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ABSTRACT

Background: Distributing vaccines efficiently during the COVID-19 pandemic presented significant logistical
challenges. To address the need for identifying populations at risk of breakthrough infections and those re-
quiring booster shots, Emirates Health Services (EHS) developed a framework utilizing Al-driven digital solu-
tions. Objective: To develop a machine learning (ML) model to identify individuals at risk of breakthrough in-
fections and in need of booster doses, aiming to prioritize booster administration and reduce repeated infec-
tions among fully vaccinated individuals in the Northern Emirates of the UAE.

Methods: A monitoring dashboard was developed using the EHS Intelligence (PaCE) platform. The study,
conducted in three phases, created models to predict infection risk, COVID-19 severity in ICU patients and
breakthrough infection risk, using data from the Wareed EMR system.

Results: The Al models accurately identified high-risk individuals and predicted ICU mortality, achieving
AUCs of 75% and 74% for infection risk, 94% and 91% for ICU mortality in training and validation datasets,
observed 79% AUC with 85% accuracy for identifying high-risk groups for booster vaccination.

Conclusion: The integration of Al in vaccination prioritization demonstrated its potential to enhance public
health initiatives and improve pandemic management in the UAE.

Keywords: Al-augmented EHS Intelligence platform, Machine learning in public health, COVID-19 vaccina-
tion, Booster dose, Data analytics, UAE healthcare innovation
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INTRODUCTION

The COVID -19 vaccinations have been pivotal in
managing the pandemic by significantly reducing se-
vere illness, hospitalizations, and deaths. As the virus
continues to mutate, booster doses have become in-
creasingly important to sustain immunity, particular-
ly against new variants. Both the initial vaccines and
subsequent boosters are vital not only for protecting
individuals but also for achieving wider public health
goals.! It is important to consider the high-risk popu-
lation who consists of individuals more prone to se-
vere outcomes when exposed to COVID-19. Giving
priority to high-risk groups including the older age
group, those with comorbidities, and frontline health
workers is essential as these population groups are
most vulnerable to severe consequences from
COVID-19. Vaccinating and boosting these groups
can directly decrease hospitalizations and mortality,
addressing the most immediate and serious effects of
the pandemic. On the other hand, infection risk often
raises considerably after a certain period. Data from
the National Israeli database highlights the infection
risk notably rises 6-months post immunization, indi-
cating that immunity from the vaccine may wane
over time, leading to a higher susceptibility to infec-
tion.23 This highlights necessity for effective distribu-
tion of booster doses to maintain robust immunity
and continued protection against COVID-19.45

Prioritizing COVID-19 booster doses for high-risk
groups was increasingly relevant as the virus contin-
ues to evolve and immunity wanes over time. Evi-
dence shows that while initial vaccination offers sig-
nificant protection, the effectiveness of vaccines can
diminish, particularly in older adults and those with
underlying health conditions. Consequently, booster
doses are essential to reinforce immunity, lower the
risk of severe/mortality outcomes, and curb the
transmission of the virus. By focusing on high-risk
populations, the overall effectiveness of vaccination
strategies can be enhancing and safeguard those
most vulnerable to severe disease. One of the studies
has modeled COVID-19 supplementary doses and an-
tiviral medications in 4 middle income countries, in-
corporating factors such as age, comorbidities, vac-
cination and infection status. The findings highlight
that administering booster doses to at-risk groups is
essential, while oral antivirals are expected to have a
significant impact across all settings.® Emerging evi-
dence suggested that booster shots are effective in
mitigating infections, one research discuss about re-
duction of symptomatic Omicron infections. With the
limited availability of bivalent or dual-component
booster doses?, it is essential to identify and priori-
tize those at highest risk of severe breakthrough in-
fections. Targeting these high-risk populations al-
lows for more efficient distribution of booster doses
and enhances protective measures for the most vul-
nerable individuals.

While there was extensive research on vaccine prior-
itization during early phase of the COVID -19 vac-
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cine8-10, application of Al-driven models for identify-
ing risk groups for vaccination and booster prioriti-
zation remains rare. There is research focused on
creating and validating an Al powered digital assis-
tant designed to reduce hesitancy in vaccine intake,
using the Medical research councils (MRC’s) frame-
work as a guide.1212 Al-powered chatbots and ther-
mal imaging have played a significant role in pan-
demic management by providing guidance to large
groups and helping to enforce public health
measures such as social distancing and lock-
downs.1314 Artificial Intelligence has been increas-
ingly used in research and development of drugs for
COVID-19 infection?5, these Al-driven tools and com-
putational strategies have significantly expedited the
process of developing vaccines to combat the virus.16
Studies emphasized the crucial role of artificial intel-
ligence in enhancing clinical trials related to vaccines
and drug development through various technological
approaches, however there are less studies that
shows application of Al models in risk group classifi-
cation for effective vaccination and booster dose de-
livery.

Literature shows machine learning models can facili-
tate biomarker predictions for COVID-19, offering
clinicians a clear and interpretable view of how vari-
ous risk factors influence outcomes.!? in addition, Al
models have the potential to identify high-risk pa-
tients early on, analyze its epidemiology and simu-
late spread of diseases through trained data.!81? An
Al framework can process vast amounts of data to
assess individuals and classify them into risk levels
ranging from no risk, minimal-moderate to high risk
and the identified risk group can be quarantined ear-
lier, reducing the likelihood of virus transmission.2?
In the early stage, different studies indicated that el-
derly COVID-19 patients, those exhibiting symptoms
like fatigue and expectoration, and individuals with
common comorbidities such as hypertension, diabe-
tes, and coronary heart disease, are at a higher risk
of progressing to severe disease.2123 Later after the
emergence of Al in risk identification, machine learn-
ing models predicted chronic obstructive pulmonary
diseases (COPD), cardiovascular and chronic kidney
diseases (CVD and CKD), Type-2 DM, hypertension,
malignancy and asthma as key determinants of
COVID-19 death rate, with their gender and age be-
ing the most significant predictors. It's also high-
lighted important symptom-comorbidity links, such
as Pneumonia with Hypertension and Diabetes, un-
derscoring high-risk groups and aiding in the priori-
tization of resources.2* Effective allocation of vac-
cination and booster doses is essential, as research
indicates that the patients requiring a booster shot
are greatly influenced by various factors, including
the local incidence of the disease, the severity of out-
comes, and individual’s risk factors for developing
moderate to severe illness etc.25 Therefore, the cur-
rent study aims to present high-risk populations for
COVID-19 infection to ensure effective vaccination
coverage across the northern emirates. It also show-
cases a developed model for prioritizing booster
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doses to reduce breakthrough infections, which are
cases of COVID-19 occurring in individuals who have
been fully vaccinated.

