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ABSTRACT

The recurrent outbreak of infectious diseases has led to a global health catastrophe with
substantial socioeconomic interruptions, morbidity, and deaths. The coronavirus pandemic
began in December 2019 in Wuhan, China, and has since transmission throughout the world.
It is the most recent outbreak of a viral illness. Understanding and predicting the factors that
contribute to COVID-19 spread is critical for providing insights to public health decision-
makers in order to inform interventions. The spread of COVID-19 could be propagated by
human mobility. People travel for several reasons such as business, education, tours, and work.
Buses and matatus are the common modes of transport in Nairobi which contributes to 41.99
% according to KIHBS 2015/2016. The immediate drastic measures taken by most
governments is to restrict movements between countries, counties, and towns which has a
significant impact on the economy. Developing accurate machine learning models to
demonstrate the relationship between the movement of people and the spread of COVID-19 is
needed to help come up with measures to reduce the spread and prepare surveillance for future
occurrences. Predicting the spread of COVID-19 is currently being done using various machine
learning and epidemiological. However, disease modelling based on mobility patterns remains
complex due to the siloed data hence the need for innovative methods to enhance prediction
accuracy. This research used Logistic Regression and K-Nearest Neighbor machine learning
algorithms to forecast the transmission of COVID-19 using modelled data. The training and
testing data came from a variety of sources, including truck traffic obtained from NCTTCA
reports containing average daily weighted traffic captured at weighbridges. The bus
transportation data was modeled using the linear regression trip generation model and
parameters from the NUTRANS report (The study on Master Plan for Urban Transport in The
Nairobi Metropolitan Area in The Republic of Kenya), with the base year derived from
socioeconomic attributes in the 2019 census report. The projections have been made based on
the population growth rate derived from the world's development indicators. COVID-19 data
was derived from the World Health Organization. Logistic regression demonstrated a testing
accuracy score of 0.64 while K-Nearest Neighbor achieved a testing accuracy score of 0.643
using the combined truck and bus daily traffic data. Daily bus data demonstrated an accuracy

score of 1 while daily truck data demonstrated an accuracy score of 0.83. We conclude that



using modeled data retrieved from various sources, we can forecast the spread of viral illnesses

through human mobility patterns.
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CHAPTER ONE: INTRODUCTION
1.1. Background

The universe has been battling recurring trends of contagious diseases for years. These diseases
have caused a worrying trend globally in both developed and underdeveloped countries due to
their impact on health and the economy. Previous epidemics and pandemics have indicated
that the possibility of these diseases reoccurring or new strains occurring is extremely high due
to the interdependence of the organism within the ecosystem and human behavior. The
possibility of reducing the spread of infectious diseases through predictions puts hope to many
nations as this will enable the implementation of control and preventive measures in advance
(Sabin et al., 2020).

On March 23, 2014, The World Health Organization reported Ebola Virus in the rural region
of Southeastern Guinea. The transmission of the virus to other countries and cities was
attributed to weak surveillance systems, poor health infrastructure, and travel across the border.
The first case confirmed in the United States during the 2014-2016 epidemic was travel related.
The victim was a man traveling from West Africa to Dallas, Texas. The health workers who

nursed him in Dallas also tested positive for the virus (“The Ebola Outbreak,” 2014).

Acute respiratory illness caused by a novel coronavirus is a transmissible illness that has spread
globally. COVID-19's emergence is similar to that of the severe acute respiratory syndrome
coronavirus in 2002 and the Middle East respiratory syndrome coronavirusin 2012.
Independent researchers have linked novel coronavirusto p-coronavirus with the
corresponding genetic of coronavirus discovered in bats, suggesting that bats may be the

primary host (Guo et al., 2020).

The newly discovered coronavirus spreads through small droplets emitted by infected
individuals. The first case was reported in December 2019 in Wuhan, China. Since then, the
virus has spread to several continents and countries around the world. Human mobility is
thought to be the primary cause of this spread. Air and water transport have made significant
contributions to inter-country spread, while bus, truck, and railway transport have made

significant contributions to corridor spread.



The first case of the virus in Kenya was reported by the Minister of Health on March 11, 2020,
when a student returned from the United States via London. The disease has since spread to all
counties in Kenya. According to the World Health Organization, COVID-19 had already
spread to 343,955 people in Kenya as of September 7, 2023, with 5,689 deaths. The virus has
infected 770,563,467 people worldwide, with 6,957,216 deaths confirmed (WHQO Coronavirus
(COVID-19) Dashboard, 2023).

The transport network could be the main contributor to the spread of infectious diseases
because it interconnects the world. The main modes of transport are the air, rail, water, and
road. Infectious diseases change their status from epidemic to pandemic within a short
timespan due to the world’s interconnection and human mobility (Fang et al., 2020). It is
possible for an individual who is a virus carrier to move from one region to another. The major
transport system in Kenya is passenger buses and shuttles. It is considered that infectious
diseases could easily spread during the journey from one person to another. Some passengers
highlight along the way and others board the buses along the way.(Chinazzi et al., 2020) stated
in the research they conducted that they wanted to understand the implications of travel bans
on the transmission of the COVID-19 outbreak by using a worldwide metapopulation illness
model of transmission and Chinese epidemiological data. They stated that the travel restriction

implemented in Wuhan only delayed the spread of the virus rather than controlling it.

Clark et al., (2020) indicated that the rising infections and fatalities statistics have forced
authorities to research a more accurate model to use in forecasting the spread. The research
outcome will help authorities adopt preventive measures to lower disease spread to less than a
third of the world’s population. This approach target to prevent the possibility of acute illnesses
to population with pre-existing health conditions. In every five individuals worldwide, two

have pre-existing health conditions making them vulnerable to other infections.

A more accurate model is suggested to help the governments make critical decisions that will
help save lives and at the same time save the economy considering that the transport sector in
Kenya is a major informal employer. The government of Kenya's main focus is to acquire a
more accurate prediction model that will aid in reducing the impact of the virus preventing it
from overwhelming the already limited health system in the country as witnessed in other

nations with advanced healthcare systems such as China, United States of America, Italy,



Brazil, South Africa and lately India which has been overwhelmed by the Indian variant
according to BBC news report ("India records 300,000 COVID deaths as pandemic rages”,
2021).

WHO have indicated that human health is a fundamental factor for a productive nation. Human
health factor has been tested with the outbreak of coronavirus disease triggering global
warnings. The virus has so far claimed many lives due to a lack of information to help guide
on the probable mitigation measures to help avoid burdening the limited health systems. Even
the most developed nations have been struggling to manage this virus due to its unprecedented
spread through human movements. Human mobility is fundamental to building a strong
economy, people travel for several reasons ranging from business, adventure, academics, and
jobs. Most governments are looking for insights on how human mobility contributes to the
spread of contagious diseases. These intuitions would guide in building control measures to

ensure people travel without spreading diseases.

Acquiring accurate insights would help in decision-making and controlling the spread of
infectious diseases in the corridors without interfering with human mobility. Multiple
epidemiological and machine learning models have been suggested and used to help predict
infectious diseases spread in some counties. The SEIR model was first used in 1969 by a
mathematician. The model was also used in United States to predict interventions for influenza
pandemic in 2009. The government of China also used SEIR in Wuhan to predict the spread
of coronavirus to guide on interventions. Coronavirus trends can be predicted using logistic

and machine learning models (Wang et al., 2020).

Brand et al., (2020) also developed a modeling framework to simulate the virus transmission
in Kenya focusing on the epidemiological characteristics. The modeling framework known as
KenyaCov was used to forecast coronavirus spread within different regions and age groups.

Many developed countries such as China, United States of America, Russia, and India have
developed machine learning models to predict spread of infectious diseases. We have used
existing machine learning models in determining how human mobility contributes to the
transmission of contagious illness in Kenya. This study also focus on mobility via buses and
truck. The data collected was used to generate predictive models for emerging infectious

disease transmission that guide in developing measures to help control the spread.
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1.2.  Problem statement and goal

Movement of people across the country is considered important because it is instigated by
numerous factors such as work, studies, businesses, and leisure which all contribute to building
a stable economy. Contagious diseases spread is associated with human mobility leading to
stringent measures put in place by the government of Kenya. There is need to develop an
accurate machine learning model to predict how transport systems/mobility patterns contribute
contagious diseases spread. The model will provide accurate insights to public health decision-
makers to inform interventions that balance between allowing people to move and still control

the spread of infectious diseases.

1.3.  Objectives of the study

1.3.1. General Objective
The goal of this study was to build a machine learning framework to predict contagious disease

transmission through Kenyan transportation systems.

1.3.2. Specific Objectives
1. Create human transmission of infectious disease networks using transportation
systems, taking into account origin, destination, and routes.
2. To review epidemiological and machine learning models for predicting the
transmission of infectious diseases.

3. To develop predictive models using machine learning and evaluate their accuracy.

1.4. Research Questions

1. What are the human transmission networks of infectious diseases in Kenya?

2. How do transportation systems contribute to the transmission of contagious diseases,
taking into account origin, route, and destination?

3. How do epidemiological models forecast contagious illness spread through
transportation systems?

4. How are machine learning algorithms utilized to forecast the transmission of
contagious illnesses?

5. How accurately do machine learning algorithms forecast the propagation of contagious

ailments?



1.5.  Scope of the study

The research was carried out in Kenya, with interviews conducted at the bus SACCO offices
in Nairobi with bus and shuttle employees and passengers. The study also examined NCTTCA
truck transport data. The study focused on the transport and health ministries in both the
national and county governments, as they were involved in the development and

implementation of surveillance measures to combat the transmission of COVID-19.

1.6. Research outcomes and their significance to key audiences

The study's goal was to create, test, and refine a machine learning-based model to predict how
human mobility contributes to the spread of infectious diseases along two major Kenyan
transportation corridors. These findings were intended to aid in surveillance and the
implementation of control measures in Kenya. This research also helps to achieve the
Sustainable Development Goals (SDGs), specifically SDG number three in the Kenyan
context, which targets at ensuring a healthy life and advocate for the overall well-being of its
citizens. The research contributes to the former government's Big Four health agenda. It also
aims to contribute to the current Kenya Kwanza government agenda number eighteen on
healthcare, which is aimed at recovering from COVID-19 and preparing for future health

emergencies.

1.7.  Study assumptions and limitations

The study assumes the following:

1. Infectious diseases spread through human mobility by taking into consideration that
if one infected person boards public transport, other passengers may be infected
during the journey.

2. Transmission is from the major cities to other regions not considering the
transmission could also be from the small towns to major cities.

3. Trucks and buses have similarities in the distance they cover and the number of
stopovers. The buses have high occupancy.

4. The NUTRANS report (The Research on a Master Plan for the urban
Transportation in The Nairobi Metropolitan Area in the Republic of Kenya) utilized
when this study was conducted in the urban area of Nairobi Metropolitan (NMS).

The study assumes that the subject counties are only populated by urban residents.



The study has the following limitations and challenges:

1. Infectious diseases spread are propagated through bus, shuttle, and truck transport
systems with exclusion to other modes of transport such as private vehicles, planes,
and trains plying the same routes with passengers on board.

2. Missing data. Northern Corridor data has been updated until December 2021.

3. Siloed data. Only the NCTTCA has access to weighbridge data.



CHAPTER TWO: REVIEW OF LITERATURE

This chapter contributes to the theoretical examination, conceptual architecture, and related

literature.

