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Introduction: In the Philippines, scheduling the COVID-19 vaccine rollout has
been a challenging task. The local government units (LGUs) have to carefully
work with limited resources to avoid underutilizing vaccines while considering
prioritization schemes in the rollout. As the country continues to vaccinate its
population to manage the spread of COVID-19, planning the prioritization of
individuals becomes more apparent in the vaccination rollout with respect to the
COVID-19 situation in their respective areas.

Methods: Our study develops a location-allocation model that aims to optimally
schedule the COVID-19 vaccine rollout of a municipality. Here we applied the
analytic hierarchy process (AHP) to determine the prioritization of communities
(i.e., barangays) in the vaccine rollout based on the number of COVID-19 cases,
the population density, and the proximity of the community to the available
vaccine sites. Consequently, an integer programming (IP) model was formulated
to determine the assignment of individuals to the vaccine stations with respect to
the prioritization of their community in the rollout, as well as the minimum number
of vaccine stations to open.

Results and discussion: The AHP-based IP model proposed in this study not
only assigns individuals to vaccination centers, but is also capable of tailoring
the vaccine rollout to prioritize individuals depending on the preferences of the
LGUs, and the COVID-19 situation in their areas. Furthermore, the vaccine rollout
framework in this work is applicable to other vaccine-preventable diseases (e.g.,
rabies, measles, etc.) should LGUs embark on adapting this approach.
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1. Introduction

The Coronavirus Disease 2019 (COVID-19) has spread rapidly
across the globe since its first identified case in Wuhan, Hubei
Province, China [1]. The disease has affected millions of people
and imposed an unprecedented burden on global healthcare
systems and economies. As of June 2022, the World Health
Organization [2] has confirmed over 541 million cases and 6.3
million deaths globally. The initial response to this pandemic
involved strict implementation of repression strategies, such as
case identification, quarantine and isolation, contact tracing, and
social distancing [3]. Much research has been geared toward
projecting the impact of COVID-19 to healthcare and the economy
[4, 5], and how the pandemic situation would behave given the
interventions that are currently available [6, 7]. Research does show
that non-pharmaceutical strategies are effective in preventing the
propagation of COVID-19. However, it still does not reduce the
number of susceptible individuals [8, 9].

It has been proven that integrating vaccines with good
adherence to non-pharmaceutical interventions lead to a significant
decrease in disease outcome [10]. Over the years, vaccines have
proven their efficacy in combating outbreaks including COVID-
19 [11, 12]. Global production of COVID-19 vaccines reached 12
billion doses at the end of 2021 [13], Only 58 of the WHO’s 194
Member States attained the 70% target as of June 2022, and just 37%
of healthcare in low income countries achieved a complete course
of primary vaccination [14]. With other areas having more supply
than the others, inequitable access to vaccines is likely the single
most important factor in the uneven recovery of COVID-19. Less
than 10% of people in low-income countries have received at least
one dose of vaccine [15] compared to about 80% in countries with
high income [16].

The Philippines had its first vaccination against COVID-19 in
March 2021 [17], and as of June 2022, ~69.52 million Filipinos
were fully vaccinated against the COVID-19 virus [18]. Vaccines
are delivered to the country by batches which are deployed to
specific geographical areas based on the burden of COVID-19
cases. The Philippine government has established the Approved
Prioritization Framework of the National COVID-19 Vaccine
Deployment Plan to assure the public that all individuals are
vaccinated. Moreover, in the identification of geographical areas,
the National Immunization Technical Advisory Group (NITAG)
set the indicators in determining the areas with a high burden of
COVID-19 cases [19]. These indicators include: (1) the number
of active cases and (2) the attack rate per 100,000 individuals in
the recent 4 weeks. The country’s Department of Health (DOH)
calculates the attack rate using the total newly reported cases in the
recent 4 weeks divided by the region’s 2021 projected population
and a multiplier of 100,000 population [19].

According to the Philippine National Deployment and
Vaccination Plan for COVID-19 Vaccines, the manner of the
distribution of vaccines will depend on the storage requirements
specific to each vaccine [20]. The Centers for Health Development
of DOH are set to deliver the vaccines to LGUs in coordination
with logistics partners and other government agencies. Eligible

Frontiersin Applied Mathematics and Statistics

10.3389/fams.2023.1140434

populations for specific vaccines will be called from the main list
and accessed by the appropriate personnel.

The current vaccine allocation strategy of the Philippine
government may work well with the limited number of vaccines.
However, in the event when the supply of COVID-19 vaccines is
large to cater the targeted country’s population for herd immunity
(i.e., 50-70 million), there are logistical concerns and other
factors that must be taken into consideration such as shortage
of manpower administering the vaccines [21], underutilization
of vaccines resulting in their wastage, and supply-demand gap
due to an individual’s vaccine brand preference. Furthermore,
although both of NITAG’s indicators are effective in determining
the prioritization of Philippine regions in the vaccination rollout,
the second indicator may not be effective for smaller communities
inside municipalities whose population is <100,000. The schedule
of vaccination can also affect the daily operations of the
general public [22]. To incorporate the aforementioned logistical
considerations, we developed a decision support system (DSS) that
implements an Analytical Hierarchy Process (AHP)-based Integer
Programming model decision tool in the context of the COVID-19
vaccine rollout of a municipality.

