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Abstract

Background: Chronic kidney disease (CKD) is a serious issue for public health. According to the
WHO report for 2022, 17 million people will die from NCD diabetes (2.0 million including kidney
disease deaths caused by diabetes) before the age of 70, with low- and middle-income countries
providing for 86% of these premature deaths. 77% of NCD-related deaths occur in low- and
middle-income countries including Ethiopia. is one of the low- and middle-income nations in the
sub-Saharan region. This study was aimed to estimated the effect of covariates on progression
between different stages of CKD among patients under follow up treatment at Tikur Anbessa
Specialized Hospital TASH, Addis Ababa, Ethiopia, using Multistate Markov Model.

Method: The study was carried out using a retrospective cohort study design on 267 CKD patients
age greater than 18 randomly selected at nephrology clinic of TASH who start follow up in May
2018 up to April 2023 for five years. The five stages of CKD disease defined based on the Kidney
Disease Improving Global Outcome (KDIGO) guidelines with make only forward transition
among different transient stage continuously considered in the Multi-state Markov Model to
estimate the transition conditional probabilities, transition intensity rate, total length of stay in
different CKD patient’s stage.

Result: From the total number of patients included in the study (267 CKD patients), 153 (57.3%)
were males and 114 (42.7%) were females. Patients in stages 1, 2.3A, 3B, and 4 had an estimated
probability of 94% (0.94), 93% (0.93), 93% (0.93), 96% (0.96), and 98% (0.98) of staying in the
same stage, respectively, after one month. Estimated sojourn times for states 1, 2, 3A,3B and 4
were 16.5, 14.5, 15.5, 30.3 and 53.8 months respectively.

Conclusion: Prognostic factors like being male, having a history of Diabetes, having a history of
Hypertension, and having a history of heart disease were the factors that had a higher risk of
progressing to severe stages in CKD patients, and Age, Haemoglobin, and Potassium were
positively (or harmfully) associated with the progression of eGFR or CKD stages. Whereas
Phosphate, Sodium, and Urea were negatively associated with the progression change of eGFR
or CKD stages. The transition probability from a given good stage to the next worse stage
increases with time, reaches its optimum (peak) at a time, and starts to decline as time goes on.
stage 4 CKD had the longest estimated mean duration, followed by stage 3B, while the expected
mean duration of stage 2 CKD was the shortest.

Keywords: Multi-State Markov Model, Chronic Kidney Disease (CKD), Transition Probability.
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CHAPTER ONE

INTRODUCTION

1.1 Background of the study

Chronic kidney disease (CKD) is caused by a variety of diverse disease processes that, over the
duration of months or years, significantly affect the kidney's functioning. A chronic decrease in
kidney function and structural failure to the kidneys are requirements for the diagnosis of CKD
(Romagnani et al., 2017). Glomerular filtration rate (GFR), which measures the total amount of
fluid filtered through all of the functional glomeruli in a unit of time, is the best indicator currently
known of kidney function as a whole. The classification and diagnosis of CKD have changed with
time, but according to current international guidelines, CKD is defined as having a GFR of less
than 60 mL/min per 1.73 m? or indicators of kidney damage, or both, for at least three months
(Webster et al., 2016).

Chronic kidney disease (CKD) is a long-term, sequentially advanced type of disease that occurs in
the kidneys and causes poor functioning of the aforementioned activities. The progression of CKD
is typically divided into five phases or stages based on the estimated glomerular filtration rate
(eGFR) or KDOQI guidelines (Chen et al., 2019). The five stages of chronic kidney disease are:
Stage 1: Normal or high GFR (GFR > 90), Stage 2: Mild CKD (GFR = 60 - 89). Stage 3A Mild-
Moderate CKD (GFR =45 - 59), Stage 3B Moderate-severe CKD (GFR = 30 - 44), Stage 4 Severe
CKD (GFR = 15-29), and Stage 5 End Stage of CKD (GFR below 15) in mL/min per 1.73 m? units
(Chenetal., 2019). Based on their severity, the five stages of CKD are divided into three categories
namely normal (improved GFR) GFR of greater than or equal to 60 mL/min per 1.73 m?,
unimproved GFR of 15 to 60 mL/min per 1.73 m?, and ESRD below 15 mL/min per 1.73 m? (To,
2022).

Chronic kidney disease CKD, is a condition that decreases kidney function and can finally leads
to renal failure. When the kidneys fail, dialysis or a kidney transplant is needed to support life and
people can live for decades with dialysis and/or kidney transplants. Numerous diseases can
develop to CKD such as heart attack or stroke, diabetes, high blood pressure, and hypertension,
over use of painkiller and drug use and antibiotic allergy Trauma, accidents, hepatitis, HIVV/AIDS,

congestive heart failure, and sickle cell anemia might typically be present (Josephine, 2018)



Globally, chronic kidney disease (CKD) is a serious issue for public health. Noncommunicable
diseases (NCDs) kill 41 million people each year, equivalent to 74% of all deaths worldwide.
Almost 800 million people worldwide are affected by chronic kidney disease, which is a
progressive condition (Kovesdy, 2022). Chronic kidney disease is more common in older persons,
women, African Americans, and those with diabetes and high blood pressure. Low- and middle-
income nations, which are least prepared to handle its effects, suffer a particularly heavy burden
from chronic kidney disease (George et al., 2017). One of the major killers in the world, chronic
kidney disease is one of the few non-communicable diseases that have had an increase in deaths
related to them over the last two decades. The large number of people affected and the serious
consequences of chronic kidney disease should spur further efforts for better prevention and
treatment. The high number of affected individuals and the significant adverse impact of chronic
kidney disease should prompt enhanced efforts for better prevention and treatment (Kovesdy,
2022).

Millions of people worldwide suffer from the serious medical condition CKD, which is progressive
and irreversible and can result in ESRD. It is a typical illness characterised by a long-term decline
of renal function. Age, gender, race/ethnicity, and other comorbidities are some of the many
variables that affect the complicated epidemiology of CKD (Wani et al., 2023). To improve care
for patients with CKD and lower the risk of complications, numerous management guidelines have
been created over time. According to the most recent CKD therapy recommendations, the
condition should be detected early and treated to delay or stop its progression. This entails regular
monitoring of renal function, blood pressure management, and lifestyle changes such adopting a
balanced diet, engaging in regular exercise, and quitting smoking. The guidelines also recommend
using medications to manage complications such as anemia, bone disease, and cardiovascular
disease(Elendu et al., 2023).

A study conducted on the prevalence of chronic renal disease throughout the continent of Africa
show that the prevalence of CKD stages 1-5 was estimated to be 15.8% in the general adult
population of adults living on the African continent, according to a review of 98 studies including
98,432 participants. Furthermore, they demonstrated that serious to moderate reductions in kidney

function occur in 4.6% of individuals living in Africa (i.e., CKD stages 3 to 5). The prevalence of



CKD was higher in sub-Saharan Africa than North Africa, and nearly two times higher in high-

risk populations than in general populations. (Kaze et al., 2018).

With a total of 1,014,697 individuals, the systematic review sought to compare the prevalence of
chronic kidney disease (CKD) in South Africa with that of sub-Saharan Africa, Africa, and the
world from 2013 to 2021. The estimated pooled prevalence of CKD in South Africa was 13.9%,
with sub-Saharan Africa having the greatest incidence (19.7%) and Europe and North America
having the lowest (8.5%). Additionally, the prevalence rose with age, sex, and concomitant
conditions including diabetes and hypertension. The study came to the conclusion that CKD is a

substantial public health issue in Sub-Saharan Africa and other areas.(Hariparshad et al., 2023)

According to the WHO report for 2022, 17 million people will die from an NCD before they age
70, with low- and middle-income countries providing for 86% of these premature deaths.77% of
NCD-related deaths occur in low- and middle-income countries including Ethiopia. The majority
of NCD deaths, or 17.9 million people per year, are caused by cardiovascular diseases, which are
followed by cancers (9.3 million), chronic respiratory diseases (4.1 million), and diabetes (2.0

million including kidney disease deaths caused by diabetes (WHO, 2022).