Objectives

Emirates Health Services (EHS) is a leading public
healthcare system in the UAE, comprising 17 hospi-
tals and over 100 healthcare centers, dedicated to
delivering high-quality, patient-centered care. With
the pandemic posing unprecedented challenges, es-
pecially in predicting infection risks and managing
healthcare resources effectively, EHS aimed to lever-
age Al and machine learning to develop precise, in-
terpretable models. These models would guide vac-
cination strategies, ensuring that vulnerable groups
receive timely and appropriate care, including boost-
er doses, to minimize breakthrough infections and
optimize public health outcomes across the region.

In response to the challenge of identifying high-risk
groups for COVID-19 infection and prioritizing vac-
cination, EHS developed highly interpretable ma-
chine learning models that predict infection risk
based on symptoms and patient characteristics. The
primary objective was to create sustainable Al mod-
els to enhance healthcare outcomes across the UAE,
focusing on effective vaccination strategies and pri-
oritizing booster doses for those most vulnerable to
breakthrough infections.

Accordingly, the article focuses on the objectives to
establish the power of analytical methods in identify-
ing the high-risk population for COVID-19 infection
for effective vaccination coverage across northern
emirates and to exhibit the model developed for
booster prioritization to reduce breakthrough infec-
tion, which refers to the occurrence of COVID-19 in
individuals who have been fully vaccinated against it.

METHODOLOGY

This article is methodological, focusing on the im-
plementation of advanced analytical techniques
adopting Al models designed to identify high-risk
populations for effective COVID-19 booster doses. It
emphasizes the procedures and techniques applied
in the organization to tackle the booster prioritiza-
tion, rather than presenting statistical data on vac-
cination/booster rates and its prioritization factors.
Machine learning models are applied for faster and
effective decisions within the EHS healthcare entity
during the pandemic. By exploring the methodolo-
gies employed, the paper aims to provide insights in-
to the success of our framework and its design and
implementation, showcasing how it was used to en-
hance vaccination strategies and response efforts.
The research also includes the necessary ethical and
administrative approvals (MOHAP/DXB-REC/M]]J/
No. 58/ 2022 and MOHAP/ DXB-REC/ JJJ/ No. 69/
2022), affirming its adherence to established stand-
ards.
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To ensure the framework's relevance and accuracy,
insights and experiences from physicians were inte-
grated. These healthcare professionals contributed
their practical knowledge and observations, which
were essential for contextualizing the data and refin-
ing the framework. This combination of data-driven
analysis and clinical expertise aimed to create a ro-
bust and practical model for improving health ser-
vice delivery and patient outcomes. The framework
was meticulously developed by analyzing retrospec-
tive data collected from Emirates Health Services
(EHS) facilities, with a primary focus on data ob-
tained from the Wareed platform. This data provided
a comprehensive historical view of patient interac-
tions and healthcare outcomes. Initial findings were
explored through a pilot study at a single facility.
Building on this foundation, an advanced Al-driven
machine learning model was created for high-risk in-
fection group in general, evaluating various deep-
learning algorithms such as random forest, gradient
boosting, Neural networks, decision trees, etc. This
model was instrumental in the effective management
of COVID-19 predicting higher risk group for infec-
tion and ICU related mortality. In the next phase of
study, it resulted in a highly interpretable model for
prediction of breakthrough infection and booster
prioritization. These three models observed with
higher accuracy and as significantly enhancing prog-
nosis, prevention, and control within the UAE based
on the EHS data. The implementation of these inno-
vative models led to notable improvements in user
experience, clinical excellence, and financial out-
comes, thereby advancing the overall quality of
healthcare services and benefiting the well-being of
the healthcare workforce.

Phase-wise Implementation of Al Models: This
study conducted in three phases considering the de-
velopment and integration of three advanced Al
models with the EHS intelligence (PaCE) platform to
create a dashboard for rapid clinical decision-
making. Each model addresses a distinct aspect of
COVID-19 management. In Phase 1, the study fo-
cused on identifying risk of COVID-19 infection in the
various population groups of UAE, following exten-
sive screening and the development of a Risk Scoring
Mechanism. In Phase 2, the focus shifted to predict-
ing mortality risk in ICU settings by identifying key
severity factors. Finally, in Phase 3, a model was de-
veloped to prioritize vaccination and booster admin-
istration.

The first model focuses on predicting the likelihood
of a COVID-19 infection in individuals based on a
comprehensive dataset from a nationwide cohort in
the United Arab Emirates. The study collected retro-
spective data from encounters reported by physi-
cians, which was then input into a Patient Under In-
vestigation (PUI) form during COVID-19 screening
processes. The key variables used were age, gender,
body temperature, comorbidities, and patient symp-
toms. These variables were fed into machine learning
algorithms, ultimately creating a predictive model.
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The data was instrumental in developing an infection
risk score model, which aggregated patient infor-
mation to generate a risk score for different popula-
tion groups that used for classifying level of risk
(high, medium, low). The Gradient Boosting Model,
chosen for its parsimony and explainability, demon-
strated sufficient predictive value, helping the cate-
gorization of higher risk populations for quarantine,
diagnostic testing and exposure tracking. In other
words, the study found Gradient Boosting Model as
the optimal model for risk group prediction, which is
a machine learning technique used for regression
and classification tasks. This model builds a collec-
tion of decision trees sequentially, where each tree
attempts to correct the errors of the previous ones.
These models combine the strengths of multiple
weak models to create a more accurate and robust
final model, are particularly effective in handling
complex data sets like covid infected data and vac-
cination details with numerous variables and inter-
actions.

The second Al model was designed to predict the
mortality risk of COVID-19 patients in ICU settings
including 71 variables. A sophisticated risk-scoring
mechanism was combined with its data attributes to
develop this model. The dataset included various pa-
tient metrics, and multiple machines learning algo-
rithms, including Gradient Boosting, Random Forest,
Ensemble, Decision Tree, Neural Network, and Lo-
gistic Regression, were evaluated. The Gradient
Boosting Model outperformed the other models,
identifying key risk factors for mortality, such as in-
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creased ferritin levels, ventilator usage, high MCHC
and hypotension. These findings highlighted the
model’s ability to accurately predict fatal outcomes,
providing valuable insights for clinical decision-
making in critical care settings.

The third model (foster) was developed to prioritize
vaccination and booster shots for patients identified
as high-risk based on the first two models. By inte-
grating the risk scores generated by the infection and
mortality prediction models, the new Al model
helped determine which patients should receive vac-
cination or booster shots first compared to other
population groups. This approach ensures that those
most vulnerable to severe outcomes from COVID-19
are protected promptly, maximizing the effectiveness
of vaccination campaigns.