In this paper, we view the vaccine rollout situation as a
location-allocation problem [23] where we determine the optimal
assignment of target individuals of communities to these vaccine
stations in order to meet their demands [24]. Since the problem has
multiple objectives, we consider an integer programming approach
for solving location-allocation models [25, 26].

It can be said that Integer Programming is a well-known
approach for solving location-allocation problems [25, 27].
However, in the context of allocating COVID-19 vaccine vials to
vaccination centers, we are faced with a problem where limited
resources (vaccines) have to be distributed to multiple locations,
and then to communities, each having a priority level in the
vaccination rollout. While IP can accommodate limited resources
to reach an optimum solution, in making decisions for the
prioritization of individuals to be vaccinated and for specifying
the ranks of the considered communities in terms of resource
allocation, we employed the AHP decision tool [28], a widely-used
multi-criteria decision model used to derive prioritization weights
for alternatives in a hierarchy of criteria. The AHP reduces complex
decisions to a series of pairwise comparisons, and by doing so,
both subjective and objective aspects of a decision are captured.
In addition, it incorporates a useful technique for checking the
consistency of the decision maker’s evaluations, thus reducing the
bias in the decision-making process. This approach is suitable
because it allows decision makers to model in a hierarchical
manner the relationships among the decision makers with complex
problems, the ultimate goal of the problem, criteria, subcriteria and
the alternatives [29]. With this fact, it can be seen that the AHP can
be easily implemented with other optimization methods, such as
the mixed integer programming, to make optimal decisions.

We took a step further in this study by developing a decision
support system (DSS) [30], with a user-friendly interface where the
end-user, that is, the LGUs, may collect insights on the allocation of
their residents to the vaccination centers in their area.
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FIGURE 1

Hierarchy structure of the AHP model in determining the prioritization of communities in the vaccination roll-out where the top level is the goal, the
second level represents the criteria, and the bottom level are the alternatives.

TABLE 1 The scale of relative importance in giving judgments for pairwise
comparisons in AHP.

Scale of relative importance

1 Equal importance

3 Moderate importance

5 Strong importance

7 Very strong importance

9 Extreme importance

2,4,6,8 Intermediate values
1/3,1/5,1/7,1/9 Values for inverse comparison

2. Materials and methods

2.1. Prioritizing communities using analytic
hierarchy process (AHP)

To determine the prioritization among communities in the
vaccination rollout, we first determine the selection criteria for
prioritizing the communities since the LGUs of municipalities
cannot vaccinate the entire population simultaneously due to
limited resources and other constraints. We define communities
as the smallest governing agencies for government function, and
constitute the base of citizen participation. In the Philippines, we
call these communities barangays [31].

The criteria considered in the prioritization of communities for
vaccination rollout are labeled as Cases, Density and Distance. As
the pandemic spreads, communities which are most vulnerable to
the virus must be prioritized [32]. The Cases criterion refers to
the number of COVID-19 positive cases in the community. The
second criteria, Density, refers to the population density of the
community, or the number of residents residing in the community.
Lastly, Distance is considered in the aim of providing convenience
to the individuals who are to be vaccinated [33, 34].

An AHP hierarchy structure for the decision problem is then
developed. The overall goal is to determine which community
is to be prioritized, with the three criterias in the second level
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of the hierarchy and the set of alternatives, the communities, in
the lowest level of the hierarchy, as presented in Figure 1. With
the determined criteria and alternatives, we performed pairwise
comparisons between criteria and direct comparisons between each
alternative with respect to each criterion.

2.1.1. Pairwise comparison matrix between
criteria

Using Saaty’s fundamental scale of absolute numbers in Table 1,
the decision maker is to score the pairwise comparison by
expressing his preference between each pair of criteria. This
fundamental scale enables the decision-maker to incorporate
experience and knowledge intuitively and indicate how many
times a criterion dominates another with respect to the criterion’s
importance to the consideration of communities for prioritization
in the vaccination rollout such that for the pairwise comparison
matrix of criteria, A = [aij], a; is defined by the pairwise
comparison score of criterion i when compared criterion j.

The numerical values 9, 7, 5, 3, 1 are translated into descriptive
preferences respectively, with 2, 4, 6, and 8 as intermediate
values for comparisons between two successive judgements.
Reciprocals of these values are used for the corresponding
transposed judgements [35]. After the normalization of the
pairwise comparison matrix, the averages of the columns are taken
to produce the preference vector.

That is, if A =
between criteria,

[aij] is the pairwise comparison matrix

a
is the normalized form. Then, the preference vector vV, = [%]

where m is the dimension of the matrix A. The vector, V, contains
eigenvalues that correspond to the ranking (weights) of the criteria
in terms of contribution to the decision of which community
to vaccinate.

frontiersin.org


https://doi.org/10.3389/fams.2023.1140434
https://www.frontiersin.org/journals/applied-mathematics-and-statistics
https://www.frontiersin.org

Culaste et al. 10.3389/fams.2023.1140434
Vaccination Schedule « Distance
Masterlist » Number of Cases
+ Density

» Masterlists .

