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ABSTRACT

Full Name : Obasi, Chigozie Francis

Thesis Title . Forecasting Cardiovascular Diseases of Adult Patients in Emergency
Department using Al Models

Major Field . Business Studies, Management Information System Track

Date of Degree : May, 2025

Background: The impact of CVDs on the economy of Saudi Arabia and mortality of
Saudis continue to show worrying trends. In 2016, the CVDs effect on the KSA economy
was estimated to be $3.5 billion and is expected to increase to $9.8 billion in 2035. It has
been reported that CVDs account for approximately 28% of all deaths caused by the major
non-communicable diseases in KSA, resulting in a direct and indirect economic burden of
around SAR 52 billion according to the Ministry of Health. Furthermore, in KSA, over
30% of adults are at risk of CVD. In view of this, there is a need to be involved in scholarly
work to find better techniques in handling CVD cases, especially in the health systems
emergency department (ED) where patients get their first contact with medical practitioners
at the hospital. However, overcrowding at ED is a major global challenge. In Saudi Arabia,
there is limited study on the percentage of CVD patient within the midst of overcrowded
patients in ED, top CVD risk factors and accurate forecast of CVD patient volume in ED.

Objectives: This study aimed at analyzing the collected data in the Emergency Cases at
Jubail Health Services Program from 2019-2023 to identify percentage of CVD cases
amongst the overcrowded medical cases, find the top CVD risk factors in Jubail and
forecast the volume of CVD patients for the next 12 months at the Jubail health services.

Methods: This retrospective study involved collecting data from the Saudi Open Data
Portal. Specifically, the data downloaded contains information relating to “emergency
cases in Jubail Health Services Program” from 2019 to 2023 dataset. Python programming
language was used in integrating the different years record into one merged dataset. On the

merged dataset, python regex functionality was used to filter out CVD cases based on

domain-specific keywords such as "chest pain,” "hypertension,” "heart failure, etc. seen on
the “main diagnosis” column based on CVD expert opinion. Thereafter, text normalization
and monthly aggregate volume count were applied on the filtered dataset to create the

Xi



overall database used to answer the proposed research questions. Descriptive and
forecasting analysis was done using python. Forecast models include statistical time series
models (ARMA, ARIMA, and SARIMA) and machine learning models (Lasso, Ridge,
Random Forest, Support Vector Regression, LightGBM, XGBoost and Stacking ensemble

regression). Models’ performance was measured using MAPE and RMSE.

Results: Out of 418,835 emergency visits, 9,968 were related to cardiovascular diseases,
accounting for 2.38% of total visits from 2019 to 2023. Among the CVD cases, the top five
CVD risk factors are Chest Pain, Hypertension, Stroke, Heart Failure, Cardiac Arrest.
Additionally, the performance of forecasting models to predict monthly CVD patients were
evaluated with MAPE and RMSE. With MAPE of 7.92% and RMSE of 18.96 XGBoost
emerged as the best-performing model in terms of MAPE and RMSE followed closely by
StackingEnsembleRegressor, Random Forest and ARIMA. Using RMSE, and except for
ARIMA, most of the machine learning models outperform the statistical time series models
of ARMA and SARIMA.

Conclusion: This study provides a data-driven analysis of cardiovascular disease cases in
Saudi Arabian emergency departments and forecasts monthly future cases using multiple

predictive models.
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CHAPTER 1
INTRODUCTION

Cardiovascular Disease (CVD) continues to be the leading cause of death worldwide as
highlighted in a recent report by the American Heart Association (AHA), which stated that
CVD accounts for 37% of deaths among people under 70 years of age (Tsao et al., 2023).
In the United States, AHA report showed that in 2020, the prevalence of CVD in people
from 20 years and above was 127.9 million with about 380 deaths per 100,000 people (Tsao
et al., 2023). Also, a report from the European Cardiology Society (ESC) indicated that 26
million people globally suffer from heart disease, 3.6 million are diagnosed every year with
more than half of this number expected to die within 2 years (Haq et al., 2018). CVD
includes a wide range of conditions such as acute coronary syndrome (ACS), Ischemic
heart, valvular, hypertension, heart failure, all of which pose significant challenges for
early detection and effective management. The World Health Organization estimated an

increasing trend of CVD cases.