Overall, the study demonstrated the potential of Al-
driven risk scoring mechanisms in enhancing COVID-
19 care. The infection risk model provided a robust
tool for early identification of high-risk individuals,
enabling targeted interventions such as testing and
isolation. The mortality risk model in ICU settings of-
fered critical insights into patient management, aid-
ing in the allocation of resources and improving sur-
vival rates. Finally, the vaccination prioritization
model ensured that the most vulnerable populations
received timely protection, optimizing public health
efforts. Together, these three models form a compre-
hensive framework for managing the pandemic, of-
fering scalable and data-driven solutions that could
be applied to future infectious disease outbreaks.

| Phase I | | Phase II | | Phase III
| Mass Screening Program — Positive PCR Admissions | Al Yaccmated md}v'u.iuals across
various health facilities
| | PCR Test results (positive, L 1CU Admissions Followed up vaccinated High-risk

Negative)

—| groups for infection, from phase I

and Il models

Statistical risk scoring, Data
split & Model identification

| | Statistical risk scoring, Data split
& Model identification —

Identified breakthrough infection
group

Identifying Predictive factors

Statistical risk scoring after com-

for high-risk infection: Males,
— 46-60 years group, experi-
enced worsening cough, body
ache/ headache, and people at

Identifying Predictor variables |

for ICU severity: the top severity

| risk factors include increased fer-

ritin levels, ventilator usage, high

bining various potential factors
and model building

Predictive factors (high risk

home quarantine/ homecare.

MCHC and hypotension

group) lead to booster vaccination

The vaccination model integrates diverse data
sources from EHS facilities, Private, Pure Health,
SEHA, Al Tamouh and External Facilities, including
vaccination history, demographic information, and
infection rates, which improves its predictive accura-
cy. This comprehensive approach enables more ef-
fective stratification of the population based on risk
factors. By identifying high-risk groups, key severity
factors and optimizing vaccination coverage strate-
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gies, the Al model enables better resource allocation
for ensuring booster doses are administered effi-
ciently, reducing healthcare costs and improving pa-
tient outcomes. The model supports a highly inter-
pretable dashboard on the EHS Intelligence platform,
includes a real-time feedback mechanism to capture
user characteristics and leader decisions, which
helps in continuously refining the model and its im-
plementation. This ensured that the model remains
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relevant and effective over time during the entire pe-
riod of pandemic. Hence the new application en-
hances the precision of risk identification, improves
resource management, and supports evidence-based
policy development, offering significant advance-
ments over existing Al models in vaccination priori-
tization.

Variables and Data collection Process: The model
consists of multiple variables including vaccination
details such as location of administration, emirates,
facilities, sectors, number of doses administered,
booster administration details, and patient charac-
teristics such as Age, gender, nationality, comorbidi-
ties, etc.

The data collection process was initiated after ob-
taining approval from REC and EHS. In the phase 1
project, the infection risk model was created using
identified data from the Wareed EMR system of EHS
facilities. The inclusion criteria targeted adult pa-
tients who had a documented encounter with a
COVID-19 PCR test within the five months of 2021
pandemic period. Using a random sampling tech-
nique, the study analyzed 23,996 encounters, repre-
senting 22,865 unique individuals tested for COVID-
19. To build the model, a variety of input variables
were considered, including patient factors (such as
age, gender, health history, recent exposure to
COVID-19 positive individuals, and travel history),
type of visit (encounter type and admit mode), and a
range of disease symptoms (abdominal/stomach
pain, abdominal bleeding, body ache, diarrhea, diffi-
culty in breathing, fatigue, headache, muscle pain,
history of dry cough, history of hospitalization, nau-
sea, shortness of breath, running nose, sore throat,
vomiting, and weakness). Additionally, specific
COVID-19 symptoms reported by patients were in-
cluded.

In phase II, the study population included COVID-19
patients admitted in the ICUs of EHS facility, specifi-
cally among the patients who were COVID-19 posi-
tive and both gender and nationality. Data from con-
firmed cases was gathered from January 2021 to May
2021 to encompass the midpoint of the pandemic.
During the study period, it was expected to have ap-
proximately 800 COVID-19-infected cases per study
settings. This population-based data consisted of
probable predictors of COVID-19 severity in critical
care. The researchers proposed to include all the
COVID-19-positive cases reported in the Wareed
platform. The study included the main outcome vari-
able as binary, with categories “patients survived/
not” in ICU due to COVID-19 infection. The model
considered more than 70 characteristics as explana-
tory variables. These independent variables include
categorical and quantitative types such as patient
demographic characteristics, ventilator use, severity
status, vaccination status, other clinical parameters
and so on. From the literature, important and poten-
tial factors were identified and included in the Al
model. Other variables were selected as per the na-
ture of ICU facilities and patient experience in the
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care units of EHS facilities. The missing values for the
labs and clinical variables were imputed. The data
quality checks showed a minimal discrepancy in pa-
tient demographics, comorbidities, medications, la-
boratories, and clinical attributes, including using a
defined and reviewed feature set.

The further study cohort for vaccination strategies
(phase III) included individuals who had received at
least one dose of the COVID-19 vaccine, with a focus
on all adults /residents of the various locations of
UAE, recorded underlying health conditions (diabe-
tes, heart disease, respiratory illnesses). Exclusions
were made for individuals with incomplete data or
non-residents. The methodology for this project in-
volved an extensive data collection process that inte-
grated multiple data sources from various facilities,
including EHS facilities, Private entities, Pure Health,
SEHA, Al Tamouh, and External Facilities. The focus
was on vaccination administration across a diverse
range of sectors, encompassing the Aviation Sector,
Education Sector, Economic Activities Sector, Gov-
ernment Sector (including MOHRE, government
healthcare workers, and others), Military Sector,
General Transportation (such as Buses and Taxis),
Police Sector, Public Sectors, Labor Sector, Security
Sector, Tourism and Hospitality Sector, and Travel
Sectors. This comprehensive approach ensured a
wide and representative cohort, enabling a thorough
and effective analysis of the vaccination data. How-
ever the final Al model developed including data
from Wareed, which is in integration with EHS Intel-
ligence Platform, and real time feedback from
healthcare staff and local leaders. Though the study
methodology began by defining the population to in-
clude all vaccinated individuals across various health
facilities, this broad approach allowed for a compre-
hensive overview of vaccination outcomes within di-
verse healthcare settings. Subsequently, the study fo-
cused on a follow-up with vaccinated individuals
identified as high-risk groups based on the findings
from the Phase I and Phase Il models. These models
previously identified individuals with a higher prob-
ability of COVID-19 infection and mortality, respec-
tively, by analyzing factors such as age, comorbidi-
ties, and initial infection risk. The next step involved
identifying breakthrough infection groups, which in-
cluded individuals who became infected with COVID-
19 despite receiving the full recommended two dos-
es of the vaccine. By closely examining these cases,
the study aimed to uncover patterns, combinations
of risk factors and commonalities among those who
experienced breakthrough infections. This analysis
led to the identification of significant factors contrib-
uting to breakthrough infections among the high-risk
group, which in turn, informed the recommendation
for booster vaccinations. Factors such as the emer-
gence of new variants, waning immunity over time,
and individual health conditions were scrutinized to
understand their impact on the efficacy of the initial
vaccination. This thorough evaluation allowed for a
nuanced understanding of the need for booster dos-
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es, thereby optimizing the allocation of booster vac-
cinations to those most likely to benefit from them.

