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Abstract

Interrupted time series analysis is being increasingly employed to assess the effects of extensive health
interventions. Autocorrelation and seasonality are best captured but are not well captured by the simple
implementation of the time series model like segmented regression, which is commonly used. An
Autoregressive Integrated Moving Average (ARIMA) model presents an alternative approach to address
these issues. In this study, the fundamental principles of ARIMA and LSTM models are expounded upon,
along with their application in evaluating interventions at a population level, such as determining the effect
of influenza vaccine administration. Considerations such as determining the impact shape, model selection
process, transfer functions, loss functions, selection of batch sizes and epochs training the neural networks,
evaluation metrics, and interpreting results are discussed. Additionally, detailed R and Python codes are
provided for result replication. The application of ARIMA and LSTM predictive modeling is demonstrated
through an analysis of influenza vaccination intervention to reduce the number of medically attended
respiratory illnesses among children under five years. Precisely, from November 2019 to November 2021,
an influenza vaccination demonstration project. In conclusion, ARIMA modeling and LSTM serve as
valuable tools for assessing the effects of large-scale interventions when traditional methods are not
applicable, given their ability to consider underlying patterns, autocorrelation, seasonality, and flexibility in
modeling various impacts. Comparing the MAE and RMSE error results, LSTM outperformed the ARIMA
model. Key terms: Interrupted time series analysis, Autoregressive integrated moving average models,

LSTM, Intervention analysis
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Chapter 1: Introduction
1.0 Background of the study

Influenza (flu) is a highly contagious respiratory illness caused by influenza viruses that infect the
respiratory system, including the nose, throat, and lungs. Children, adults, and people with chronic
medical conditions are at higher risk of severe flu complications. It is primarily characterized by sudden
fever, cough, sore throat, headache, chills, runny or stuffy nose, body aches, and fatigue (CDC, 2022). It
can cause mild to severe illness and sometimes lead to death. Influenza is a leading cause of morbidity
and mortality worldwide in children under five years. Children under the age of 2 years are at higher risk
of developing severe flu-related complications (CDC, 2020). There are four main types of influenza (flu)
viruses: Types A, B, C, and D. However, the influenza A and B viruses that routinely spread in people
(human influenza viruses) are responsible for yearly seasonal flu epidemics. Currently, the best way to
reduce the risk of flu infections and their potentially serious complications is by getting vaccinated each
year, as the vaccines are safe and reliable and have been used for over 60 years, as the World Health
Organization (WHO) outlined. Additionally, WHO recommends annual vaccination for the following
group of persons: children aged between 6 months to 5 years; pregnant women at any stage of pregnancy;
elderly individuals (aged more than 65 years); individuals with chronic medical conditions and

healthcare workers (Influenza (Seasonal), n.d.).

Annually, the Centre for Disease Control (CDC) conducts studies to determine how well the influenza
vaccine contributes to the protection against flu. Recent studies reveal that the influenza vaccine reduces
the risks of flu illness by 40.0% to 60.0% among all populations, especially if the flu in circulation is well-
matched with the vaccine administered (Vaccine Effectiveness, 2022). Between 2019 and 2020, the last flu
season of the pre-COVID-19 pandemic period, it was estimated that 7.5 million influenza illnesses, 3.7
million influenza-associated medical visits, 105,000 influenza-associated hospitalizations, and 6,300
influenza-associated deaths were prevented by flu vaccination in the United States of America. A 2022
study to ascertain cause-specific mortality for neonates and children younger than five years from 2000 to
2019 found that lower respiratory illness contributed to 13.95% of the reported child deaths. At the same
time, vaccine-preventable deaths, such as meningitis, measles, and lower respiratory illness, among others,

were at 21.7% (Perin et al., 2022).

Global public health threats have been rapidly emerging, with the most recent notable cases being
COVID-19 (Coronavirus, n.d.) and Monkey Pox((Mpox (Monkeypox), n.d.), in turn, the use of data
science methodologies has risen, especially with the increase in the amount of big data generated, fields
like medicine and public health have leveraged on these techniques to draw data-driven insights

(Subrahmanya et al., 2022). An evidence-based approach to better health care has been facilitated by
1



statistical modeling in epidemiology and public health. Biostatistics tools extensively provide an
understating of diseases and allow for developing new strategies for control and prevention. Epidemiology
data analysis has proven helpful in decision-making, policy changes, and the management of diseases
(Matranga et al., 2021). In this study, we will leverage both methodologies to predict the effect of

influenza vaccination.
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Figure 1 Uses cases of data science in health care. '

1.1.1 Interrupted Time Series

An interrupted time series (ITS) design involves consistent data collection before and after an
interruption. It entails introducing and withdrawing an intervention or some part of it and observing any
changes in the outcome under assessment within a study population. ITS analysis utilizes statistical
methods to quantify changes in level (slope) and trend before and after intervention and assess the
significance of the observed differences. The primary assumption is that observations from the baseline

period predict where the future data points lie in the absence of the introduced intervention. The effect

'Source: https://www.bacancytechnology.com/blog/data-science-use-cases
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size is expressed in terms of the level of change and slope change. The level change does not provide all
the information in the data, while the slope change post-intervention period shows the level of impact
(Fretheim & Tomic, 2015). ITS design has increasingly been recommended as a more robust design

where randomization is impossible.

A 2013 study used ITS to evaluate healthcare quality improvements and reported that it was a simple but
powerful approach for program evaluation. Additionally, this study highlighted that it was valuable and less
expensive than comparable randomized control trials (RCTs) conducted to answer similar questions
(Penfold & Zhang, 2013). A similar 2017 study found that it allowed for a more detailed assessment of the
longitudinal impact of an intervention, unlike RCTs. What stood out was how the graphical and numerical
presentation of the outputs allowed for easy understanding by the knowledge of epidemiological and

statistical methods (Bernal et al., 2017).
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Figure 2 Use of impact models used in ITS. Source : (Barone-Adesi et al., 2011)

(a) Level change; (b) Slope change; (c) Level and slope change; (d) Slope change following a lag; (e)

Temporary level change; (f) Temporary slope change leading to a level change.

In the above model, Barone-Adesi (Barone-Adesi et al., 2011) assumed no lags in the change in levels of
3




Acute Coronary Events (ACEs). This was supported by past evidence showing the short-time disappearance

of acute cardiovascular risks derived from passive smoking (Barone-Adesi et al., 2011).

Influenza vaccination among the population has shown evidence of reducing the number and severity of
infections. Data collected before and after the immunization helps predict the effect using a time series
model. The graphical components of the time series allow for a visual presentation of the level of change

and slope, which will be utilized in the subsequent chapters.

1.1.2 Machine Learning

Machine learning (ML) is a branch of computer science and artificial intelligence whose primary focus
is using data and algorithms to imitate the learning process of humans and gradually improve the
accuracy of learning. It works in three ways: a decision process, an error function, and a model
optimization process.ML algorithms are used for two main processes: classification or prediction based
on unlabeled or labeled data. The error function is used to evaluate the model's prediction, mainly where
known examples are used for comparison and, eventually, accuracy assessment. Model optimization is
carried out in the following fashion: continuous weight adjustments are made to reduce the discrepancy
between known examples and the model to achieve an accuracy threshold ("What Is Machine Learning

(ML)?" 2020).

Numerous innovations are made as the healthcare industry expands into the modern technological era.
The advancement of the discipline depends on methods and applications based on artificial intelligence.
In the fight against COVID-19, machine learning applications have lately made it possible to speed up
testing and hospital response. Using GE’s Clinical Command Center deep learning system, hospitals
have been able to share, track, and arrange patients, beds, rooms, ventilators, EHRs, and even personnel
throughout the pandemic and machine learning, which will lead to faster, more accurate, and simpler
diagnosis processes (HealthLeaders, n.d.). Researchers have also utilized artificial intelligence to monitor
their progress, identify genetic sequences of SARS-CoV2, and create vaccines (Malone et al., 2020).
Support vector machines, linear and logistic regression, naive Bayes, decision trees (random forest,
ETC), K-nearest neighbor, and neural networks (multilayer perceptron) are a few ML approaches used

for prediction (Sharmila et al., 2017; Er et al., 2010).

1.1.2.1 Long Short-Term Memory (LSTM) Recurrent Neural Network Model
4



This neural network is recurrent and has a chain-like structure. Instead of having a single neural network
layer, it has four layers, each carrying out a unique network function. It is beneficial for projecting the
number of new cases for a specific time frame and creating a reasonable long-term projection (Shakeel et
al., 2021). Additionally, this model was applied in Canada in March 2020, where it successfully predicted
that the first wave of COVID-19 would cease in June 2020—predicting that the pandemic would end in
December 2020 and that it would not endure as long as the Spanish flu of 1918 was inaccurate though
(Chimmula & Zhang, 2020). In the subsequent chapters, we describe how this deep learning model will

aid in predicting the effect of influenza vaccination compared to the traditional time series model.

25000 1
e Predictions
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- === Sudden Changes
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10000 -

5000 1

0 4
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ds

Figure 3 Example of a predictive deep learning model.

“Predictions of the LSTM model on current exposed and infectious cases (Red solid line). The red dotted
lines represent the sudden changes from where the infections started following an exponential trend. The
black dotted lines in the figure represent the training data or available confirmed cases”. Source :

(Chimmula & Zhang, 2020).

