (SP), under the threshold V' = 80, achieves a balanced petformance. It main-
tains a high average vulnerability (87.26), very close to Policy 1, while increasing the number of selected
applicants compared to Policy 1. Additionally, it results in the lowest number of baseline-displaced
applicants (12,334), indicating strong alignment with the baseline allocation while improving overall
efficiency.

The redesigned comparison in Table 3 also shows why selecting a single “best” policy based only on
column-wise maxima can be misleading. Policy 5, for instance, provides the largest increase in coverage
relative to Policy 1 (+53,459 applicants), but this gain is accompanied by a large reduction in average
vulnerability (-29.77 points) and a substantial displacement of applicants selected by the baseline policy.
In contrast, SP produces a smaller but meaningful coverage increase (+8,610 applicants), while reducing
the average vulnerability index by only 0.41 points and displacing 12,334 baseline applicants. Thus,
SP should be interpreted as a policy-oriented compromise rather than as a solution that dominates all
alternatives in every metric.

Overall, these results suggest that, for the selected threshold value, the proposed approach provides a
favorable compromise between maximizing coverage and preserving vulnerability prioritization. There-
fore, the performance of SP should not be interpreted as unconditional dominance over all alternatives,
but rather as the outcome of a policy design that explicitly protects applicants above the mandatory-
priority threshold while using the remaining budget more efficiently.

7.2. Spatial analysis

This section presents the spatial distribution of scholarship allocations across schools in the Santiago
Metropolitan Region. Each point represents an educational institution. Blue indicates that more than
70% of applicants at the institution were selected, yellow represents between 51% and 70%, red between
31% and 50%, and black indicates less than 30%.

Figure 3 presents the allocation maps for all policies. From left to right and top to bottom, the figures
correspond to Policies 1 through 5, followed by the proposed solution.

The spatial patterns highlight important differences between policies. Policy 1 concentrates allocation
in rural areas, which tend to have higher vulnerability levels. In contrast, Policies 2 and 5 prioritize urban
areas, where logistical costs are lower, leading to a higher number of beneficiaries but at the expense of
excluding vulnerable rural populations.

Policies 3 and 4 partially improve upon the baseline allocation, increasing coverage across institutions
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Figure 3. Comparison of Spatial Allocations across Policies

while maintaining some focus on vulnerable areas.

The proposed solution exhibits a hybrid behavior. It preserves strong coverage in rural areas—similar
to Policy 1—while also increasing allocation in urban zones, particularly in the southern part of Santiago.
This demonstrates its ability to balance geographical equity and cost efficiency.

Compared to Policy 1, the proposed approach expands coverage without significantly compromising
the allocation to highly vulnerable regions. In contrast, Policies 2 and 5 achieve higher coverage by con-

centrating almost exclusively on low-costurban areas, effectively neglecting the initial target population
prioritized by Policy 1.

7.3. Comparison of allocation dynamics

Figure 4 compares the cumulative allocation across policies relative to Policy 1. The horizontal axis
represents applicants ordered by vulnerability, while the vertical axis shows the cumulative number of
selected applicants. The blue line corresponds to Policy 1.

The allocation dynamics provide additional insight into the behavior of each policy.

Policies 2 and 5 exhibit strongly convex (parabolic-like) curves, indicating that they allocate scholar-
ships primarily to applicants located further down in the vulnerability ranking. As a result, they reach a
much larger portion of the ranking but also displace many applicants selected by the baseline ranking-
based policy.

Policies 3 and 4 deviate moderately from Policy 1. They select more applicants than the baseline
policy, but this improvement is accompanied by changes in the composition of selected applicants. This
is reflected both in their baseline-displacement values and in the fact that their last selected applicants are
located further down in the vulnerability ranking.
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Figure 4. Comparison of allocation dynamics across policies

The proposed solution closely follows the allocation pattern of Policy 1 for applicants in the mandatory-
priority segment defined by V' = 80. Once this requirement is satisfied, the model uses the remaining
budget to improve coverage, which may involve selecting some lower-ranked applicants instead of some
applicants selected by the baseline policy. This explains why SP reaches position 482,052 in the ranking
while still maintaining a low number of baseline-displaced applicants relative to the other non-baseline
policies.

This behavior explains its strong performance in the main scenario: it preserves the allocation of
highly vulnerable applicants protected by the threshold, remains close to the baseline policy, and still
improves overall coverage. At the same time, these conclusions are conditional on the selected value of
V, since a higher or lower threshold would modify the mandatory-priority set and the degree of flexibility
available to the model.

8. Limitations

Several limitations should be considered when interpreting the results. First, although the case study uses
operational data from JUNAEB, costs, prices, and vulnerability indices were perturbed to protect con-
fidentiality. The perturbation preserved the main empirical distributions and relative structures, and the
instance was calibrated against the actual allocation procedure. Therefore, the results are representative
of the operational setting but do not reproduce the confidential database exactly.

Second, the empirical analysis is limited to the Santiago Metropolitan Region. Although this re-
gion contains heterogeneous urban and rural areas, it does not capture all geographic, logistical, and
administrative conditions present elsewhere in Chile. Consequently, the numerical results should not be
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generalized to the national system without additional regional analyses.

Third, the model is deterministic and assumes that applicants, vulnerability scores, costs, capacities,
and institutional assignments are known when decisions are made. In practice, attendance, demand,
operational costs, and supply conditions may be uncertain. Moreover, the cost structure abstracts from
routing, procurement constraints, supplier heterogeneity, menu-specific costs, and detailed labor schedul-
ing. Finally, although applicant-level decisions are linked to location-level costs, the formulation does not
capture within-school factors such as daily attendance variability, grade-specific service requirements, or
additional administrative rules. These elements constitute relevant extensions for future decision-support
models.