Initially in phase III, the project aimed to include the
entire population of vaccinated individuals across
various locations of UAE, but later, model develop-
ment focused solely on data from the Wareed EMR
system which includes detailed and complete data on
clinical parameters of the individuals visited differ-
ent facilities and centers of EHS. This shift might ex-
clude certain groups or individuals and lead to selec-
tion bias. The study’s mention of missing values in
comorbidities being imputed may lead to potential
biases in the results. Despite these challenges, the
project aimed to refine its Al-driven model continu-
ously, ensuring accurate identification of high-risk
individuals and effective vaccination strategies.
Overall, while the study attempts to integrate diverse
data sources and maintain a comprehensive scope,
all the related potential biases were carefully consid-
ered and addressed in the analysis and interpreta-
tion of the findings to ensure accurate and reliable
conclusions.

Analytical Methods: To effectively implement vac-
cination strategies during the pandemic, a rigorous
scientific approach was necessary. Previous studies
had shown that there was no universal standard for
predictive models capable of prioritizing vaccination
groups at different stages, including initial doses and
boosters. This highlighted the need for developing a
robust data analytical method using advanced ma-
chine learning technologies. Such an approach was
crucial in creating an Al model that could accurately
identify patient characteristics associated with high-
risk groups for COVID-19 infection, serving as a criti-
cal first step in optimizing vaccination efforts.

The analysis began with the estimation and explora-
tory data analysis of health indicators, focusing on
patient characteristics and healthcare parameters.
Multiple machine learning algorithms, including de-
cision tree-based models, Random Forest, and neural
networks etc, were developed to predict high-risk
population groups for immediate vaccine admin-
istration. The analysis further extended to the esti-
mation of health indicators like infection rate, vac-
cination rate and severity/mortality risk rates. As
part of model evaluation, the model's discriminatory
power was assessed using the Receiver Operating
Characteristic (ROC) curve and Area Under the Curve
(AUC) with model performance comparisons made
across these metrics. The overall infection and vac-
cination results, including key insights from the
champion model, were included in the analytical re-
sults, highlighting trends in vaccination and booster
administration with major predictors of booster pri-
oritization.

Missing data was a significant challenge during the
investigation and follow-up, it was effectively man-
aged through improved tracking systems. The dash-
board developed includes visual presentation of
Covid-19 vaccination administration trends, broken
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down by location, year, UAE emirates, facility/entity,
patient gender, nationality, and months, among other
factors. It also includes predictions of health indica-
tors generated by various machine learning models,
along with a table comparing model performance.
The results of the champion model are highlighted,
showcasing the misclassification rate across training,
testing, and validation datasets, ROC curve, AUC, con-
fusion matrix, accuracy level, variable importance
highlighting key predictors for booster vaccination,
and partial dependence (PD) plots for deeper in-
sights. In nutshell, this Al-driven dashboard on the
EHS intelligence platform was built to provide dis-
trict-level insights into COVID-19 vaccination and
booster allocation data, enhancing transparency and
visibility for health sector stakeholders. It supports
the monitoring of high-risk groups and key perfor-
mance indicators through advanced SAS-based ana-
lytics and visualizations, ensuring that evidence-
based practices are shared and implemented across
EHS facilities.in addition, a real-time feedback mech-
anism was implemented to gather input from staff,
physicians, and leaders, that used for the Model Im-
provement.

Stages of Stakeholder Engagement: The project
aimed to establish sustainable Al-driven models to
predict key health indicators and deliver clinical so-
lutions that benefit the entire country. To ensure the
project’s success and demonstrate our commitment
to social responsibility, we actively involved all rele-
vant stakeholders in each phase of implementation.

Healthcare providers played a central role by contin-
uously updating, uploading, and verifying patient
records through the Wareed online platform. This
ensured that patient data remained accurate and up
to date, which was critical for identifying those at
highest risk for vaccination prioritization. The pro-
ject involved extensive coordination, with statisti-
cians and data scientists from The Data and Statistics
Department (DSD) conducting regular meetings with
key stakeholders to share progress and ensure that
evidence-based practices were implemented across
EHS facilities. DSD in collaboration with public health
professionals, clinical doctors, and hospital adminis-
trators, coordinated for the project to identify groups
most "at risk" for COVID-19 vaccination and boosters
based on a variety of health indicators. The depart-
ment took the initiative to organize and conduct reg-
ular training sessions for staff, positioning them-
selves as the key oversight body to ensure the relia-
bility of vaccination data. This was essential for
facilitating effective decision-making within the
health system. Given the vast amount of data EHS
handles, a technology-driven approach was essential.
This solution allowed for precise analysis, with vac-
cination statistics being displayed on an advanced,
visually intuitive dashboard. The dashboard provid-
ed a clear representation of trends, patterns, and
predictive rates, making the data accessible and easi-
ly interpretable for quick decision-making. The SAS-
based EHS intelligence platform enabled users to
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monitor current statistics and projected outcomes
via dashboard, supporting timely interventions in
healthcare delivery.

EHS’s excellence in cost efficiency was reflected in
the program that developed a prediction model to
compact healthcare expenses and effective resource
utilization in all the EHS facilities. An innovative Al
approach was formed to foresee the risk group for
vaccination priorities which significantly enhance
patient outcome and reduced losses in healthcare fa-
cilities. These projects helped the EHS entity to set
targets and develop strategies for policy recommen-
dations on vaccination administration and to im-
prove timely access for the general public to
healthcare settings. The developed Al models em-
powered the EHS providers to plan the necessary re-
source planning, and care strategy for improved pa-
tient outcomes20-21.