2.1. Spread of Infectious diseases

Commonly referred to as communicable diseases, they are ailments caused by an array of
organisms, including bacteria, fungi, parasites, and viruses. These can reside inside or outside
one's body and can lead to illnesses that can be transmitted to others. Some of these include
Coronaviruses, which affect both animals and humans (Infectious Diseases - Symptoms and
Causes, 2021). They contagious illness are common cold, severe Middle East Respiratory
Syndrome, severe acute respiratory syndrome, and the Novel Coronavirus. Ebola is caused by
contacting the genus Ebolavirus. The virus was first detected in 1976 near the Ebola River in
what is now the Democratic Republic of Congo. Flu is also a contagious viral infection that
spreads from one person to another through cough and sneezing. Other common infectious
diseases in Kenya are polio which invades the nervous system and cholera which causes severe
watery diarrhea leading to dehydration and death if not treated (Infectious Diseases -

Symptoms and Causes, 2021).

The spread of infectious diseases is highly attributed to human activities. Changing human
behavior, disease surveillance and control measures are the practical solutions to controlling

human-to-human transmission (Sabin et al., 2020Db).

2.2. Epidemiological models are used in predicting the transmission of
communicable diseases.

Researchers have been studying how human mobility affects the spread of COVID-19 and

other infectious diseases. (Brand et al., 2020) created the KenyaCov modeling framework for

predicting the propagation of the virus across different regions and age groups. The model's

goal was to simulate virus transmission in Kenya while focusing on epidemiological attributes.

Odhiambo et al. (2020) proposed virus modeling in Kenya by employing a generalized linear
regression approach to determine a straight-line connection between indicators of risk. They
also proposed using the Compound Poisson Regression to predict confirmed virus outbreaks

through utilization of data from the Ministry of Health's website. They suggested that models



that incorporate non-linearity theory can accurately improve the instantaneous spread of

disease.

2.3. Machine Learning Models for Transmissible Diseases Prediction.

The growing availability of electronic health data is encouraging the use of machine learning
models in the fight against transmissible illnesses. Machine learning techniques are being
considered by experts in epidemiology for predicting the propagation of viral illnesses and

prevention strategies (Use of Artificial Intelligence in Infectious Diseases, 2020).

Ming et al. (2016) found that the stochastic model predicted transmissible illness outbreaks
with high accuracy. The model was evaluated on surveillance data, providing an improved

awareness of the dynamics of viral infection patterns in an array of individuals.

Ayris et al. (2022) proposed using data from input time series to train a deep sequential
prediction model (DSPM) and a non-parametric regression model (NRM) to learn distinctive
characteristics in order to accurately predict the transmission of COVID-19. They used an
openly accessible dataset assembled by John Hopkins University in 2020. NRM had a low
MAE and error rate of 0.6%, whereas DSPM had a lower error rate for cases per country.

Xu et al. (2022) created a deep-learning framework to forecast COVID-19 transmission in
Brazil, India, and Russia. To forecast the spread of COVID-19, they developed Long short-
term memory (LSTM), Convolutional neural network (CNN), and Convolutional neural
network-long short-term memory (CNN-LSTM).

Garg et al. (2022b) proposed a model that uses population density and economic conditions to
improve its performance. The model demonstrated an average accuracy on MAPE (Mean

Absolute Percentage Error) score of between 65% to 85%.

2.4. Major transportation corridors that aid in the transmission of viral illnesses.

Researchers have been attempting to forecast how human mobility affects the transmission of
viral illnesses around the world. In their article Hybrid deep learning-based epidemic
prediction framework of COVID-19, using South Korea as a case study, (Rahmadani & Lee,
2020) stated that infection is primarily caused by droplets from infected people, and thus

human mobility must be considered in the epidemic analysis.



Modeling human movement actions to the enormous scale transmission of viral illnesses
demonstrated that human mobility and behavior among individuals play a significant role in
viral illness propagation (Meloni et al., 2011). Early travel precautions are regarded as critical
in the fight against the spread of transmissible illnesses (Grépin et al., 2021).

In their research on the effects of travel bans on the transmission of COVID-19, Chu et al.,
(2021) stated that travel barriers would reduce the virus's global spread. They also suggest that
other strategies such as isolation, social distancing, and hand washing would aid in averting

the transmission of the virus in the community.

Roads are the primary mode of transportation in Kenya. The Kenya map (refer to Appendix B,
Kenya expressways, main roads, and streets network map) shows that the entire country is

linked by major roads that run from major cities to towns (Kenya Map | Map of Kenya, 2021).

2.5. Artificial Intelligence Frameworks used to forecast the spread of COVID-109.

COVID-19 spread can be forecast through machine learning algorithms (Ogundokun &
Awotunde,2020). As stated by (Sufian et al., 2020) in their article "A Survey on Deep Transfer
Learning to Edge Computing for Mitigating the COVID-19 Pandemic," authorities must plan
ahead of time to mitigate future pandemics in order to avoid the negative impact on their
economy, global health, and education. The analytical approach could be expanded to create a
more precise model for particular countries. It is suggested that adding more variables to the

model will provide greater depth in analyzing virus spread (Gupta et al.,2020).

Roy et al.,(2020) investigated the global effects of pandemics using a machine-learning
technique. (Tomar & Gupta, 2020) proposed data-driven machine learning models such as long
short-term memory and fitting curves to forecast the number of COVID-19 incidents in India.
The model forecasted thirty days ahead, taking into account preventive measures such as
lockdown and social isolation. According to (Surya, 2018b), the use of artificial intelligence
and Machine Learning techniques have yielded some results in terms of controlling the
transmission of viral illnesses and providing new containment insights. He also claims that a
large amount of health data is essential for utilizing Machine Learning algorithms to identify

and evaluate transmissible diseases.
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Pandemic through machine learning and cloud computing, adding other indicators to the
regression model such as age distribution, population density, individual and community
movements, and level of healthcare available would improve the accuracy of predictions. Tuli
et al. (2020). Using the COVID-19 Kaggle data, (Sujantha, Chatterjee, & Hassanien, 2020)
proposed a model to help anticipate the propagation of COVID-19 in India through multilayer

perceptron, linear regression, and vector autoregression.

Ardabili et al.,(2020) indicated that machine learning models are effective in modeling disease
outbreaks due to the high uncertainty and limited data. According to their findings, accurately
predicting the virus outbreak using machine learning is critical in providing insights into the

transmission of viral illnesses.

Using machine learning approaches, this study aimed to show how to accurately predict how

human mobility via truck and bus transport contributes to the transmission of viral illnesses.

2.6. Research Gap

The need for an accurate machine learning model that can predict how human mobility via
commuter buses, shuttles, and truck transport contributes to the spread of infectious diseases
in Kenya is growing. The forecast insights will allow the government to implement
surveillance and control to avert the transmission of contagious diseases without enacting
measures that restrict human mobility, thereby saving the economy while protecting human

lives.

2.7. Conceptual Architecture

The diagram below depicts how the machine learning frameworks are utilized to forecast the
transmission of viral illnesses. The conceptual architecture is based on research on how
government institutions may utilize Al and machine learning to detect the spread of

transmissible illnesses (Surya, 2018).

According to the architecture, the model receives data from a variety of sources, including the
National Transport Safety Authority, Kenya bus Sacco Associations, COVID-19 cases, and
simulation. The model validates the data's relationship. Externally relevant variables provide
the training data, while variables that are unrelated provide training data via time windows.

The model learns from training data and makes projections through test data (Figure 2.1).
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Figure 2. 1 Conceptual Architecture to forecast transmission of infectious diseases.
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CHAPTER THREE: RESEARCH METHODOLOGY

This chapter describes the methodology that was used in this research. The methods to be used

to answer the research questions are presented in this chapter. It also discusses ethical concerns.

3.1 Design of Research
The study employed quantitative methods, which entails the collection of numerical data in
order to forecast the spread of infectious diseases through human mobility . A quantitative
strategy focuses on variables that can be measured numerically and analyzed statistically. It
uses numerical data collection and analysis to describe, explain, predict, or control variables
and events of interest (Mills & Gay, 2016). A quantitative study aids in the description of the
current situation and the establishment of relationships between variables. This approach

focuses on providing a definitive description of the event under investigation (Creswell, 2005).

The approach used a nonexperimental research design. A nonexperimental research design is
a technique that has no variable manipulation. The variables are measured naturally as they
occur (Mertler, 2019). The focus of nonexperimental research design is descriptive research
and correlational research. The correlational research will be used due to the need to investigate
the relationship between the spread of infectious diseases and human mobility. The relationship
means an individual's status on one variable tends to reflect on another variable (Mertler,
2019). Understanding the relationship between the variables will aid in forecasting the future
based on what is currently known. The goal of this study is to observe the spread of COVID-
19 through human mobility as it occurs in the world, with no attempts at controlling the

variables.

3.2 The locality of the project and Beneficiaries of the project
The data-driven forecasting was applied to the daily transport data. The data was acquired
through questionnaires administered to the bus and shuttle employees and passengers. The
main beneficiaries of this project if adopted by the government will be the Ministry of Health
and the citizens of Kenya. The project will give insights into predicting the spread of infectious

diseases and future reoccurrences.
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3.3 Human transport-based models
A desk review was used to identify existing human transport-based models. In addition, the
epidemiological methods used to predict how human mobility contributes to the spread of
infectious diseases will be examined. The country was divided into major transportation hubs
that were linked by major highways. The daily movement of people between the

subpopulations connected them.

The bus and shuttle transportation data was gathered from the public transportation systems
that ply Kenya's major highways on a daily basis. The information was gathered from the bus
and shuttle Sacco offices, the National Transport Safety Authority, and major hotels along the
highway where people stop to rest. The main indicators will be the number of buses and

shuttles that travel the route, the frequency of the buses, and the onboard passenger capacity.

3.4 Epidemiological techniques utilized in forecasting the spread of contagious
diseases.
The epidemiological techniques utilized for forecasting the transmission of viral illnesses were

reviewed using a desk review.

3.5 Determine the models based on machine learning that were utilized to make
the prediction.
A desk review was conducted to identify machine learning algorithms that were previously
utilized for forecasting COVID-19 spread. The technique of simulation will additionally be
applied to generate data.

3.6 Determine the predictive performance of machine learning-based models.
The Cross-Industry Standard Process for Data Mining (CRISP-DM) guided the development,
implementation, and evaluation of the machine learning-based model (Hotz, 2023). Business
understanding would focus on providing an understanding of the research objectives and
constraints, Data Understanding, Data Preparation, Modeling, Evaluation, and Deployment

(Figure 3.1) are the six steps that guided this study.
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3.7 Data analysis methods
The data collected was manipulated, transformed, and visualized to get meaningful insights
from the output. Machine Learning algorithm will be used to analyze the data because it
constitutes model-building computerization for data analysis. Linear regression model was
adopted for data analysis. The linear regression model relies on the assumption of a linear
association between the input variables (x) and the solution, which is the outcome that is
expected for the provided set of input values (y). Each input value is assigned one scale factor
by the equation for linearity, which is symbolized by the uppercase Greek letter Beta(B).
Another coefficient, an intercept, is added to provide greater flexibility and bias ("Linear

regression for machine learning,” 2020).
Y =B0 + B1*x
The data will be prepared using the below heuristics:

Linear Assumption — The linearity of the association between input and outcome is assumed.
The data may be transformed to make the relationship linear.
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Remove Noise — Linear Regression works well with clean data. The need to have the output

data cleaned from outliers.
Rescale Inputs —The data will also be rescaled using standardization and normalization.