9. Conclusions

This paper addresses a public resource allocation problem, specifically the assignment of school meal
benefits under budget, logistical, and service-capacity constraints. We develop and evaluate several allo-
cation policies, including a mixed-integer linear programming model thatincorporates budget constraints,
location-dependent costs, stepwise service-capacity requirements, and applicants’ socioeconomic vulner-
ability.

The results show that alternative policies may perform well with respect to specific metrics, but often
at the expense of other relevant dimensions. In contrast, the proposed approach does not necessarily
achieve the best value in any single metric; however, it consistently delivers strong performance across
all evaluated criteria. This makes it a more robust and balanced solution compared to the benchmark
policies.

Furthermore, the results highlight the importance of an appropriate mathematical formulation. Al-
though Policy 4 also relies on an optimization model, it does not achieve the same performance as the
proposed approach. The inclusion of the mandatory-priority vulnerability constraint plays a key role,
as it ensures that applicants above the predefined vulnerability threshold are selected, while still allow-
ing flexibility in the allocation of the remaining budget. In particular, the model behaves similarly to a
ranking-based policy within a critical vulnerability range, while retaining the ability to improve overall
efficiency beyond that range.

From a policy perspective, the proposed methodology provides a flexible and practical decision-
support tool. It enables decision makers to balance equity and efficiency, ensuring that highly vulner-
able applicants are not excluded while increasing overall coverage. In addition, the parameter 1/ can be
adjusted to control the degree of mandatory protection assigned to highly vulnerable applicants, allow-
ing the model to adapt to different policy objectives and budget scenarios. Since this parameter directly
shapes the feasible set and the resulting allocation, its value should be selected as part of the policy-design
process and supported by sensitivity analyses.

Overall, the proposed approach demonstrates that incorporating cost structures, logistical considera-
tions, and vulnerability-priority constraints into the allocation process can improve coverage while pre-
serving the prioritization of highly vulnerable applicants in large-scale public benefit programs.

Future research may explore stochastic demand, dynamic budget allocation across periods, or the
integration of additional fairness criteria.



Vulnerability-Based Scholarship Allocation 19

A particularly relevant extension is to combine the proposed optimization framework with multi-
criteria decision-making methods such as TOPSIS, COPRAS, SAW, or related approaches. The current
formulation already incorporates several policy dimensions directly: vulnerability is represented in the
objective function, budget and service costs are included in the constraints, location-dependent logistics
are explicitly modeled, and equity is protected through the mandatory-priority rule. However, the model
does not elicit decision-maker preferences over the relative importance of coverage, cost efficiency, vul-
nerability prioritization, and baseline alignment, nor does it produce an aggregate ex post ranking of the
evaluated policies. A multi-criteria layer could therefore complement the optimization model by ranking
feasible allocation policies according to explicitly stated preferences.
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Benchmark Policy Pseudocode

The following pseudocode is included as supporting methodological documentation.
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Algorithm 1. Policy 1

—_—

_
=4

11:
12:
13:
14:

N e A A

: Start with the set of selected applicants empty (S = () and let Z be the set of all applicants.

Let P denote the available budget, and let C = 0 be the current allocation cost.
Construct a priority queue D from 7 using the vulnerability index.
while D # () do
Extract the first applicant from queue D.
Create a copy 7 of set S and add the extracted applicant.
Compute the allocation cost C: direct service cost + fixed location-activation cost + stepwise service-capacity cost.
if C < P then
Add the applicant to set S.
else

Terminate the allocation loop because there is not enough budget to select the applicant.
end if
end while

Return the set S of selected applicants.

Algorithm 2. Policy 2

—_

—_— = =
N T2

13:

14:
15:

D A A

: Start with the set of selected applicants empty (S = () and let Z be the set of all applicants.

Let P denote the available budget, and let C = 0 be the current allocation cost.
Create one applicant set for each educational institution n € N.
while Z # () do
Extract one applicant from each nonempty institution set and store the extracted applicants in list £.
For each applicant in £, compute the marginal assignment cost.
Identify the applicant with the lowest marginal assignment cost.
if the resulting total cost does not exceed P then
Add the corresponding applicant to S and remove the applicant from the remaining applicant and institution sets.
else
Terminate the allocation loop.
end if
Return all remaining applicants in £ to their corresponding institution sets.
end while

Return the set S of selected applicants.
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Algorithm 3. Policy 3

1: Start with the set of selected applicants empty (S = J) and let Z be the set of all applicants.
2: Let P denote the available budget, and let C = 0 be the current allocation cost.
3: Create one applicant set for each educational institution n € N.
4: Construct a priority queue D from Z using the vulnerability index.
5: while Z # 0 do
6:  Extract the most vulnerable remaining applicant from queue D.
7:  Compute the allocation cost after tentatively adding the applicant to S.
8:  if the resulting total cost does not exceed P then
9: Add the applicant to S and remove the applicant from Z.
10: for K, — 1 iterations do
11: Extract the remaining applicant with the highest V; from the same educational institution.
12: Compute the allocation cost after tentatively adding the applicant.
13: if the resulting total cost does not exceed P then
14: Add the applicant to S and remove the applicant from queue D.
15: else
16: Terminate the allocation loop.
17: end if
18: end for
19:  else
20: Terminate the allocation loop.
21:  endif

22: end while
23: Return the set S of selected applicants.
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