The combination of interrupted time series analysis and machine learning techniques provides powerful
tools for assessing the impact of interventions, such as the influenza vaccine and making informed

predictions about their future effects. This comprehensive approach can improve public health strategies
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and decision-making processes related to the influenza vaccine.

1.2 Statement of the Problem

Kenya is classified a Lower Middle-Income Country (LMIC) according to the World Bank classification.
In Kenya, low-income communities face significant health challenges, particularly among young children
aged five years and below. A 2023 study on causes of death among infants and children in the Child Health
and Mortality Prevention Surveillance (CHAMPS) Network in sub-Saharan Africa and South Asia reported
that the common causes of death were malnutrition, HIV, malaria, and diarrheal disease. However, when
considering the immediate causes of death only, sepsis and lower respiratory tract infection emerged as the
top cause of death (Bassat et al., 2023). Another 2023 study for estimating the national burden of respiratory
syncytial virus (RSV) in children under five years concluded that their calculations pointed to a significant
burden of RSV-related disease and fatalities in Kenya. The data from the study aligned with those from other
research that had documented the most significant incidence of illnesses linked to RSV
in the first six months of life. More severe consequences (hospitalization and mortality) occur in the first three
months (Nyawanda et al., 2023). There is evidence that influenza is a significant cause of respiratory illness
in Kenya, particularly among children under five (McMorrow et al., 2015;J. Dawa et al., 2020). One potential
solution is the administration of influenza vaccines, which have been shown to reduce the incidence and

severity of influenza among young children (Dawa et al., 2020).

In the most recent case where influenza vaccination among children aged five years and below was piloted
in Nakuru and Mombasa counties in Kenya, what follows is the need to evaluate the impact of the
immunization rigorously. However, intervention such as mass vaccination among children 5 years is a
resource intensive undertaking. Evidence of the impact of this type of intervention is significant in the
decision making, resource allocation and policy changes to the inclusion of influenza vaccine as part of the
Kenya Expanded Program on Immunization (KEPI) vaccines. The KEPI was established by the Kenyan
government to provide essential vaccines to children to protect them against various preventable diseases.
KEPI vaccines include a range of vaccines recommended by the World Health Organization (WHO) for
routine immunization programs. These vaccines are provided free of charge or at a subsidized cost through
public health facilities in Kenya as part of the government's efforts to ensure widespread immunization

coverage and prevent the spread of vaccine-preventable diseases.

Evidence from other researchers has shown that the most effective method for assessing the effects of such
interventions would be RCTs (Hariton & Locascio, 2018). However, they can be expensive and time-
consuming to conduct. They often require significant financial resources, skilled personnel, and lengthy

follow-up periods despite being recommended as the gold standard measure for assessing the impact of
6



interventions.

This study seeks to understand better the effect of influenza vaccine administration on children under five
years in Kenya. Exploring alternative methodologies, such as interrupted time series analysis and machine
learning, is imperative for evaluating the impact of influenza vaccine interventions in Kenya. Leveraging
these approaches on available data not only unveils valuable insights into the effects of such interventions
but also empowers us to forecast their future trends. Moreover, employing interrupted time series analysis
and machine learning techniques offers a cost-effective and streamlined approach to assess the

effectiveness of influenza vaccine interventions.

With the rapid advancements in computational hardware and the sophistication of machine learning
algorithms, intense Learning, which excels in unraveling system complexities, these tools present a
promising avenue for analyzing and forecasting the effectiveness of influenza vaccines in this context.
Harnessing interrupted time series analysis and machine learning techniques significantly enhances the

accuracy of predicting the efficacy of influenza vaccine interventions.
1.3 Study Objectives
1.3.1 Overall objective

This study aims to compare the effectiveness of two methods for evaluating the impact of interventions in
healthcare settings: the ITS design, which is a sturdy quasi-experimental design preferred in a healthcare
setting, and the LSTM-RNN, which is a deep learning algorithm motivated by the fact that there has been a

rise of the use of ML algorithms to predict outcomes in healthcare settings accurately.

1.3.2 Specific objectives

1. To develop predictive models using interrupted time series (ITS) analysis and machine learning
(ML) techniques to forecast the number of medically attended respiratory illness cases following
influenza vaccination.

2. To evaluate the effectiveness of influenza vaccination by comparing the number of cases of
medically attended respiratory illness before and after vaccination using ITS and ML
methodologies.

3. To assess and compare the accuracy of interrupted time series analysis and machine learning in

predicting the effectiveness of influenza vaccine interventions.

1.3.3 Research Questions

1. How accurately can predictive models based on interrupted time series analysis and machine
7



learning forecast the number of medically attended respiratory illness cases following

influenza vaccination?

2. What differences exist in the rates of medically attended respiratory illness before and after
influenza vaccination, and how do these differences compare between interrupted time series

analysis and machine learning techniques?

3. What are the respective accuracies of interrupted time series analysis and machine learning

in predicting the effectiveness of influenza vaccination?

1.4 Scope of the study
The research aims to leverage alternative methodologies to evaluate the impact of influenza vaccination in
resource-constrained settings in Kenya. It will include a review of predictive models used in similar settings,
the development and deployment of the ITS and LSTM-RNN model, and finally, the development of a
dashboard that is significant in monitoring the number of cases of medically attended respiratory illness over

time.

1.5 Relevance of the study

The study will provide valuable insights into the effectiveness of these two methods for evaluating the
effect of influenza vaccine administration in low-income communities in Kenya. The findings will
inform the development of more effective methods for assessing the effects of health interventions in

similar settings, ultimately contributing to improving vulnerable populations' health outcomes.



Chapter 2: Literature Review
2.0 Introduction

Over the past decades, public health interventions have involved developing and introducing many
vaccines to support preventive care against certain illnesses. Vaccine developers utilize randomized
controlled studies to illustrate that their products meet the safety and efficacy standards required for
licensing. A critical need exists for vaccine assessments to evaluate their performance in real-world
conditions, including effectiveness among population subgroups not involved in pre-licensure trials. The
evaluations reveal the impacts of the vaccine on healthcare outcomes excluded from pre-licensure trials
(Verani et al., 2017). This dissertation aims to establish the extent to which the administration of influenza
vaccine to children five years and below influenced the number of medically attended respiratory

illnesses in the pilot counties in Kenya.

2.1.0 Evaluating Vaccine Effectiveness, Efficacy, and Impact

Terms like effectiveness, efficacy, and impact have distinctly different meanings in the context of vaccine
studies. Efficacy refers to the percentage by which the influenza vaccine reduces the target disease rate
among the vaccinated individuals compared to the rate of target disease prevalence among the
unvaccinated. The purpose of efficacy is to establish vaccine performance under optimal conditions.
Effectiveness measures the disease rate percent reduction in the context of real-world vaccine use.
Effectiveness may be the same as efficacy, but its use of the vaccinated population in real-world
conditions with multiple influences makes it differ in magnitude. On the other hand, impact refers to the
quantified disease reduction at the population level after vaccine introduction. The metric can be
expressed as the absolute change or percentage decline in the disease rate. The impact is determined by
the combined contribution of vaccine coverage, vaccine effectiveness, and herd effects, including lowered

transmission rates and reduced population disease risk (Verani et al., 2017).

The efficacy of immunization programs that have been put into place is evaluated using four primary
research designs. (Newall et al., 2014). The most popular designs are observational or ecologic studies,
which examine changes in disease burden over time (Reduction in Acute Gastroenteritis Hospitalizations
among US Children After Introduction of Rotavirus Vaccine: Analysis of Hospital Discharge Data from 18
US States | The Journal of Infectious Diseases | Oxford Academic, n.d.), and case-control studies, which
compare the vaccination status of infectious cases and their controls across time (Scopus Preview - Scopus -

Document Details - Resolving the Pneumococcal Vaccine Controversy, n.d.).
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Another design uses routinely collected medical databases to estimate rates of infectious diseases in a
population, mainly when the vaccination status is unknown, as it is rarely linked to these databases.
Monitoring a program's impact requires identifying cases using regularly collected health statistics (such as
hospitalizations, emergency department presentations, notifications from infectious disease laboratories, and
death notifications). Due to data shortages or constraints, detecting every case using these datasets might not
always be possible. For instance, not every case of an infectious disease results in medical attention, so it is
not entered into a system regularly. In other cases, it may be impossible to estimate the incidence of new
infections due to several unrelated admissions for chronic diseases, such as hepatitis B (Mealing et al.,
2016). In this study, we shall use a similar design where data collected routinely and reported to the Ministry
of Health databases about the infection rates of medically attended respiratory illness will be used to assess

whether the vaccination of children under five years had any effect.

2.1.2 Effectiveness of Influenza Vaccination

Influenza vaccination in children is effective in preventing influenza illness and reducing hospitalizations.
Studies have reported vaccine effectiveness (VE) ranging from 25.6% to 78.8% and efficacy values for the
influenza vaccine between 25.6% and 74.2%. The researchers in these studies reviewed the evidence on the
safety and effectiveness of influenza vaccination in young children. They also highlighted the use of
quadrivalent vaccines for influenza prevention. They discussed real-time, reverse-transcriptase polymerase
chain reaction and the test-negative design. In summary, influenza vaccination in young children was safe
and effective, and quadrivalent vaccines provided a stable immune response against key strains of influenza.
In addition, the influenza vaccine showed substantial benefits against outpatient illness in children, and
vaccine effectiveness was highest in the 6- to 59-month age group (bynrakosa et al., 2022; Hood et al.,
2023).