In almost all cases of managing CVD, emergency department (ED) is the healthcare facility
where patients begin their medical treatments by providing almost 24 hours health services
to all patients arriving via walk-in or through an ambulance (Sudarshan et al., 2021). As
the first medical station every patient visits, it is prone to congestion. The American
College of Emergency Physicians noted that ED congestion is a scenario in which ED
needs are more than the current resources for patient care (Sudarshan et al., 2021). It has
been noted that ED about fifty percent of EDs is more than the ideal patient to nurse ratio

for normal ED beds and patient to nurse ratio for urgent care beds (Rose & Skariah, 2013;


https://www.zotero.org/google-docs/?1WnR2H
https://www.zotero.org/google-docs/?BZfTBL
https://www.zotero.org/google-docs/?BZfTBL
https://www.zotero.org/google-docs/?JOCf4Y
https://www.zotero.org/google-docs/?Yfkj3Z
https://www.zotero.org/google-docs/?rWQSbf
https://www.zotero.org/google-docs/?8mMk9f

Schneider et al., 2003). Congestion in ED is a worrying situation with many disadvantages.
The extensive overcrowding challenge of emergency departments worldwide in healthcare
systems brings with it massive negative outcomes which include increasing patient count,
death and morbidity rates, and an unoptimized, slow operational capabilities to give
important medical services to sick individuals bedeviled with health emergencies (Deng
etal., 2024). Past studies have further elaborated that overcrowding leads to high morbidity
(Edmondson et al., 2013), mortality (Jo et al., 2014), treatment delays (Hong et al., 2013),
increase length of stay at healthcare facilities (Derose et al., 2014), increase cost (Sun et
al., 2013), readmission (McCusker et al., 2014) and reduction in patient satisfaction
(Tekwani et al., 2013). Previous studies have assessed the factors and effect of ED
overcrowding (Darraj et al., 2023). Effect of ED congestion, poor healthcare workers
management, has led to increasing possibilities of In-hospital Cardiac Arrest (IHCA) in the
ED. IHCA is the unexpected discontinuation of the pumping of the heart in a medical
facility (Deng et al., 2024). Data from the American Heart Association’s Resuscitation
Registry showed that IHCA in inpatient adults is roughly 10 situations per 1000 bed-days
equivalent to 290,000 patients annually of which 10% happens in the ED with surviving to

discharge if adults IHCA patients put at only 25% to 40% (Holmberg et al., 2019).

Various scholars have proposed varying solutions to resolving overcrowding in ED. These
suggestions include input-throughput-output framework (Asplin et al., 2003), upscaling
resources, demand handling operation research (Hoot & Aronsky, 2008), speedy
evaluation areas (Bullard et al., 2012)and diagnostic decision divisions (Roberts et al.,
2010). Apart from these different proposals, developing an automated prediction of future
patient arrival quantity is valuable and important in enhancing improvements in planning
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and handling of ED operations and invariably solve the issues of ED congestion. Hence,
forecasts of CVD patients’ arrivals in time intervals like weekly or monthly can facilitate
staff management, resource allocation and purchase. The ability to predict patient volume
enables healthcare providers to make data-driven decisions about allocating human and
material resources. This capability can enhance operational efficiency, reduce costs, and
alleviate the challenges associated with overcrowding (Ho et al., 2019). Additionally,
many healthcare experts have noted that patient volume and complexity inhibit
participation in share decision-making - a framework that fosters collaboration between
health professionals and patients (Himmelfarb et al., 2023). Therefore, there is a need to
forecast CVD patients’ volume. Additionally, despite advances in medical tests,
diagnosing CVD remains costly and agonizing for patients, emphasizing the need for more

accessible and less invasive diagnostic tools (Rani et al., 2021).

Additionally, Proper analysis of medical data is part of the wider concept called healthcare
analytics. Clinical data analytics involves collecting, analyzing and appraising data from
different data sources such as electronic health, cost records, patients survey, social media
and many others) to assist healthcare firms deliver better quality care, reduce medical cost
and improve patient experience (Fawagreh & Gaber, 2020). Furthermore, healthcare firms
aim to improve their service; hence, they concentrate on sustainable delivery healthcare
operations and optimizing the medical activities they offer (Eschenbrenner & Brenden,
2022). By analyzing huge amounts of medical data, healthcare organizations can get more
clarity on medical treatment results and apply learnings to personalized health care plans
(Eschenbrenner & Brenden, 2022). Malik et al., (2018) noted that healthcare organizations
are utilizing data mining techniques to diagnose and create healthcare plans. Therefore, by

3
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analyzing CVD medical records and identifying results such as the most common CVD
among patients, this will help hospitals optimize their medical resources and improve

patient outcomes.

To address these health challenges, this paper aims to answer the following questions (1)
What is the percentage of CVD patients within the midst of overcrowded patients in ED?
(2) What are the top CVD risk factors? and (3) What is the monthly forecast of CVD patient
volume in ED? To find answers to these questions, | retrospectively reviewed and analyzed
downloaded data from the Saudi Open Data Portal. Specifically, the data downloaded
contains data related to “emergency cases in Jubail Health Services Program” from 2019
to 2023 dataset. | employed data mining methods in identifying the percentage of adult
cardiac patients in the ED, identifying the top CVD diagnoses leading to ED visits on CVD
diseases. Additionally, | developed an Al model to predict the top CVD diagnoses and

forecast the number of CVD patient admission.