AlShaya S et al.

RESULTS

The current paper aimed at showcasing an effective
data analytical framework for quick decision making
and highlights our technological achievements in
vaccination prioritization. The result part summariz-
es the Al model’s performance, including presenta-
tion of vaccination details across UAE emirates and
key factors like dose type and patient characteristics.
The machine learning models developed in the EHS
healthcare system have significantly improved pa-
tient outcomes by identifying high-risk populations
for vaccination, optimizing coverage across northern
emirates, and targeting strategies for vulnerable
groups. These models have also prioritized individu-
als for booster doses to mitigate breakthrough infec-
tions and assessed the timing for boosters based on
increased infection rates following the second dose.
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Figure 1: Covid-19 vaccination Profile
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Figure 2: Covid-19 vaccination administration Trend - by Gender, Nationality and Months/year
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Figure 4: Covid-19 vaccination Administration Trend - By Location/UAE

During the pandemic, dashboard results were dis-
tributed to the leaders and healthcare professionals
of the organization, which includes vaccination de-
tails by patient demographics (fig. 1), Covid-19 vac-
cination administration Trend by different factors
(fig. 2-4), first dose/2nd dose and booster dose de-
tails (fig. 5). The results on model performance (table
1-4, Fig. 6-11) were also shared with healthcare pro-
viders including physicians and administrative staff
of EHS facilities via Al driven dashboard.

ment of this machine model. The population with vari-
ous characteristics has a different likelihood ratio for
risk.

In phase I, a random sample of 23996 encounters ac-
counting for 22865 people across UAE was considered
for the development of the machine learning models to
predict the COVID infection risk. 3818 encounters came
out to COVID-19 positive from the given sample. Data
was split into training (70%) and Validation (30%) da-
tasets. Patients with fever were 2.8 times more likely to

Advanced Al models were compared based on deep-be infected than patients without fever. In the gender
learning-based algorithms (decision tree-based, Randomanalysis the male patients are 2 times more likely to be
Forest, Neural Network, and Gradient Boosting models}infected with COVID- 19 when compared to female pa-
for providing care excellence during the pandemic. Atients. Similarly, patients in the age group 46-60 were

risk score model was developed, and investiga-1.5 times more likely to be infected compared to patients
tors/clinical doctors worked together on the develop-in other age groups.
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Figure 5: Covid-19 Booster Dose vaccination Trend - By Year and Emirates

Table 1: Details regarding Champion Model

The indicator predicted by the model

Best ML Model

Covid Infection Risk among population
Covid related ICU mortality

Gradient Boosting
Random forest

AUC: Training AUC: Validation
75% 74%
94% 91%
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Figure 6: Pipeline

While predicting the COVID related ICU mortality
(phase 1II), the prediction using the Forest Algorithm
produced high level accuracy, 91.8% of the real-time
data was correctly classified by the model. The train-
ing and validation accuracy was 94% and 91%. The
model effectively identified the risk score, and con-
cluded that higher Ferritin levels, Ventilator usage,
MCHC as the top clinical variables, and Hypotension
as the top comorbid condition for predicting COVID
related mortality in ICU. The relative importance of
these variables was determined by using a one-level
decision tree. The model also identified some of the
key factors including comorbidities and lab results

National Journal of Community Medicine | Volume 15 | Issue 12 | December 2024

that were very specific to the EHS population. This
empowered the EHS providers to plan on the neces-
sary resource mobilization, lab test planning, and
care strategy for improved outcomes. results of
phase I-1] are presented in the below table (table 1).

In phase III, the goal was to develop an Al model that
could effectively prioritize patients for vaccination or
booster shots based on their risk of severe COVID-19
outcomes. The table 2 and pipeline (Fig. 6) presents a
comparison of several machine learning models us-
ing various performance metrics to evaluate their ef-
fectiveness in this task.
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Table 2: Comparison of Model Performance
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Model Applied Root Average (AUC) Accuracy F1 Gini Lift False Misclassi- Gain KS
Squared Score Coefficient Positive fication (Youden)
Error (RMSE) Rate Rate
Gradient Boosting 0.337 0.790 0.846 0.247 0.580 2.523 0.016  0.154 2.118 0.414
Forest 0.337 0.790 0.846 0.230 0.580 2.385 0.014  0.154 2.085 0.418
Ensemble 0.337 0.789 0.847 0.238 0.577 2.420 0.013 0.153 2.086 0.413
Neural Network 0.339 0.783 0.845 0.235 0.566 2.393 0.016  0.155 2.024 0.400
Forward Logistic Regression 0.339 0.783 0.845 0.238 0.565 2.377 0.016  0.155 2.024 0.400
Stepwise Logistic Regression 0.339 0.783 0.845 0.238 0.565 2.377 0.016 0.155 2.024 0.400
Decision Tree 0.341 0.769 0.845 0.235 0.537 2416 0.016  0.155 2.026 0.383

AUC - Area Under ROC

The Forest model and Gradient Boosting model were
identified as the champion models, key metrics of the
Gradient Boosting model show Root Mean Squared
Error (RMSE) as 0.337, an Area Under the ROC Curve
(AUC) of 0.790, and an accuracy of 0.846. Its F1 score
of 0.247 is the highest among the models, indicating
a balanced precision and recall. It also has the high-
est lift (2.523) and gain (2.118), suggesting it is par-
ticularly effective at identifying individuals most at
risk. The Gradient Boosting model achieves these re-
sults with a slightly higher false positive rate (0.016)
compared to the Forest and Ensemble models.

The Ensemble model also perform well, with similar
RMSE, AUC, and accuracy scores. The Ensemble
model has the highest accuracy (0.847) and the low-
est false positive rate (0.013), making it a strong con-
tender for practical applications where minimizing
false positives is crucial. However, its F1 score and
lift are slightly lower than those of the Gradient
Boosting model.

Neural Network and Logistic Regression models
have slightly higher RMSE values (0.339), indicating
marginally less precision in prediction. Their AUC
values are lower (0.783) than those of the Gradient
Boosting and Forest models, and they also have a
higher false positive rate. Despite these differences,
their lift and gain values are relatively competitive,
indicating they can still identify high-risk individuals
effectively.

The Decision Tree model has the lowest AUC (0.769)

and Gini coefficient (0.537), reflecting a reduced abil-
ity to discriminate between high and low-risk indi-

viduals. However, it maintains a competitive lift and
accuracy, making it a viable option for certain appli-
cations.

In summary, the Forest model was identified as the
most effective model in identifying and prioritizing
high-risk individuals for vaccination or booster
shots, with a balance of high precision, recall, and a
low misclassification rate.