A systematic review of multiple seasons found that the pooled VE for any influenza was 46%. The
researchers conducted a non-systematic search of studies between 2010 and 2020. Influenza vaccination was
found to be effective in preventing influenza in healthy children. The efficacy values ranged from 25.6% to
74.2%, and effectiveness from 26% to 78.8%. The limitation highlighted in the research was the high
variability in results due to differences in design, vaccine type, and season included in the studies (Orrico-
Sanchez et al., 2023). VE was highest among children in the 6- to 59-month age group compared with older
pediatric age groups, as shown by another 2021 study. The researchers did a systematic review and meta-

analysis of the literature and found that a test-negative design was used in 37 studies. Ultimately, influenza
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vaccination provided moderate protection against hospitalization in children. Although, effectiveness varied

by influenza subtype and vaccine type (Boddington et al., 2021).

The vaccine's effectiveness varied by influenza subtype, with higher VE against influenza A/HIN1pdm09
and lower VE against influenza A/H3N2, as reported by a 2022 study. The researchers conducted a non-
systematic search of studies conducted between 2010 and 2020. In conclusion, influenza vaccination was
effective in preventing influenza in healthy children. Lastly, efficacy values for the influenza vaccine ranged
from 25.6% to 74.2%, and effectiveness from 26% to 78.8% (Orrico-Sanchez et al., 2023). Influenza
vaccination also provides moderate overall protection against influenza-associated hospitalization in
children, with a pooled seasonal IVE against hospitalization of 53.3% for any influenza. These findings
support the recommendation for annual influenza vaccination in children to prevent influenza illness and its
complications. These papers do not mention ITSA (Interrupted Time Series Analysis) or ML (Machine
Learning) in assessing the effectiveness of influenza vaccination in children. Therefore, there is a need to
explore the vaccine effect on several cases of medically attended respiratory illness using these

methodologies.

2.1.3 Analyzing the effects of vaccination programs

A 2016 study to assess the impact of rotavirus vaccination on emergency department (ED) visits and
hospital admissions for acute diarrhea in children under five years in Brazil highlighted the changes
following RV1 vaccination. The researchers examined and compared all reported cases of diarrhea at the
emergency department and hospital admissions recorded during consultations. The odds ratio of the
frequencies of consultations and hospital admissions in the pre-and post-vaccine periods were calculated for
statistical analysis. The odds ratio for rotavirus positive was also computed for the pre- and post-vaccine
periods, and a chi-squared test was performed to determine whether there was a difference between the
periods under investigation. In the end, a 40% decrease in hospital admissions and a 6% decrease in ED
visits was attributed to the introduction of the RV1 vaccination (Paulo et al., 2016). Similarly, this study
compares the rates of medically attended respiratory illness among children under five years pre and post-

vaccination periods.

A 2017 study in Tuscan (Italy) to examine hospitalizations for pneumonia over 12 years for pre-vaccination
and vaccination periods for pneumococcal pediatric vaccination reported a 29.1% decline in hospitalization
cases for the targeted age group, 0 to 9 years. Between 2002 and 2014, the average annual hospitalization

rate for 0-9 years was 989.2 hospitalizations/100,000 residents. This rate indicated a consistent downward
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trend, with the highest value recorded in 2002 being 1,415.3/100,000 and the lowest in 2014 being
628/100,000. However, the research uncovered the expected indirect effect on older people was not
reported, justifying the Tuscan recommendation to extend the vaccination to subjects for the group older
than 64 years (Boccalini et al., 2017). This researcher used the incidence of the disease to monitor changes

in the level of disease among the target population.

Interrupted time series analysis was used to assess the impact of pneumococcal conjugate vaccination on
hospitalized childhood pneumonia in Taiwan. The researchers compared pneumonia trends throughout the
study periods in the individual age groups using segmented regression based on an autoregressive error
model. The quarter-time unit was selected to better fit the model and account for the notable seasonal
variation in pneumonia outcomes. Stepwise autoregression was used to determine the autoregressive error
model's order using quarterly data and an initial order of 5. Following the implementation of the nationwide
PCV13 vaccination program, there was a decrease in the prevalence of lobar/pneumococcal pneumonia,

lower respiratory tract infections, and pneumococcal parapneumonic illnesses (Lee et al., 2022).

2.2.0 Predictive Modeling for Respiratory Illness

Predictive modeling for respiratory illness has been explored in several studies. One study proposed an
automated computational framework for patient-specific deposition modeling, which could optimize
treatment plans for respiratory diseases based on patient-specific features such as breathing patterns and
lung morphology. The researchers utilized the image processing approach to produce 3D patient respiratory
geometries, evaluate airway and lung morphology, and assess deposition compared to in vivo data.
However, they experienced difficulty in capturing upper airway anatomy and glottis in CT images. Also,
there were challenges in representing instantaneous patient-specific flow patterns observed in vivo.
Ultimately, they developed image processing and mathematical modeling pipelines for patient-specific drug
deposition predictions and agreed with experimental regional deposition measurements. This paper does not

discuss the accuracy of the predictive model (Williams et al., 2023).

Another study used machine learning algorithms, specifically logistic regression, to predict respiratory
diseases based on respiratory data, providing insight for better decision-making. The researchers employed a
human respiratory model and responses and a machine-learning algorithm for disease prediction. The model
matched up to 95.6% with the natural respiratory system, and the logistic regression model gave a distinct
separation between diseases (Naskar, n.d.). Additionally, a forecasting model using ARIMA and LSTM
methods was developed to predict the occurrence of influenza-like illness and respiratory diseases based on

air pollutant data, demonstrating the potential for disease prediction and preventive measures. Considering
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everything, the ARIMA displayed better accuracy in the five-year dataset, and LSTM generally
outperformed ARIMA by three to seven times (Tsan et al., 2022). The study compared time series and
recurrent neural network models for prediction. This research intends to apply similar methodologies to

assess the effect of vaccination and compare their accuracies.

Furthermore, the effect of meteorological factors and air pollution on hospital visits for respiratory diseases
was evaluated using support vector regression, highlighting the correlation between air pollutants and
respiratory diseases. Support Vector Regression (SVR) was used to build regression models, while machine
learning was combined with meteorological and air pollution data. To summarize, meteorological factors
and air pollution were correlated with respiratory diseases. In addition, machine learning could predict

hospital visits for respiratory diseases. (Yang et al., 2023).

Finally, a study analyzed the correlation between air pollutants and respiratory diseases. It used the ARIMA
and ridge regression models to predict air pollutant concentrations and the number of respiratory diseases in
urban populations. The researchers performed an analysis of the correlation between air pollutants and
respiratory diseases. They carried out prediction using the ARIMA model and ridge regression model.
Ultimately, air pollutants increase the prevalence of respiratory diseases. The ARIMA and ridge regression

models proved useful for prediction (Zhu, 2022).

The limitations of the machine learning models used in these papers include the need for continuous
retraining as new data arrives and the potential for variability in model performance. Future research should
explore methods for dynamic retraining and improving model stability. The papers also mention the need for
further research to validate and refine the predictive models using more extensive and more diverse datasets.
The generalizability of the models to different populations and settings is also a limitation that needs to be
addressed. Another limitation is the reliance on retrospective data analysis, which may introduce biases and
limitations regarding data quality and availability. Prospective studies with larger sample sizes and

standardized data collection methods are needed to overcome this limitation.

2.2.1 Interrupted Time Series Analysis in Public Health

Interrupted Time Series Analysis (ITSA) is used in public health research to evaluate the impact of
interventions or events on outcomes over time. ITSA involves analyzing data collected before and after an
intervention or event to determine if a significant change in the outcome of interest exists. Several studies

have utilized ITSA to assess the effects of COVID-19-related public health restrictions on various health

13



outcomes, such as sexually transmitted and blood-borne infections (STBBI) testing utilization. The
researchers employed interrupted time series analysis using GetCheckedOnline program data and segmented
generalized least-squared regression modeling. They struggled with the fact that there was limited evidence
of the long-term impacts of COVID-19 restrictions on digital STBBI testing utilization. In summary,
COVID-19 restrictions initially reduced digital STBBI testing but increased later. Additionally, the
researchers concluded that sustained increases in digital testing highlighted the need for accessible and

appropriate testing. (Iyamu et al., 2023).

Another application of ITSA involved research on the incidence rate of communicable diseases. Using
autoregressive integrated moving average (ARIMA) models, the researchers utilized Interrupted time series
analysis. They investigated the analysis of changes in the incidence rate of infectious diseases before and
after the COVID-19 epidemic. The research faced challenges with the relatively short collection period after
the COVID-19 epidemic and the quick change in policies, requiring further study in the future. As a whole,
prevention and control measures during the COVID-19 epidemic significantly impacted notifiable infectious
diseases in China. Additionally, the measures most affected respiratory and intestinal contagious diseases
(Schaffer et al., 2021). And in the detection of gastroenteritis outbreaks. This was possible through a time
series study, which applied segmented linear regression analysis. Notably, presentations increased after

water contamination events. Segmented regressions could detect low-present outbreaks (Yuen et al., 2023).