In Ethiopia, CKD disease become abundant and need attention. The severity of the disease affects
people of all ages, with males being more likely to develop CKD than females, and it is more
prevalent in men than in women. Participants with a history of kidney infection had a greater
prevalence of CKD, indicating necessitates urgent attention. According to a cross-sectional study,
the prevalence of CKD in Ethiopia is estimated to be 12.2% and has risen in recent years along
with the rise in diabetes and hypertension cases. The prevalence of CKD is as high as 41.0% in
ages <35 years and 62% in males (Kore et al., 2018). In Ethiopia also CKD disease become

abundant and need attention.

Age, sex, BMI, blood pressure, haemoglobin level, fasting blood glucose level, length of chronic
illness, and usage of nephrotoxic medications are important risk factors for CKD in patients with
chronic illnesses. CKD is very common in Ethiopian patients who have chronic illnesses,
particularly among those with diabetes (28.1%) and hypertension (29.8%). 4,535 patients were
included in 12 studies from 10 regions as part of a systematic review and meta-analysis that
intended to provide an evidence overview on the prevalence of chronic kidney disease (CKD) and
related factors among patients with chronic illness in Ethiopia (Animaw et al., 2022).

3



The results of the cross-sectional study on the prevalence and awareness of chronic kidney disease
among adult patients with diabetes in Northeast Ethiopia indicate that these individuals had high
prevalence and little awareness of CKD. The existence of clinically significant CKD in a diabetic
outpatient is underestimates by current screening techniques, such as blood creatinine or urine
dipstick for albuminuria (Fiseha & Tamir, 2020).

Most of the studies in Ethiopia focused on prevalence and risk factors associated with survival
time to kidney failure. CKD progression has different five phases (stages) progression according
to KDODI guidelines. This progression is a complex process with different intermediate events.
Therefore, the risk factors associated with survival times of different transitions CKD patients can
be identified using a multi-state model.

1.2 Statement of problem

Most of the time in medical investigations, survival analysis is a well-developed statistical method,
which explores time to single event analysis. Standard survival approaches such as the Kaplan-
Meier method or Cox proportional hazards model are sufficient to handle the simple survival

settings with no intermediate events (Hussein et al., 2017, Workie et al., 2022).

However, such methods may not sufficiently confine the process of any disease as the progression
of disease may occupy intermediate events of interest. Chronic kidney disease progression is an
example of a complex process with different intermediate events (Jackson, Sharples, Thompson,
Stephen, et al., 2003). Thus, the multi-state model is an efficient way to handle complex processes.
The subjects can be at one state at the beginning of the study, further pass-through different states
and eventually end up in a final state. These transitions of a subject can be modelled and the risk
factors associated with survival times of different transitions can be identified using a multi-state
model (Shih et al., 2007).

Multistate Markov model based on computing eGFR has been extensively used to evaluate the
progression of CKD patients. (Taha & Mohammad, 2023) used a 5-staged (merge stage 3A and
stage 3B) forward transitions Markov model based on Kidney Disease Improving Global Outcome
(KDIGO) scale. Another study developed 4 states with first three states reversible Markov model
based on based on the Kidney Disease Improving Global Outcome (KDIGO) score (Lintu et al.,
2022). Grover et al. employed homogeneous continuous-time hidden Markov model HMM on
estimation of misclassification probabilities of chronic kidney stages (GROVER et al., 2019).

4



According to current update guidance of Chronic Kidney assessment and management (Pearce,
2021) based on computing eGFR of patients we have develop six CKD stages and progression

between CKD stages was irreversible and only forward transition.

However, studies have been done on the model progression of CKD patients; the effect of cofactors
for people living with CKD on the progression of CKD disease and the conditional transition
probability of CKD patients in different stages to predict the future clinical stages are not well
studied yet. To the best of our knowledge, no study on MSMM on the progression of CKD has

been carried out in Ethiopia.

Therefore, this study aims to model CKD disease progression and the estimate effect of cofactors
on the progression between different states of chronicity among CKD patients receiving treatment
during their follow-up at Tikur Anbessa Specialized Hospital TASH using a multistate Markov
model to create awareness about CKD disease in society.

Consequently, the study was motivated to determine the risks that are correlated with the
progression of CKD as well as prevalent in a number of other chronic diseases. Generally, the
purpose of this study is to address the following key research questions related to the clinical

progression of CKD:

e What is the effect of covariates on the progression of CKD patients?

e What is the likelihood that a CKD patient currently in stage i will be in the next subsequent
worse stage j of the disease?

e What is the average length of time that patients stay in the same CKD stages?

1.3 Objective of Study
1.3.1 General Objective the Study

The main objective of this study was to estimate the effect of covariates on progression between
different stages of CKD among patients under treatment at Tikur Anbessa Specialised Hospital

(TASH) using a multistate Markov model.

1.3.2 Specific Objective
e To estimate the likelihood that CKD patients are in different stages of the disease.
e To estimate the total length of stay in different CKD patients' stages.

5



1.4 Significance of the Study

The results of this study are useful in many ways.

e To inform relevant information for society, CKD patients, health professionals, and
policymakers about the factors that affect the progression of CKD stages in order to provide
intervention and set appropriate plans to reduce the progression of CKD stages.

e The study also serves as a reference for future research on CKD in Ethiopia.
1.5. Scope of the study

This study was focused on “Application of the Multistate Markov Model on the Progression of
CKD among Patients Under Treatment at Tikur Anbessa Specialised Hospital TASH”. The study
targets all CKD patients aged greater than 18 who are under treatment at Tikur Anbessa Specialised
Hospital (TASH) from May 2018 to April 2023 G.C.

1.6 Operational Definitions
Chronic: means ongoing (persistent or long-term). It does not mean 'severe' as some people think.

You can have a mild chronic disease. Many people have mild CKD (Kovesdy, 2022).

Absorbing: An absorbing state is a stage from which there is improvement condition or final stage
(Lintu et al., 2022).

Chronic kidney failure: is defined as either pathological abnormalities or markers of damage,
including abnormalities in blood or urine tests or eGFR less than 60 mL/min per 1.73 m? for greater
than three months (Jha et al., 2023).

Estimated glomerular filtration rate (eGFR): is measures how much blood these filters clean
every minute based on your body size and measures patients’ level of kidney function and stages.
If patients eGFR number is low, patients’ kidneys may not be working as well as they should.
People with a lower eGFR are at increased risk of having chronic kidney disease (CKD) progress
to kidney failure (National Kidney, 2021).



CHAPTER TWO

LITERATURE REVIEW

2.1 Overview of the Progression of Chronic Kidney Disease

Chronic Kidney Disease is defined as abnormalities of kidney structure or function, present for
greater than 3 months, with implications for health. CKD is a general term for heterogeneous
disorders affecting kidney structure and function with variable clinical presentation, in part related
to cause, severity and the rate of progression. The concept of CKD evolved after the recognition
of the contribution of disordered kidney structure and function on the health of individuals across

a wide range of severity (Milik & Hrynkiewicz, 2014).