* AHP Scores

« Vaccination Details

LGU USER Vaccination Rollout AWS DATABASE
DECISION SUPPORT SYSTEM

FIGURE 2
General system architecture of the decision support system.

2.1.2. Direct comparison between alternatives per
vaccination site

In AHP, the alternatives, i.e., communities, are compared with
each other with respect to each criteria in order to determine
the ranking of each community in terms of population density
(Density), number of active COVID-19 cases (Cases) and the
distance of the community to vaccination site k (Distance). The
elements of the direct data matrix for the communities with respect

to the alternatives, say B = [BiDensity’ Bicases BiDistance(k)]’
where i is the community and j is the criteria, is defined as follows:

b

iDensity

b

iCases

defined as follows:

Cl = fme—pm (1.1)
CcR =% (1.2)
where,

RI = the average consistency index for numerous random
entries of same order reciprocal matrices,

the population density of community i

= the number of active COVID — 19 cases in community i

1

biDistance(k) =

Notice that b, . ance(k) holds values that are reciprocal of the actual
data. Tt should be noted that as the distance of community i
to vaccination site k increases, the less likely community i is
prioritized in the vaccine rollout of vaccination site k. Taking the
reciprocal of the actual distance data is done to account for the
indirectly proportional relationship of the “Distance” criteria to the

prioritization of communities in the vaccine rollout.

2.1.3. The prioritization matrix of communities for
vaccination

The prioritization matrix, Wf, also called the prioritization
vector, is a single column matrix whose elements correspond to
the prioritization score of community i in the vaccination rollout
of vaccination site k. That is, for a preference vector, V, and the

N

normalized direct data matrix, B,

Wfc =BxV = [wl-‘].

1

2.1.4. Consistency ratio

We take into consideration that comparisons made by the
decision-maker may not be consistent. In order to verify the
consistency of the pairwise comparison matrix, we utilize Saaty’s

[30] proposed consistency index (CI) and consistency ratio (CR)

Frontiersin Applied Mathematics and Statistics

the euclidean distance (in km) of community i to vaccination site k’

Amax = principal eigenvalue of the pairwise comparison matrix,

m = order of the pairwise comparison matrix.

The value of Anay is obtained by first multiplying the pairwise
comparison matrix, A, with the preference vector for the pairwise
comparison matrix between criteria, V. By performing element-
wise division between the resulting matrix and the preference
vector, a single column vector is obtained and the average of
the elements gives the value of Anax. For the inconsistency to be
acceptable, the CR must be <10%. If the CR is >10%, revision of
the pairwise comparison matrix is advised.

2.2. Integer programming model

With the purpose of maximizing the individuals to be
vaccinated with respect to their prioritization, an integer
programming model is formulated. We now define the following
decision variables and parameters in the model as follows:

wjj = AHP-derived prioritization weights of community i at
vaccine station j,

x;j = number of individuals to be vaccinated in community i at
vaccine station j in day d of the vaccination period,

Cj = capacity of vaccine station j in a day,

\% total of
vaccination period,

number available vaccines of the

04 frontiersin.org


https://doi.org/10.3389/fams.2023.1140434
https://www.frontiersin.org/journals/applied-mathematics-and-statistics
https://www.frontiersin.org

Culaste et al.

10.3389/fams.2023.1140434

Start

Input vaccination details

Score the AHP matrix

Prompt
"Inconsistent"

Are scores

identify more vaccination /4
stations"

/

Show results ¢

FIGURE 3
The front-end flow chart of the web application DSS.
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d = total number of days of the vaccination period,

T; = total target number of individuals to be vaccinated in the
vaccination period.

To formulate the vaccination rollout as an IP problem, we
consider the objective function Z as the weighted sum of individuals
to be vaccinated. Note that the AHP-derived weights wij € [0,
1] describe the prioritization of community i in vaccination site
j- The higher the value of wj;, the more prioritized community
i is in the vaccination rollout of vaccination site j. Thus, our
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objective function, Z, aims to maximize the allocation of people for
vaccination according to priorities.

With the above model assumptions, we write below the IP
model that maximizes the prioritization of individuals to be
vaccinated given the set constraints.

Max Z = Z:;l Z]nil WijXij
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FIGURE 4
The back-end flow chart of the web application DSS.

subject to:

ij=1 xij < T; (target individuals constraint)
n
2im1 X% = G

n m
im1 2 X =V

vaccine station capacity constraint)

xij > 0, xjj€ 77 (non — negative integer constraint)

To control the number of individuals to be vaccinated from
community i, the target individuals constraint (Equation 2.2) is
constructed. As each community has a target number of individuals
to be vaccinated (T;), this constraint directs the model to assign
individuals from community i in a manner where the total assigned
individuals does not exceed T;.