CHAPTER 2
LITERATURE REVIEW

2.1 Cardiovascular Diseases

Cardiovascular diseases (CVDs) are defined by the World Health Organization (WHO,
2021), as a range of anomalies impacting the heart and blood vessels. According to the
American Heart Association, CVDs include coronary heart diseases, cerebrovascular
diseases, peripheral arterial diseases, rheumatic heart diseases, congenital heart diseases,
deep vein thrombosis, pulmonary embolism and many others (Tsao et al., 2023). The
development of CVDs is driven mainly by hereditary, environmental, and lifestyle choices.
The key risk factors of CVDs include lack of exercises, eating habits and dietary habits,

age, depression, stress and gender (Tsao et al., 2023).

WHO reported that in 2019 CVDs led to 17.9 million deaths, representing an estimated
32% of all global deaths, and 38% of the 17 million non-communicable diseases related
deaths for people under 70 were due to CVDs (WHO, 2021). Roth et al., (2020) identified
lack of exercise, smoking, aging populations and limitations in accessing healthcare as
some of the factors contributing to this medical burden. CVDs continue to pose significant
costs to many countries. CVDs and its related prevalent treatments cost $23 billion in
France, about 0.9% of its 2020 gross domestic product (GDP) (Rachas et al., 2022). In
2018, over $400 billion equivalent to almost 2% of its GDP were spent on CVD expenses
in the United States (Benjamin et al., 2018), While the 2009 economic effect of CVDs in
Russia was about $30 billion equivalent to 2.8% of its GDP (Kontsevaya et al., 2013).
Despite having one of the best healthcare systems in the world, annually Australia spent
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more than $14 billion on CVD (Figtree et al., 2024). By 2030, it is estimated that the cost
of handling CVD worldwide will be in excess of $1 trillion yearly due to increasing medical
needs and elimination of economic productivity (Alhabib et al., 2020). In the Kingdom of
Saudi Arabia (KSA), medical treatment burden is estimated to cover more than 8% of the
government total budget, equivalent to about $56 billion;specifically (Tash & Al-Bawardy,
2023). Overall, the impact of CVDs cut across various countries including developed and

developing countries.

The Gulf countries, mainly KSA, have experienced a massive increase in CVDs over the
past few decades. Increased structural and economic developments, changes in lifestyles
have contributed to the high number of obesity, diabetes and hypertension which are all
high risk factors for CVD; hence, CVDs such as coronary artery disease, heart failure have
been increasing in the Gulf region (Gulf Heart Association, 2022). Over the past decade,
KSA has undertaken a major transformation of its healthcare system aimed at achieving
easy access to medical functions, improving healthcare system standards and proficiency,
and advocating prevention activities against health risks (Tyrovolas et al., 2020).
Nonetheless, the impact of CVVDs on the economy of KSA and mortality of Saudis continue
to show worrying trends. In 2016, the CVDs effect on the KSA economy was estimated to
be $3.5 billion and is expected to increase to $9.8 billion in 2035 (Tash & Al-Bawardy,
2023). It has been reported that CVVDs account for approximately 28% of all deaths caused
by the major non-communicable diseases in KSA, resulting in a direct and indirect
economic burden of around SAR 52 billion (Ministry of Health KSA et al., 2023).
Furthermore, in KSA, over 30% of adults are at risk of CVD diagnosis. Additionally, 35%

of Saudi citizens have cholesterol levels above recommended value. This a concerning
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statistic compared to other countries (National Health Center & Saudi Health Council,
2022). Overall, this means that, on average, people in KSA are at risk of developing CVDs

a decade earlier than those in the western countries.

2.2 Forecasting Modeling in Healthcare Systems Emergency
Department

The rapid advancement of Al and its subsets, such as Machine Learning (ML) and Deep
Learning (DL), has empowered researchers and Al specialists to develop innovative
solutions to improve healthcare quality. In their review paper, Jiang et al., (2023) identified
different Al forecasting techniques that have been employed in the emergency department.
These methods include the time series, regression, time series regression and deep learning

methods. Jiang et al., (2023) stated that it remains unclear which method is superior.