The incidence and prevalence of end-stage renal disease vary widely, according to CKD
epidemiology. More than 80% of patients receiving treatment for ESKD reside in countries with a
large elderly population with access to affordable health care. In high income nations like the USA
and Australia, the prevalence of CKD is regularly stated to be over 11%. The risk of developing
progressive CKD is 60% higher for those in the lowest socioeconomic quartile than for those in
the highest. The development of CKD and the progression of the disease are more likely in Black
and Asian people in the UK, Hispanic people in the USA, and Indigenous people in Australia, New
Zealand, and Canada (Webster et al., 2017).

The global CKD progression is heterogeneous, as shown by epidemiological research from low-
to middle-income nations in sub-Saharan Africa, Asia, and Latin America (Orantes et al., 2014).
In sub-Saharan Africa, diabetes, hypertension and HIV appear to account for only a portion of the
significant CKD burden, especially in urban settings, where many risk factors remain
undetermined. even the estimated prevalence of CKD in Democratic Republic Congo is highest
12.4 % (Sumaili et al., 2009), in Tanzania 7% (Stanifer et al., 2015), Senegal 6.1% (Seck et al.,
2014) and Ghana 4.7% (Eastwood et al., 2010).

According to (Animaw et al., 2022) a systematic analysis of studies on the prevalence of chronic
renal disease and its related variables among patients, Ethiopia has a pooled prevalence of 21.71%
for CKD. Oromia, with a prevalence of 32.55%, has the greatest prevalence of chronic kidney
disease among individuals with other chronic conditions. The stage of CKD, the pooled prevalence



of individuals with stage one is 26.16%, Stage 2 is 30.76%, Stage 3 is 13.88%, Stage 4 is 1.19%,

and Stage 5 is reported to have the lowest pooled prevalence (0.4%).
2.2 Review on prognostic Factors Affecting CKD progression

GROVER et al. applied the continuous time homogeneous multistate model based on Markov
processes to progression of chronic kidney disease CKD. They referred a retrospective study of
117 patients suffering from CKD during the period March 2006 to October 2016. Progression of
CKD into different stages is irreversible hence probability an individual in state k at a time s will
be in state I at the time t. The results of the study showed that Mean sojourn time for stage 1 is
highest 10.2 years when compared with other stage 2,3,4 (8.38, 8.70,1.17) years respectively. This
proves the slow movement of progression of CKD in earlier stages. The mean sojourn time for
stage 4 (1.1733) years which is quite low in comparison to other stages. the prognostic factors like
age, hypertension, diabetes, haemoglobin, urea, serum creatinine are significant factors for the
progression of CKD into different stages. The progression of chronic kidney disease is very slow
at the initial stage of the disease but is quite fast in severe stages. The probability of transition from
stage 3 to stage 4, stage 3 to stage 5 and from stage 4 to stage 5 is very high. Finally, they concluded
that the mean sojourn times along with p-next probabilities provide more intuitive parametric
information of continuous time multistate model based on Markov processes than crude transition
intensities (GROVER et al., 2019).

Lintu et al. study conducting on a multi-state model for kidney disease progression by using data
obtained from 225 patients to see their kidney disease progression under under colistin therapy
follow up from January 2016 to December 2017 in Kasturba Hospital. The results of the study
showed that the median length of hospital stay was 21 days and the median survival time was 38
days. A total of 83 (36.89%) patients died in the hospital. The prognostic factors such as gender,
hypertension, sepsis, and surgery are significant factors affecting the progression of kidney disease
in different stages (Lintu et al., 2022).

The study conducted south-eastern Indian state from Shar Hospital aimed to develop a multistate
model to analyses the progression of chronic kidney disease (CKD) and the effect of risk factors
on it (Taha & Mohammad, 2023). They used retrospective study of 153 CKD patients seen
between February 2015 and May 2022. The progression of CKD modelled and analysed using

multi-state models based on Markov processes and found that age, gender, diabetes, hypertension,
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and proteinuria were significant risk factors for CKD progression. They also found that the risk of
CKD progression increased with increasing proteinuria and age. Moreover, the proposed model
can provide valuable insights into the progression of CKD, help clinicians identify patients at high
risk of developing end-stage renal disease, and improve patient care (Taha & Mohammad, 2023).

The study conducted on progression of CKD to estimates the transition rates and mean sojourn
times for 117 patients suffering from CKD during the period March 2006 to October 2016 by using
Hidden Markov model (HMM) with continuous time. Result indicates that the estimated transition
intensity corresponding to transition from stage 1 to stage 2 is 0.0405 and reverse transition
intensities are zero. In addition to that the estimated mean sojourn time corresponding to stage 1,
stage 2, stage 3 and stage 4 are 15.923 years, 11.976 years, 7.936 years and 2.890 years
respectively. The probability of a CKD patient with stage 1 of disease will be misclassified as a
patient of stage 2 is 0.211 (Grover, Sabharwal, et al., 2018).

2.3 Equations used in calculating GFR

Globally, creatinine became known for the first time in 1847, and it was suggested as a filtration
marker in 1926. A few equations that are currently used worldwide and are considered to be rather
good estimators of GFR have recently experienced modifications. Creatinine has been used in
numerous estimation equations. variance in serum creatinine tests and variance in creatinine
synthesis based on muscle mass and diet have been the main constraints. The equations are
inappropriate despite the standardisation of serum creatinine assays and the inclusion of age, sex,
race, and body size as substitutes for creatinine production. The Cockcroft and Gault equation,
which had been suggested by the FDA guidance to industry in 1998, and the MDRD study and
CKD-EPI equations, which are recommended by more recent healthcare guidelines, are just some
of the equations that have been properly established and implemented in application (Levey & Inker,

2017).

In clinical practise, the glomerular filtration rate (GFR) is considered as the most important overall
indicator of kidney function. The strongest overall indicator of kidney function in clinical settings
is the glomerular filtration rate (GFR) (Inker & Titan, 2021). The 2009 Chronic Kidney Disease
Epidemiology Collaboration (CKD-EPI) creatinine equation is advised by current
recommendations for the initial assessment of renal function. The serum creatinine, age, sex, and

race factors are included in this equation. Inker et al. validated a new CKD-EPI creatinine equation
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in 2021 that used the same regression function as the existing equations but did not include race
as an explanatory variable (eGFRcr [2021, ASN]). A new eGFR CKD-EPI creatinine equation that
has been modified without the African/Black race coefficient was suggested in a report provided
by the National Kidney Foundation (NKF) and the American Society of Nephrology (ASN) Task
Force on September 24, 2021 (Inker et al., 2021).

The 2021 CKD-EPI creatinine equation, which takes into account factors for age and sex but not
race group, was suggested for immediate use by clinical laboratories by the NKF-ASN Task Force
on Reassessing the Inclusion of Race in Diagnosing Kidney Diseases, which reached the
conclusion that race should not be included in GFR estimating equations. Additionally, they
advised measuring cystatin C more frequently to confirm the estimated GFR obtained from
creatinine when clinically necessary because cystatin C and creatinine work together to produce a
more precise eGFR. The Task Force suggested using the creatinine-cystatin C equation from the

2021 CKD-EPI because it does not include a term for race group (National Kidney, 2021).

2.4 Review of Markov and Multistate Model in Progression of Chronic Kidney Disease.

A multi-state model (MSM) is a model for a continuous time stochastic process allowing
individuals to move among a finite number of states. In biomedical applications, the states might
be based on biological markers (e.g., eGFR in scaling stage of CKD using Kidney Disease
Outcomes Quality Initiative (KDOQI). A change of state is called a transition, or an event. States
can be transient or absorbing, if no transitions can emerge from the state (for example, death)
(Milik & Hrynkiewicz, 2014).