ITSA has also been used to examine the impact of public health policies, such as implementing a public
health product tax, on purchasing habits. The researchers used retrospective, descriptive analysis of tax
bases and income. They were followed by interrupted time series analysis using the generalized least
squares method. In general, it can be said that the public health product tax (PHPT) did not decrease
households' unhealthy food purchasing trend. On the other hand, the PHPT generated revenue for health

care and health-promoting programs (Csakvari et al., 2023).

Furthermore, research was conducted on an empirical comparison of statistical methods used for meta-
analysis of Interrupted Time Series (ITS) studies in public health. The study did not specifically discuss the
application of ITS analysis in public health. They applied two ITS analysis estimation methods: fixed-effect
and four random-effects meta-analyses. They could only obtain a small number of datasets for analysis;
therefore, assumptions made during analysis may not hold. Ultimately, the choice of statistical method had
minimal impact on effect estimates and variances, and confidence intervals and p-values could vary
depending on the statistical method (Korevaar et al., 2024). Overall, ITSA is a valuable tool in public health
research for understanding the effects of interventions and events on health outcomes and informing

evidence-based decision-making.
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2.2.2 Machine Learning Techniques in Healthcare Forecasting

Machine learning techniques have been increasingly used in healthcare forecasting, including applications in
predicting disease outbreaks and vaccination effectiveness. These techniques utilize patient information such
as demographics, medical history, and diagnosis to create predictive models for clinical diagnosis,
therapeutic efficacy, and prognosis. A recent study explored machine learning techniques, specifically
extreme gradient boosting (XGBoost) and logistic regression, to predict measles outbreaks at the county
level in the United States. Extreme gradient boosting (XGBoost) and logistic regression were used as
supervised learning approaches; in contrast, hierarchical density-based spatial clustering of applications with
noise (HDBSCAN) and unsupervised random forest (uURF) were used as clustering algorithms. In summary,
XGBoost provided more accurate predictions of measles cases at the county level than logistic regression.
Additionally, integrating unsupervised machine learning approaches with supervised models requires further
investigation. The limitations highlighted in this research include the optimal strategy for integrating
unsupervised machine learning with supervised models, which required further investigation; logistic
regression models had higher sensitivity but lower positive predictive value and specificity compared to

XGBoost models (Ru et al., 2023).

Furthermore, machine learning can be used to forecast seasonal epidemic peaks. Another 2023 study used
this for the forecast specifically for the respiratory syncytial virus (RSV). The researchers explored the
machine learning process for generating short-term forecasts and the comparison of different machine
learning regression models for forecasting peaks. The limitations were that including seasonality in forecast
models could result in overfitting and best-fitting models for typical seasons containing different variables
than atypical seasons. Ultimately, machine learning models for forecasting epidemic peaks should not
include seasonality, and the best-fitting models for typical seasons differ from atypical seasons (Morbey et
al., 2023). A 2022 study investigated the use of machine learning techniques in forecasting the trend of
COVID-19 spread with respect to vaccination using long short-term memory (LSTM) and gated recurrent
unit (GRU).In conclusion, the research proposed a model to forecast Covid-19 spread based on vaccination
data. Additionally, the model allowed researchers to approach COVID-19 spread prediction from a new
perspective (Sunil et al., 2022).

In the case of influenza, machine learning methodologies have been used to carry out prediction and
forecasting. A 2021 study evaluated the predictive performance of a neural network approach for estimating
influenza activity in the United States, using a gated recurrent unit neural network approach and baseline
machine learning methods. Overall, gated recurrent unit neural networks improved influenza prediction at

long-term time horizons. The highlighted shortcomings included traditional healthcare-based surveillance
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systems with inherent reporting delays and the neural network approach lacking improvement by real-time

internet search data (Aiken et al., 2021).

Another recent study explored machine learning techniques, specifically Extreme Gradient Boosting
(XGBoost), in forecasting influenza incidence as an ordinal variable. They deployed extreme gradient
boosting (XGBoost) machine learning methods and statistical and mechanistic models. Several accuracy
indicators were used to assess the machine learning framework's prediction performance, and it was
compared to baseline models. The most accurate prediction method was the XGBoost model, whose
accuracy increased as prediction time horizons increased. According to their findings, there was a chance
that the machine learning framework for influenza-like illness (ILI) forecasting could be widely used as an
effective public health tool in the future. The deficiencies highlighted by the research; the results were not
directly comparable to other forecasting studies, and the XGBoost model had not been validated against
other data sources (Wang et al., 2023). The use of machine learning, along with technologies like IoT, cloud
computing, and fog computing, has the potential to revolutionize healthcare solutions and improve patient

outcomes.

The above researchers discuss using machine learning and deep learning for disease prediction and
forecasting. However, they do not specifically mention applications assessing vaccination effectiveness. The
following research will explore the use of deep learning to evaluate the effect of an influenza vaccination

program on the number of cases of medically attended respiratory illness.

2.2.3 Evaluating Model Precision in Interrupted Time Series Analysis and Deep Learning Models

Interrupted time series (ITS) models were compared regarding predictive accuracy. The performance of
different models, including ARIMA, K-Nearest Neighbors (KNN), Support Vector Regression (SVR), and
Long-Short Term Memory (LSTM), was evaluated using metrics such as Mean Squared Error (MSE), Mean
Absolute Error (MAE), Median Absolute Error (Median AE), and Root Mean Squared Error (RMSE) in the
context of classical and machine learning techniques for time series forecasting. The results showed that the
KNN algorithm had better accuracy than the other models, particularly in the middle and long terms.
Additionally, machine learning outperformed ARIMA for shorter-term predictions (laousse et al., 2023).

Another 2021 study examined ordinary least squares (OLS), generalized least squares (GLS), Newey-West
(NW), ARIMA, and restricted maximum likelihood (REML) statistical methods for estimating ITS model
parameters. OLS was preferred for series with fewer than 12 points, while REML was preferred for longer

series. All methods produced unbiased estimates of the level and slope change, although all methods
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underestimated the extent of autocorrelation. Therefore, the standard errors (SEs) were generally too small,
and the confidence intervals did not achieve the nominal level of coverage. The Durbin-Watson test for the
presence of autocorrelation performed poorly, except in cases of long series and high underlying
autocorrelation. Ultimately, it was necessary to exercise caution when interpreting the results from all

methods, as the confidence intervals were likely to be excessively narrow (Turner et al., 2021).

AIC and BIC are commonly used methods for evaluating time series models. AIC (Akaike Information
Criterion) and BIC (Bayesian Information Criterion) are used to balance the complexity and accuracy of the
model. AIC and BIC are often used to select the appropriate lag order for autoregressive (AR) models. In the
case of two recent studies, differential operation was used to obtain a stable sequence and selection of
appropriate models using AIC and BIC. The research proposed an adaptive model based on AIC and BIC
ARIMA predictions. However, despite AIC and BIC being commonly used methods for choosing lag order.
Analytic approximate cross-validation (APCV) was a more consistent method for choosing lag order in
autoregressive models. The results of simulations also demonstrated that APCV performed comparably and,
in certain instances, even better than AIC, AICc, and BIC (Y. Zhang & Meng, 2023);Han, 2022). Overall,
AIC and BIC are widely used criteria for evaluating time series models, but alternative methods like APCV

and BIC may provide more consistent and efficient results.

Machine learning models can be assessed using metrics such as mean absolute error (MAE), mean squared
error (MSE), root mean squared error (RMSE), and R-squared. When quantifying average error, MAE is
more interpretable than MSE or RMSE (Kumar, 2023). RMSE and MAE are widely used metrics for
evaluating models, but there is confusion over their use. RMSE is optimal for normal (Gaussian) errors,
while MAE is optimal for Laplacian errors. However, MAE can be decomposed into bias, proportionality,
and unsystematic error. The three-part decomposition of MAE provides more straightforward information

on the model-error distribution(Robeson & Willmott, 2023;Hodson, 2022).

R-squared is another metric used to evaluate the goodness of fit of a regression model. It measures the
proportion of the variance in the dependent variable that the independent variables can explain. In their
investigation, they demonstrated that R-squared was more accurate and illustrative than symmetric mean
absolute percentage error (SMAPE) using several use cases and examples: In actuality, a high R-squared
score was only produced if the regression accurately predicted the majority of the ground truth elements for
each ground truth group, taking into account their distribution. Rather than considering their distribution,
SMAPE concentrated on the relative distance between each predicted value and its matching ground truth
element. SMAPE proved ineffective in their investigation for identifying subpar regression models (Chicco

et al., 2021). All the above-discussed metrics provide valuable information about the performance and
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accuracy of machine learning models in predicting and analyzing various phenomena.