2.2.1 Time Series Approach

Time series approaches, in particular, have been employed in making forecasts in
healthcare (Marcilio et al., 2013; (Sorjamaa et al., 2007). For instance, various time series
algorithms have been applied to predict the daily number of admitted patients in emergency
departments, including average models, and Univariate Seasonal Auto-Regressive
Integrated Moving Average (SARIMA). Multivariate SARIMA gave the favorable result
with a mean absolute percentage error (MAPE) of 7.4% (Kam et al., 2010). Zhu et al.,
(2017) employed a model that integrates seasonal regression, ARIMA, and other time-
series models in generating forecasts of the number of inpatients discharged daily.
Furthermore, single seasonal ARIMA and other time-series models were employed to
predict the monthly and daily quantity of patients admitted (Zhou et al., 2018). In forecast

ED arrivals which were grouped based on treatment, age, admission status and triage, Mai
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et al., (2015) used vector ARIMA model to create a forecasting model. Also, ARMA was
used to develop a forecasting model by Afilal et al., (2016). Also, Vollmer et al.,(2021)
compared time series models of ARIMA, STLM(seasonal decomposition), Structural Time
Series Model (StructTS), Exponential smoothing (ES) to forecast ED demands with
machine learning models, in which the linear time series showed better performance than
the machine learning models. Cheng et al., (2021) used SARIMAX to estimate ED

occupancy, yielding a 60% enhancement in MSE for short-term forecasts.

However, it has been reported that time series models have limitations in their
generalization ability to handle convoluted nonlinear patterns in multiple features (Hu et
al., 2020). Additionally, it is difficult to automate with ARIMA and SARIMA as they need
to be retrained when new data are added in the training data series which then affect their
practicability (Marcilio et al., 2013). Also, time series algorithms use a recursive prediction
strategy (Tran et al., 2009), known to have issues like accumulated inaccuracy and lack

details (Sorjamaa et al., 2007).

2.2.2 Regression Methods Approach

According to Shah & Mishra (2024), recent years have seen application of machine
learning models to forecast important medical outcomes and improve health activities by
giving upscaled capabilities to assess past data, find patterns and create reliable
predictions. These strategies are now becoming continuously frequently used in forecasting
healthcare systems bed occupancy especially in locations where demand is high like the
ED and during global health crises (\Vollmer et al., 2021). Jiang et al., (2023) posited that
regression is a statistical technique for measuring the cause-and-effect connection among
a target variable and at least one predictor variable. They noted that estimated results can
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be understood by the relationship between independent variables. Examples of regression-
based algorithms used for forecasting in emergency department include generalized linear
model, poisson regression and multiple linear regression (MLR) (Jiang et al.,
2023).Various studies have used MLR Ho et al., (2019), Zhang et al., (2022), and Boyle
et al., (2012). McCarthy et al., (2008), and Marcilio et al., (2013) employed poisson
regression method while Yousefi et al., (2019), and Tello et al., (2022) used support vector
regression (SVR). Additionally, a binary logistic regression model was developed to
forecast patients arrivals in varying timelines with the forecasting model getting the best

achievement when fed with the timing of 30 min, 8 hours and 12 hours (Chase et al., 2012).

2.2.3 Time Series Regression Approach

This method integrates the characteristics of both regression and time series methods as It
incorporates past trends and causal relationships in one algorithm (Jiang et al., 2023).
Fralick et al., (2021) fed the output of a generalized additive model in a random forest
model to forecast ED volumes. Also, Marcilio et al., (2013) used a generalized estimating
equation that used upcoming patient visit day as the autocorrelation dependence term.
Additionally, an integration of linear regression, SARIMAX, and multi-layer perceptron
was used to estimate everyday arrivals and occupancy amount, improving healthcare

system organizational long term planning (Whitt & Zhang, 2019).
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2.2.4 Stacking Ensemble Model (SEM)

While individual machine learning algorithms have been studied and shown to give high
performance, Hu et al., (2020) noted that across different application cases, no one
individual machine learning method can surpass others and that adding multiple machine
learning models may significantly give better performance when compared to the
individual model. (Hu et al., 2020; Wolpert, 1992). The ensemble algorithm combines
multiple models, each with different strengths and weaknesses, to create a more robust
model. Ensemble methods achieve this by using techniques such as bagging, boosting or
voting (Ghasemieh et al., 2023). The SEM methodology has been widely used in scientific
research and has shown to give improved prediction than each of an individual model. In
predicting CVD daily number of hospital admissions. Hu et al ( 2020) utilized a gradient
boosting decision tree (GBDT), support vector regression (SVR), random forest (RF),
linear regression (LR) and , extreme gradient boosting (XGBoost) algorithms as the base
learners in a stacking ensemble model with RF as the meta learner, the stacking model
reduced the MAPE, RMSE and MAE by 6.3%, 7.4% and 6.3% respectively and the R2
improving by 1.7%. Atallah & Al-Mousa, (2019) developed a boosting ensemble model
that used and compared the performance of stochastic gradient descent, k-nearest
neighbors, random forest, and logistic regression models individually and together as
ensemble model with the majority voting method been used to determine the final
prediction. With an accuracy of 90%, the ensemble model outperformed the individual
models. Also, Lakshmanarao et al., (2021) employed a feature selection technique such as
Analysis of Variance (ANOVA) F-value and mutual information to determine useful