Shih et al., define that most of the time the status of the disease in epidemiology expressed as a
dichotomous state i.e., disease and non disease. In reality, most chronic diseases have a multi-state
characteristic that allows them to progress dynamically from the early stage to the late-stage while
being influenced by a variety of internal and external risk factors. The progression of chronic
diseases is increasingly being modelled using multi-state models. These models are helpful for

studying the development and natural history of the related disease (Shih et al., 2007).

Jackson, Sharples, Thompson, & Duffy, (2003) describes that Chronic disease multistate models
based on Markov processes have a natural interpretation in terms of staged progression and an
attempted way of estimating rates of transition between stages of disease. A number of people are

observed during the stage Si(t) at arbitrary times t, which may differ between people. A
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homogeneous continuous time Markov process could be used to simulate the stages of disease.
Sometimes the disease under study is thought to be irreversible, in which case the transition
intensities corresponding to recovery are taken to be 0 (Jackson, Sharples, Thompson, & Duffy,
2003). In addition to that Grover, Sabharwal, et al., discuss that hidden model is the unobserved
true states follow a Markov process with transition matrix Q, and that the observed states are
generated from the latent states through a misclassification probability matrix (Grover, Sabharwal,
etal., 2018).

Time-to-event outcomes, progression-free survival, or full response are frequent clinical endpoints
in oncology studies analysed using standard methodology for survival analysis. These techniques
are suitable and adequate to analyses the effect of treatment on a single final outcome regardless
of intermediate occurrences (as in intent-to-treat analyses). But nevertheless, multi-state models
provide a powerful and adaptable tool to examine treatment impacts on different intermediate
events that patients may experience in these complicated conditions. Using a multi-state model,
one can examine how a treatment affects each state transition. To present a more thorough picture
of the therapy effect and to better comprehend the illness process, multi-state models can be
applied in addition to conventional survival analysis methods. Despite the fact that a multi-state
model can become complex with many states and transitions, the number of patients at risk for
these transitions can become too small to draw any useful conclusions. It's important to balance
complexity with usefulness, though, as it is with any statistical models (Le-Rademacher et al.,
2018).
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CHAPTER THREE

METHODOLOGY

3.1. Study Area

The study was conducted at nephrology clinic of Tikur Anbessa Specialized Hospital (TASH).
TASH is the largest general public hospital, which is located at Addis Ababa, Ethiopia, and the
largest teaching hospital under the administration of Addis Ababa University in Ethiopia. The
hospital was established in 1972. The Tikur Anbessa Specialized Hospital is now the main teaching
hospital for both clinical and preclinical training of most disciplines. It is also an institution where
specialized clinical services that are not available in other public or private institutions are rendered

to the whole nation.

The TASH has 200 doctors, 379 nurses and 115 other health professionals dedicated to providing
health care services. The various departments, faculties and residents under specialty training in
the School of Medicine provide patient care in the hospital. The hospital also has 950 permanent
and contract administrative staff to support the hospital activities. In addition, almost all regional
and federal hospitals in Addis Ababa are affiliated to the School of Medicine as clinical services
and training sites (http://www.aau. edu.et/chs/tikur-anbessa-specialized-hospital/background-of-
tikuranbessahospital/2018).

The hospital has more than 800 beds providing diagnostic and treatment service for about 370,000
to 400,000 and about >600 CKD patients per year. The renal clinic has nephrologists, nurses, and
pharmacists. It provides treatment to different types of renal disease and its complications.

3.2 Study design

Retrospective cohort study design was used to carried out on adults CKD patients, who were under
the subsequent treatment follow up at Renal clinic, Tikur Ambessa Specialized hospital TASH
from May 2018 to April 2023 G.C.

3.3 Study population, Study Period and Source of Data

The study population for this study was all CKD patients who were receiving follow-up treatment
at nephrology clinic of TASH from May 2018 G.C to April 2023 G.C. Here there were more than
5,500 CKD patients during the study period. Patients are check their eGFR at least every year to

get kidneys function and stages. Healthcare team do a simple blood test creatinine level in urine
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and blood at the same time to find out patients eGFR. An eGFR test, this rate is not measured
directly mathematically derived entity based on a patient’s serum creatinine level, age and sex
using CKD-EPI equations formula. The results of estimated GFR used for know stage of kidney
disease patients and function based on guidelines of KDOQI CKD classification. to check eGFR
level of CKD patients repeat test at least in 3 months. When patients have previously been
diagnosed with kidney disease or had abnormal eGFR tests, healthcare team doing one or more
repeat tests may aid in diagnosing and monitoring patients’ condition during follow up. The source
of data in this study was secondary data obtained by reviewing of the patient’s chart under the

follow-up period.

3.4 Sampling Techniques

We consider all patients age greater than 18 under follow up as target population. One of the most
fundamental probability selection techniques is simple random sampling (SRS), which involves
choosing a predefined number of units at random from a population list, giving each unit an equal
chance of being chosen for the sample. The documented lists of patients who started receiving
follow-up treatment at TASH and who have a unique identifying number are taken into
consideration as the sampling frame in this study. Therefore, simple random sampling procedure

for selection participant included in our study was applied.

3.5. Inclusion and Exclusion Criteria

Inclusion criteria: All CKD patients registered with full information including study variables of
interest in the registration card will be considered to be eligible for the study. Patients who started
their follow up and whose serum creatinine measured at least once in three months during their

follow up TASH were included in the study.

Exclusion Criteria: The patients who had incomplete information regarding to the study variables
on the registration card were not eligible for the study. Also, the CKD patients lost from the study

without starting any treatment was not included in this study.

3.6 Sample Size Determination
Sample size determination is the process of choosing the right number of observations or
participants from a larger group to use in a sample. The appropriate sample size determination

formula used in multistate data were (Cochran, 1977) sample size determination formula based on
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previously study (Mengesha & Ferede, 2019). Based on the above related literature sample size

determination formula for this research as follows:

_ Za;,p(1—p) Z%a,pq
ETTT e T

n
if WO < 5% then ny, = nunless we calculate n using the formula
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ny 267 — 0.048
N 5500 "

n
then ﬁo is greater than 5%.son = n,

Therefore, total sample for this study was 267.
Were,

s Zza/2 is standard normal distribution with a =0.05 significance level, which
Zza/2:1.96.

< d is the degree of precision that is mostly selected by the investigators.

<= p represents proportion of chronic kidney failure among patients. When the proportion p

is not known previously, it is common to use p = 0,5 to maximize sample size (optimum

sample size).

< n is desired sample size for population >5,500;

3.7 Study Variables

The variables we consider in this study were selected based on related literatures.
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3.7.1 Response Variable

The states of disease progression adopted the time lapse between state transitions was determined
using the difference (in months) between the eGFR or level of eGFR. Thus, the main response
variable is the change in measurement of eGFR stage of patients in an interval of time. According
to KDOQI clinical practise guidelines, current chronic kidney disease (CKD) was identified and
classified based on the cause of GFR category stage 1, stage 2, stage 3A, stage 3B, stage 4, and
stage 5 depending on the degree to which kidney function has deteriorated (To, 2022). These stages

are as follows:

Table 3.1: Chronic Kidney Disease Staging.

Stage (level eGFR) Description eGFR (ml/min/1.73 m?)
1 Kidney damage with normal | in GFR | > 90
2 Kidney damage with mild | in GFR | 60-89
3 A Mild-Moderate | in GFR 45-59
B Moderate-severe | in GFR 30-44
4 Severe | in GFR 15-29
5 Kidney failure < 15 (or dialysis)

The five stages of CKD are stage 1, stage 2, stage 3 (A, B), stage 4 and stage 5. All the stages 1 to
4 are transient states and stage 5 is an absorbing state. A patient may make forward transition only

among different transient states continuously (Chen et al., 2019).