2.3 Conclusion
In conclusion, the reviewed studies have highlighted the use of different approaches to assess the impact of
vaccination programs. Research methodologies such as observational studies, Randomized Controlled Trials
(RCTs), and the utilization of routinely collected medical databases to assess the rates of infectious diseases
in the population, especially in cases where vaccination status is unknown, have been employed. Various
statistical approaches have been investigated to assess the impact of vaccination programs across different
population groups; examples include estimation and comparison of disease rates before and after
vaccination, calculation of odds ratios, odds of disease occurrence before and after vaccination, monitoring
of the average hospitalization rates and the use Interrupted Time Series Analysis (ITSA). The effectiveness
of models such as ARIMA, SVR, GRU, and Long Short-Term Memory (LSTM) in predicting respiratory
illnesses has been demonstrated, with previous research underscoring their ability to analyze time series

data.

OLS, GLS, Segmented linear regression, ARIMA, ARIMAX, and REML are some of the commonly used
ITSA implementations. XGBoost, GRU, LSTM, SVR, and ARIMA ML models have been recently utilized
in public healthcare, especially for time series data. The metrics used to assess the accuracy of the above
methods include but are not limited to using R-squared, MSE, MAE, RMSE, SMAPE, AIC, BIC, and
APVC.

In summary, combining traditional statistical-based techniques and machine learning approaches can
provide valuable insights and determine the effects of intervention in public health. However, each method
has advantages and disadvantages, and the best strategy will rely on every aspect of the data and the desired

outcomes of the research.

2.5 Research Gap
There is a need to explore ITS and ML techniques in a contrasting manner in assessing the effect of public
health interventions. The two methods will aid in developing a predictive model, which will be applied to
limited disease data collected routinely in medical databases. Investigating these methods is helpful for
scenarios where vaccine administration in a population is required using limited routinely collected data.

From the literature review, this has not been widely explored.
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Chapter 3: Methodology
This chapter describes the steps undertaken to realize the objectives outlined in Chapter 1.
3.0 Study Design

This is a retrospective case-control multisite study. The primary sites of focus for this study are Mombasa
and Nakuru counties. Njoro and Nakuru North are in Nakuru, and Jomvu and Likoni are in Mombasa.
Where retrospective data collection has been conducted within each sub-counties that participated in the
influenza vaccine demonstration project: classified as cases. Controls are the Molo sub-county in Nakuru
and the Changamwe sub-county in Mombasa, which were not involved in the vaccine demonstration
project. The process for identifying the participating sites in each of these sub-counties mirrored the
implementation of the vaccine demonstration project. The two sites were selected as part of influenza
surveillance sentinel sites since 2006; at the county referral hospitals in these counties. Notably, Nakuru
has had frequent Severe Acute Respiratory Infection (SARI) outbreaks (Kna, 2022;Kahenda, n.d.). Data
from the surveillance platform was useful in selection the above counties for the vaccine demonstration

study.

3.1. Data Sources and Collection Methods

The data was sourced from the District Health Information System (DHIS), also called the Kenya Health
Information System (KHIS). Data extraction was carried out by downloading the aggregated datasets
following the indicators used to identify cases of respiratory illness. The number of medically attended
respiratory illnesses was quantified by the number of lower, upper, and chronic respiratory illnesses
(Asthma) in children under five years. The data was entered monthly for the respective sub countries.
The different study periods were defined as the baseline phase spanning from January 2019 to October
2019, the 2-year intervention phase from November 2019 to November 2021, and the subsequent 1-year
post-intervention phase from December 2021 to December 2022. The figure below shows the indicators

used for data extraction.

Table 1 Medically attended respiratory illness indicators in the DHIS.

County Indicators Frequency of Case/Control
collection Site
Mombasa  Likoni Sub County Upper Respiratory Tract Infections <5 yrs =~ Monthly Case
Likoni Sub County MOH 705A Rev 2020 Lower Respiratory Monthly Case
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Tract Infections <5 yrs

Likoni Sub County Asthma <5 yrs Monthly Case

Jomvu Sub County Upper Respiratory Tract Infections <5 yrs ~ Monthly Case

Jomvu Sub County MOH 705A Rev 2020 Lower Respiratory Monthly Case

Tract Infections <5 yrs

Jomvu Sub County Asthma <5 yrs Monthly Case

Changamwe Sub County Upper Respiratory Tract Infections Monthly Control

<5 yrs

Changamwe Sub County MOH 705A Rev 2020 Lower Monthly Control

Respiratory Tract Infections <5 yrs

Changamwe Sub County Asthma <5 yrs Monthly Control
Nakuru Nakuru North Sub County Upper Respiratory Tract Infections Monthly Case

<5 yrs

Nakuru North Sub County MOH 705A Rev 2020 Lower Monthly Case

Respiratory Tract Infections <5 yrs

Nakuru North Sub County Asthma <5 yrs Monthly Case

Njoro Sub County Upper Respiratory Tract Infections <5 yrs Monthly Case

Njoro Sub County MOH 705A Rev 2020 Lower Respiratory Monthly Case

Tract Infections <5 yrs

Njoro Sub County Asthma <5 yrs Monthly Case

Molo Sub County Upper Respiratory Tract Infections <5 yrs Monthly Control

Molo Sub County MOH 705A Rev 2020 Lower Respiratory Monthly Control

Tract Infections <5 yrs

Molo Sub County Asthma <5 yrs Monthly Control

3.2 Data Preprocessing

This is a crucial step in research, and what follows extraction is pre-processing and transformation. This
encompasses checking for completeness, consistency, accuracy, cleaning data cleaning, and checking for

completion in readiness for modeling.

3.2.1 Data Cleaning

This involves using all the variables in the correct format, updating data types, generating proper labels,

and generating other columns from existing columns. The objective is to ensure that the final analytic
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dataset is reliable and complete.

3.2.2 Data Exploration
This involves understanding the structure of the data, attributes, and underlying patterns. Approaches used
here include checking for descriptive summaries (frequencies, percent, mean, median, standard deviation,

and variance); this allows for the identification of potential errors or anomalies.

3.2.3 Handling Missing Mata

Handling missing data is crucial to data analysis and machine learning tasks. Missing data can occur due
to various reasons, such as equipment failure, human error, or simply because the data was not collected.
Dealing with missing data appropriately ensures that analysis results are accurate and unbiased. This
research examined summary statistics and visualizations using programming libraries that provide
functions to detect missing values. The number of upper respiratory illness cases was not entered between
January 2019 and September 2020. Imputation was selected as a method of handling the missing data

using the means.

Table 2 Handling missing values.

Means of handling Steps

missing data

Deleting Rows or One straightforward approach is to remove rows or columns with missing
Columns values entirely. While this approach is simple, it may lead to the loss of

valuable information, especially if the missing values are non-random.

Imputation: Imputation involves replacing missing values with substituted values. Standard

imputation methods include:

Mean/Median/Mode Imputation: Replace missing values with the mean,

median, or mode of the observed values in the column.

Forward Fill/Backward Fill: Propagate the last known value forward or

backward to fill in missing values in time series data.

Interpolation: Estimate missing values based on the values of adjacent data

points.
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Regression Imputation: Predict missing values using regression models

based on other variables in the dataset.

K-Nearest Neighbors (KNN) Imputation: Replace missing values with the

average nearest neighbors' values in multi-dimensional space.

3.2.5 Outlier Detection and Handling

The research used box plots and cluster plots to detect outliers. This is an essential step in data analysis

and modeling to ensure the accuracy and reliability of results. However, the data had no outliers.

3.2.6 Data Type Conversion

Data type conversion, also known as data type casting or type conversion, refers to converting a value
from one data type to another. This prepares the data for different operations or functions requiring

specific data types' inputs.

3.3 Data Transformation
3.3.1 Creation of Categorical Variables

An intervention variable was created following the definition of the study period, coded as 1 during

intervention and 0 for pre- or post-intervention.

3.4. Preprocessing Steps for ITS Analysis
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1. Plot the data. |dentify
unusual observations.
Understand patterns.

2.0 necessalry, use a Box- |
Cox transformation to
L stabilize the variance.

Use automated
algorithm.

Select model
order yourself.

3. If necessary, difference ) Use auto.arima() to find
the data until it appears the best ARIMA model
stationary. Use unit-root for your time series.

tests if you are unsure.

l

4. Plot the ACF/PACF of
the differenced data and
try to determine pos-
sible candidate models.

(5. Try your chosen model(s) )
and use the AIC, to
search for a better model.

6. Check the residuals
from your chosen model
by plotting the ACF of the
residuals, and doing a port-
manteau test of the residuals.

Do the
residuals
look like
white
noise?

no

yes

7. Calculate forecasts.

Figure 4 Flow chart for ARIMA model selection. Source: (8.7 ARIMA Modelling in R | Forecasting, n.d.)

3.4.1 ARIMA Model Specification
Three factors delineate the ARIMA model, which is specified as ARIMA(p,d,q) where p, d, and q represent

the quantity of lagged (or historical) observations to take into account for autoregression, the number of
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iterations the original observations undergo differencing, and the magnitude of the moving average window,
respectively. The subsequent equation illustrates a typical autoregressive model. As implied by the
nomenclature, the updated values of this model are contingent solely upon a weighted linear amalgamation
of its preceding values. The p antecedent values are symbolized as AR(p) or an autoregressive model of
order p.