Every identified vaccination site has a declared daily capacity
(Cj). This capacity describes how many individuals vaccination site
j can accommodate in a day. The vaccine station capacity constraint
(2.3) limits the total number of x;;s assigned to vaccination site j at
any given day so that it does not exceed the capacity of vaccination
site j. Thus, the model can guarantee that the vaccine stations can
accommodate all the individuals assigned.

On the other hand, the vaccine supply constraints against total
number of individuals for vaccination (2.4) checks if the number

Frontiersin Applied Mathematics and Statistics

(

(vaccine supply constraints against total number of individuals for vaccination)
Vv<d ijzl Cj  (vaccine supply constraints against total capacity of vaccination sites)

(

(2.2)
(2.3)
(2.4)
(2.5)
(2.6)

of people to be vaccinated to be lesser than the vaccine supply.
Additionally, this model addresses the underutilization of the
vaccine supply leading to the wastage of vaccines. To ensure that the
vaccine supply is exhausted by the end of the vaccination rollout,
constraint (2.5) is formulated. The right hand side of this constraint
is the total of the capacities of the vaccination sites throughout the
number of days the rollout is scheduled. By constraint (2.2), this
means that constraint (2.5) demands the vaccine supply for the
entire vaccination rollout to not exceed the maximum number of
individuals the vaccination rollout can accommodate.

In the context of vaccine distribution, it is only logical to impose
into the model that the values assumed by the xj;s be integers. As
x;j represents the number of people to be vaccinated, it is neither
possible to vaccinate a negative number of people nor a fraction of
a person.
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TABLE 2 Pairwise comparison matrices of the presets.
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Ultimately, the AHP-IP model is implemented in a website-
based decision support system (DSS) designed to aid the LGUs
in their allocation of COVID-19 vaccines in their respective areas
of jurisdiction.

2.3. Model validation

To verify the accuracy of the AHP-IP model developed in this
study, AHP calculations were also made in SuperDecisions while
the IP model was implemented using Excel Solver. We conclude
that the DSS is accurate when the results of the DSS and the tools
used for model validation formulation are identical.

2.3.1. Validation of the AHP results

To validate the preference vector, V, the CR of the pairwise
comparison matrix between criteria, and the prioritization matrix,
Wf, we make use of SuperDecisions (v3.2), a software developed by
Adams and Saaty [36] which implements the AHP methodology for
decision making. SuperDecisions enables users to establish clusters
to represent a hierarchy level, and then in-cluster nodes, which are
representatives of the items within the hierarchy level. The process
of obtaining the V and the CR of the pairwise comparison matrix
between criteria in SuperDecisions is as follows:

Step 1. In the Network tab, create “Goal” “Criteria,” and
“Alternatives” clusters. These clusters represent levels of
the hierarchy.

Step 2. Inside each cluster, we add nodes. Nodes are
representatives of the elements inside each level of hierarchy.
For example, in the Goal cluster, add a node and name
it “goal.” Nodes that correspond to the AHP criteria
Density, Cases and Distance should also be created in the
“Criteria” cluster. The “Alternatives” cluster should hold
nodes that correspond to the communities considered in the
vaccination rollout.

Step 3. We specify interactions between nodes by building
connections. Thus, we connect every criteria to the goal, and
then every alternative to each criterion. Connections inform
SuperDecisions that Density, Cases, and Distance are the
factors being ranked in terms of their contribution to the
goal, and that the alternatives are the elements being ranked
per criterion.

Step 4. In the Judgments tab, score the pairwise comparison
matrix between criteria using the scores set by the decision-
maker. Completing this step allows SuperDecisions to
generate the preference vector, V, and the CR of the pairwise
comparison matrix between criteria.

Step 5. To conduct direct comparisons, choose “Direct” on the
judgment modes of the Judgment tab. Populate the tables for
each criteria using the values of Bjj.

Step 6. From the “Show Priorities” option in the Information
Panel, the prioritization matrix, W¥, is found.

It is important to note that while SuperDecisions is a powerful tool
for the AHP, the software rounds off digits to five decimal places.
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Thus, the values obtained in SuperDecisions may slightly deviate
from the values calculated by the DSS.

2.3.2. Validation of the IP model results

For the validation of the IP model, we utilize Solver, an analysis
utility tool built in Microsoft Excel [37]. The data and formulas
that comprise the parameters of the model are assembled in Excel
Spreadsheets, while the objective function as well as the constraints
that bound the model are set up using the Solver Parameters
dialog box.

2.4. Decision support system

Decision Support Systems (DSSs) are designed to improve
decision making effectiveness, especially on aiding complex tasks
that require a high level of decision making [38]. In this
study, a DSS was developed with the aim of providing LGUs a
readily available tool for scheduling the vaccine rollout of their
municipality. This Vaccination DSS is an online web application
that implements this study’s proposed AHP-IP model, and is
designed to be user-friendly. This section introduces the general
system architecture and flow chart of the Vaccination DSS.

2.4.1. General system architecture of the
vaccination DSS

The General System Architecture of the Vaccination DSS
involves three main components, i.e., LGU users, the Vaccination
Rollout DSS, and Amazon Web Services (AWS) Data Lake, as
shown in Figure 2.