3.8 Ethical clearance considerations
A set of rules, regulations, laws, and ethical standards regulate research involving people's
health data. The government establishes legal standards that apply to everyone in a state or
country. Ethical standards, on the other hand, do not always have a legal basis and are viewed
as voluntary and individual activities based on one's perception of what they consider to be
acceptable or unacceptable (An Overview of the Legal and Ethical Issues in Healthcare, 2020).

The people who participated received assurance that the research was intended for educational
purposes and that complete privacy would be maintained. To avoid tracing the data back to the

respondents, the data was coded before being captured on the computer.

The research permission letters were obtained from the Chair of the Department of Computing
and Informatics at The University of Nairobi (refer to Appendix E, ethical clearance

consideration).
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CHAPTER FOUR: RESULT AND DISCUSSION
4.1 DESIGN AND ANALYSIS

4.1.1 Diseases Caused by Communicable Agents

Communicable illnesses are diseases caused by viruses and microorganisms which propagate
effortlessly from person to person through interaction with contaminated body fluids, waste,
surfaces, insect bites, or air. HIV (Human Immunodeficiency Virus), measles, salmonella,
Hepatitis A, B, and C, tuberculosis, and malaria are among the transmissible illnesses prevalent

in Kenya.

In Kenya, the most prevalent causes of death are tuberculosis, HIV/AIDS, and malaria.
HIV/AIDS has 37.8 million individuals living with it, newly infected individuals are 1.7
million, and those killed are 770,000 worldwide. In Kenya, there were a total of 1.3 million
adults living with HIV, and 139,000 children, with twenty-five thousand deaths in 2018.
Malaria continues to contribute to global health problems regardless of the fact that it is
treatable and can be prevented. In the same year, children under the age of five accounted for
67 percent of malaria deaths globally. More than half of the inhabitants of Kenya is at risk of
malaria, with fourteen million people living in regions where it is endemic and another
seventeen million living in seasonal malaria areas. Tuberculosis is also a leading transmissible
killer. Globally, ten million individuals were infected with tuberculosis in the year 2018, with
a total of 1.5 million dying from the disease. Kenya is ranked fifteenth out of the twenty-two
nations with the most Tuberculosis cases. Tuberculosis infections are estimated to be four
hundred and twenty-six per hundred thousand individuals nationwide (Communicable
Diseases, 2020).

Cholera is an infectious disease common in informal settlements. Kenya has encountered
widespread cholera outbreaks since 1997. The Cholera outbreak in Kenya in the year 2015
caused a public health threat. The spread of cholera is linked to open waste disposal, the use
of water that is polluted, and impoverished conditions. In Kenya, the average population
practices open defecation at 12%, with other areas recording 95%. Thirty-seven percent of
Kenyans remain without the ability to obtain clean water to consume, potentially resulting in

outbreaks and the transmission of cholera (Pan African Medical Journal, 2017).
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COVID-19 is a viral infection that was discovered in Kenya on March 12, 2020. The disease
has since spread to all the counties in Kenya. The disease was declared a pandemic on March
11th, 2020, due to its widespread. The world is currently focused on fighting and controlling
COVID-19 spread and related deaths. This research focuses on COVID-19 transmissible
diseases, how they spread from person to person, and potential control measures (WHO
Director-General's Opening Remarks at the COVID-19 Media Briefing - 11 March 2020,
2020).

4.1.2 COVID-19 Spread per County

Since the first case was reported in Kenya, the number of COVID-19 cases has been increasing.
According to health data released by the government of Kenyaon March 31, 2022.
Nairobi, Mombasa, Kiambu, Nakuru, Uasin Gishu, Machakos, Kisumu, Kajiado, Kilifi, and
Busia are the top ten counties with the highest number of COVID-19 cases (refer to Appendix
C, COVID-19 cases in Kenya for the top ten counties with a high number of infections).

Nairobi has the largest number of COVID-19 cases, according to reports. The report by Kenya
National Bureau of Statistics , data on the most populous counties in Kenya in 2019, Nairobi
had the highest population of 4.34 million people, followed by Kiambu with 2.4 million
people.

Kiambu County to the west and north, Machakos County to the south, and Kajiado County to
the east are also among the top ten counties with the largest number of COVID-19. Because of
their close proximity to Nairobi County, Nakuru, Kisumu, Mombasa, and Busia have also been
identified as counties with a high number of COVID-19 cases. COVID-19 Cases in Kenya
stands at 343,955 with 5,689 deaths (see Appendix G for the total number of COVID-19 cases
reported monthly in Kenya and Appendix A for a summary of data sources).

4.1.3 Trip Generation

The goal of trip generation is to forecast the number of excursions in each traffic analysis zone.
The model employs socioeconomic data to calculate the volume of trips generated and drawn
to Traffic Analysis Zones (Japan International Cooperation Agency (JICA), 2006, p. 12-5).
Based on present growth rates, population data is forecast into the future. According to the

model, the overall number of trips generated is symmetrical to the total the number of trips
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attracted. According to the basic travel requirements, trips generated at one point are attracted
to another point to complete the journey cycle (Bates, 2000). Regression models are used in

trip generation.

The following equation represents the trip production model:
TilkJ= fXK[CiK.]) (4.0)

Where (k) represents a population segmentation, (i) represents the origin, (Xk) represents a

k
vector of characteristics for segmentation (k), and (Ci ) represents the composite cost of

traveling from the origin (Bates, 2000). The model is calibrated using data from the
population’s distribution by socioeconomic classification (Kenya National Bureau of Statistics,
2020).

Each Traffic Analysis Zone's trip generation was divided into four groups based on purpose:
expeditions to work, home, school, and other excursions such as shopping and leisure. The
research utilized the linear regression generation of trips model and NUTRANS report
parameters. The base year for this study was derived from the 2019 census report's

socioeconomic attributes.

According to the National Census, 2019 volumes IV and I11, the factors that influence people's
movements are the working population, the population seeking work, and the population aged

3 years and above attending school (Table 4.1).
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Table 4. 1 The socioeconomic attributes of traffic analysis zones.

Counties Age 5 years | Working Other Population | Population Aged 5
and above | population (Persons outside the | years and above

(Seeking Labor force and | attending school
work + | note stated)
Working)

Nairobi 3,814,871 2,234,599 1,580,272 1,244,416

Kajiado 951,420 532,840 418,580 366,914

Kiambu 2,125,316 1,282,211 843,105 785,800

Kisumu 1,004,086 485,155 518931 471,248

Machakos | 1,267,555 747,139 570416 450,160

Nakuru 1,870,222 1,004,508 865,714 791613

Mombasa | 1,043,603 565,381 478,222 348469

Busia 773,860 373,732 400,128 388,496

Kilifi 1,240,674 611631 629,043 574,829

Uasin 1,012,918 517,705 495,213 454,517

Gishu

Population Aged 5 years and above attending school = Population aged 3 years and above

attending school — (population aged between 3 - 5 attending school) + Population Aged 5 years.

Nairobi = 1,358,304 - 203,802 + 89,914 = 1,244,416

Kajiado = 389,090 — 53,326 + 31,150 = 366,914

Kiambu = 778,586 - 41,876 + 49040 = 785,800

Kisumu = 504,812 — 61,951 + 28,387 = 471,248

Machakos = 505,677 — 58,851 + 3,334 = 450,160

Nakuru = 843,280 — 104,542 + 52,875 = 791613

Mombasa = 378423 - 57828 + 27874 = 348469

Busia = 405,072 — 40,625 + 24,049 = 388,496
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Kilifi = 605,776 — 74,467 +43,520 = 574,829
Uasin Gishu = 480,402 — 53,145 + 27,260 = 454,517
Data Generation Assumptions

1. The NUTRANS report was conducted for the Nairobi Metropolitan Area (Nairobi,
Kiambu, Machakos, and Kajiado) which is considered urban. The presumption is that
the counties with the largest number of COVID-19 cases, which include Nakuru,
Mombasa, Kilifi, Kisumu, Uasin Gishu, and Busia, are also urban.

2. The data used to derive the parameter in this study has not been segregated into urban

and rural with the assumption that these counties are urban.

4.1.3.1 Trip Productions

The method below was used to calculate trip production (Table 4.2).

Home trip produced = (population age 5 and above*0.1018) + (workers at office base*1.0279)

+ (student at enrolment base*1.4670) (5.1)
Work trip produced = (population age 5 and above*0.5226). (5.2)
School trip produced = (population age 5 and above*0.2131). (5.3)

Other trip produced = (population age 5 and above*0.3102) + (Workers at office

base*0.1888) (5.4)
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Table 4. 2 Trip Production for the traffic analysis zones.

TAZ Home trip | Work trip School Trip | Other trip Total
Nairobi 4510856.45 | 1993651.58 | 265185.05 1605265.28 8,374,958.36
Kajiado 1182823.63 | 191749.26 78189.37 395730.68 1,848,492.94
Kiambu 1867816.59 | 1110690.14 | 452904.84 901354.46 4,332,766.03
Kisumu 1292227.59 | 524735.34 213970.73 403064.74 2,433,998.4
Machakos | 1557406 662424.24 270116.97 534255.40 3,024,202.61
Nakuru 2384218.64 | 977378.02 398544.31 769793.98 4,529,934.95
Mombasa | 1198597.94 | 545386.93 222391.80 430469.58 2,396,846.25
Busia 1032861.70 | 404419.24 164909.57 310611.97 1,912,802.48
Kilifi 1598270.26 | 648376.23 264387.63 500333.01 3,011,367.13
Uasin 1302040.46 | 529350.95 215852.83 411949.87 2,459,194.11
Gishu
Total 17,927,119 | 7,588,161.93 | 2,546,453.1 | 6,262,828.97 34,324,563

4.1.3.2 Trip Attractions

The method below was used to calculate trip attraction (Table 4.3).

Home trip attracted = (population age 5 and above*1.0317) (5.5)

Work trip attracted = (workers at office base*1.0165) (5.6)

School trip attracted = (student at enrolment base*0.9476) (5.7)

Others trip attracted = (population age 5 and above*0.2109) + (workers at office base*0.3341)

(5.8)
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Table 4. 3 Trip Attractions for the traffic analysis zones.

TAZ Home trip Work trip | School Trip | Other trip | Total
Nairobi 3935802.41 2271469.88 | 1497465.75 | 1551135.82 | 9,255,873.86
Kajiado 981580.01 541631.86 347687.71 378676.32 2,249,575.9
Kiambu 2192688.52 1303367.48 | 744624.08 876615.84 5,117,295.92
Kisumu 1035915.53 493160.06 446554.60 373852.02 2,349,482.21
Machakos | 1307736.49 759466.79 426571.82 516946.49 3,010,721.59
Nakuru 1929508.04 1021082.38 | 750132.48 730035.94 4,430,758.84
Mombasa | 1076685.22 574709.79 339209.22 408989.67 2,399,593.9

Busia 798391.36 379898.58 368138.81 288070.94 1,834,499.69
Kilifi 1280003.37 621722.91 544707.96 466004.06 2,912,438.3
Uasin 1045027.50 526247.13 430700.31 386589.65 1,448,039.59
Gishu

Total 15,583,338.45 | 8,492,756.86 | 5,895,792.74 | 5,976,916.75 | 35,948,804.8

The base year used in this study was derived from 2019 socio-economic attributes in the 2019
census report (refer to Appendix A, data sources summary). The total number of trips generated

for the traffic analysis zones is a combination of trips produced and trips attracted (Table 4.4).
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Table 4. 4 Total Number of Trips for the traffic analysis zones in 2019.