Equation 1

Yt =a+ ﬁlyt—l + Bzyt_z‘}‘. . +prt_p + 61

The moving average:

Equation 2

Ve =C + &t + glgt—l + 92€t_2 + -+ qut—Q'

The computation of the future value y, involves the consideration of errors & originating from the
preceding model. Consequently, every subsequent term delves deeper into the historical errors to adjust for
the inaccuracies of the present model. The determination of the value of q depends on the extent of the
historical window under examination. Thus, the model described above can be specifically identified as a

moving average of order q or succinctly denoted as MA(q).

3.4.2 Determining Stationarity

Time series data should be rendered stationary in order to eliminate any apparent correlation and collinearity
with previous data. Within stationary time-series data, the characteristics or magnitude of a specific
observation are independent of the timestamp at which it is recorded. To eliminate this correlation, ARIMA
employs differencing techniques to achieve stationarity in the data. Differencing, in its basic form, consists
of calculating the disparity between two consecutive data points. The accurate representation of this is be

modeled by
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Equation 3

)’£ =Yt — YVt-1-
Ve =Yt — V-1 =Ye — By = (1= B)y;.

Where the backshift operator denoted by B is defines as
Equation 4

By: = yi_1.

Differencing for the purpose of achieving stationarity in data may not always be a straightforward process. It
is possible that employing multiple rounds of differencing could offer further improvements, if deemed
necessary. Specifically, applying differencing to the data d times results in a dth-order differenced dataset. If
d=2,

Equation 5
Vi =Y Vi1
=0t —Ve-1) — Q-1 — Yt-2)
=Y — 2Yt-1 + V-2
Or,
Equation 6

V' =y —=2yi-1 + Yo = (1 = 2B+ B®)y, = (1 — B)?y,

A generality is observed to be emerging in this context. Consequently, a d-order differenced series can be
expressed as:

Equation 7

1- B)dYt

The final ARIMA model equation:

Equation 8
:VL{ =c+ q')lyé—l + -t ¢pyg—p + 0161+ -+ gq‘gt—q + &
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the symbol y; represents a differenced series of the first order. It is possible to apply differencing d times.
Regarding the parameters ¢, ¢;and 6;, they undergo updating through maximum likelihood estimation
(MLE), similar to the process in linear regression. Nevertheless, in contrast to linear regression, the
estimation and prediction of a time series using ARIMA allow for the generation of a wide array of future

forecasts based on a single trained model, eliminating the need for external data in the inference stage.

3.4.3 Autocorrelation

Time series data frequently exhibit correlations with past observations, leading to a lack of independence in
their distribution. This phenomenon is known as autocorrelation or serial correlation. When autocorrelation
is present, the standard assumptions of regression analysis are not met. To address this issue, it is common
practice to difference the non-stationary data in order to eliminate autocorrelation. Therefore, any required

data transformations should be carried out prior to autocorrelation testing (Schaffer et al., 2021).

Autocorrelation functions (ACFs) serve as useful tools for examining both stationarity and autocorrelation
within a time series. Specifically, an ACF illustrates the degree of correlation between individual
observations and preceding values at different time lags, with a lag representing the temporal gap between a
given observation and its antecedent values. Complementary to the ACF, the partial autocorrelation function
(PACF) captures the correlation between a current observation and past values not accounted for by
correlations at lower-order lags. To illustrate, the PACF value at lag 4 denotes the correlation between an
observation Y; and the previous observation at lag 4 Y;_, , adjusted for correlations with Y;_5 , Y;_, , and
Y;_1. In the context of a stationary series, the autocorrelation portrayed in the ACF plot should exhibit rapid
decay; conversely, in a non-stationary series, the ACF will demonstrate a slower rate of decay (Schaffer et

al., 2021).
3.4.3 Seasonality

Seasonality pertains to fluctuations with a predetermined or recognized frequency, manifesting at consistent
temporal spans, for instance, time of year or day of the week. The presence of seasonality in temporal
sequences of health-related data is widespread and may stem from inherent factors like meteorological
cycles, or organizational procedures like the impact of weekends or holidays. The degree of seasonality is
contingent upon the time unit of the series; for example, seasonality is infrequent in time series measured
annually. When dealing with seasonal monthly data, it is probable to observe notable autocorrelation at a lag
of 12 in the ACF graph. Within the realm of ARIMA modeling, addressing seasonality typically involves

implementing the seasonal difference. Specifically, in the case of monthly data, one would compute the
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disparity between each data point and its preceding value at a lag of 12 (Y; — Y;_1,). For quarterly data, a
lag of 4 would be employed. It is important to note that in the process of calculating the seasonal difference
for monthly data, the initial 12 data points are omitted due to the inability to compute the seasonal difference

for these observations (Schaffer et al., 2021).

3.4.4 Transfer Functions

Another benefit of ARIMA models is their capacity to extend beyond the fundamental intervention impact
shapes and represent more intricate impacts through the use of "transfer functions." These functions
elucidate the correlation between the intervention and the outcome series Yt, altering the connection
between the inputs (step change, pulse, ramp) and the time series to depict more intricate relationships, like
gradual level shifts or a pulse that diminishes gradually over time while also accounting for lagged effects.

Equation 9

wo + w1B + w,B% + - + wpB"
1 - 613 - 8232 — 8rBr

Yt=lJ.+ Xt+£t

the backshift operator B is denoted as  BPY,_Y;_,). Within the transfer function framework, w, signifies
the initial impact value during the intervention period (T),§ denotes the rate of decay, and X, symbolizes
the intervention variable (such as step change, pulse, or ramp). Researchers are required to provide values

for h and r; h indicates the timing of the effect, whereas r characterizes the decay behavior (Schaffer et al.,

2021).
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Response i at times 0

Form of response

Function Values Transfer Interpretation
for h function through k post-intervention
and r
Step function h=0, wp in=wy Y The time series increases by
s _ 0,ift<T r=0 I =wp wp immediately following the
T v,ifezT =Wy / intervention, and remains at
this new level for the duration
ix=wp of the study period.
time
h=0, ﬁﬁj in=Wo Y, The time series increases by
r=1 (& <) h= wo(1+6y) wp immediately following the
i = wp(1 + 6 + (5?) intervention, and increases by mné',‘
each subsequent time point until
e = wol1 + 6 4 (5$ I 51‘:) g reaghes a new level, calculated
- Y (UKD
. time
Pulse function h=0, wWo ip= Wy Y, The time series increases by wy
P _ 0,if t#T r=0 ih=0 immediately following the
Tl Lift=T =0 /\ intervention and returns to
baseline immediately afterwards.
k=0
! time
h=0, ﬁ In=twy Y, The time series increases by wy
r=1 (6] < 1) i =wd, the time of the intervention, and
= woéf .—/\\H decays by (1 —&;) each subsequent
time point.
iy = 0)05’1(
! time
Ramp function h=0, Wo ip=wy Yy The time series increases by wq
A — 0,ift<T r=0 ih=2wg at each time point.
CT T i 2T Ir=3wo
e =(k+ Nwg

time

Figure 5 Description of transfer functions within interrupted time series analysis in the context of ARIMA.

Source: (Schaffer et al., 2021)

3.5 Building the ARIMA Model

3.5.1 Plotting Data to Understand Underlying Patterns

Plotting data is essential for comprehending patterns: Prior to engaging in model fitting, it is imperative to
visually represent the time series data to identify patterns, including existing trends, seasonal variations, and

outliers. Plots were generated for the time series data for cases and controls.

3.5.2 Choosing Model Parameters (p, d, and q)

Multiple methodologies exist for selecting ARIMA parameters, which can be arrived at through either an
examination of the data characteristics or through empirical methods involving model fitting and

performance assessment. An exploration of ACF and PACF plots is essential for detecting the overall
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correlation present in the dataset. Additionally, the calculation of rolling mean and standard deviation, as
well as the application of statistical tests like the Augmented Dickey Fuller (ADF) test, are valuable
techniques for determining the characteristics of the time series data. This research used ACF and PACF

plots alongside ADT test to determine the overall correlation and to test for stationarity of the dataset.

3.5.2 Determining the Seasonal Decomposition of the Time Series.

This study generated a decomposed plot of the time series data. The different components are discussed in

the subsequent chapter.

3.5.3 Plotting the Time Series Data with Intervention

A time series plot with intervention components was plotted.

3.6.4 Fitting the ARIMA Model
An automated ARIMA model was fitted on the time series data. This resulted in auto selection of the final

model parameters. The model summary and the metric for assessing model accuracy were presented in table

format.

3.7.5 Forecasting the ARIMA Model

A 12-month forecast was generated from the ARIMA model. The confidence intervals of the predictions

were presented in a table format and a plot of the forecast was also generated.

3.6 Data Preparation for LSTM-RNN Modeling

3.6.1 Data preprocessing

The cleaned dataset was converted into data samples and split into training and testing sites.

3.6.2 Feature scaling

Entails the adjustment of the range of features to a common scale, usually within a predefined range such as

[0,1] or [-1,1]. The rationale behind scaling the dataset is due to the presence of features with different
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scales, which could impact the performance of machine learning algorithms. The research utilized the

standard scaling method by converting them to have a zero mean and unit variance.