GFR is measured using the 2021 CKD-EPI Creatinine equation (National Kidney, 2021) as: -
eGFR_ = 142 * min(Scr/K)* * max(Scr/Kk)~12%0 x 0.9938028¢ x 1. 012sex

Were,

eGFR denotes estimated glomerular filtration rates measured by ml/min/1.73 m?
SCr denotes standardized serum creatinine measured by mg / dl,

Sex coded as male=0 and female=1,

k= 0.7 (females) or 0.9 (males)

a =-0.241 (female) or -0.302 (male)

min (Ser/K, 1) is the minimum of Sc/k or 1.0

@ 9 ¢ ¢ ¢ & Qq

max (Scr/K, 1) is the maximum of Sc/k or 1.0
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< Age (years)

3.7.2 Predictor (Explanatory) Variables
The explanatory variables that may have influence on the prediction of the response variable were

listed below in the table.

Table 3.2: Demographic and clinical Factors that Influence the progression on CKD.

Variables Coding /category
Age Continues

Gender 0= female,1 =male
Heart disease (HD) 0=no, 1=yes
Diabetes (TD) 0=no, 1=yes
Hypertension (HTN) 0=no, 1=yes
Serum creatinine, (mg/dl) Continues

Urea protein (mg/dl) Continues
Phosphorus (mg/dl) Continues
Haemoglobin (Hgb), (gm/dL) | Continues
Sodium, (mEg/L) Continues
Potassium, (mmol/L) Continues

Description of clinical variables

Creatinine is a fairly reliable indicator of kidney function. Elevated creatinine level signifies
impaired kidney function or kidney disease. Normal levels of creatinine in the blood are
approximately 0.6 to 1.2 milligrams per decilitres (mg/dL) in adult males and 0.5 to 1.1 milligrams

per decilitres in adult females (Tahir Mahmood Javaid Asad et al., 2014).

The Phosphorus - serum measure the amount of phosphate in the blood. This test is ordered to
see how much phosphorus is in your blood. Kidney, liver, and certain bone diseases can cause
abnormal phosphorus levels. Normal values range from adults: 2.8 to 4.5 mg/dL(Nadkarni &
Uribarri, 2014).
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The sodium blood test measures the concentration of sodium in the blood. Sodium can also be
measured using aurine test. The normal range for blood sodium levels is 135 to 145

milliequivalents per litre (mEg/L) (Cole et al., 2019).

Potassium is an electrolyte, which is a mineral in the blood that can be measured by a blood test
and critical to the function of nerve and muscle cells, including those in your heart. blood
potassium level is normally 3.6 to 5.2 millimoles per litre (mmol/L). Having a blood potassium

level higher than 6.0 mmol/L can be dangerous (Hyperkalaemia) (Mckay & Parker, 2016).

Urea is produced by the liver and transported by the blood to the kidneys, where it is filtered out
and excreted in urine. When the kidneys are not functioning properly, urea accumulates in the
blood and causes high blood urea nitrogen BUN levels. Urea should range from 42 to 131
milligrams per decilitre (mg/dl) (C.1.D, 2014).

Haemoglobin level is expressed as the amount of haemoglobin in grams per decilitre (g/dL) of
whole blood. The normal ranges for haemoglobin depend on age and gender for adult males: 14 to
18 gm/dL and adult women: 12 to 16 gm/dL (Tahir Mahmood Javaid Asad et al., 2014).

Data Structure and layout for a multi-state event. Data arrangement is an important step in
fitting model. Using the above variables, we are properly organizing the data. Individual subjects
are easily categorized according to the assigned identification numbers. Therefore, when capturing
the data, care should be taken to ensure that all information pertaining to a single patient is included
under the same unique ID. Table 3.3 presents Data Structure and format for a Model with Multiple

States.

Table 3.3: Data Structure for a Model with Multiple States

2
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382 |46 1 0 0 0 1 0.96 |98.72 | Stagel 5.23
382 | 46 1 1 1 0 8 1.00 |94.00 | Stagel 5.10
382 | 47 1 1 1 0 13 1.30 |68.19 | Stage2 4.92
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382 | 47 1 1 1 0 14 1.40 | 62.38 | Stage2 4.92
382 | 47 1 0 0 0 16 1.20 | 75.06 | Stage2 4.77
382 | 47 1 1 1 0 19 190 |43.24 | Stage3B | 4.56
382 |49 1 1 1 0 30 1.90 |42.71 | Stage3B | 4.50
382 | 50 1 1 1 0 46 2.00 |39.91 | Stage3B |4.40
639 | 66 0 0 0 0 1 0.96 |87.17 | Stage2 4.00
639 | 67 0 0 0 0 13 1.30 |60.21 | Stage2 4.92
639 | 67 0 0 0 0 16 1.20 |66.28 | Stage2 4.77

The progression of CKD into different stages is irreversible in nature. A patient may make forward

transition only among different transient states continuously. The arrows show the possible

transition between stages. The time of movement between the different states and the state

occupancy in between the observation times are not known.
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Figure 3.1: State Transition Diagram

3.9 Data collection procedure

S35,
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The data collection procedures were based on patient's chart and electronic database system (i-

care) under the follow-up period. The data collection process was started by reviewing their



medical registration number (ID) of patients from database for selection of patient charts and
collected necessary information socio demography and clinical variables. Data were collected by
a dedicated nurse who works at renal clinic of TASH under supervision of principal investigators.
The longitudinal data would be extracted from the patient's chart (i-care) which contains socio-
demographic and clinical information of all CKD patients under the follow-up. Estimated GFR of
patients was recorded longitudinally, each patient eGFR was observed during the study period.
stages of CKD patients classified by 2021 CKD-EPI Creatinine equation from eGFR of CKD
patients. The longitudinal Successive eGFR measurements of CKD patients are recorded with at

least 3 months interval.

3.10 Ethical Considerations

Ethical clearance and approval to conduct the research were obtained from Research and Ethical
Committee, College of Natural and Computational Science, Hawassa University, and the Tikur
Ambessa Specialized Hospital; internal medicine department granted permission for data

collection. Privacy of the patients and cultural norms were respected properly.

3.10 Method of Data Analysis

The baseline characteristics of the study participants will report using descriptive statistics. A
multistate model will apply to assess the relationship between the clinical conditions of patients
and to determine the effects of covariates on individual states. The data were first entered into
excel, SPSS and exported to R statistical software and Mendeley Reference Manager used for
insert references. The mstate package in R software, which was developed by (Jackson, 2011),
was used to carry out all analyses and generate graphs. The frequency distribution table was used

to summarize the data based on the study variables.

3.11 Modelling the Clinical Progression of CKD Disease using Multi-State Model
multi-state model (MSM) is modelling time for event data where all the individuals start in one or
more states, and eventually may end up in one or several absorbing state(s). It has also been defined

as a process in which an individual move through a series of states in continuous time.

The progression of CKD into different five states can be shown by Markov process permitting
only the forward transitions from one state to another state over time. A process is Markovian if
the future is solely dependent on the present. diagram 1 depicts the model. The progression of the

CKD disease is continuous in time and the time of transitions are random in nature but the state
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spaces are discontinuous. Due to the fact that disease progression is a continuous function of time
and that the transition probability between states is time dependent and thus independent of the
time at which the transition actually occurs, we have considered a Homogeneous continuous time
multistate model based on Markov processes is the suitable model to describe the course of

progression of CKD.