Champion model results: The champion model for
this project is Forest. The model was chosen based
on the KS (Youden) for the Test dataset (0.42).
84.59% of the Test dataset was correctly classified
using the Forest model. Out of 54 potential variables,
the five most important factors identified for booster
prioritization are Emirates of vaccination admin-
istration, patients’ occupation, Age, Day to Second
Dose and presence of Diabetes/CKD. The results of
the champion model are detailed below.

The plot (Fig. 7) shows how the misclassification rate
changes as the number of trees in the forest increas-
es. The training error typically decreases as the
number of trees increases, but the error for the vali-
dation dataset gives an indication of how well the
model generalizes. For this model, the minimum er-
ror for the validation dataset is 0.1547 and occurs for
75 trees, so the validation error is still decreasing at
the last tree.

The Receiver Operating Characteristic (ROC) curve
(Fig. 8) was used in the study to assess the perfor-
mance of selected classification models. It plotted the
true positive rate (sensitivity) against the false posi-
tive rate (1-specificity) at various threshold settings.

Misclassification Rate

Number of Trees

ROC Reports ROC @ 4 7

Sensitivity

1 - Specificity

Figure 7: Misclassification rate in
Train/Test/Validation datasets
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Figure 8: ROC curve and AUC of the champion
model
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Each point on the curve represents a sensitivity/
specificity pair corresponding to a particular deci-
sion threshold. and then AUC was computed to
summarize the model's discriminatory power. The
obtained AUC value of 0.8 and above indicates excel-
lent discrimination power of the model. In this study,
a higher AUC value demonstrates that our model ef-
fectively differentiates between individuals who are
at high risk of infection required booster dose and
those who are not, thereby supporting targeted vac-
cination and booster dose strategies. These tools
helped to determine how well the Al model can dis-

AlShaya S et al.

tinguish between high-risk and low-risk individuals
for COVID-19 infection and subsequent booster dos-
es.

This ROC curve rapidly approaches the upper-left
corner of the graph, where the difference between
sensitivity and 1-specificity is the greatest, indicates
the selected model is more accurate. This ROC curve
plots sensitivity (the true positive rate) against 1-
specificity (the false positive rate), which are both
measures of classification based on the confusion
matrix. These measures are calculated at various
cutoff values.

Event Classification

Cutoit

Percent

@ 4 7

Percentage Plot -

Daa Role TEST

TRAIN VALIDATE

Figure 9: Confusion Metrix

Table 3: Champion Model's performance at different thresholds

Threshold True Positives (%) True Negatives (%) False Positives (%) False Negatives (%)
0.15 79.75 61.64 38.36 20.25
0.20 70.36 73.41 26.59 29.64
0.50 13.12 98.73 1.27 86.88

To help identify the best cutoff to use when scoring
data, the KS Cutoff reference line is drawn at the val-
ue of 1-specificity where the greatest difference be-
tween sensitivity and 1-specificity is observed for the
validate partition. The KS Cutoff line is drawn at the
cutoff value 0.15, where the 1-specificity value is
0.384 and the sensitivity value is 0.797. As the cutoff
values range from 0 to 1, inclusive, in increments of
0.05, the predicted classification is the event when
infection flag is greater than or equal to the cutoff
value. otherwise, it was considered as a non-event.

The above event classification report is a visual rep-
resentation of the confusion matrix at various cutoff
values for each dataset (Fig. 9). The classification
cutoffs used in the plot are the default (0.5) and the
KS value for the TRAIN dataset (0.2), VALIDATE da-
taset (0.15), TEST dataset (0.15). For this data, for
the bar corresponding to the event level of Infection
"1 (yes)", the segment of the bar colored as blue
(Correct) corresponds to true positives.

The above table (Table 3) illustrates the model's per-
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formance across different thresholds. At a threshold
of 0.15, the model achieves high sensitivity with
79.75% true positives but also a high false positive
rate of 38.36%, indicating it identifies many infec-
tions at the risk of over-predicting. At 0.20, the mod-
el strikes a better balance, with 70.36% true posi-
tives and 73.41% true negatives, reducing false posi-
tives to 26.59% but increasing false negatives to
29.64%. At a threshold of 0.50, the model becomes
very conservative, identifying only 13.12% of true
positives and nearly all non-infections correctly
(98.73%), but with a high false negative rate of
86.88%. This shows a shift from high sensitivity and
false positives at lower thresholds to high specificity
and missed infections at higher thresholds. The
choice of threshold thus involved it is a trade-off be-
tween sensitivity and specificity based on the desired
balance of identifying true infections versus avoiding
false positives. Here to balance between correctly
identifying true cases and minimizing false positives,
the 0.20 threshold is the most appropriate choice.
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Figure 10: Accuracy Level of the champion model

Table 4. Other Metrics

Threshold  Precision (%) Recall (%) F1 Score
0.15 29.1 79.8 42.4
0.20 345 70.4 46.0
0.50 67.2 13.1 21.8

For the selected model, the accuracy in the TEST par-
tition (Fig. 10) at the cutoff of 0.5 is 0.8459, in the
TRAIN partition at the cutoff of 0.5 is 0.8542 and the
accuracy in the VALIDATE partition at the cutoff of
0.5 is 0.8453. Accuracy is the proportion of observa-
tions that are correctly classified as either an event
(infection risk - yes) or non-event (infection risk -
No) for booster intake, which was calculated at vari-
ous cutoff values, as (true positives + true negatives)
/ (total observations).

This representation (Table 4) allows for a more nu-
anced understanding of the model’s performance in
terms of its ability to correctly identify positive cases,
its coverage, and the balance between precision and
recall.

Variable importance/Major predictors of booster
vaccination: Variable importance (8 / 54 variables)
is calculated using a surrogate model, presented in
Fig. 11, a one-level decision tree for each input where
the target is the predicted class or value. Inputs with
a positive importance value are determined to be
important. The most important inputs across the
champion and challenger models for this project ap-
pear as follows.

PD plots for deeper insights

The partial dependence (PD) plots were reviewed
(Fig. 12), and it provides deeper insights into the
model's behavior, revealing the impact of specific
features on the predicted risk of severe COVID-19
outcomes for effective vaccination. The "Emirate"
feature shows that residents of Fujairah have the
highest predicted risk (0.29), suggesting a priority
for booster vaccinations in this region, while Dubai
shows the lowest (0.03). Occupation-wise, govern-
ment healthcare workers exhibit the highest predict-
ed risk (0.42), potentially due to higher exposure,
whereas laborers show the lowest (0.12). Age-wise,
individuals around 21 years old face a slightly ele-
vated risk (0.19), while comorbidities like diabetes
(0.39), hypertension (0.36), and chronic kidney dis-
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Figure 11: Relative Importance of the Factors

ease (0.27) significantly increase vulnerability. Addi-
tionally, females (0.19) are predicted to have a mar-
ginally higher risk compared to males (0.15). Lastly,
a shorter gap between vaccine doses correlates with
a slightly higher risk. These insights, facilitated by
the Al augmented EHS intelligence platform, assist
stakeholders in implementing targeted COVID-19
precautions and vaccination strategies for at-risk
populations.