TAZ Trips Produced Trips Attracted | Total Number of Trips
Nairobi 4,510,856.45 1,993,651.58 6,504,508.03
Kajiado 1182823.63 191749.26 1,374,572.89
Kiambu 1867816.59 1110690.14 2,978,506.73
Kisumu 1292227.59 524735.34 1,816,962.93
Machakos 1557406 662424.24 2,219,830.24
Nakuru 2,384,218.64 977378.02 3,361,596.66
Mombasa 1198597.94 545386.93 1,743,984.87
Busia 1032861.70 404419.24 1,437,280.94
Kilifi 1598270.26 648376.23 2,246,646.49
Uasin Gishu 1302040.46 529350.95 1,831,391.41
Total 17,927,119.26 7115861.21 25515281.19

4.1.4 Gravity Model for inter-county interaction

Tobler’s third law of geography states that all places are related to each other, and they interact,
but places that are near to each other interact more than places that are far apart. A methodology
for adjusting an aggregate gravity framework on a measure-specific network of roads is
introduced in a study on the combined gravity framework for inter-urban spatial relationships
at various levels conducted in three separate parts of the western part of the United States. They
aimed to create a model that could be utilized on the road network to derive origin-destination
information based on the flow of traffic. The model is comprised of two parts, the first
component calculates movement along a grid section by incorporating the gravitational inputs
of all Origin-Destination pairs while pursuing the shortest route possible. The second
component focuses on the socioeconomic aspects of traffic patterns, with a recurring feature

for each Origin-Destination pair (Thompson et al., 2019).

The interaction between two places i and j in the people and goods gravity model is assumed
to be the product of two concepts that stand for each area independently and an interaction

term. The gravity model is written as follows:
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T;; = A()) BG)HF(d;;). (D

Where Tij is the number of interactions between areas i and j. A and B are initial and goal
functions, respectively, while F is the reducing function of its arguments and dij is the distance
between locations i and j. According to the law, regions that are far apart interact less than

regions that are close to each other.

The gravity model has been used to select the counties that interact more with Nairobi. Figure
4.1 shows counties with more than 5,000 cases of COVID-19 Nairobi, Kiambu, Machakos,
Kajiado, Mombasa, Nakuru, Uasin Gishu, Busia, and Kilifi. Nairobi is Kenya's capital city.
The international airport connects it to every country on the planet. The first confirmed
manifestation of COVID-19 in Kenya was reported on March 12, 2020, in Nairobi. The
passenger arrived in Kenya via the Jomo Kenyatta International Airport, according to the
Ministry of Health. The COVID-19 cases data from the Ministry of Health indicate that Nairobi
has the highest cases of COVID-19 due to several factors such as the population, proximity,

and socio-economic factors.

According to data from the Kenya National Bureau of Statistics' 2019 Kenya Population and
Housing Census, Nairobi had the largest number of people with 4,397,077, which was followed
by Kiambu with 2,417,735 and Nakuru with 2,162,202. Nairobi has a high population density.
It covers 703.9 square kilometers of land and has a population density of 6,247 people per
square kilometer (Trizer, 2019). Nairobi is also home to Kibera, Africa’s largest slum. Kibera
is home to about 250,000 residents who are spread out over a 2.5-kilometer space (Kibera: A
Look Inside Africa's Largest Slum, 2020). Seventy percent of Kenya's urban residents lives in
Mombasa, Kiambu, Kisumu, Nairobi, Machakos, Uasin Gishu, Nakuku, and Kajiado (Trizer,
2020).In this study, Nairobi is considered the origin while other counties such as Kiambu,

Kisumu, Machakos, Kajiado, Busia, Nakuru, and Kilifi are the destination.
4.1.5 Modal Split

COVID-19 is extremely contagious and spreads from person to person due to proximity.
Because people can easily interact while traveling, transportation is regarded as a medium for
the spread of diseases. Kenya's transportation network includes road, air, maritime, rail, and

waterways within the country. The road network is the primary means of access for urban
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areas, accounting for 93% of all freight and passenger traffic in the entire country. The old
meter gauge and standard gauge rail have limited use compared to the road network due to the

limited coverage and connectivity (Kenya National Highways Authority, 2023).

The survey conducted by KIHBS 2015/16 on how people travel to work shows that walking
takes the larger share in all the counties except in Nairobi County where matatus and buses
take 41.99 percent compared to walking at 36.86 percent. Walking is considered a healthy
mode of transport because it has less exposure to the spread of infectious diseases. Private
vehicles and employer-provided transport are considered not to expose people to infectious
diseases because most people who travel using private vehicles and employer-provided
transport take much time together at work and home. Transport using matatus and buses is
considered to have the highest exposure because of congestion, proximity, and the possibility

of all passengers being strangers to each other (Table 4.5).
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Table 4.5 How people travel from work

Countie | Wal | Bicycle | Tuk- | Comm | Matat | Employ | Priva | Oth | Not

S k & Tuk | uter us & |er- te er Applica
Motor Train | Buses | provide | vehicl ble
bike d es

Nairobi | 36.86 | 2.53 0.00 |0.09 41,99 |2.74 435 |0.00 |11.44

Kajiad |52.01 | 3.76 0.20 |0.09 23.46 | 0.04 3.70 ]0.73 | 15.99

0

Kiamb | 56.26 | 2.37 0.29 |0.00 24.75 | 3.70 3.63 |0.00 |9.01

u

Kisumu | 37.54 | 1249 |5.20 |0.00 11.52 |0.23 1.00 |0.00 |32.01

Macha |51.24|7.16 0.00 |0.00 4.25 2.09 1.92 |0.22 |33.13

kos

Nakuru | 58.27 | 4.94 0.27 |0.00 8.85 5.48 0.95 |0.00 |21.23

Momba | 47.33 | 6.09 2.47 10.25 30.36 |1.79 1.76 | 0.27 | 9.69

sa

Busia 71.61 | 9.46 0.00 |0.00 0.49 0.46 0.45 ]0.84 | 16.69

Kilifi 49.40 | 8.3 0.19 |0.00 9.13 0.38 0.33 | 0.40 | 31.86

Uasin 62.18 | 7.04 0.00 |0.00 16.69 |2.15 205 [0.25 | 9.64

Gishu

The number of people who traveled using matatus and buses in 2019 has been projected based

on the total number of trips generated in the ten counties with the highest number of COVID-
19 Cases (Table 4.6).
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Table 4. 6 Total Number of People who Traveled via matatus and buses in 2019.

Counties Matatus & | Total Number of | Total Number of People Who

Buses Trips Used Matatus and Buses in
2019

Nairobi 41.99 6,504,508.03 2,7131,242.92

Kajiado 23.46 1,374,572.89 322,474.80

Kiambu 24.75 2,978,506.73 737,180.42

Kisumu 11.52 1,816,962.93 209,314.13

Machakos | 4.25 2,219,830.24 94,342.79

Nakuru 8.85 3,361,596.66 297,501.30

Mombasa | 30.36 1,743,984.87 529,473.81

Busia 0.49 1,437,280.94 7,042.68

Kilifi 9.13 2,246,646.49 205,118.82

Uasin 16.69 1,831,391.41 305,659.19

Gishu

Total 25515281.19 5,439,350.86

4.1.6 Buses and Matatus Transport

Secondary and primary data were used to obtain bus travel information. The Kenya Economic
Survey secondary data on departing visitors by country of residence and purpose was used to
estimate traffic volume in Kenya. Primary data was gathered from Nairobi bus transportation

providers to capture trip routes, destinations, frequency of trips, and passenger volumes (refer

to Appendix E, interviews gquestionnaires conducted at various Nairobi bus stations).

4.1.6.1 Primary data for bus and matatus — Questionnaire Feedback

A survey conducted on July 28", 2021, indicated that government measures to reduce the
public transport capacity led to all buses and matatus carrying 60 percent of the total capacity.

The government later allowed public transport to carry full capacity (refer to Appendix F, bus

volumes and frequencies - research feedback).
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4.1.6.1 Number of people traveling based on population growth rate.

Kenya's population was 47,564,296 according to census results from the Kenya National

Bureau of Statistics (KNBS). The World Bank data on the annual percentage of population

growth indicate that this population represented a 1.978 percent growth from 2019 (World

Bank Open Data, Population growth annual percentage - Kenya). The population of Kenya
grew by 2.01 percent in 2020 and 1.943 percent in 2021 (Table 4.7).

Table 4. 7 People Travelling by bus and matatus based on population growth rate.

Year | Growth | Urban Total People 100% Sixty
Rate Population | Population | traveling in | Occupancy percent
Traffic People Passenger
Analysis traveling in | Occupancy
Zones using | Traffic Rate  (Per
bus and | Analysis Month)
matatu Zones based
(Yearly) on population
growth rate
(Monthly
Average
Data)
2021 | 1.943% 49,463,088 | 5,656,492.70 | 471,374.39 282,824.63
2020 | 2.01% | 14,975,059 | 48,520,338 | 5,548,681.81 | 462,390.15 277,434.09
2019 | 1.978% | 14,362,838 | 47,564,296 | 5,439,350.86 | 453,279.24 271,967.54
2018 | 2.033% | 13,771,805 | 46,623,474 | 5,331,760.50 | 444,313.38 266,588.03
2017 | 2.176% | 13,201,347 | 45,675,619 | 5,223,365.81 | 435,280.48 261,168.29

The government of Kenya in July 2020 reduced the capacity of the public vehicles from full

capacity to 60%. This directive was given in the protocol for public road operations adopted

29




in preparation lifting of COVID-19 restrictions. The information from the interviews
conducted with the bus companies also indicated the COVID-19 restrictions limited them to
60% capacity. The ban on night travel was also raised by the bus employee respondents as a

factor contributing to the reduced number of passengers.

Modeling the number of people who traveled by bus and matatu involved trip production and
trip attraction for the traffic analysis zones based on National Census, 2019 volumes IV and
111 (Figure 4.1).

BUS & MATATU DATA MODELLING

Figure 4. 1 Modeling the number of people who traveled by bus and matatu.

4.1.7 Trucks Transport

Trucks are the primary mode of conveyance for goods and services.
During contagious disease pandemics, the trucks transport crucial supplies, exposing the truck
crew to infections and the possibility of spreading the disease over a large geographical area.
According to the study, SARS-CoV-2 immunoglobin G seroprevalence is 42.3% much greater
within truck drivers and their assistance in Kenya than among medical professionals and
individuals who donate blood. Truck drivers are thought to interact with a wide range of social
and professional individuals, putting themselves in danger of COVID-19 infection. Because of
their role in maintaining the supply chain, they may also contribute to the spread of infectious

diseases (Kagucia et al., 2021).
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The origin and destinations form the Traffic Analysis Zones (TAZ). Trucks are considered for
the long-distance spread of infectious diseases. The trucks use the major highways to access

the border points before getting into the neighboring countries.

The map below depicts the Northern Corridor Road system, which is utilized for shipping
cargo from Mombasa, Kenya to various East African countries via the Malaba - Busia borders
(Northern Corridor Transit and Transport Coordination Authority: Northern Corridor Maps,
2021).