3.12 Homogeneous continuous time Multistate Markov Model
A homogeneous continuous-time multistate Markov model is an appropriate model for describing
the progression of CKD. In this model, the observed states are precisely the same as true states of

disease. States of Markov process is calculated on the basis of eGFR values.

Markov process is defined as a multi-state model where the multi-state model is defined as a model
for a stochastic process (X(t), teT) with a finite space S in which the future knowledge of the

process is only provided by the current state of the process.

Let X = {X1, Xz, ..., Xn} be a random process of random variables taking on values in a discrete
state space E = {1, 2, ..., e} and X; be the state of the process of an individual at time t. Now, let

the realisation of the entire history of the process up to and including time t be
Xe =x0,Xeoq1 = X1, 0, X1 = x4}

where x;, x;_1, ..., X1 1S a sequence of states at different time points. A random process is classified

as a Markov Chain if it satisfies the following condition:
P(Xey1 = Xeq1lXe = ¢, Xeoq = Xeoq, o, X1 = 1) = P(Xpp1 = X411 X = %)
for every sequence x,, x;, x;,1 of the elements in E and every time point t > 1.

In the homogeneous continuous time Markov context, we define the transition probability, Py, (t),
to be the conditional probability of entering state k at time t, given the system was in state k at time
0. This definition of Py, (t) implies that after leaving state k the process could have migrated to

other states, say |, . . ., li-1 before finally entering state | at time t.

For a continuous time, stochastic process {X(t), t > 0} whose state space is S, we say it has the

Markov property if

PX(@®) =jIX(s) = 1, X(tn—1) = in-1, .., X(ty = i3) = P(X(£) = jIX(s) =i

20



where0 < t; < -+ < t,_; < s < tisany non decreasing sequence of n + 1 state occupation times
and iy, ..., i,_1,1,j € S. In other words, states that the state of the process at time t depends only

on the most recent state occupied prior to time t.

3.12.1 Transition intensity matrix

The intensity between two states k and |, can be defined as the rate of change of the probability
Pr: In a small-time interval 6t. Let S(t)=k be the function of current state of a patient at time t then
the transition intensity with which the patient moves to the state 1 during the time interval (t+3dt) is
given by

P(X =X, =k
) = g P = U =10

where A,,is the instantaneous risk of moving from state k to state I. From the schematic diagram 1
the transition intensity matrix for the progression of CKD is given by: All possible intensities

between possible states are collected in the transition intensity matrix denoted by Q (1) and given

by

Q)
—(M2 + A13a + Aizg + Ais + Ags) A1z A13a A3 Ma Mgs
0 —(A23a + A23B + 424 + A35) A23a A2z A Ags
- 0 0 —(43a3B + 4344 + A3a5) A3a3B Azae Azas
0 0 0 —A3ps + A3s  Azps  Asms
0 0 0 0 —Aas M4s
0 0 0 0 0 0

Q(A) is 6x6 matrix denote transition intensity matrix with A;; elements of a multi-state process.
A1 denotes the transition intensity or instantaneous rate from k state to | where k =1,2,3A,3B,4,5
and I =1,2,3A,3B,4,5. The transition intensity matrix again is also used to calculate the transition

probability matrix.
Property of transition intensity matrix are;

I.  The sum of elements of each row of the transition matrix Q (4)is zero or if no way for k
to change to I, the entry (KI) is zero.

ii.  The diagonal element of Q(1) become:
Ak = A, = —Z A ()
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Therefore, the rates on the diagonal represent states that subjects remain stationary and the off-

diagonal values contain rates in which the subject moves to other states

3.12.2 The Transition Probability
A multistate process is a stochastic process (X(t), t € T) with finite state space S ={1, 2,3 ... N}

where T = [0, t] is the period of observation. Consider,
Py(s,t) = P(X(p = k|X(S) =1)forkl €Sands,t €T

where Py;(s,t) can be interpreted as the probability of entering state k at time t, conditional on

being in state | at time s.

Let P (s, t) be the transition probability matrix with (k, 1) " entry has p(s, t) and also let Q be the
transition intensity matrix with (k, 1) ™ entry has A,;. The transition probability matrix can be
calculated from the transition intensity matrix by using the forward Kolmogorov equations [19],

which leads to
P(s,t) = exp((t — S)Q), s<t OR

let P(s,t) denotes the transition probability matrix with transition probabilities Py;(s,t), k =
1,2,...,5and [ = 1,2, ..., 5 where P;;(s, t) denotes Pr {an individual in state k at time s will be in
state | at time t}. The transition probability matrix P(s, t) is given by:

P11(S, 1) D12(S,t)  D1zals,t)  pi3p(S,t)  pua(st)  pis(st) ]
0 D22(S,t)  Da3a(S,t)  Pa3p(s,it)  Dpau(s,t)  p2s(s,t)

P(s,t) = 0 0 P3434(S,t)  P3azp(S,t) P3aa(s,t) P3as(s t)
’ 0 0 0 P3p3e(S,t)  DP3pa(S,t) Pp3ps(s,t)
0 0 0 0 Paa(S,t)  DPas(s,t)

0 0 0 0 0 p55(s, t) i

Hence the progression of CKD into different five states is irreversible. All the probabilities in the
transition probability matrix must be greater than or equal to zero, that is py;(s,t) = 0,Vk,l €

{1,2 ...,5} and each row must sum to one Y3 py; = 1,Vk,l € {1,2...,5}.

The above matrix defined as the transition probability matrix with its elements providing the
probability of being in state k at time t + 1, conditional on being in state | at time t. The transition
probability matrix is time dependent and is therefore denoted as P(t) instead of P. In time

homogeneous Markov models, the dependency of t is omitted.
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3.12.3 Distribution of Mean Time Length

When the process enters state k, the time it spends there before moving to another state is called
the holding time in state k or the sojourn time. The sojourn time of a process X in a subset of states
will be an integer-valued random variable if X is a chain or real-valued one in the case of a

continuous-time process. The sojourn time of a continuous Markov process that is in state K is an

independent and exponentially distributed random variable with mean ;—1 (Gillings et al., 1974).
kk

The remaining elements in the k" row of the transition intensity matrix is proportional to the

probabilities that govern the next state after state k to which the individual makes a transition. The

probability that the next transition is from state k to state | is % The new state and the sojourn
kk

time are only dependent on state k and not on the history of the process prior to time t. Therefore,
the sojourn time and the new state are independent of each other, given that the current state is
state k. The mean sojourn time describes the average time period in a single stay in a state (Kotze,
2019).

3.13 Model assumption

3.13.1 Markov model assumption

The Markov assumption state that the future progress only depends on the current state not on the
past states. This means that the transition times from each state are independent of the history of
the process prior to entry to that state. The past history of a system plays no role in its future
evolution, which is usually known as the “memoryless property of a Markov process (Kalbfleisch
& Lawless, 1985).

3.13.2 Time homogeneous Markov model assumption

In time homogeneous Markov models, all transition intensities are assumed to be constant as
functions of time, independent of time t (Ali et al., 2014). This assumption can be assessed with a
likelihood ratio test. When intensities are treated as being time homogeneous then the dependency
on time can be removed. The transition probability matrix and transition intensity matrix form the
building block of Kolmogorov equations that are used to yield unique solutions for probability
matrix P (t).

Let X(t), to be t > 0 be a continuous-time multi-state process with a finite state S = {1,2,3 ..., K}.