Overall, the statistics distribution was done through
the dashboards created on the EHS intelligence plat-
form, which supports EHS stakeholders in
knowledge sharing and decision-making. This plat-
form serves as a central hub for accessing, analyzing,
and sharing current healthcare information. By high-
lighting high-risk groups, it helps healthcare provid-
ers implement effective COVID-19 precautions and
vaccination strategies.

DISCUSSION

The current study focused on epidemic trends and
the orchestration of safe vaccination campaigns.
EHS's early adoption of Al-driven strategies exempli-
fies the potential of technology in navigating the
complexities of public health crises. In the broader
context, machine learning has been extensively em-
ployed to predict various COVID-19-related out-
comes in EHS. The present project includes classify-
ing patients with increased vulnerability who are
more susceptible to severe complications and thus
more likely to require hospitalization or experience
severity /mortality?8-29, as documented in numerous
studies. However, our research highlights a notable
gap in the application of machine learning specifical-
ly for the prioritization of vaccination efforts. While
existing models effectively predict high-risk cases,
less attention has been paid to optimizing vaccine
distribution strategies. The strategic prioritization of
vaccinations plays a pivotal role in identifying which
segments of the population should be immunized ini-
tially, taking into account aspects such as age de-
mographics, job-related exposure risks, comorbidi-
ties, and general infection susceptibility. Our findings
suggest that Al can significantly enhance decision-
making processes in vaccination strategies by identi-
fying those who would benefit most from early im-
munization.
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Figure 12: PD plot by various Factors

The models developed in our study incorporated a
range of factors, including demographic variables,
health status, and exposure risks, to predict the like-
lihood of severe COVID-19 outcomes and, subse-
quently, to prioritize vaccination for the most vul-
nerable populations. Thus, EHS emerged as a pio-
neering entity in the region by integrating Al
techniques into the management of the COVID-19
pandemic.

Nations across the globe have committed significant
resources in an effort to control the spread of this
deadly virus. In this context, Al has proven to be an
essential tool, as many researchers utilize it to create
mathematical models that analyze the pandemic's
dynamics through shared data, ultimately supporting
the well-being of society.2> One of the studies en-
hances COVID-19 outcome prediction by using ad-
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vanced machine learning classifiers on datasets of
confirmed cases, recoveries, and fatalities.26 The
primary dataset for their study was sourced from
Kaggle, a trusted platform for real-world datasets.
Researchers gathered and pre-processed raw data
related to COVID-19, including demographic details,
admission and discharge dates, and patient outcomes
such as recoveries and fatalities. This dataset, which
combines both textual and numerical data, was used
to develop and train COVID-19 prediction model, fo-
cusing only on the attributes relevant to analysis.
Among the models they tested, the Gradient Boosting
classifier achieved the highest accuracy with 90% for
both confirmed cases and recoveries, and 92% for fa-
talities. This improvement supports better patient
triage and reduces the burden on healthcare sys-
tems, offering valuable tools for managing current
and future epidemics.
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Another research focused on developing an intelli-
gent web application for automatic COVID-19 detec-
tion using various machine learning techniques.2’ Af-
ter preprocessing the dataset, including handling
missing data and applying SMOTE for balancing, dif-
ferent classifiers and deep learning models were
trained and evaluated by the researchers. The hybrid
CNN-LSTM model, combined with the SMOTE ap-
proach, achieving 96.34% accuracy and a 0.98 F1
score using data from the Israeli Ministry of Health.
This model was then deployed to a website, allowing
users to receive instant COVID-19 predictions based
on their symptoms.

Another study applied advanced Al techniques to
enhance the accuracy of COVID-19 detection and
prediction, demonstrating the growing role of artifi-
cial intelligence in managing and understanding the
pandemic.3? This research identified COVID-19 posi-
tive patients using machine learning and ANN mod-
els on anonymized full blood count data, without re-
lying on symptoms or history. Data was taken from
the Hospital Israelita Albert Einstein showed that
Random Forest and ANN models achieved high accu-
racy, with AUC values of 94-95% for hospital pa-
tients and 80-86% for community cases. A simple
linear combination of four blood counts achieved an
AUC of 85% for community patients. This method
detected characteristic immune response changes,
offering a potential improvement for early COVID-19
screening where PCR tests are limited.

Effective diagnosis of emerging infectious diseases is
critical for patient management and controlling out-
breaks. This study aimed to validate a machine learn-
ing approach for predicting COVID-19 based on clini-
cal features in emergency departments (ED).3! Data
from a US ED and an external ED were used to train
and test models with gradient boosting, random for-
est, and extra trees classifiers. The random forest
model achieved the highest performance with an
AUC of 0.785, compared to 0.774 for gradient boost-
ing and 0.720 for extra trees. The study confirms that
ML can effectively predict COVID-19 and shows
promise for future use in diagnosing emerging infec-
tious diseases, particularly in settings with limited
diagnostic tools.

Accurate prediction of mortality risk in hospitalized
COVID-19 patients is critical for improving medical
management and optimizing healthcare resources.
One of the research projects investigates the applica-
tion of explainable artificial intelligence methods to
predict mortality risk based on admission data, aim-
ing to enhance both the precision and interpretabil-
ity of predictions.32 Data from 824 patients admitted
to Azienda Ospedaliera were analyzed using 19 ma-
chine learning models. The JRIP model, which pro-
vides clear and understandable explanations, per-
formed best, achieving high accuracy in both cross-
validation and a separate validation set from the
third COVID-19 wave. The results demonstrate that
explainable Al models can effectively assess patient
risk and support optimized healthcare management,
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even across different phases and variants of the pan-
demic. As it was necessitating advanced tools for ef-
fective clinical decision-making and resource man-
agement, a study enhanced healthcare outcomes to
predict ICU mortality in COVID-19 patients by apply-
ing machine learning classifiers to demographic, he-
matological, and biochemical data from ICU admis-
sions during the second and third waves of the pan-
demic.33 Using eight classifiers from the caret
package in R, the Random Forest model achieved the
highest performance with an AUC-ROC of 0.82, while
k-nearest neighbors performed the worst (AUC-ROC:
0.59). The model demonstrated the highest sensitivi-
ty (0.7). Key predictors of mortality identified by the
Random Forest model included serum urea, age, he-
moglobin, C-reactive protein, platelets, and lympho-
cyte count. A review article provides a comprehen-
sive summary of common medical history, clinical
examinations, radiology, and laboratory data related
to SARS-CoV-2.34 It synthesizes literature from Pub-
Med, Science Direct, and EMBASE on COVID-19 diag-
nosis and proposes algorithms for accurate and time-
ly diagnosis of the disease. The review highlights the
importance of developing precise and prompt diag-
nostic algorithms as the ideal approach for managing
COVID-19.