variables which were used in the model training and applied sampling techniques like
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random oversampling, synthetic minority oversampling (SMOTE) and adaptive Synthetic
Sampling. The classifier algorithms used were logistic regression, k-nearest neighbors,
support vector machine, decision tees, naive bayes, random forest, and adaboost and the
ensemble techniques of stacking and voting. The stacking ensemble model gave an
accuracy of 99% on the Kaggle dataset using random oversampling, while the SMOTE
gave a 93% accuracy. Furthermore, using a dataset of 1190 occurrences and 14 variables
from the Institute of Electrical and Electronics Engineers (IEEE) database, an ensemble
model comprising of Light Gradient Boosting Machine (LightGBM), Extreme Gradient
Boosting, AdaBoost and RF with LightGBM been used as the meta learner gave an

accuracy of 98% (Deneshkumar et al., 2023).

In developing machine learning models, careful actions are done to identify important
features and their correct combination to be used in the creation of accurate prediction
models (Kausar et al., 2016). Al models depend heavily on training and test data
consistency; feature selection techniques assist to get the data ready in a state to make a
reliable forecast. After relevant features are selected, prediction algorithms can be

employed to forecast disease likelihood (Ghosh et al., 2021).
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CHAPTER 3
METHODOLOGY

This section outlines the research methodology employed in this study including data
collection, data preparation, data analysis, forecasted model development, and model
performance assessment (Figure 1). It also provides summaries of the algorithms used, and
the dataset description. Having reviewed literature to identify different forecasting
algorithms being employed, the first step was to further select and review these algorithms
that have been utilized in the forecasting literature. Next, data preparations were done to
get the data ready for analysis and model development. Thereafter, the identified models
were then trained and tested on the selected dataset. Model performance measurement and

comparison was done to identify the best performing forecasting model.

The paper aims to address three key questions: (1) What are the top CVD diagnoses? (2)
What is the percentage of CVD in the emergency department and (3) What is the
forecasting monthly cardiovascular disease diagnoses in the Saudi Arabia Healthcare

system using real-world secondary data sources from the Saudi Open Data Portal.
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Figure 1 Methodology framework

3.1 Forecasting Models

This section discusses the algorithms used to develop forecasting models. Comparison is
made between the performance of statistical time series models and machine learning

regression models (Table 1).

We used two varying types of models for our estimation: time series and machine learning
models (Makridakis et al., 2020). A distinct time series is a chain of data elements in

sequential order separated into consistent time spans; And the main premise of both kinds
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of algorithms is the values are nearer to one another which indicates close behavioral
pattern and that there exists an association between data points noted at the same point
within the time cycle (Vollmer et al., 2021). Time series models employ event sequence
and defined time span to make deduction and sever the time series into varying linear
elements like residual, seasonality and trend. The residual is postulated to have a certain
correlative pattern that is mostly modelled via autoregressive random sequence or
exponential decay from which estimated data are forecasted based on previous figures
(Makridakis et al., 2020). On the other hand, machine learning models define a given
function class like trees or smooth curves with enough capacity to learn complicated
formulas (Vollmer et al., 2021). Both methods were applied to maximize their individual
strengths. For example, Hu et al., (2020) stated that statistical time series models are unable
to handle convoluted nonlinear data as it assumes that the data is stationary and may not
perform well with irregularities in data. Regression models can handle non-stationary data.
Additionally, current study in our field increasingly adopts hybrid approaches. By
following this, our study remains methodologically relevant and contributes meaningfully

to ongoing discussions.
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Table 1 Forecasting Algorithms Used: Time Series vs. Regression-Based Models

Time Series Models

Regression Models

Auto-regressive Moving Average (ARMA)

Linear Regression

(ARIMA)

Auto-regressive Integrated Moving Average

Random Forest

SARIMA

Support Vector Machine

LightGBM

Ridge

XGBoost

StackingEnsembleRegressor

3.2 Study Design, Data Source and Data Description

This work utilized a retrospective observational design in executing this research. Real-
world secondary data employed in this research was downloaded from the Saudi Open Data
Portal. Specifically, the data downloaded contains data related to “emergency cases in
Jubail Health Services Program” from 2019 to 2023 dataset (Royal Commission for Jubail
and Yanbu, 2019, 2020, 2021, 2022, 2023). Across the different years, each patient visit
record contains variables such as visit and discharge timestamps, hospital visits, gender,
severity level, main diagnosis, Waiting Time (Minutes), and Length of Stay (Minutes).
This data was utilized as it contains information relating to medical emergency healthcare

cases within the Saudi Arabia context. Additionally, the Jubail dataset is the available Saudi