Define the transition probability from state k at time s to state | at time t as
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P, (s,t) =P(X(s) =k|X(t) =1),s<t

The Kolmogorov equations state that

d
PO =p(OQA)
which yield a unique for p(t) and condition on p(0) = I.

P(T) = e?® only valid with time homogeneous intensities.

Q(A)is the transition intensity matrix therefore p(t)can be found from Q (A1) using Kolmogorov

equations.
3.14 The Effect of Covariates on the Transition Rate

The covariate effects on transition intensities were considered using the proportional hazards
regression model. It used to describe how explanatory variables (covariate vector Z) affect an
individual's transition intensity at time t. Suppose we have a baseline covariate vector Z =
{Z1,Z2, ...,Zp}. A time-homogenous multi-state Markov model used to estimate the effect of

covariates on the transition rate with the following form:

1a(Z\B) = Aoexp(Bra’ Z) = exp((Brio + B’ Z)

Akio = exp(Bri o) is called the baseline intensity for the transition from state k to state I, and g =
BrioPrk=12,..,5 1=12,..,5 1+ 1) which represents all the parameters associated

with the multi-state model.

3.15 Methods Estimation

3.15.1 Maximum Likelihood Estimation

The method of maximum likelihood estimation enables the unknown parameters in the model to
be estimated. The maximum likelihood estimate is the number of transitions from state k to state |
divided by number of overall transitions from state k to other states calculated from the transition
probability matrix. Maximum likelihood estimates for a particular class of a model can be
computed from transition probability matrix P (s, t) with (kl) entry through the Kolmogorov
relationship P(s,t) = exp (tQ(A))
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The likelihood function of transition intensities is the product of probability of transition between
observed states over all individuals and observation times. The optimization method “BFGS” from

the msm package from R was used for a fast derivative-free method (Jackson, 2007)

3.16 Handling Missing Data

Missing data can frequently occur in a longitudinal data analysis. Most statistical analyses exclude
observations with any missing variable values from the analysis. This method is called the
complete case (CC) method. While applying the CC method is simple, it results in a loss of
information that resides in the incomplete cases as well as a potential for inducing bias(Lou et al.,
2017). Missing data are commonly classified into three categories. Those are: Missing completely
at random (MCAR), missing at random (MAR) and missing not at random (NMAR). In this study,
mean Imputation missing data handling mechanisms were used. mean Imputation (substitute) fill
in the values that were not recorded with imputed values. Once a filled-in data set has been
constructed, standard methods for complete data can be applied. The Mean substitution method
primarily works for missing continuous variables, and it imputes the missing values with the

sample mean or its conditional mean calculated from the observed data.
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CHAPTER 4

RESULTS AND DISCUSSION

4.1 Descriptive analysis

The study used data from Tikur Anbessa Specialized Hospital TASH, with 267 CKD patients on
different therapy who were observed 1647 times during follow up. The study was included 153
(57.3%) males and 114 (42.7%) females. The Table 4.1, shows the demographic and clinical
characteristics of CKD patients and provides the frequency and percentage of categorical variables,
such as sex, hypertension, heart disease, and diabetes, and the mean and standard deviation of
continuous variables, such as age, haemoglobin, creatinine, potassium, sodium, phosphate, and
urea. The mean age of the patients was 54.74 years, with a standard deviation of 14.64 years. This
means that most of the patients were in older age group and majority of patients were male
(56.3%). The most common comorbidities among the patients were hypertension (67.5%), heart
disease (50.9%), and diabetes (69.0%). The mean values of the laboratory tests for haemoglobin,
creatinine, potassium, sodium, phosphate, and urea were 12.35 g/dL, 2.37 mg/dL, 4.57 mmol/L,
138. mEqg/L, 4.08 mg/dL, and 67.34 mg/dL, respectively. These values indicate that the patients
had varying degrees of anemia, renal impairment, electrolyte imbalance, and uraemia, which are

common features of CKD.

Table 4.1: Demographic and Clinical Characteristics.

Categorical Variables

Variables In percent.
Sex-male (%) 153 (57.3)
HTN-yes (%) 67.5%
Heart Disease-yes (%) 50.9%
TD-yes (%) 69.0%
Continues variable
Variables mean (SD)
Age in year (SD) 54.74 (14.64)
Hgb (SD) 12.35 (2.39)
Cr (SD) 2.37 (1.45)
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Potassium (SD) 4.57 (0.75)
Sodium (SD) 138.09 (3.76)
Phosphate (SD) 4.08 (3.518)
Urea (SD) 67.34 (38.00)

4.2 Continuous-time homogeneous multi-state Markov analysis of progression of CKD

This study considered that progression of CKD patients stages which is based estimated glomerular
filtration rate (eGFR). Since the progression of CKD stages is naturally irreversible deterioration
in renal function the transitions were not reversible. There was more than one transition of the
same type in the same patient. If there is an improvement on serum creatinine or on protein urea,
the patient has not recovery from the initial eGFR stages but stay on initial stages else patients can
transit to reach a next other severe stage. The transition of the patient in different state occurs at

any time.

This Table 4.2 shows the number of patients who progressed from one stage of chronic kidney
disease (CKD) to another over a certain period of time. The rows represent the initial stage (state
i) of CKD and the columns represent the final stage (state j) of CKD and main diagonal shows the
number of individual observations stay at their corresponding states. For example, 35 patients who
started with stage 1 CKD progressed to stage 2 CKD, while 4 patients who started with stage 1
CKD progressed to stage 3A CKD and there were 46 observations are observed from severe
decreasing eGFR to kidney damages or kidney failure observations from severe states individuals,
100 patients transited to stage 3B from stage 3A and 82 are got kidney damage in hospital. Total
number of transition frequency between hypertension states

Table 4.2: Transition frequency between CKD patients’ stages

To
From Stagel | Stage2 | Stage3A | Stage3B | Stage4 | Stage5
Stagel | 66 35 4 4 3 2
Stage2 |0 130 64 30 4 1
Stage3A | 0 0 140 100 10 3
Stage3B | 0 0 0 308 121 3
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Staged | 0O 0 0 0 224 46
Stage5 |0 0 0 0 0 82

4.3 Transition intensity and probability matrix

Initially, the Markov model without covariate has been used to study the overall disease
progression. The estimates of transition intensities (1) are presented in Table 4.3. The estimated
intensity transition matrix indicates that the rate of transiting from good states to the worst state is
decreasing. The rows represent the current state of the patients, and the columns represent the
possible next states. The number of transitions from higher stages to lower stages is zero since
CKD is irreversible. The transition intensities moving from the stage 1 to stage 2 was 0.052 or the
rate of change of the probability of CKD patients currently entry in stage 1 move to stage 2 is
0.052 per a month. The highest rate (0.063) of moving from state 3A is to state 3B, followed by
state 5 (0.001), and state 4 (0.0003).

The values of the main diagonal provide the rate of change of the probability of staying in the same
stage of CKD in one month. A patient in stage 1 has a negative rate (-0.061) means that the
probability of CKD patients staying in stage 1 decreases by 0.061 per a month and CKD patients
have high risk progress to higher stages. The risk rate of stage 5 (end stage) is 0 means that there
is no possibility of recovery or improvement and patient needs dialysis or a kidney transplant to

survive.