Al can also revolutionize how we predict vaccine ef-
ficacy, tailor vaccination strategies to individual pa-
tient profiles, and identify potential adverse reac-
tions before they become widespread issues. But the
field of vaccination research where Al applications
are still relatively scarce. One study identified the
most effective COVID-19 vaccine for individuals
while minimizing severe adverse reactions and as-
sessing mortality risk, addressing the rare applica-
tion of Al in vaccination studies.35 By analyzing a da-
taset on vaccine adverse reactions, various classifica-
tion models were evaluated, including Random
Forest, Decision Tree, Light Gradient Boosting, and
Extreme Gradient Boosting, with class balancing
techniques like SMOTE and SMOTETOMEK to en-
hance performance. Key predictors included pre-
existing conditions, age, and gender. The Random
Forest model achieved the highest accuracy, ranging
from 75% to 87%, with improved performance using
class balancing methods. The study highlights the po-
tential of Al in vaccination research and highlights
the importance of considering medical history to op-
timize vaccine outcomes and safety. our study also
illustrates how a healthcare organization in the UAE
effectively implemented an Al-driven strategy to
identify and prioritize vulnerable populations for
COVID-19 vaccination administration and supple-
mentary doses. One of the systematic reviews high-
lights the importance of refining mathematical mod-
els for vaccine prioritization, especially for age-
specific strategies, to enhance future pandemic pre-
paredness.3¢ By analyzing various models, it high-
lights how different assumptions impact outcomes
and informs better public health decisions for future
infectious disease outbreaks.
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With global vaccine supply being limited and the
need for efficient distribution growing, developing
machine learning models for vaccine prioritization is
vital. Our paper advocates for progress in this field,
demonstrating how such models can aid public
health officials and policymakers in the effective al-
location of scarce vaccine doses, ensuring that indi-
viduals at the highest risk of severe disease or
transmission receive timely access to vaccination.

PROJECT IMPACT

The project significantly impacted the healthcare
sector by addressing the challenge of identifying the
population groups at elevated susceptibility to
COVID-19 infection for prompt immunization and
booster administration. The Al model developed
through the project integrated both traditional and
advanced machine learning techniques, leading to
the creation of a highly accurate model for stratifying
vulnerable populations. This model not only im-
proved vaccination strategies but also highlighted in-
creased breakthrough infection rates months after
the second dose, facilitating timely interventions.
The selection of optimal Al model resulted in the
most favorable patient outcomes during the pandem-
ic in the country. The refinement of the model ena-
bled the identification of patients with elevated vul-
nerability to COVID-19 complications and facilitated
the evaluation of its associated ICU severity rates,
which demonstrating the effectiveness of Al in im-
proving pandemic response and healthcare man-
agement.

When comparing the current approach with previous
methodologies, it can be seen that traditional ap-
proaches often relied on broad demographic catego-
ries or static risk factors to identify high-risk groups,
which could lead to overgeneralization and missed
at-risk individuals. These methods typically lacked
real time data integration and feedback mechanisms,
resulting in slower response times and less adaptive
strategies. such earlier approaches do not fully inte-
grated diverse data sources, leading to incomplete
analyses and less effective risk stratification. Al-
Driven Approach use real time data and integrates
multiple variables (age, gender, nationality, vaccina-
tion history, infection rates, etc.) to dynamically and
precisely identify high-risk individuals. This allows
for more accurate and timely identification of those
who need booster doses, ensures efficient use of re-
sources and reduces healthcare costs.

Conventional models/applications often had limited
visualization capabilities, making it difficult for
healthcare staff to interpret data and make informed
decisions. It potentially leads to wastage or shortages
in critical areas. Whereas the Al-Driven dashboard
on the EHS Intelligence platform offers a district-
level view of vaccination data, enhancing transpar-
ency and provides clear actionable insights, helping
healthcare staff to develop targeted further sustaina-
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ble strategies. previous approaches have struggled to
scale quickly or adapt to new data and changing cir-
cumstances. In comparison with this, the Al model is
designed to be scalable and flexible, capable of adapt-
ing to new data inputs and evolving health scenarios.
This makes it a robust tool for managing vaccination
strategies in dynamic environments. Overall, the
models resulted in significant policy enhancements
and improved departmental strategies across EHS
facilities. By quantifying resource demand and en-
hancing vaccination services through Al-based tech-
nology, it enabled precise risk stratification and iden-
tification of vulnerable groups. This solution updated
health statistics and facilitated timely healthcare de-
livery. Consequently, COVID-19 instructional manu-
als and health policies were revised, introducing pre-
cautionary measures and preventive steps across all
EHS facilities in the UAE. The project established EHS
as a regional healthcare leader, utilizing advanced Al
models for informed decision-making and practical
clinical interventions.

CONCLUSION

A key challenge in the public health sector was accu-
rately identifying vulnerable groups for COVID-19 in-
fection and optimizing vaccine distribution among
the varied populations in the UAE. Public health sys-
tems must efficiently identify patients in need of ur-
gent care while also streamlining the vaccination
process. To address this challenge, advanced ma-
chine learning algorithms were created, integrating a
range of symptoms and patient profiles to evaluate
the risk of COVID-19 infection. The project outcomes
highlight the transformative impact of Al on public
health strategies, particularly in managing the
spread of infectious diseases like COVID-19. The
study presents how a UAE healthcare organization
successfully developed and deployed an Al-driven
approach to identify and prioritize vulnerable popu-
lations for COVID-19 vaccination and Booster dose
management. The study observed that the champi-
ons models significantly improve decision-making
processes within healthcare systems, resulting in en-
hanced patient care, optimized resource allocation,
and cost savings. The efforts on the integration of Al
into priority setting for vaccination and booster
shots exemplifies its potential to revolutionize public
health initiatives and strengthen pandemic manage-
ment. This innovative approach demonstrates Al's
crucial role in advancing global health responses to
future pandemics.
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