Arabia real-world secondary data on the government Saudi Open Data Portal.
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3.3 Data Preparation and Preprocessing

The data preparation and preprocessing involve activities which include integrating the
2019 to 2023 datasets into a combined dataset using a unique identifier generated by
combining extracted year and rownum columns into a single column on each year’s data.
A likely CVD dataset was created from the merged dataset. On the merged dataset Main

Diagnosis column, using python regex, the column was filtered to extract CVD domain-

specific keywords such as "chest pain,” "hypertension,” "heart failure,” "myocardial
infarction," and "stroke." were categorized as likely CVD cases. This keyword insight was
obtained based on expert opinion. (See appendix 1). Additional text normalization was
performed to standardize synonymous diagnoses (See Appendix 2). To develop the
forecast model, | aggregated the total number of monthly CVD cases from the likely CVD
dataset created earlier. Monthly aggregates were computed to construct a time series
reflecting CVD cases over 60 months. The resulting data was split into training (January

2019 to December 2022) and testing (January to December 2023) sets.
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Figure 2 Data preparation
3.4 Data Analysis

To answer the first two research questions, descriptive data analysis was done using python

to get insights into the percentage of CVD present in the overall emergence crowded visits,

the top CVD risk factors, Additional analysis to derive the male to female CVD patients

ratio, the number of patients with varying severity level of CVD and the impact of CVD

severity on patients length of stay at the ED was assessed.
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Figure 3 Data Analysis

3.5 Forecasting Model Development
Forecasting Models and Implementation To forecast CVD diagnoses, monthly aggregates
of CVD cases were computed based on the patient arrival timestamp, creating a time series
from January 2019 to December 2023. A comparative evaluation of classical time series
models and machine learning approaches was conducted. The following models were

implemented:
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e Statistical Models: ARMA, ARIMA, and SARIMA were implemented using the
statsmodels library. These models were evaluated for their ability to handle

stationarity, trend, and seasonality in the monthly CVD time series.

e Machine Learning Models: Recursive multi-step forecasting was carried out using
skforecast (Amat Rodrigo & Escobar Ortiz, 2023), combining lag features and
algorithms like Lasso Regression, Ridge Regression, Random Forest, Support

Vector Regression, LightGBM, XGBoost and Stacking ensemble regression.

Stacking ensemble regression is developed by combining the forecasting properties of
Lasso, Ridge, Random Forest, Support Vector Regression, LightGBM and XGBoost.

XGBoost served as the final estimator, giving it better performance in terms of MAPE and

RMSE.
£ £ £ £ £ £t
. Stackinghepressor
Fidge 1gb igh gyt tf Ir
‘- Ridge ‘ .GEIHREgr'I:ssﬂ|'§ ‘ I{E[ﬂegl'muré ‘r SVR ‘r RandonFores tRegressor v Lasso

— | | ' i | ' |
final estinator

‘ v XGBRegressor

Figure 4 StackingRegressor
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e The dataset was separated into two parts: training and testing. Data from the years 2019

to 2022 representing 48 months of historical data were used for the training. While data

for the year 2023 was used to ascertain (test) the forecast models performance. Each

model used a lag of 12 months, with the final 12 months held out as the test set and

performance was evaluated using MAPE and Root Mean Squared Error (RMSE).
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Figure 5 Forecasting models development
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CHAPTER 4
RESULTS

4.1 Descriptive Analysis

Out of 418,835 emergency visits, 9,968 were related to cardiovascular diseases, accounting
for 2.38% of total visits. The top diagnoses included are chest pain, hypertension, stroke,

heart failure, cardiac arrest (Table 2)

Table 2 Most Frequently Reported Cardiovascular Diseases

Top Cardiovascular Diseases Number of Cases
Chest Pain 8,702 cases
Hypertension 362 cases
Stroke 362 cases
Heart Failure 77 cases
Cardiac Arrest 55 cases