NORTHERN CORRIDOR
ROADS NETWORK , VEANDA
KAMPALA
\ alaba
Kisurnu

L. VICTORIA

Mombasa

THE DEMOCRATIC

REPUBLIC OF CONGO TANZANIA

N
w E

s

MAP NOT DONE TO SCALE

'FDDOMH

Figure 4. 2 The Northern Corridor Road Network
4.1.7.1 Truck Data Sources

The truck-based data on traffic came from NCTTCA reports, which contain information on
average daily weighted traffic capture at weighbridges. There are nine fixed weighbridges in
Athi-River, Mariakani, Webuye, Gilgil, Busia, Mtwapa, and Bondo, the first five of which are
located along the Northern Corridor. To reduce congestion, the Kenya National Highway
Authority has installed fully automated weighbridges. The analysis used data for Webuye,
Gilgil, Athi River, Mariakani and Busia weigh bridges to capture Uganda-bound traffic
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volumes. The person traffic was calculated using an occupancy rate of two people per truck
(Figure 4.3) (refer to Appendix H, truck-based person traffic volumes). Data collection for
Tanzania-bound traffic volumes is being collected. Trip frequency was also obtained from
NCTTCA reports. Each month, there were three roundtrips to Uganda. The distance that exists
between regions contributes to the volume of return trips. The start of Standard Gauge Railway
(SGR) operations is expected to reduce the proportion of truck traffic. statistical data, indicate
that total SGR production rates have been increasing. For the period January 2018 to February
2019, the total twenty-foot equivalent units shifted by SGR was 323,158. Truck freight service

providers, on the other hand, have resorted to last-mile connections.

TRUCK DATA MODELING

Figure 4. 3 truck-based person traffic volumes
4.1.7.2 Smoothing on an Exponential Scale

Exponential smoothing was proposed in the late 1950s and has been utilized in numerous
fruitful predictions. Predictions generated through the exponential smoothing method are
weighted averages of old historical data, with the weights decaying rapidly as the data points
get older. For a wide range of time series, exponential smoothing produces consistent forecasts.

The trend-corrected exponential smoothing (Holt's) method was utilized in the evaluation to
forecast truck traffic volumes. As discussed in Arroyo et al (2007), forecasts based on this

method are reliable.
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The predicted daily truck traffic data increased in linear form based on the forecast (Figure

4.4) (refer to Appendix I, truck-based person traffic volumes exponential smoothing).
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Figure 4. 4 Forecasting the truck-person volume traffic graph.

4.1.7.2.1 Assumptions of Exponential Smoothing

Exponential smoothing has been used to generate the missing truck data with the assumption
that the truck traffic would progress in a forecast manner.

The assumption is that the worst-case scenario of curfew, closing of hot spot areas, and
vaccination will be factored in by the lower bound.
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4.2 Epidemiological and Machine Learning Models
4.2.1 SVM, SSL and DNN

To forecast the future, predictive models are used. Most events and world phenomena repeat
themselves, making it possible to foresee their occurrence. Machine learning and
epidemiological models may forecast disease outbreaks and spread. To validate whether new
data could be used for forecasting disease outbreaks, researchers conducted study on
transmissible illness outbreak forecasting using news articles and models powered by machine
learning. The Support Vector Machine (SVM), Semi-Supervised Learning (SSL), and Deep
Neural Network, or DNN, models were utilized in this research. The frameworks were utilized
for analyzing knowledge contained in content on websites and detect emerging transmission

patterns.

Three models were compared to see which one was the most accurate. The study's findings
revealed that SSL performed the best, with an average precision of 0.838 and 0.834. SSL also
performed best, with average ROC (Receiver Operating Characteristic) values of 0.791 and
0.805 and average F1 scores of 0.832 and 0.802. SVM and DNN also performed well, with an
average accuracy of 07 and an F1 score of 0.75. According to the study, enhancing the training
data to at least a year's worth of data would enhance the accuracy of predictions. The study
also left room for future research into how, rather than using feature selection, useful data

accumulation can help improve prediction (Kim, 2021).
4.3 IMPLEMENTATION

The main means of transport that connects Nairobi, which is considered as the Origin to other
counties along the Northern Corridor are Trucks, Matatus, and Buses. The counties that border
Kenya and other two East African countries Uganda and Tanzania are Busia (Busia Boarder),
Malaba, Kajiado (Namanga Boarder), Isibania Boarder, and Lungalunga Boarder. Kisumu and
Nakuru counties also have high COVID-19 cases because they are the stopping points for those
people using the Northern Corridor.

The monthly data was compiled from COVID-19 cases revealed every day. The data spans
from the 12th of March in 2020, when the very first case in Kenya was reported, to the 7th of
September 2023. The NCTTCA reports, which include data on daily average weighed traffic
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capture at weighbridges, were also used to generate the monthly truck data. The truck data was
also combined to generate the monthly data (see Appendix J for truck traffic person volume

and bus data, as well as the total number of COVID-19 cases reported).

4.3.1 A comparative study of predictive machine learning models to forecast COVID-19

spread.
4.3.1.1 Linear Regression

The linear regression technique is a supervised machine learning algorithm. It simulates a goal
prediction value that is based on independent variables. The model discovers associations
among Vvariables, which are then used to make forecasts for the future. The variable that is
independent x (input) is used to predict the outcome variable y (output). The model employs

the hypothesis function shown below.
y=0 + 0:x equation 1

Where x represents the input training data, Y represents the data labels (supervised learning),
01 represents the intercept, and 02 represents the x coefficient.

Finding the line with the greatest accuracy to forecast y for a given x is how models are trained.
The most optimal regression match is identified by the best 81and 02 values. The goal of linear
regression is to find the greatest accurate regression line. To allow the model to minimize error,
the variance between its real y value and what was anticipated should be as small as possible.
The Root Mean Squared Error between the anticipated value y and the real value y is the Cost
Function (J) for Linear Regression. The equations below are used to calculate the Cost

Function.

1 n
minimizen E (predi; — yi)?
i=1 Equation 2.

1 "7
o = 5 E (pred; — yi)2
i—1 Equation 3.
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Gradient Descent is utilized to lower the Cost Function (minimize the RMSE value) while
adjusting the 61 and 02 values in the model in order to attain the most accurate line
(GeeksforGeeks, 2018).

4.3.1.2 Support Vector Machine (SVM)

Support Vector Machine is a type of supervised learning derived machine learning algorithm.
It can manage both regression and classification problems. The algorithm plots each data point
as a point in n-dimensional space. The number of features is represented by the n value. Ray
(2021) defines each feature as a specific coordinate. An SVM classifier is used to find the
hyperplane that separates the classes during classification. The goal of SVM is to maximize
the distance between the data points and the hyperplane. The loss function used to maximize

the margin is hinge loss (Gandhi, 2018).

s ={1_ o w0 €Oy f(0)) = (1 =y * (X)),

Hinge loss function (function on left can be represented as a function on the right) Eq 3

When the actual and predicted values are the same, the SVM cost is zero. If the actual and
predicted values differ, the loss value is computed. To balance the loss and margin
maximization, the value for regularization is added to the cost function. The cost of the function

with the value to regulate is shown in the equation below.

n
min A || w17 + D\ (1 = yidxi, wh)

i=1

Loss function for SVM Eq . 4

The gradient is determined using the derivatives that are partial of the weights. The gradient is

then used to update the weights. The equation below shows the gradient equation.

S
—A |l w I = 2iwy
5Wk
S 0 if yi{xi, w) > 1
= (1 — yilx:, = ’ Stk =
oW ( yidx W))+ —ViXiks else

Gradients Eq 5
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SV M that correctly predicts the class will only require a gradient update from the regularization

parameter as shown in the equation below.
w— w — & - (2A\w)

Gradient Update — Mo misclassification Eq 6

SVM that fails to predict the class data point must include the loss as well as the parameter to

regulate in order to perform a slope update, as shown in the equation below (Gandhi, 2018).
w = w + - (y; - T: — 2Aw)

Gradient Update — Misclassification Eq. 7

4.3.1.3 Random Forest

Random Forest is a supervised machine learning-derived machine learning algorithm. It can
manage problems with classification as well as regression. The algorithm is made up of many
decision trees that work together as an ensemble. Ensemble learning is a technique that
combines multiple classifiers to find the best solutions to complex problems (Yiu, 2021). Each
decision tree divides the class prediction and assigns supports to each one. Because the trees
protect each other from errors, the class with the most supports is considered the model's
prediction. Bagging, a collaborative meta-algorithm utilized to improve the accuracy of
algorithms for machine learning, is used to train the technique known as Random Forest. The
algorithm also improves its accuracy by averaging or meaning the output of various trees

(Introduction to Random Forest in Machine Learning, 2020).
4.3.1.4 K-Nearest Neighbors

K-Nearest Neighbors is a controlled machine learning technique. It can manage problems with
classification and regression. The model implies that identical things exist nearby (Harrison,
2019).

4.3.1.5 Stochastic Gradient Descent

The stochastic gradient descent technique is an artificial intelligence algorithm for learning
that finds the value of the model that best match the relationship between actual and predicted

outputs. Instead of using the entire dataset for each iteration, the model chooses a few samples
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at random. Instead of finding the gradient of the cost function for the whole collection, the
model finds the slope of the cost function for each class at each iteration. The SGD algorithm

is depicted in the equation below (GeeksforGeeks, 2021).

for ¢ in range (¥r) :
=1

B =6; — o (‘?}‘ — -y‘] Ty

4.3.2 Cross Validation

Validation is the process of comparing the expected against the actual output and determining
whether the results quantify the hypothesized relationship between the variables The cross-
validation is a data sampling retakes approach utilized to assess forecasting model
generalization and prevent overfitting from occurring. It may also refer to evaluating machine
learning models by training them on a subset of the dataset and then assessing their accuracy
on the remaining data subset. A cross-validation technique has been used to compare different

supervised machine learning model prediction accuracy.

Importing the necessary libraries..

Import Pandas and Numpy for a table data and quantitative computing, respectively.
import pandas as pd.

import numpy as np.