The LGU user is in charge of the necessary inputs required
by the Vaccination DSS in order to create a vaccine rollout
schedule. These inputs are: vaccination rollout details, AHP
pairwise comparison scores, and the individuals and vaccination
site masterlists (see Supplementary Data Sheets 1, 2 for an example
of the masterlists). When input requirements are successfully
complied to, the Vaccination DSS processes the data and
implements the AHP-IP model for optimization, and later on,
submits a Portable Document Format (pdf) containing the
generated vaccine rollout schedule.

In itself, the Vaccination DSS is composed of two parts:
the Front-End/Graphical User Interface and the Back-end.
The Front-End was developed using Codelgniter Framework.
Codeigniter is a PHP framework used to create a full-featured
web application [39]. In order for the AHP-IP model to
be integrated in the DSS, we created the Back-end of the
DSS using Python, and utilized its PuLP library. PulLP is a
Linear Programming modeler written in Python to solve linear
problems [40].

Lastly, AWS Data Lake, a centralized repository created by
Amazon, serves as the database repository and the virtual machine
where the proposed system is hosted. Information pertaining to the
communities’ distance to all the identified vaccine stations, their
number of active COVID-19 cases, and their population density are
stored in our database.
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2.4.2. Web application DSS flowchart

Based on the General System Architecture in Figure 2, the step-
by-step flowchart of the system is divided into two parts: the Front-
End flowchart and the Back-end flowchart as shown in Figures 3,
4 respectively.

The Web Application DSS starts from the input of the user in
the first form page, where preliminary details including the vaccine
brand, vaccination rollout start date, total number of vaccine vials
available, number of doses per vial, and target number of days are
required. The user will then score the AHP matrix of criterias to
determine the prioritization of each community in the vaccination
stations. While the user may score the AHP pairwise comparison
matrix manually, we present four scenarios in the prioritization
of communities as presets to aid in the judgments and for the
convenience of the LGUs. The LGUs may choose to implement any
of these presets depending on their preferences, and the COVID-19
situation in their areas. From these decisions, the values for w;; of
the IP model are derived.

Table 2 shows the preset pairwise scores of the 4 scenarios under
consideration. Particularly, in the event that the LGU considers all
criteria to be equally important, the LGU may choose Preset 1.
Under the “All Equal” column of Table 2, all pairwise comparisons
are scored one (1) as no criterion is favored over another. The
second scenario considers the Cases criterion to have very strong
importance, whose pairwise comparison score can be viewed under
Preset 2. As it is highly favored over all the other criterias, a score
of seven (7) is given to Cases and 1/7 for its inverse value. The
third and fourth scenarios consider Density (Preset 3) and Distance
(preset 4) to have strong importance respectively and follow the
same scoring process as the second scenario.

It is also worth noting that the option to proceed to the next
page is only available when the Consistency Ratio (CR) is <10%. If,
for instance, the decision-maker’s manual scores are inconsistent,
a text instructing the user to review the score is displayed. After
successfully scoring the AHP matrix, the user will be asked to
upload the Target Individuals Masterlist and Vaccine Stations
Masterlist. The Target Individuals Masterlist contains all the names
of the individuals to be vaccinated, including some of their personal
information. The Vaccine Stations Masterlist, on the other hand,
contains all the available vaccine stations in the vaccination rollout
including their capacity per day and location coordinates. These
masterlists are processed for file checking in a python script
to check for errors in the data specially, on missing columns,
format errors and blank cells. In the event that the algorithm
detects errors in the masterlists, these errors are displayed and the
option to proceed is disabled until such errors are addressed. Once
clear of errors, the system examines the combined capacities of
the vaccination sites to determine if it is sufficient to cover the
vaccination of the target individuals within the expected timeframe.
If it is insufficient, the system prompts the user to identify more
vaccine stations. On the other hand, if the combined capacities
of these vaccination sites is sufficient, the user is forwarded to a
summary page where he is required to verify the accuracy of his
inputs. Completing these steps redirects the user to a loading screen
while the Vaccination DSS Back-end process generates the result.

In the Back-end, the Python Script of the system obtains
the vaccination details via the HTTP POST request form sent
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TABLE 3 Profile of communities in municipality Z with respect to the vaccination sites.

Community name Density (sg. km) Number of active cases Distance to

VSB VSC VSD
Community 1 360 64 3.56 9.44 10.41 17.25
Community 2 271 54 7.7 4.05 10.8 14.78
Community 3 735 44 16.28 13.61 9.6 2.85
Community 4 631 88 9.89 225 9.3 10.76
Community 5 583 34 3.56 6.8 3.19 10.22
Community 6 307 27 8.44 7.51 2.23 5.18
Community 7 709 113 10.35 12.32 4.65 7.73
Community 8 580 5 13.37 8.72 7.95 3.26
Community 9 597 71 15.83 17.22 9.77 8.88
Community 10 690 41 14.48 13.95 7.73 5.09
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Create Vaccine Schedule Create Vaccine Schedule
SUMMARY
FIGURE 5

Screenshots of the form pages of the vaccination decision support system. (A) First page, (B) Second page, (C) Third page, and (D) Fourth page.