Additionally, from the dataset, there are more male patients with CVD diagnosis than
female patients (figure 6).
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Figure 6 Distribution of CVD Diagnoses by Gender
Furthermore, we defined CVD severity as the level to which CVD illness has progressed

with its resultant effect on medical resource usage, presence of varying medical coexisting
health challenges on the patient and the risk of patient’s death (Zghebi et al., 2021). Based
on the data, higher levels indicate a high severity degree for the recorded patient. Figure 7
indicates that the severity level of most CVD patients at the emergency department was at
level 111 followed by level 1V and level 11 revealing patients suffered from mild to serious
CVD cases.
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Figure 7 Distribution of Patients by Severity Level
From details on Figure 8, It could also be seen that severity level 1l and level 111 had the

highest average length of stay, while the highest level 1V and V had the lowest average
length of stay. This may be because patients who displayed severe CVD symptoms may

have been moved quickly out of the emergency care to specialist care for focus disease
treatment operations.
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Figure 8 Average Hospital Stay Duration by Severity Level
4.2Monthly CVD Time Series Overview
Details seen on figure 9 indicate that the peak admission count of CVD patients at the
Jubail emergence healthcare system between 2019 and 2023. There was a steep downward
trend in 2020. This is mostly due to the COVID-19 pandemic that impacted physical
medical care as efforts were made to curtail its spread. Additionally, figure 10 displayed
the visual of the splitting of data into train and test data.
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4.3 Forecasting Performance
We used two performance metrics to measure the performance of the forecast models, root
Mean Squared Error (RMSE), and the Mean Absolute Percentage Error (MAPE) (Cihan,
2024; Fan et al., 2022) ( Formula 1 and 2). Where n indicates the number of observations,

xi and yi denotes actual and forecasted values respectively.

T
RMSE = —y (i — ;)
Formula (1)
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= 100

RMSE indicates the deviation between the forecasted and real values and it is the standard

deviation of predicted errors while MAPE represents the mean amount of percentage of

forecasted errors (Cihan, 2024). These metrics reflect a high level of model accuracy

when their values are low, as this suggests more accurate and reliable predictions.

The comparative results of all forecasting models on the test set (last 12 months) are

summarized in Table 3. As shown in the table, XGBoost emerged as the best-performing

model in terms of MAPE and RMSE followed closely by StackingEnsembleRegressor,

Random Forest and ARIMA. Using RMSE, and except for ARIMA, most of the machine

learning models outperform the statistical time series models of ARMA and SARIMA.

Table 3 Al Forecasting Models Performance

Model MAPE RMSE
ARMA 11.45% 28.59
ARIMA 10.93% 22.22

SARIMA 28.39% 58.44

Lasso 11.24% 26.04

Ridge 11.25% 26.03

RF 10.73% 24.7

SVR 12.65% 28.57

LightGBM 11.04% 27.87
XGBoost 7.92% 18.96
StackingEnsembleRegressor 10.56% 25.78
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4.4 Visualization of Actual data vs Forecasted data for each Models

Figure 11a and 11b highlights the comparison between the actual and forecasted values of
each model. From figure 11a, it could be seen that the linear regression model shows good
performance for low-volatility periods but found difficulty in adapting to non-linear spikes.
It under forecast peaks and overestimates troughs. Random forest model forecasted values
relatively follow the overall trend of rise and dipping of the test values but with identifying
deviations in magnitude. For high admission months like May (198) and September (231)
the model greatly under forecast the actual values. However, the forecast for April (actual:
162, forecast: 169) and October (actual: 184, forecast: 162) is close to test values. Overall,
the model underestimates actual figures mostly for periods with sharp spikes. Its strengths
lie in capturing the general trends, seasonality and forecast well for stable months. Support
vector regression model follows the general trend directions for months with limited
variation, follows the seasonal wave of rise and fall of the data, but misses months of
extreme fluctuations. It performs reasonably well in April, June and November. It does not
estimate well with months of spikes and does not generalize well to sharp upwards trends.
The LightGBM model forecasts a single figure for the twelve months. It ignores the
fluctuations and offers no variation in its forecast. It did not learn time-based changes in

the data.

Additionally, from figure 11b, the ARMA model predicts stable CVD admission when the
admission increases. However, the ARMA model is limited in that it fails for non-
stationary time series and does not capture seasonality. ARIMA model forecasted a steady
increase in the number of CVD patients monthly. It did not consider the steep fluctuations

when compared with the actual values for 2023 data. Also, the SARIMA model forecasted
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nearly opposite values when compared with the actual values for 2023 data. That is, it
increases when the actual values decrease from the month of July. Additionally, ridge
model forecasted values move in the same direction of the actual values, though not
perfectly. It shows a good response to the ups and downs but underrepresents sharp peaks.
XGBoost forecasted values closely follow actual values in many months. It captures both
local dips and peaks and responds reasonably to changes. However, it underestimates the
sharp spike in September. StackingEnsembleRegressor forecasts showed great stability and
smoothness, however, it found difficulty in handling extreme fluctuations and sudden

spikes in admission quantity.
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CHAPTER 5
CONCLUSION AND PRACTICAL IMPLICATIONS

This study provided a data-driven examination of cardiovascular disease presentations in Saudi
Arabia emergency departments and forecasted monthly future cases using multiple predictive
models. CVD diagnoses accounted for approximately 2.38% of cases from 2019-2023 of all adult
ED visits. Among various diagnoses, chest pain was overwhelmingly dominant, aligning with

clinical expectations of CVD symptoms.