Determine which columns to use from the dataset.

numeric_cols = columns_to use = ['Number of People Travelling buy bus'
Person_Truck_Traffic', 'COVID-19 Cases']

Importing the data set to the Jupyther Notebook

raw_data = pd.read_csv('Predict_Spread_of COVID-19 Combined_Data.csv',usecols =

numeric_cols)
To understand the dataset by generating high-level information using

raw_data.info()
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In [34]:

#Understand dataset by generating more information about the dataset
raw_data.info()

<class 'pandas.core.frame.DataFrame'>
RangeIndex: 100 entries, © to 99
Data columns (total 3 columns):

#  Column Non-Null Count Dtype

®  Number of People Travelling buy bus 68 non-null floatea
1  Person_Truck Traffic 98 non-null floate4a
2  Covid-19 Cases 38 non-null floatea

dtypes: floate4(3)
memory usage: 2.5 KB

View the top five rows of the dataset using.

raw_data.head()

In [33]:

out[33]:

#view the first 5 rows of the dataset
raw_data.head()

Number of People Travelling buy bus Person_Truck_Traffic Covid-19 Cases

0 NaN NalN NaN
1 NaN NaN NaN
2 MNaN 233000 NaN
3 MNaN 20914.0 NaN
4 MNaN 22290.0 NaN

Check if we have any missing data.

raw_data.isnull().mean() is used to get the average of the missing values in each column.

raw_data.isnull().mean()

Number of People Travelling buy bus 0.48
Person_Truck Traffic .02
Covid-19 Cases 0.62
dtype: floate4d

4.3.2.1 Data Clean Up

Create an object of simple Imputer.

imputer = Simplelmputer(missing_values = np. nan, strategy = 'mean’) replaces missing

values using the mean of the column.
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Fit the imputer on the data using.

imputer.fit(raw_data)

Simplelmputer()

View what values the imputer has fit on the data by providing a mean.

imputer.statistics_

In [8]: imputer.statistics_

out[8]: array([ 37777.294 , 41713.83846939, 211363.89473684])

Verify if the imputer has given us the correct data.

raw_data.mean()

In [9]: raw_data.mean()

Out[9]: Number of People Travelling buy bus 37777.294000
Person_Truck _Traffic 41713.838469
Covid-19 Cases 211363.894737

dtype: floate4

Input the values to the data by using transform.
raw_data = imputer.transform(raw_data)
Convert the data into a dataframe for easy interpretation.

raw_data_1 = pd.DataFrame(raw_data, columns = numeric_cols)

Confirm if we still have any missing data.

raw_data_1.isnull().mean()

In [12]: raw _data 1.isnull().mean()

Out[12]: wNumber of People Travelling buy bus
Person_Truck Traffic
Covid-19 Cases
dtype: floate4

Qe o
@ ®
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To view the data in the pandas data frame

raw_data 1

In [13]: raw data 1

137:
ot Number of People Travelling buy bus Person_Truck_Traffic Covid-19 Cases
0 37777 41713 211363

1 3areiT 41713 211363

2 37T 23300 211363

3 37T 20914 211363

4 3rFiT 22290 211363

85 37777 58017 342470

96 3areiT 57977 342817

a7 37T 58534 342919

98 37T 59168 342976

a9 3rFiT 59623 342992

100 rows x 3 columns

Combine two Dataset columns to get the total number of people traveling by bus and

truck.

raw_data_1['Total Number_ Of Travellers'] = raw_data_1l.apply(lambda x: x['Number of

People Travelling buy bus'] + x['Person_Truck_Traffic'], axis=1)

print (raw_data_1)
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rawidatail[‘TotalﬁNumheriofiTravé1lers‘] = rawﬁdatail.épﬁlyklambda x: x[THuﬁber of People Travelling buy bus'] + x['Person_Truck
print (raw_data_1)

3

Number of People Travelling buy bus Person_Truck Traffic Covid-19 Cases

@ 37777 41713 211363\
1 37777 41713 211363
2 37777 23300 211363
3 37777 20914 211363
4 37777 22290 211363
95 37777 58017 342470
96 37777 57977 342817
97 37777 58534 342919
98 37777 59168 342976
99 37777 59623 342992

Total_Number_of_Travellers

5] 79490
1 79490
2 61077
3 58691
4 60067
95 95794
96 95754
97 96311
98 96945
99 97400

[180 rows x 4 columns]

Building a machine Learning Models

The data is separated into two arrays: X, which includes data utilized to make forecasts, and y,
which contains data to be predicted. We divided the data into training and test sets using Scikit-
learn. The training data constitutes 40% of the total data set.

X_train, x_test, y_train, y_test = train_test split(raw_data_ 1.y, test_size=0.40)

Import all the models for accuracy comparison.

#Importing Machine learning models

from sklearn.linear model import LogisticRegression
from sklearn.neighbors import KNeighborsClassifier
4.4 RESULTS

4.4.1 Models Results Evaluation Metrics

Model metrics for assessment are critical in this study for identifying the best model utilized
to accurately forecast the propagation of COVID-19. Unsupervised and supervised learning
are supported by the Sklearn library. It also provides the machine learning model's score by
specifying the accuracy and errors.
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4.4.1.1 F1 Score
The F1 score is the average of recall and precision. It assesses model accuracy on a scale of 0
to 1. The score indicates how many instances were correctly classified. An elevated rating for
F1 suggests that the predicted outcome is very good (Mishra, 2021).

1
| |

precision recall

F1Score

Fl=2%

Precision can be described as the total number of accurate outcomes that are favorable divided

by the number of favorable outcomes forecast by the classification algorithm.

TruePositives

Precision = — — : Y
T'ruePositives + FalsePositives

Precision

Recall is referred to as the quantity of accurate outcomes divided by the total quantity that are

relevant.

TruePositives

TruePositives + FalseN egatives

Precision =
Recall

4.4.1.2 Mean Absolute Error (MAE)
The average variance between the actual and predicted values is referred to as the MAE. This
metric indicates how far the actuals differ from the predicted. Models with a lower MAE are
more accurate (Mishra, 2021).

N
1 :
MeanAbsolute Error = N ; 1Yi — 9l
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4.4.1.3 Mean Squared Error (MSE)
The average square of the variance between the actual and predicted values is the MSE. This
metric aids in calculating the gradient. Models with a lower MSE are more accurate (Mishra,
2021).

N
. 1 ,. .2
MeanSquaredError =N E (i —uj)
j=1
Mean Squared Error

4.4.2 Model Evaluation Results for Combine Truck and Bus Traffic Monthly Data

The F1 score for K-Nearest Neighbor is 0.643, with a MAE of 4151 and a MSE of 1.08. In
comparison to KNN, Logistic Regression has a slightly poor F1 score of 0.64. The MAE for
logistic regression is 3967, while the MSE is 1.11.

Model F1 score MAE MSE
©@ LogReg 9.640 3967.071400 1.112190e+08
1 KN 9.643 4151.857143 1.887495e+88

K-Nearest Neighbor has a higher accuracy score where neighbors are equal to 3 and a low

accuracy score where neighbors are equal to 9.

1.00 - —— Testing dataset Accuracy
Training dataset Accuracy

Accuracy

0.65 1

1 2 3 4 5 6 v 8
n_neighbors
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Figure 4.5 Compare the accuracy score for KNN using combined truck and bus data
4.4.3 Model Evaluation Results for Truck Traffic Daily Data

The F1 score for K-Nearest Neighbor is 0.83, with a MAE of 4 and a MSE of 176.7. In
comparison to KNN, Logistic Regression has a slightly poor F1 score of 0.56. The MAE for
logistic regression is 32.9, while the MSE is 3117.88.

Model F1 score MAE MSE
© LogReg @.56 32.91480e 3117.877808
1 KN 8.83 4.838889 176.653704

K-Nearest Neighbor has a higher accuracy score where neighbors are equal to 1 and a low

accuracy score where neighbors are equal to 9.

1.00 —— Testing dataset Accuracy
- Training dataset Accuracy
0.95 4
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0.80

0.75

0.70 A

1 2 3 - ~ () 7 8
n_neighbors

Figure 4. 6 Compare the accuracy score for KNN using combined truck data

4.4.4 Model Evaluation Results for Bus Traffic Daily Data

The F1 score for K-Nearest Neighbor is 1, with a MAE of 0.56 and a MSE of 168. In
comparison to KNN, Logistic Regression has a poor F1 score of 0.46. The MAE for logistic
regression is 160.56, while the MSE is 48168.

Model F1 score MAE MSE
@ LogReg 9.46 160.557400 48168.31300
1 KN 1.00 8.557407 167.77963
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K-Nearest Neighbor has a higher accuracy score where neighbors are equal to 2 and a low

accuracy score where neighbors are equal to 9.

1.0000 - —— Testing dataset Accuracy
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Figure 4. 7 Compare the accuracy score for KNN using combined bus data.

4.5 DISCUSSION

It is important to use machine learning models to identify how human mobility patterns
contribute to contagious illnesses spread. We have demonstrated that existing data and models
from various sources can be used to forecast the spread of transmittable diseases. The
discrepancy in available data resulted in lower accuracy when predicting using the monthly
truck and bus traffic using the K-nearest neighbor model, with an accuracy of 0.64. Predictions
based on daily traffic for the KNN model gave an accuracy of only 0.83, while daily bus data
gave an accuracy of one. This disease modeling approach and prediction using K-Nearest
Neighbor can be adopted for other diseases that spread by human movement.

4.6 CONCLUSION

In this research, we have analyzed how human mobility contributes to the spread of infectious
diseases considering that the disease can move from one region to another when an infected
person travels from one place to another. Truck transport interconnects the country to other

countries through the border points while most of the population travels using bus transport.
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We examined epidemiological models such as KenyaCov, which are used to anticipate virus
distribution in distinct locations and age groups by simulating virus transmission with an
emphasis on epidemiological characteristics. We also looked at machine learning models like
the Stochastic model, which predicted disease outbreaks with high accuracy.

We developed two models, KNN and Logistic Regression, to see which one can learn on a
given subset of data and has the highest prediction accuracy score. The truck data was modelled
using NCTTCA reports, which provide average daily weighted traffic collection at five
weighbridges. Bus statistics for the Nairobi Metropolitan Area was developed using Trip
Generation, which forecasted trips in each traffic analysis zone by applying socioeconomic
data to calculate trips attracted and generated to Traffic Analysis Zones. COVID-19 data was
generated using global COVID-19 data. In estimating the transmission of COVID-19 via
transportation systems, KNN showed a higher accuracy of one for bus data and 0.643 for

combined daily truck and bus data. KNN also demonstrated an accuracy of 0.83 for truck data.

This study has confirmed that it is possible to access and model data from various sources. The

modeled data can be used to make accurate predictions using machine learning models.

4.7 FUTURE WORK

The dataset was derived from the NUTRANS study, which was conducted for the urban
Nairobi Metropolitan Area. The ten counties studied in this research include both rural and
urban areas. It is necessary to narrow the research and demonstrate how the model works in

rural and urban areas separately.

It is also necessary for demonstrating the efficacy of the KNN model in forecasting
transmission of diseases through human movement. KNN models can also be used to show the
propagation of illnesses to nearby cities and regions.
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APPENDICES

Appendix A -

Data Sources Summary

Data Source

Link

Usage in the report

World Health
Organization COVID-
19 Global Data

https://COVID19.who.int/ WHO-

COVID-19-global-data.csv

Determine the number of
COVID-19 infections in
Kenya

COVID-19 Cases
reported in Kenya

https://COVID19.who.int/region/

afro/country/ke

Determine the number of
COVID-19 Cases in Kenya

National Census, 2019
volumes IV and Il

https://www.knbs.or.ke/?wpdmp

ro=2019-kenya-population-and-

housing-census-volume-iv-

distribution-of-population-by-

socio-economic-characteristics

The report has been used to

generate below data:

1. Socio-economic
characteristics for traffic
analysis zones.

2. Population Age 5 years
and above

3. Working population

4. Population attending
school

World Development
Indicators

https://databank.worldbank.org/r
eports.aspx?source=2&series=S
P.POP.GROW&country=KEN#

Kenyan population growth
rate

Kenya Integrated
Household Budget
Survey (KIHBS)
2015/16

https://www.knbs.or.ke/2015-16-
kenya-integrated-household-
budget-survey-kihbs-progress-
report-october-
2015/?0option=com_phocadownl
oad&view=category&download
=797:2015-16-kenya-integrated-
household-budget-survey-kihbs-
progress-report-october-
2015&id=129:2015-16-kenya-
integrated-household-budget-
survey-kihbs&ltemid=599

Determine which mode of
transport every household
uses.