3.7 LSTM-RNN Specification
3.7.1. Architecture and Model Setup

The core component of an LSTM network resides in its cell, also known as the cell state, serving as a
mechanism to retain a certain amount of memory within the LSTM model, thereby enabling it to recollect
previous information. It has 3 gates; input, forget and output. The gates utilized in Long Short-Term
Memory (LSTM) models are represented by the sigmoid activation functions, which result in an output
value ranging between 0 and 1. Typically, this output value tends to be either 0 or 1 in the majority of

instances.

sig(t)

0.8

0.6

Figure 6 Sigmoid functions for LSTM gates.’

A sigmoid function is employed in gate mechanisms in order to ensure that the output values remain strictly
positive and facilitate a definitive decision-making process regarding the inclusion or exclusion of specific
features. A value of "0" signifies complete blockage by the gates, while a value of "1" indicates unrestricted

passage through the gates. The equations for the gates in LSTM are:

2 Source: LSTM and its equations. LSTM stands for Long Short Term Memory... | by Divyanshu Thakur | Medium
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https://medium.com/@divyanshu132/lstm-and-its-equations-5ee9246d04af

Equation 10

i =oWwilhe—1,x¢] +b;)
fe = O-(Wf[ht—lle] + bf)
o =0Wylhe—q,%c] + by)

i; — represents input gate. f; — represents forget gate. o, — represents output gate. 0 — represents sigmoid
function. w,, — weight for the respective gate (x) neurons. h;_; — output of the previous LSTM block (at

timestamp t — 1 ). x; — input at current timestamp. b, — biases for the respective gates (x).

LSTM Memory Cell

Ct-1 @

e

OUTPUT GATE

o
hi-1 hi-1 ht
X

Figure 7 LSTM memory cell. *

The initial equation pertains to the Input Gate, elucidating the nature of the incoming data to be encoded
within the cell state, as elaborated further below. Subsequently, the following equation corresponds to the
forget gate, dictating which pieces of information are to be discarded from the cell state. Lastly, the third
equation governs the output gate, responsible for bestowing activation upon the ultimate output of the

LSTM block at timestamp ‘t’.
Equation 11
¢ = tanh(w[hi_q,x:] + b.)

¢ =ferco1tigxC
h; = o, *tanh(c?)

3 Source: LSTM and its equations. LSTM stands for Long Short Term Memory... | by Divyanshu Thakur | Medium
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¢; — cell state ( memory ) at timestamp (t). é; — represents candidate for cell state at timestamp (t). note*

others are same as above.

To obtain the memory vector for the present timestamp c;, the candidate is computed. Subsequently, it can
be observed from the equation that at any given timestamp, the cell state is aware of the information it
should discard from the preceding state (i.e., f; * c;_1 + i¢ * C;) and the information it should prioritize from
the current timestamp (i.e., i; * Cp).

Note: * this operation signifies the multiplication of vectors on an element-by-element basis.

3.7.2 Model Compilation:

This step involves the following:

3.7.2.1Training the NN
This fine tunes weights and biases within neurons aimed at aligning the networks outputs closely to the
actual values during testing. This happened through the employment of random weights to generate an

initial forecast based on the output values (ElI-Amir & Hamdy, 2020).

3.7.2.2 Layers, Neurons and Hyperparameters

These were manual specified through trial and error and also following previous work done in the same
field and in some cases setting a rule of thumb. For instance, the quantity of neurons that constitute the
network, the quantity of layers it possesses, and the methodologies employed for training the network are

not estimated by the model (dpplied Deep Learning with TensorFlow 2, n.d.).
3.7.2.3 Loss Function

It is mandatory to specify the loss function, optimizer, and metrics to monitor during training. Common loss
functions for sequence prediction tasks include categorical cross-entropy or mean squared error, depending
on the nature of the problem. Mean squared error was chosen for the model.

3.7.2.4 Training Procedure

The NN utilizes an optimizer algorithm which is designed to minimize the loss function during training. It
operates by identifying the local minimum of a specific function. The computation is carried out by a central
processing unit (CPU) that possesses knowledge of the exact values within the training dataset and
continuously strives to reach the point where the loss function is minimized. The whole process is 3-step.
Stepl; involves forward and backward propagation to acquire both the function value and gradient.
Subsequently, a new step is proposed with an increment determined by the current step. The final step

32



involves integrating this increment into the original function, followed by the repetition of the entire process

for a specified number of iterations (Lv et al., 2017).

3.7.2.5 Batch Sizes and Number of Epochs

When training a LSTM model, a batch refers to an iteration consisting of either one sample or multiple
samples employed for the purpose of data prediction (Applied Deep Learning with TensorFlow 2, n.d.). We
selected batch size of 32 which has been approved to be of good choice (Reimers & Gurevych, 2017). An
LSTM neural network undergoes multiple iterations of training to reduce the model's error. The completion
of one full pass of the entire training dataset through the model signifies the conclusion of an epoch(A4pplied

Deep Learning with TensorFlow 2, n.d.).We specified 250 for this model.

3.8.4 Evaluation Metrics
In order to determine the effectiveness of various models in forecasting, it important to conduct an
evaluation of the forecast. RMSE and MAE were selected owing to the fact that they are common measure

used when determining the accuracy and rate of error for different models as discussed in chapter 2.

Equation 12

RMSE =

Equation 13

& 19— il
MAE=Z i =il

: n

i=1

Where §; — represents the forecasted values and y; — represents the observed values and n is the number of

forecasts.
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3.9 Comparison of Traditional Time Series Analysis and LSTM -RNN algorithm
The accuracy of predictions was assessed by comparing the respective metrics, while the visualizations were

evaluated in the context of the final forecasts.

3.10 Ethical considerations

This study was approved by the ethics committee of the National Commission for Science, Technology
& Innovation (NACOSTI), Strathmore University ethical review committee, Ministry of Health Kenya

granted access to the use of data from DHIS.

3.11 Limitations

The study may be subject to certain limitations, including potential confounding factors not accounted for
in the analysis, the possibility of incomplete or inaccurate data, and the potential for unmeasured changes

in healthcare delivery or other factors that may affect the outcome variable.
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Chapter 4: Results
4.0 Introduction
The findings and outcomes of the data analysis are presented in this chapter. Tables and graphs have been

used to illustrate the findings. The project objectives were considered in the analysis.

4.1 Exploratory Data Analysis
Table 3. Comparison of Intervention Effects on Cases and Control Groups Over Four Years (2019-2022).

Characteristic 2019, N=12 2020, N =12 2021, N=12 2022, N=12 Overall, N =48

Intervention

0 10 (83%) 0 (0%) 1 (8.3%) 12 (100%) 23 (48%)

1 2 (17%) 12 (100%) 11 (92%) 0 (0%) 25 (52%)

Cases 6,956 (6,460, 5,683 (4,485, 13,426 (11,407, 10,968 (9,912, 8,864 (6,677,
7,557) 8,248) 15,184) 12,468) 12,027)

Control 1,879 (1,533, 1,657 (1,394, 3,385 (3,039, 3,547 (2,972, 2,419 (1,776,
2,103) 1,900) 4,044) 3,884) 3,452)

*n (%); Median (IQR), Intervention, 1: Period of intervention, 0 = period pre or post intervention

The dataset covered the years 2019 to 2022, comprising 48 observations in total. The intervention spanned
from 2019 to 2021, lasting for a period of 25 months. The dataset recorded 451,674 cases and 130,170
controls. Median case numbers varied annually, ranging from 6,956 to 10,968, with corresponding
interquartile ranges (IQR) between 6,460 and 12,468. Similarly, median control numbers fluctuated, ranging
from 1,879 to 3,547, with IQRs from 1,533 to 3,884. These findings highlight the fluctuations observed in

case and control numbers throughout the observed period.
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4.2 Time Series Plot of The Cases and Controls

Time Series Plot of Cases

Cases
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Figure 8 Retrospective Time Series Plots of Cases Data from 2019 to 2022.
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Time Series Plot of Controls
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Figure 9 Retrospective Time Series Plots of Control Data from 2019 to 2022.

Figures 8 and 9, highlight the time series plots of cases and control over the 4-year period. They depict a
similar rising trend in the number of cases of respiratory illness. Prior to 2021, there were no significant
fluctuations in the number cases or controls. However, the implementation of the intervention commenced
in November 2019 to November 2021. Figure 10 below is a representation of the pattern observed in the
number of cases of medically attended respiratory illness during this period. A sudden decline was observed
in 2020, which was transient, succeeded by a gradual but steady rise in case numbers. In contrast, the year
2021 exhibited a sudden surge in cases, accompanied by considerable variations. Overall, 2021 accounted
for the highest number of reported cases of medically attended respiratory illness throughout the study

period.
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Time Series Plot of Cases with Inervention
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Figure 10 Time series plot illustrating the intervention period spanning from November 2019 to November

2021.

4.3 Building an ARIMA Model

4.3.1 Determining Stationarity

The Dickey-Fuller test was conducted to determine the stationarity of the time series.

Table 4 Augmented Dickey-Fuller Test

Augmented Dickey-Fuller Test

Metric Cases Controls
Dickey-Fuller -2.1458 -3.3328
Lag order 3 3
P-value 0.5159 0.07759
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The stationarity results for both cases and control with p-values greater than 0.05 means we do not have
sufficient evidence to conclude that the data is stationary. As such, to properly use an ARIMA model, a

differenced time series data was utilized.