Forecasting evaluations highlighted the superiority of machine learning methods (XGBoost |,
Random Forest, StackingEnsembleRegressor) over statistical time series models. While ARIMA
performed comparably well, SARIMA underperformed due to its inability to generalize over out-
of-sample data. The results are consistent with findings in previous research (e.g., Fan et al., 2022;
Ho et al., 2019), reinforcing that nonlinear and ensemble models yield better performance in

healthcare forecasting scenarios.

By proffering a technology approach to the challenges of CVDs, the study aligns with the goal of
enhancing quality health delivery through digital innovation as seen in the healthcare
transformation strategy of Saudi Arabia vision 2030 (Alasiri & Mohammed, 2022; Alghamdi &
Alashban, 2024). Finally, by utilizing analytical and forecasting methodology in the research
process, the study aligns with KSA National Biotechnology Strategy of integrating data analysis

into healthcare for more precise precautionary diagnosis of CVDs and execution of remedies.

The practical implication of this research is that with reliable monthly forecasts of CVD patients,

healthcare centers can effectively apportion their human and material capabilities to ensure that
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they have optimum resources to handle monthly CVD patients. Additionally, private and public
officials can make use of the insights from this study to focus on CVD medical challenges in the
region. Finally, the methodology utilized in this research can be upscaled to different hospitals and

regions to better manage Saudi Arabia’s CVD cases.

33



CHAPTER 6
LIMITATIONS AND FUTURE WORK

During this study, we relied on using text data in the main diagnosis column which may introduce
bias. The seasonal and pandemic-related anomalies were not modelled independently, and
diagnosis texts may be prone to variability and underreporting. Univariate forecasting was done
with the monthly number CVD patients being the only variable employed in the model
development. Future work can incorporate deep learning methods like Long Short-Term Memory
(LSTM) as alternative forecasting models and compare their performance with statistical and
machine learning time series forecasting models. Also, forecasting models can be trained with
multi variables to enhance model accuracy. And the integration of Al agents may improve CVD
data analysis and forecast model performance. Additionally, this study used a sample size of 60
months which may limit the models’ statistical power to identify important associations which
could have impact on the generalizability of the findings from the models. For future research,
incorporating larger datasets, potentially through multi-center collaborations or national health
databases, would enhance the robustness of the predictive model and allow for more precise
estimation of risk factors. The current models were trained with retrospective data, utilizing
historical clinical presentations and symptoms. Although this data comes with important insights,
it comes with limitations in predicting future events. Future studies should aim for prospective
data collection to develop Al Algorithms that can more accurately predict CVD admission
forecasts based on real-time clinical parameters, and more diverse populations to enhance the
model's applicability across different demographics. Also, future work should Incorporate a
broader range of clinical and lifestyle variables, such as diet, physical activity, and socioeconomic

factors, to improve the model's predictive accuracy and undertake external validation of the model
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to assess its performance in different clinical settings and populations within Saudi Arabia. This
highlights the importance of conducting large-scale studies on CVD cases within Saudi Arabia.
Also, accessing holistic and unstained medical records in Saudi Arabia comes with huge
challenges because of tough data protection regulations and the absence of standardized,
interoperable electronic health record (EHR) systems. The Personal Data Protection Law (PDPL)
enforces stringent requirements on the gathering, processing and distribution of health data,
limiting its availability for research purposes. Finally, the fragmentation of EHR systems across

different healthcare providers hinders the aggregation of data necessary for large-scale studies.
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APPENDIXES

Appendix 1: CVD Keywords

chest

stroke

angina
ischemia
fibrillation
bradycardia
tachycardia
arteriosclerosis
thrombosis
hypotension
cardiomyopathy
pericarditis
endocarditis
arrhythmia
myocardial
cardiac

heart
hypertension
cardiomyopathy
coronary

aortic
ventricular
atrial

mitral

tricuspid
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e pulmonary

Appendix 2: Text Normalization

e Any Main Diagnosis row value containing keyword “chest pain” in them was replaced
with “Chest pain”

e Main Diagnosis row value containing the keyword “hypertension” in them was replaced
with “Hypertension”

e Main Diagnosis row value containing the keyword “heart failure” in them was replaced
with “Heart failure”

e Main Diagnosis row value containing the keyword “stroke” in them was replaced with
“Stroke”
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