Northern Corridor
Transit and Transport
Coordination Authority
(NCTTCA) reports

https://top.ttcanc.org/indicators/i
ndicator?show=19

Daily Average weighted
traffic captured at
weighbridges

Health and Mobility
Research Questionnaire

Questionnaires were
administered to Bus
employees and passengers.
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https://www.knbs.or.ke/2015-16-kenya-integrated-household-budget-survey-kihbs-progress-report-october-2015/?option=com_phocadownload&view=category&download=797:2015-16-kenya-integrated-household-budget-survey-kihbs-progress-report-october-2015&id=129:2015-16-kenya-integrated-household-budget-survey-kihbs&Itemid=599
https://www.knbs.or.ke/2015-16-kenya-integrated-household-budget-survey-kihbs-progress-report-october-2015/?option=com_phocadownload&view=category&download=797:2015-16-kenya-integrated-household-budget-survey-kihbs-progress-report-october-2015&id=129:2015-16-kenya-integrated-household-budget-survey-kihbs&Itemid=599
https://www.knbs.or.ke/2015-16-kenya-integrated-household-budget-survey-kihbs-progress-report-october-2015/?option=com_phocadownload&view=category&download=797:2015-16-kenya-integrated-household-budget-survey-kihbs-progress-report-october-2015&id=129:2015-16-kenya-integrated-household-budget-survey-kihbs&Itemid=599
https://top.ttcanc.org/indicators/indicator?show=19
https://top.ttcanc.org/indicators/indicator?show=19

Appendix B -

Kenya expressways, main roads, and streets network Map
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Reported Covid-19 Cases

Appendix C -

COVID-19 cases in Kenya for the top ten counties with high

numbers of infections Inteview Questionnaires
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Appendix D - Ethical clearance consideration/permit

Letter from the University of Nairobi — Director School of Computing and Informatics

UNIVERSITY OF NAIROBI

COLLEGE OF BIOLOGICAL AND PHYSICAL SCIENCES
SCHOOL OF COMPUTING AND INFORMATICS

Telephone: 4447870/4446543/4444919 P. O. Box 30197
Telegrams: “Varsity” Nairobi 00100 GPO
Telefax: +264-20-4447870 Nairobi, Kenya
Email: director-sci@uonbi.ac.ke

Our Ref: UON/CBPS/MSC/CI/2019 21s! June 2021

TO WHOM IT MAY CONCERN

Dear Sir/Madam

RE: RESEARCH PERMIT - FREDRICK ONYANGO - REG. NO. P52/35154/2019

The above named is a bona fide student pursuing an MSc course in Computational Intelligence at the School of
Computing and Informatics, University of Nairobi. He is currently carrying out his research on the project entitied “A
Study on Predicting the Spread of Infectious Disease in Kenya via Transport System using Machine Learning
Models. Case study of Covid-19.”

The project involves gathering relevant information from various institutions and he has informed the office that he
would wish to carry his research in your organization.

We would be grateful if you could assist Mr. Onyango as she gathers data for his research.
If you have any queries about the exercise please do not hesitate to contact us.

Yours sincerely
Scheei of Cc
|

vnive AIRDSH

y P. 0. Bex 30197
NAIROBI

PROF. ROBERT 0. OBOKO
DIRECTOR .
SCHOOL OF COMPUTING AND INFORMATICS

ROO/jsn
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Appendix E - Inteview Questionnaires Conducted at VVarious Bus Station in

Nairobi

Health and Mobility Research Questionnaire

I am a student taking a master’s in computational Intelligence at the University of Nairobi. I
am seeking information from bus company employees and passengers about the health

measures put in place during the journey.

Giving me just 3 minutes of your time can help. You could be providing the information needed
to make positive changes in health. All the responses you provide will be anonymous, private,

and confidential. I kindly ask you to answer as honestly as possible.
Inclusion Criteria
Passengers traveling within the Kenyan Corridors.

BUS EMPLOYEE

Which bus Sacco do you work for?

What is the origin and destination of your buses?

Which routes do your buses ply?

Do you have any stopping or dropping points along the way? Yes NO
Do you have passengers boarding and dropping on the way? Yes No
What is the full bus capacity? ...........cccevvvivinnn...

What capacity do you carry during COVID-19?

What capacity did you use to carry before COVID-19?

© oo N o g B~ w DN PE

How many trips do you make per day? One trip Two trips

[ERY
o

. What is the duration of the journey?

-
[N

. What is the general age range of your passengers?
e Under5
e 5-20yearsold
e 2140 yearsold
e 4150 years old
e Above 50
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e Not prefer to say
12. Which gender most prefers bus travel?
e Male
e Female
e Not prefer to say.
13. What is the reason for travel for most passengers?
e Business
o Study
e Tourist
e Work
e Prefer not to say.
14. On a scale of 0 -10, how many people do you approximate to travel for business
purposes?
15. On a scale of 0 -10, how many people do you expect to travel for Leisure/ tour?
16. On a scale of 0 -10, how many people do you approximate to travel for work?
17. On a scale of 0 -10, how many people do you expect to travel to study?
18. Which health measures have been put in place to control the spread of diseases during
the journey?
19. Have you ever experienced passengers getting sick on the way? Yes No

20. What are some of the actions you take when a passenger gets sick on the way?

Thank you.
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Health and Mobility Research Questionnaire

| am a student taking a master’s in computational Intelligence at the University of Nairobi. I
am seeking information from bus company employees and passengers about the health

measures put in place during the journey.

Giving me just 3 minutes of your time can help. You could be providing the information
needed to make positive changes in health. All the responses you provide will be anonymous,

private, and confidential. I kindly ask you to answer as honestly as possible.
Inclusion Criteria
Passengers traveling within the Kenyan Corridors.

PASSENGERS QUESTIONNAIRE

Which bus company are you planning to travel With?............ccooeiiiiiniiiceen,
Are you traveling to Which County? .........ccociiiiiieieicne e
Why do you prefer traveling via bus? ...........ccccocveiiiieiiececce,

What is the reason for your JOUrNEY? .........cccccvveveeieeie v

o~ w0 e

Out of 10, how many passengers do you think travel for business purposes?

10. How often do you travel by bus? ...,

11. Have you ever encountered passengers boarding or dropping along the way? A) Yes
b) No

12. Do you fear contacting COVID-19 during the journey?
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13. What are some of the COVID-19 health measures do you take as a passenger?
14. Have you ever fallen sick during the journey? a) Yes b) No
If yes, what did you do to manage the ilIness? ..........cccovveviiiieiise e

15. Have you ever encountered a passenger who falls sick during the journey?

17. How old are you?

a. Under 18
b. 19-35
c. Over50

d. Prefer Not to say.
18. Are you traveling alone or with family?
a. Alone
a. With Family
b. Prefer Not to say.

Thank you.
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Appendix F -

Bus Volumes and frequencies (Research Feedback )

Bus Company | Routes Bus Number Number COVID-19
Capacity | of of Measures
Passenger | Passenger
Before During
CoVID- | coviD-
19 19
Tahameed | Tanzania 49 49 28 Social
Coach Uganda Distancing,
Route A ; Sanitizing,
Nairobi - Masks
Nakuru - always,
Kisumu - COVID-19
Busia - Certificate
Kampala
Route B ;
Nairobi -
Mombasa -
Lungalunga
- Busia
Mash Uganda 40 40 30 Social
(Kampala) Distancing,
Sanitizing,
Route; Masks
Nairobi - always,
Nakuru - COVID-19
Kisumu - Certificate,
Busia - Yellow
Kampala Fever
Dreamliner | Uganda 42 42 28
(Kampala)
Easy Uganda 38 38 23 Social
Coach (Kampala) Distancing,
Corridor A Sanitizing,
; Masks
Nairobi - always,
Nakuru - COVID-19
Kericho - Certificate,
Kisumu- Yellow
Busia - Fever,
Kampala Temperature
Corridor B; check,
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Nairobi - No talking,
Nakuru - No
Kapsabet - exchange of
Kaimos - things
Mumia - during the
Bungoma - journey, no
Malaba - snacks
previously
offered
Modern Uganda 45 45 24 Social
Coast (Busia Distancing,
Border) Sanitizing,
Nairobi - Masks
Nakuru - always,
Kisumu - COVID-19
Busia - Certificate,
Kampala
Tanzania
(Manza)
Nairobi -
narok -
Kisii -
Isibania -
Manza
Bus Car Kampala 40 40 20
Dar Lux Tanzania 53 53
(Dar el
Salaam)
Route;
Nairobi -
Dar Tanzania 53 53
Express (Dar el
Salaam)
Total

63




Appendix G -

The total number of COVID-19 cases reported monthy in Kenya

Date

Reported(Month) New Monthly Cases Cumulative Cases
1/31/2020 0 0
2/29/2020 0 0
3/31/2020 50 50
4/30/2020 334 384
5/31/2020 1504 1888
6/30/2020 4302 6190
7/31/2020 13723 19913
8/31/2020 14144 34057
9/30/2020 4321 38378
10/31/2020 15419 53797
11/30/2020 29519 83316
12/31/2020 12935 96251
1/31/2021 4424 100675
2/28/2021 4973 105648
3/31/2021 26998 132646
4/30/2021 26175 158821
5/31/2021 11826 170647
6/30/2021 12956 183603
7/31/2021 18351 201954
8/31/2021 33344 235298
9/30/2021 13876 249174
10/31/2021 4119 253293
11/30/2021 1686 254979
12/31/2021 37258 292237
1/31/2022 29098 321335
2/28/2022 1595 322930
3/31/2022 472 323402
4/30/2022 358 323760
5/31/2022 1099 324859
6/30/2022 8431 333290
7/31/2022 4309 337599
8/31/2022 571 338170
9/30/2022 254 338424
10/31/2022 689 339113
11/30/2022 2460 341573
12/31/2022 897 342470
1/31/2023 347 342817
2/28/2023 102 342919
3/31/2023 57 342976
4/30/2023 84 343060
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5/31/2023 252 343312
6/30/2023 474 343786
7/31/2023 132 343918
8/31/2023 37 343955

Data Source : https://COVID19.who.int/WHO-COVID-19-global-data.csv
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Appendix H - Truck-based person traffic volumes.