by the Front-End and parses the Target Individuals Masterlist
and Vaccine Sites Masterlist and stores the data in the pandas
data type variable. The python package, pandas, is used in
reading CSV files for real-world data analysis [41]. After storing
the data from the masterlists, the prioritization of communities
from the Target Individuals Masterlist is calculated based on
the AHP weights provided by the user scores. Consequently,
parameters and variables needed in the IP model are populated,
based on the preliminary details provided by the user. When
all the necessary parameters and variables are complete, the
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IP model is then run using the PuLP library in Python. The
PuLP library generates results, and the system interprets these
to determine if the remaining number of vaccines is equal to
zero. Otherwise, the system will recalibrate the model and deduct
the allotted vaccines from the recent result. After the deduction
and recalibration, the system will then run another optimization
process to produce the next day’s result. When the number
of vaccines reaches zero, the system will proceed to create the
whole schedule masterlist based on the results given by the
PuLP library.
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O®®BWY- AMDABIDSS Health Vaccination
Rollout
Decision Support System
Create Vaccine Schedule
Vaccine Name: Pfizer
Total Number of Vaccine Vials: 4000
Number of Doses per Vial: 1
Day 1 - 2022-02-17 - 2400 vaccines needed
Community Name Vaccine Station Individuals to Vaccinate
Community 1 VS A 250
Community 2 vsD
Community 3 VSB [0
Community 4 vSB 40
VS A 100
Community S
vscC ns
Community 6 vscC 495
Community 7 vsC 190
Community 8 vsD 420
Community 0 vsD 140
Day 2 - 2022-02-18 - 1425 vaccines needed
Community Name Vaccine Station Individuals to Vaccinate
Community 3 vVsSB 350
Community 7 vVsC 25
vsC m
Community 9
vsD 375
Community 10 vsSD 375
FIGURE 6
Screenshot of the vaccine rollout schedule generated by the vaccination decision support system for municipality Z.

2.5. Sensitivity analysis

Given that vaccine rollouts involve limited resources, it may
be beneficial to understand how the model behaves and how the
outcomes would vary if these limited resources were increased or
decreased. We therefore inspect the sensitivity of the distribution
of xjj per community, and then per vaccination site to the percent
changes in the number of target individuals, capacity of vaccination
sites and total number of vaccine doses available. It should be noted
that the upper and lower bounds of these percent changes are
determined by the constraints of the model.
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3. Results and discussions

To demonstrate the use of the DSS, we considered a sample
small Municipality Z whose decision-maker aims to vaccinate
3,825 individuals from 10 of its communities. Municipality Z
has four functioning vaccination stations which are labeled as
VS A, VS B, VS C, and VS D. The population density of each
community, its number of active laboratory-tested COVID-19
positive cases, and its distance from the four vaccine stations
are uploaded to the database of the DSS and are presented
in Table 3.
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TABLE 4 Ranking communities based on their AHP-derived prioritization
scores in the vaccination rollout of vaccine stations as derived from the
back-end computations of the vaccination DSS.

Ranking of communities in the vaccine rollout of
vaccine stations

Rank VS A VS B VS C VS D

1 Community 1 Community 4 Community 6 Community 2
2 Community 5 Community 3 Community 5 Community 8
3 Community 7 Community 5 Community 7 Community 10
4 Community 3 Community 7 Community 4 Community 6
5 Community 4 Community 6 Community 10 | Community 7
6 Community 6 Community 1 Community 9 Community 9
7 Community 9 Community 8 Community 2 Community 4
8 Community 10 | Community 2 Community 8 Community 5
9 Community 2 Community 10 Community 1 Community 3
10 Community 8 Community 9 Community 3 Community 1

The DSS is hosted on a five-page website, the first four of which,
as stated in Section 2.4 and as seen on Figure 5, are form pages
that require decision-makers to input information and submit data
in the form of Excel Spreadsheets. The last page, on the other
hand, presents the generated optimum vaccine rollout schedule. On
the second page, the decision-maker must then perform pairwise
comparisons for the prioritization of communities using Saaty’s
fundamental scale of absolute numbers. In this example, the
decision-maker considers Preset 4 (see Table 2) where Distance is
deemed to have very strong importance. Note further that Preset
4, along with the remaining presets, has a consistency ratio below
10%, as indicated in Table 2.

As for the Target Individuals Masterlist and the Vaccine Stations
Masterlist required in the third page, the decision-maker may
download the template files directly from the page and then
upload them once all of the necessary information is entered. The
Target Individuals Masterlist and the Vaccine Stations Masterlist
of Municipality Z are shown in Supplementary Data Sheets 1, 2.
Furthermore, the right side of the Masterlist Page displays a panel
that features the error-checking functionality, and confirms that the
information inputted by the decision-maker is consistent.

With all the parameters needed for the AHP-IP model to run
set, the decision-maker is forwarded to the summary page where all
the information submitted in the previous pages is compiled. The
decision-maker may then select the “Create Vaccination Schedule”
button at the bottom part of the page. This action prompts the DSS
to generate the vaccine rollout schedule.