4.3.2 Autocorrelation Plots

ACF and PACEF plots were used to identify correlation, lag orders, and aid in model selection for the time
series data of cases and controls. In the ACF (Figure 11a), there is significant autocorrelation that gradually
dies off at lag 7, similar to Figure 11c where it dies off at lag 3. Nevertheless, when examining the PACF
plot (as depicted in Figure 11b), it is evident that the autocorrelation observed at larger lags can be fully

accounted for by the autocorrelation observed at smaller lags.
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Figure 11 AFC and PACF plots for the cases and control time series before differencing.
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Figure 12 AFC and PACF plots for the cases and control time series post differencing.

Figure 12a and 12c show the eliminated autocorrelation after differencing, compared to figure 11a and 11c.
In this instance, the plots of the autocorrelation function (ACF) and partial autocorrelation function (PACF)
of the stationary (i.e., differenced) series do not provide significant assistance in determining the p and q
parameters, as they do not align with any of the choices outlined in Figure 4. Consequently, an automated
procedure, specifically the auto.arima() function within the forecast package for R, was utilized to ascertain

the terms of the ARIMA model.

4.3.4 Fitting an Automated ARIMA Model

For our model, a specific value of d = 1 was predetermined (to induce stationarity), along with D = 1
(attributed to the existence of seasonality); however, the algorithm selected the most suitable values for p, d,
P, and Q. The model identified by the algorithm as the most optimal based on information criteria was
(0,1,2) x (0,0,1)12. Stated differently, the autocorrelation order of the model (p) was 0, the moving average
order (q) was 2, the autocorrelation order of the seasonal component (P) was 0, and the moving average
order of the seasonal component (Q) was 1. Introducing a first-order difference (d = 1) and a first-order

seasonal difference (D = 1) into the model served the purpose of removing trends and enabling stationarity.
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4.3.5 Residual check

The residual plots can be observed in Figure 4. No discernible pattern or notable autocorrelation is present in

the residuals, which exhibit a distribution that is consistent with normality.

Residuals from Regression with ARIMA(0,1,2)(0,0,1)[12] errors
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Figure 13 Residual check for the final model, ARIMA (01,2) (0,0,1)2.

As observed in Figure 13 above, there is no discernible pattern or notable autocorrelation within the
residuals, whose distribution is that from the normal distribution. The p-value obtained from the Ljung-Box
test for white noise is 0.9972 when considering 24 lags, we did not reject the null hypothesis since our final

model had a good fit.

4.3.6 Final ARIMA Model

The estimated step change was — 698 cases of medically attended respiratory illness (95% CI — 4,477 to —

3,481) while the estimated change in slope was — 248 cases of medically attended respiratory illness per
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month (95% CI — 490 to — 5. Figure 14 shows the predicted values in the absence of the intervention plot
alongside the observed values. There was an indication that the administration of influenza vaccine among
children below 5 years was associated with an immediate and sustained decline of 698 of the number of
cases of medically attended respiratory illness, with a further decline of 248 every month. Put differently,
there was a reduction 946 (698 +248) of cases of medically attended respiratory illness among children

below 5 years in January 2022 compared to what was expected in the absence of influenza vaccine

administration.
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Figure 14 Observed Values and Predicted Values in Absence of Intervention based on ARIMA Model.

Table 5 Error Measures of the ARIMA Model.

Forecast Accuracy

N ME RMSE MAE MPE MAPE MASE ACF1

48 119.1282  2281.2 1745.033 -2.64518 19.69101  0.435732  -0.02265
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Actual vs Predicted Values
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Figure 15 The observed number of medically attended respiratory illness and values predicted by LSTM from 2019 to 2022

Table 6 The forecasting performance of the two models

Model RMSE MAE
ARIMA (01,2) (0,0,1)1 2281.2 1745.033
LSTM 535.0 415.8
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Chapter 5: Discussion

Looking at the error scores, RMSE and MAE results in Table 6, the LSTM model outperforms the ARIMA
model. LSTM outperforms the ARIMA by a margin that is very significant. Overfitting is a problem in
many neural networks and dropout is used as the chosen method in order to mitigate this, naturally the hope
is that this would work. Looking at Figure 15, it shows a good fit according to the present standards for a
neural network, likely confirming that the risk of overfitting is successfully combated. The ARIMA model,
Figure 14 above shows the forecasted values of the number of medically attended respiratory illness in the
absence of an intervention, the level and of change and slope allows for the estimation of decline in the

number of cases post the intervention period. The would be an increase in cases without the intervention.

ITS model with transfer functions incorporated provides estimation using the step and ramp as showed
from the ARIMA model. There was evidence that giving the influenza vaccine to children under the age of
five was linked to a rapid and persistent decrease in the number of respiratory illnesses that required medical
attention; a sudden decline of 698 cases with an additional monthly fall of 248 cases. Stated differently,
compared to what was anticipated in the absence of influenza vaccine delivery, there were 946 (698 +248)
fewer instances of medically attended respiratory illness among children under the age of five in January
2022. On the other hand, the LSTM model provided estimates in the cases throughout the study periods.

Both models proved useful in answering objective one, which was to build predictive models.

Comparing Figure 14 and 15, the number so cases had a slightly decreasing trend at the beginning and post
intervention, showing a possible as association with the administration of the influenza vaccine throughout
the study period. However, the decline was not very significant it can be argued the ability of both models to
accurately predict the effect of the vaccine was limited by the fact the models did not incorporate other

possible confounders and solely relied of the routinely disease data collected for the study period.

As mentioned previously, the estimation of rates and incidences of infectious diseases are quite complex.
This does not mean that depending solely on the retrospective cases of respiratory illnesses that were treated
medically is a very limited approach for the above prediction is insignificant. This disregards all basic model
elements, including the question of whether the influenza vaccine and the type of the virus that is circulating
are appropriately matched. It is also impossible to predict increases in the number of cases brought on by
unforeseen conditions. The model would probably be far more accurate if indicators could be appropriately
incorporated on this. The scope of this dissertation is limited because it solely models respiratory disorders

as an index.
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Even well-meaning health initiatives might have unexpected results because there is often no data to justify
their implementation. In order to discover both intended and unintentional outcomes, provide input to
regulators and legislators, enhance the delivery of healthcare, and influence future public health policy, it is
imperative that health interventions be evaluated (Lu et al., 2018;Shaw et al., 2019). Like with other
analyses, researchers who are interested in assessing interventions should make use of instruments that are
appropriate for the specific study topic at hand. Relying on too straightforward methods can result in results
that are skewed or misleading (Soumerai et al., 2015). We have emphasized how crucial it is to account for
seasonality, autocorrelation, and trends. Segmented regression can also help with these problems to some
extent. Usually, this involves adding time and season as covariates to the model, which is sufficient to get

rid of simple autocorrelation. And that is why ARIMA is preferred in such scenarios.

The process of choosing the best ARIMA model can occasionally be difficult, subjective, and time-
consuming because, as our example illustrates, conventional methods that depend on ACF/PACF plots to
determine model orders are frequently uninformative. However, over time, there have been initiatives to
streamline and automate the model selection procedure. We used the prediction package for R to apply
auto.arima(), one such technique that we selected because it is user-friendly and convenient. Although
ARIMA modeling is now more widely available thanks to these advancements, it still requires an expert

user to apply and interpret the data correctly, just like any other automated statistical technique.

The application of the idea of a network that trains itself on historical data to provide predictions in
healthcare setting to forecast the number of cases of medically attended seems naive . It is unlikely that this
model, or any one similar to it, which makes predictions based only on historical data, will be able to predict
medically attended respiratory illness cases in the future with any degree of accuracy and consistency. A
similar setting might not result in a disastrous outcome if an intervention were used, but it would not be the
revolutionary success that it would have been if it had been able to accurately make forecasts. This is not to
argue that artificial intelligence and machine learning have no significance; on the contrary, the ability to
identify early warning signs is incredibly useful in domains where predictions based on historical data can
be made. Regarding their application in healthcare, given that epidemiologists are using machine learning
more and more every year, they clearly have some utility, even though they are not a near-magical tool that

can predict values in the future based just on historical data.
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Chapter 6: Conclusion and Recommendation

Conclusion ITS analysis, especially when combined with a control series, is a powerful study design for
assessing population-level health intervention impacts, and its use is increasing. ITS analysis, using ARIMA
modelling is a useful tool, as it can account for underlying trends, autocorrelation and seasonality and allows
for flexible modelling of different types of impacts.

This was done by fitting ARIMA models and a LSTM neural network to the same dataset and evaluating
their performance. Possible improvements to the model that would make it slightly more sophisticated
would be to try and accurately incorporate indicators of disease ecology. In the study, the LSTM models
performed better in forecasting than the ARIMA. Furthermore, it is possible that the results would be
different if different datasets were used in the forecasts. Forecasts for one dataset is presented in this study,
but if these same methods were applied on other disease data or other time series data, other conclusions
might be drawn. A conclusion can be drawn on the effectiveness of the two presented models though, where
the LSTM neural network consistently seems to outperform the ARIMA. However, considering that none of
the models make highly accurate forecasts, using either one to try and turn a assess changes after an

intervention seems to be a futile endeavor.
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