Date Number_Of_Trucks_Mariakani Number_0f_Trucks_Athi_River Number_Of Trucks_Gilgil Number_Of_Trucks_Webuye Number_Of Trucks_Busia Total Trucks Per_Month Occupancy_Rate Persnn_Trafﬁc'
01/01/2015

01/02/2015

01/03/2015 2484 5228 2474 962 502 11650 2 23300
01/04/2015 2412 4510 2293 809 433 10457 2 20914
01/05/2015 2608 4824 2392 916 405 11145 2 22290
01/06/2015 2535 4161 2390 940 401 10427 2 20854
01/07/2015 2659 4764 2563 935 428 11349 2 22698
01/08/2015 2705 4912 2363 1051 576 11607 2 23214
01/09/2015 2636 3433 1576 980 501 9126 2 18252
01/10/2015 2689 6017 2602 941 421 12670 2 25340
01/11/2015 2424 5749 2509 958 289 11929 2 23858
01/12/2015 2507 5421 2650 958 420 11956 2 23912
01/01/2016 2371 6349 2691 970 442 12823 2 25646
01/02/2016 2354 5325 2555 853 399 11486 2 22972
01/03/2016 2507 5583 2655 956 432 12133 2 24266
01/04/2016 2542 5466 2778 944 420 12150 2 24300
| 01/05/2016 2610 5632 2762 1013 422 12439 2 24878
01/06/2016 2445 5359 2271 967 470 11512 2 23024
01/07/2016 2739 5855 2625 958 454 12631 2 25262
01/08/2016 2327 5709 2805 957 471 12269 2 24538
01/09/2016 2620 5400 2769 977 436 12202 2 24404
01/10/2016 2687 5897 2998 1025 427 13034 2 26068
01/11/2016 2539 5683 3372 940 435 12969 2 25938
01/12/2016 2259 5100 4257 706 440 12762 2 25524
01/01/2017 4043 9619 4641 1671 446 20420 2 40840
01/02/2017 5312 9687 4297 1502 448 21246 2 42492
01/03/2017 2162 10861 2999 1670 516 18208 2 36416
01/04/2017 2374 5355 4462 1432 535 14158 2 28316
01/05/2017 2434 5471 4479 1304 592 14280 2 28560
01/06/2017 2191 5052 4396 1659 611 13909 2 27818
01/07/2017 2419 10540 4782 1587 646 19974 2 39948
01/08/2017 1927 7440 4198 1282 470 15317 2 30634
01/09/2017 2086 5880 4384 1709 584 14643 2 29286
01/10/2017 4885 3448 4689 1774 504 15300 2 30600
01/11/2017 4248 4674 4925 1817 552 16216 2 32432
01/12/2017 4128 4953 3195 1542 619 14437 2 28874
01/01/2018 2110 11755 6586 2575 697 8713 2 47446
01/02/2018 4973 10949 6186 2300 596 25004 2 50008
01/03/2018 4846 8698 4940 2426 650 21560 2 43120
01/04/2018 5085 10212 6376 511 610 24794 2 49588
01/05/2018 4987 9868 6186 2627 659 327 2 48654
01/06/2018 5319 9979 6586 2699 596 25179 2 50358
01/07/2018 4452 6973 6698 2636 680 21439 2 42878
01/08/2018 4572 9951 6456 2413 751 24143 2 48286
01/09/2018 7220 8153 6296 2520 703 24892 2 49784
01/10/2018 4932 10407 2669 854 18862 2 37724
01/11/2018 5154 10290 2439 791 18674 2 37348
01/12/2018 5172 9073 2701 794 17840 2 35680
01/01/2019 2445 9356 4479 2412 535 19227 2 38454
01/02/2019 1811 11789 4206 1664 406 19876 2 39752
01/03/2019 2093 9528 2519 4 14562 2 29124
01/04/2019 5329 12207 4434 2364 696 25030 2 50060
01/05/2019 5641 9654 4228 2334 694 22551 2 45102
01/06/2019 5540 10603 3923 2252 677 22995 2 45990
01/07/2019 2739 10709 4396 1444 611 19899 2 39798
01/08/2019 2327 5880 6697 1555 454 16913 2 33826
01/09/2019 2007 3548 6285 1545 646 14031 2 28062
01/10/2019 2687 10228 6537 1774 680 21906 2 43812
01/11/2019 2539 10805 6102 1613 576 21635 2 43270
01/12/2019 2259 11755 6102 1817 in 22404 2 44808

66



Appendix I - Truck-based person traffic volumes exponential smoothing.
Date Person_Truck_Traffic |Forecast Linear ETS Forecast Confidence Upper Bound Lower Bound
1/1/2015
2/1/2015
3/1/2015 699000
4/1/2015 627420
5/1/2015 668700
6/1/2015 625620
7/1/2015 680940
8/1/2015 696420
9/1/2015 547560
10/1/2015 760200
11/1/2015 715740
12/1/2015 717360
1/1/2016 769380
2/1/2016 689160
3/1/2016 727980
4/1/2016 729000
5/1/2016 746340
6/1/2016 690720
7/1/2016 757860
8/1/2016 736140
9/1/2016 732120
10/1/2016 782040
11/1/2016 778140
12/1/2016 765720
1/1/2017 1225200
2/1/2017 1274760
3/1/2017 1092480
4/1/2017 849480
5/1/2017 856800
6/1/2017 834540
7/1/2017 1198440
8/1/2017 919020
9/1/2017 878580
10/1/2017 918000
11/1/2017 972960
12/1/2017 866220
1/1/2018 1423380
2/1/2018 1500240
3/1/2018 1293600
4/1/2018 1487640
5/1/2018 1459620
6/1/2018 1510740
7/1/2018 1286340
8/1/2018 1448580
9/1/2018 1493520
10/1/2018 1131720
11/1/2018 1120440
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12/1/2018

1070400
1/1/2019 1153620
2/1/2019 1192560
3/1/2019 873720
4/1/2019 1501800
5/1/2019 1353060
6/1/2019 1379700
7/1/2019 1193940
8/1/2019 1014780
9/1/2019 841860

10/1/2019 1314360
11/1/2019 1298100
12/1/2019 1344240
1/1/2020 1060680
2/1/2020 1012320
3/1/2020 780960
4/1/2020 785160
5/1/2020 1103100
6/1/2020 1437780
7/1/2020 1394880
8/1/2020 1249440
9/1/2020 1142940
10/1/2020 1149780
11/1/2020 1052940
12/1/2020 1182600
1/1/2021 1275720
2/1/2021 1297440
3/1/2021 1271460
4/1/2021 1332780
5/1/2021 1311540
6/1/2021 1260120
7/1/2021 1257420
8/1/2021 1295040
9/1/2021 1276740
10/1/2021 1071180
11/1/2021 1081800
12/1/2021 1114680
1/1/2022

2/1/2022

3/1/2022

4/1/2022

5/1/2022

6/1/2022

7/1/2022

8/1/2022

9/1/2022
10/1/2022
11/1/2022

1230326.918
1235562.045
1243162.152
1244244.506
1233938.409
1221633.168
1205504.635
1206210.4%6
1190548.747
1169383.846
1146906.797

1110898.797
1112507.883
1115586.057
1047392.018
1112666.056
1096041.397
1109917.492
1118346.182
1148833.239
1333992.579
1097832.959
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371256.162
468631.753
543836.788
547665.597
A74751.487
534452.005
782538.972
841519.527
779690.193
594306.208
617261.633

1482154.959
1581139.636
1659422.845
1595057.615
1587417.543
1630493.402
1892456.464
1559865.709
1928523.432
1928298.787
1715094.593

739642.6353
643876.13
571749.2686
499726.4203
637914.5685
561589.392
327378.52
276826.6548
369143.0461
739686.3713
480571.3261



12/1/2022

1/1/2023

2/1/2023

3/1/2023

4/1/2023

5/1/2023

6/1/2023

7/1/2023

8/1/2023

9/1/2023

10/1/2023

11/1/2023

12/1/2023

1/1/2024

1124488.298
1090068.288

1095091.85
1109100.077

1107326.02
1125408.574
1144925.398
1174906.715
1184146.757
1216687.114
1262364.625
1263125.166
1261378.538
1249799.981

1167407.865
1063579.721
1043448.704
992615.0625
1068718.242
1411294.598
1275246.177
1216969.297
1239952.966
1060019.352

1288179.89
1240944.302
1474910.331
1509922.824
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639528.523

615255.76
607368.494
804628.736
645926.918
706310.084
740189.067

736641.47
757938.174
451804.283
377132.441
490595.334
472489.799
496867.906

1806936.387
1678835.482
1650817.198
1797243.798

1714645.16
2117604.683
2015435.244
1953610.767
1997891.139
1511823.636
1665312.331
1731539.636

1947400.13

2006790.73

527879.3417
448323.9607

436080.21
187986.3269
422791.3234
704984.5141
535057.1107
4180327.8272
482014.7923
608215.0691
911047.4493
750348.9683
1002420.532
1013054.917



Appendix J -

Truck Traffic person volume and bus monthly data and total

number of COVID-19 Cases reported

Number of People Spread of
Date Travelling buy bus Person Truck Traffic Monthly | COVID-19
1/31/2015 416334.56
2/28/2015 416334.56
3/31/2015 416334.56 699000
4/30/2015 416334.56 627420
5/31/2015 416334.56 668700
6/30/2015 416334.56 625620
7/31/2015 416334.56 680940
8/31/2015 416334.56 696420
9/30/2015 416334.56 547560
10/31/2015 416334.56 760200
11/30/2015 416334.56 715740
12/31/2015 416334.56 717360
1/31/2016 425704.31 769380
2/29/2016 425704.31 689160
3/31/2016 425704.31 727980
4/30/2016 425704.31 729000
5/31/2016 425704.31 746340
6/30/2016 425704.31 690720
7/31/2016 425704.31 757860
8/31/2016 425704.31 736140
9/30/2016 425704.31 732120
10/31/2016 425704.31 782040
11/30/2016 425704.31 778140
12/31/2016 425704.31 765720
1/31/2017 435280.48 1225200
2/28/2017 435280.48 1274760
3/31/2017 435280.48 1092480
4/30/2017 435280.48 849480
5/31/2017 435280.48 856800
6/30/2017 435280.48 834540
7/31/2017 435280.48 1198440
8/31/2017 435280.48 919020
9/30/2017 435280.48 878580
10/31/2017 435280.48 918000
11/30/2017 435280.48 972960
12/31/2017 435280.48 866220
1/31/2018 444313.38 1423380
2/28/2018 444313.38 1500240
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3/31/2018 444313.38 1293600

4/30/2018 444313.38 1487640

5/31/2018 444313.38 1459620

6/30/2018 444313.38 1510740

7/31/2018 444313.38 1286340

8/31/2018 444313.38 1448580

9/30/2018 444313.38 1493520

10/31/2018 444313.38 1131720

11/30/2018 444313.38 1120440

12/31/2018 444313.38 1070400

1/31/2019 453279.24 1153620

2/28/2019 453279.24 1192560

3/31/2019 453279.24 873720

4/30/2019 453279.24 1501800

5/31/2019 453279.24 1353060

6/30/2019 453279.24 1379700

7/31/2019 453279.24 1193940

8/31/2019 453279.24 1014780

9/30/2019 453279.24 841860

10/31/2019 453279.24 1314360

11/30/2019 453279.24 1298100

12/31/2019 453279.24 1344240

1/31/2020 462390.15 1060680

2/29/2020 462390.15 1012320

3/31/2020 462390.15 780960 50
4/30/2020 462390.15 785160 384
5/31/2020 462390.15 1103100 1888
6/30/2020 462390.15 1437780 6190
7/31/2020 462390.15 1394880 19913
8/31/2020 462390.15 1249440 34057
9/30/2020 462390.15 1142940 38378
10/31/2020 462390.15 1149780 53797
11/30/2020 462390.15 1052940 83316
12/31/2020 462390.15 1182600 96251
1/31/2021 471374.39 1275720 100675
2/28/2021 471374.39 1297440 105648
3/31/2021 471374.39 1271460 132646
4/30/2021 471374.39 1332780 158821
5/31/2021 471374.39 1311540 170647
6/30/2021 471374.39 1260120 183603
7/31/2021 471374.39 1257420 201954
8/31/2021 471374.39 1295040 235298
9/30/2021 471374.39 1276740 249174
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10/31/2021 471374.39 1071180 253293
11/30/2021 471374.39 1081800 254979
12/31/2021 471374.39 1114680 292237
1/31/2022 480377.64 321335
2/28/2022 480377.64 322930
3/31/2022 480377.64 323402
4/30/2022 480377.64 323760
5/31/2022 480377.64 324859
6/30/2022 480377.64 333290
7/31/2022 480377.64 337599
8/31/2022 480377.64 338170
9/30/2022 480377.64 338424
10/31/2021 480377.64 339113
11/30/2021 480377.64 341573
12/31/2021 480377.64 342470
1/31/2023 342817
2/28/2023 342919
3/31/2023 342976
4/30/2023 343060
5/31/2023 343312
6/30/2023 343786
7/31/2023 343918
8/31/2023 343955
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