With reference to Figure 6, the Vaccine Rollout Schedule
document generated by the DSS for Municipality Z has successfully
assigned all individuals of the communities to the vaccination
stations in a 2-day timeline, without violating any of the constraints
set in the AHP-IP model. In both Day 1 and Day 2 of the
vaccine rollout, the number of individuals assigned for vaccination
in all vaccine stations did not exceed capacity and the target
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of each community in terms of vaccinated individuals has also
been satisfied. Additionally, the number of individuals assigned for
vaccination did not exceed the municipality’s number of available
vaccine doses.

Notice, however, that Communities 3, 7, 9, and 10 still have
individuals scheduled for vaccination on the 2nd day. This can be
explained by taking a closer look at Table 4.

As the DSS is running on the premise of AHP pairwise
comparison Preset 4 where distance is considered to have very
strong importance in choosing which community to prioritize in
the vaccine rollout, this outcome is expected since Communities
3,7, and 9 are all significantly farther from any of the vaccination
sites compared to the other communities, and thus ranks
low in the prioritization for vaccination. On the other hand,
while Community 10 is considerably ranked higher in VS D,
Communities 2 and 8 have already exhausted the vaccination
site’s capacity for the first day. It is for the same reason that the
residents of Community 1 are assigned to be vaccinated at VS A.
Table 3 shows that among the 10 communities, Community 1 is
the closest community to VS A along with Community 5. It is not
surprising that VS A is assigned to vaccinate the entire population
of Community 1 and only some of the residents of Community 5
since (1) VS A has a limited capacity of 350 individuals per day, and
(2) VS A is the closest vaccination site to Community 1 compared
to the remaining 3 vaccination sites.

In contrast, while Community 7 is located close to VS C, only
a small percentage of its residents are assigned to be vaccinated
on the first day. This is the case because VS C only has a daily
capacity of 800, and the 495 target individuals of Community 6 and
the remaining 115 individuals of Community 5 were given higher
priority than the target individuals of Community 7. As a result, the
remaining residents of Community 7 who were not vaccinated on
the first day are scheduled on the second day instead.

The Vaccination DSS was able to limit the number of people
assigned at vaccine sites so that it does not exceed capacity by
forwarding target individuals of less prioritized communities to the
second day of vaccination. These results tell us that the Vaccination
DSS proposed in this study was able to optimally schedule the
vaccine rollout of a municipality by assigning individuals to
vaccination sites without violating constraints, while also taking
into account prioritization of communities as determined by
the LGU.

It is also interesting to look into the results of the model when
there are alterations to the initial values of some parameters. This is
in view of the fact that in reality, a municipality may have multiple
vaccination rollouts over the course of a pandemic. The LGU may
opt to start and end a vaccination campaign depending on the
extent of the COVID-19 pandemic in their area, the availability of
the facility that will serve as their vaccination site, and the number
of vaccines allocated by national authority to their municipality,
Most of the time, the number of target individuals, the capacities
of vaccination sites, and the number of available vaccine doses
varies per vaccination rollout. Thus, the behavior of the model in
response to changes to one of these parameters is covered in the
following subsections.
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Visual representations of the sensitivity of the model to changes in the number of target individuals, with a table showing the parameters used per
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assigned for vaccination per vaccine station, per percent change in the number of target individuals (left to right: Day 1, Day 2).

3.1. Effects of changes in amount of target
individuals

We first inspect the sensitivity of the distribution of x;; per
community, and then per vaccination site to the percent changes
in the number of target individuals. In summary, when the
total number of target individuals is greater than the combined
capacities of the vaccination sites, the model focuses on vaccinating
communities with higher priorities. For example, after T; = —40%
change in Figure 7A, the number of individuals scheduled for
the first day of vaccination from community 9 decreases. This is
because the total capacity of the vaccination sites is not enough
to accommodate all the target individuals on the first day. This
forces the model to impose prioritization, and determine which
communities to vaccinate first according to the prioritization scores
set by the AHP.

However, Day 1 that of
individuals vaccinated in community i is directly proportional

results show the number
to T; when target individuals are lesser than or equal to
the capacity. This is expected since when all the target

individuals can be catered to within a single day, the model
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does not have to enforce prioritization on the residents of
the communities.

From Figure 7B, we notice that when the closest vaccination
sites’ capacities are exhausted, the model forwards the remaining
target individuals to the closest available vaccination site. This
explains the sudden increase in the number of assigned individuals
for vaccination in VS C. When the capacities of VS D and VS B are
completely occupied, some of the individuals that VS D and VS B
can no longer cater to are forwarded to VS C.

3.2. Effects of changes in vaccination site
capacity

In reality, vaccine station capacities may vary on a day-to-
day basis depending on the availability of human resource and
storage equipment, among others. It may be beneficial for decision-
makers to understand how the target individuals are distributed
when the capacity of the vaccination sites increase and decrease.
When vaccination sites have low capacities, Figure 8A suggests that
individuals of communities with low prioritization scores may not
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FIGURE 8

Visual representations of the sensitivity of the model to changes in the capacity of vaccine stations, with a table showing the parameters used per
run. (A) The number of individuals vaccinated per community, per percent change in the capacities of vaccine stations. (B) The number of individuals
assigned for vaccination per vaccine station, per percent change the capacities of vaccine stations (left to right: Day 1, Day 2).

be vaccinated on the first day of the rollout, as indicated by the trend
in the number of individuals for vaccination from communities 3,
7,9, and 10.

In addition, decision-makers may also wish to accelerate the
vaccination of persons from these low-priority communities at
times. In Figure 8A, we notice that when a non-highly prioritized
community’s closest vaccination sites’ capacities are exhausted,
the model forwards its target individuals to the closest available
vaccination site. This explains the sudden increase in the number of
assigned individuals for vaccination in VS C. When the capacities
of VS D and VS B are completely occupied, Figure 8B suggests that
some of the individuals that VS D and VS B can no longer cater to
are forwarded to VS C.

This shows that while the vaccination of individuals from
highly-prioritized communities are not sensitive to changes in
the capacities of the of the vaccination sites, the communities
with lower priorities are only vaccinated on the first day of the
rollout when highly prioritized communities are already catered
to. For the vaccine rollout to reach low priority communities
fast, we suggest that they either identify more vaccination
sites that are close to these communities, or increase the
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capacity of the existing sites by increasing human resources and
seating capacities.

3.3. Effects of changes in amount of
vaccine doses available

When the total number of available vaccine doses surpasses the
combined capacity of the vaccination sites, it is noteworthy that
both the number of individuals vaccinated from each community
and at the vaccination sites reaches a plateau, as demonstrated
in Figures 9A, B, respectively. This means that if the decision-
maker wishes to expedite vaccination of the target individuals
in this rollout, increasing the vaccine supply is not enough to
speed up the distribution. The LGU must also increase the total
capacity of vaccine stations, either by increasing the capacity of
already existing vaccine stations or by constructing or identifying
additional vaccine stations.

The closer the values >~ T;, > Cj and V are to each other, the
more likely it is to have a speedy and a more efficient vaccination
rollout. While an excess in vaccine doses does not affect the
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Visual representations of the sensitivity of the model to changes in the amount of available vaccine doses, with a table showing the parameters used
per run. (A) The number of individuals vaccinated per community, per percent change in the total number of vaccine doses available. (B) The number
of individuals assigned for vaccination per vaccine station, per percent change the total number of vaccine doses available (left to right: Day 1, Day 2).

speed of the vaccine rollout, this must be avoided so as to not
underutilize this resource. Should this event be unavoidable, it
is recommended that the decision-maker identify more target
individuals or forward the excess to neighboring municipalities
who are in need of additional vaccine doses for their own
vaccination rollout.

3.4. Validation results

There is no significant difference in the results produced by the
Vaccination DSS from those obtained through SuperDecisions and
Excel Solver. With reference to Supplementary Table 1, the daily
schedules of vaccination as well as allocation of target individuals
to vaccination sites are identical. Supplementary Table 2 also shows
that the difference between the prioritization scores computed by
the DSS and SuperDecisions is <0.0010%. This outcome confirms
the accuracy and reliability of the implemented AHP-IP model in
the Vaccination DSS.

Frontiersin Applied Mathematics and Statistics

4. Conclusion

Scheduling the COVID-19 vaccine rollout involves subjective
and objective information, as decision-makers must work with
limited resources while also taking into account the particular
COVID-19 scenario in their areas. In this paper, we presented
a location-allocation model using the Analytic Hierarchy Process
and Integer Programming that optimally schedules the COVID-19
vaccine rollout of a municipality. Through the domain expertise of
the decision-maker, the prioritization of target individuals in the
vaccine rollout are scored using AHP. These prioritization scores
are interpreted as weights, and are incorporated into the IP model’s
objective function.

The methodology is implemented in a website-based decision
support system that provides decision-makers of LGUs a
straightforward and easily accessible tool for scheduling the
COVID-19 vaccine rollout in their areas. It is also noteworthy
that the methodology undertaken in this study may be modified
to fit the vaccination rollout of other vaccine preventable and
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vaccine curable diseases. This DSS replaces conventional and time-
consuming manual decision-making processes with a model based
on operations research that is systematic and consistent even when
confronted with the unique COVID-19 situation of a municipality.

While this study provides valuable insights, it is important to
note that there are certain limitations that should be considered
when interpreting the results. For one, the decision for choosing
the criteria of the AHP model presented in this study came
from consultations with LGUs of the Philippines who mostly
oversee rural and urban areas in the Mindanao regions of
the Philippines. Implementing this model to highly-urbanized
areas may require consideration of other factors aside from
the existing criteria mentioned. Likewise, the authors of this
study recommend that future research endeavors in this area
consider including in the model a shortest-path algorithm for
determining the actual distance between the communities and
vaccination sites, particularly if actual roads and paths are taken
into account.

In addition, as this study only focuses on determining the
prioritization of communities, it might be interesting to extend
the AHP framework of the model to include individual-specific
prioritization. Lastly, this study addresses vaccine deployment from
vaccination sites. The overall success of the vaccination campaign is
still dependent on other epidemiological contexts.
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