Table 4.3: Transition intensity matrix

Stage 1 Stage 2 Stage 3A Stage 3B Stage 4 Stage 5
Stage 1 -0.061 0.052 0.001 0.002 0.003 0.001
Stage 2 0.00 -0.068 0.057 0.009 0.001 0.0007
Stage 3A 0.00 0.00 -0.064 0.063 0.0003 0.001
Stage 3B 0.00 0.00 0.00 -0.033 0.032 0.0001
Stage 4 0.00 0.00 0.00 0.00 -0.018 0.018
Stage 5 0.00 0.00 0.00 0.00 0.00 0.00

Based on Table 4.3: results, we can see that the transition intensities of CKD are not linear or

uniform. Some stages have higher rates of change of the probabilities of advancing to the next
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stage than others. Stage 3B has a transition intensity of 0.063 of moving to stage 4, while stage 4
has a transition intensity of 0.018 of moving to stage 5. This means that stage 3B is more likely to
progress to stage 4 than stage 4 is to progress to stage 5. In addition to that Table 4.4 shows that
most patients with CKD tend to stay in the same stage or progress to the next stage over time. The
risk of progression increases as the stage of CKD worsens, and that the risk of reaching end-stage

renal disease (ESRD) or stage 5 CKD is highest for patients who were in stage 4 CKD.

Table 4.4: The transition probability matrix P(t) over an interval of t = 1 months.

Stage 1 Stage 2 Stage 3A Stage 3B Stage 4 Stage 5
Stage 1 0.94 0.048 0.002 0.003 0.003 0.0014
Stage 2 0.00 0.93 0.05 0.01 0.001 0.0007
Stage 3A 0.00 0.00 0.93 0.06 0.001 0.001
Stage 3B 0.00 0.00 0.00 0.96 0.032 0.0004
Stage 4 0.00 0.00 0.00 0.00 0.98 0.018
Stage 5 0.00 0.00 0.00 0.00 0.00 1.00

The Table 4.4 shows the probability of moving from one state to another in one month for CKD
patients at under treatment follow up. Each stage represents a stage of chronic kidney disease, from
stage 1 (good stage) to 5 most severe (kidney damage or failure). A patient in stage 1 has a very
high probability 94% (0.94) of staying in the same stage after one month. The result describes the
probability of patients developing CKD disease gets increased as the eGFR of patients gets

declined or smaller.

The probability of CKD patients currently being in stage 5 have 100% chance of kidney failure
stage. This implies Clinically, kidney function is very low and the patients needs dialysis or a
kidney transplant to survive and associated with a high risk of mortality and morbidity, as well as
a reduced quality of life.

Table 4.5: Transition probability matrix over different time t (months).
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Stage 1 — stage 1 0.483 0.233 0.114 0.055 0.026
Stage 1 — stage 2 0.287 0.265 0.185 0.114 0.064
Stage 1 — stage 3A 0.105 0.187 0.192 0.157 0.113
Stage 1 — stage 3B 0.065 0.176 0.267 0.303 0.297
Stage 1 — stage 4 0.039 0.093 0.164 0.239 0.304
Stage 1 — stage 5 0.019 0.043 0.078 0.128 0.193
Stage 2 — stage 2 0.437 0.192 0.084 0.036 0.016
Stage 2— stage 3A 0.308 0.277 0.187 0.112 0.062
Stage 2 — stage 3B 0.194 0.347 0.389 0.358 0.296
Stage 2 — stage 4 0.046 0.144 0.251 0.336 0.386
Stage 2 — stage 5 0.012 0.039 0.087 0.156 0.239
Stage 3A— stage 3A 0.460 0.212 0.097 0.044 0.020
Stage 3A— stage 3B 0.425 0.482 0.415 0.321 0.234
Stage 3A— stage 4 0.097 0.245 0.357 0.416 0.430
Stage 3A— stage 5 0.016 0.059 0.129 0.218 0.314
Stage 3B— stage 3B 0.673 0.452 0.304 0.204 0.137
Stage 3B— stage 4 0.290 0.428 0.473 0.466 0.433
Stage 3B— stage 5 0.037 0.119 0.222 0.328 0.429
Stage 4— stage 4 0.800 0.638 0.509 0.407 0.327
Stage 4— stage 5 0.199 0.361 0.490 0.595 0.672
Stage 5— stage 5 1.00 1.00 1.00 1.00 1.00

As you could easily see from Table 4.5, the probability of a patient staying in the same state, state
1 is decreasing from year to year. A patient in stage 1 is 48 % likely to remain in the same state
and 5% chance of being kidney failure at the end of one year. patients in state 4 have a probability
of 0.800, 0.669, 0.548, 0.448 and 3.27 of staying in the same stages after 12, 24, 36, 48, 60 months

respectively, and this probability also decreases as the time interval increases. A patient in state 4
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has 32.7% and 67.2% chances of being in states 4 and 5 respectively at the end of fifth year.
Generally, as t increases, the probability of the patient transiting to a next worse state is increasing
while the probability to remain in the same state is decreasing.

We can calculate transition probabilities by using the stacked.data.msm () function to over time.
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Figure 4.1: Estimated transition probability over five years.
4.4 Sojourn time
Sojourn time describes the average time an individual spends in each stage in a single stay before

patients makes a transition to another stage. The sojourn times of a continuous-time Markov

process in a stage j are independent, exponential random variables with mean (/1_—1). From the
kk

results, if an individual is in stagel patient spends 16.5 [ _0_01605 = 16.5 Table 4.6] months in that

stage before making a transition to other more severe stages. Stage 3 has the mean sojourn time of

14.5 months, meaning that patients is expected to stay in this stage for 14.5 months on average
before moving to another stage. The standard error of this estimate is 1.14, and the 95% CI (12.5,
16.9). From the results, an individual who were in stage 3B he/she spends 30.3 months in that state
before making a transition to other states while a patient spends 53.8 months in Stage 4 before
transiting to other stages. These two stages (stage 3B and 4) have the highest sojourn time. The
table suggests that patients tend to stay longer in stage 3B and 4 than in stage 1,2 and 3A. Patients
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whose are in stage 4 has an estimated average time stay of 53.8 months before progress to next
stage, means that individual in stage 4 are less likely to progress to stage 5and the same
information with transition intensity and probability of CKD patients on Table 4.3 and Table 4.4
respectively.

Table 4.6: Estimated Mean Time length stay in single stage of CKD patients.

Stages Estimated Standard 95% ClI
Coefficient | error (SE) L U
Stage 1 16.5 2.32 125 | 21.7
Stage 2 14.5 1.14 125 | 16.9
Stage 3A 15.5 1.12 134 | 17.8
Stage 3B 30.3 2.02 26.5 | 345
Stage 4 53.8 5.64 43.8 | 66.1

4.5 Markov model with Effect of Covariates on Transition Intensities

Multi-state analysis was carried out using the msm package in order to learn how different factors
influence the strengths of the transitions. The Table 4.7 shows the hazard ratios and 95%
confidence intervals for socio-demographic variables (sex female as reference and age) for
different transitions of stages of chronic kidney disease (CKD). The stages range from 1 to 5, with
higher stages indicating more severe kidney damage and lower estimated glomerular filtration rate
(eGFR). The hazard ratio is a measure of how often a particular event happens in one group
compared to how often it happens in another group, over time. A hazard ratio of 1 means that there
is no difference between the groups. A hazard ratio greater than 1 means that the event is more
likely to happen in the first group than reference group and hazard ratio less than 1 means that the

event is more likely to happen in the reference group.

For the transition from stage 1 to stage 2, the hazard risk for sex is 0.62, which means that male
CKD patients were 38 % less likely to progress to stage 2 than female CKD patients, with a 95%
CI1(0.32, 1.132). The transition found high risk with male patients from stage 1 to stage 3A, stage
1 to stage 1, stage 2 to stage 5, stage 3A to stage 3B,4 and 5 than female CKD patients. Male CKD

patients were about 1.61 times more likely to move from stage 1 to stage 3A than those of female
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patients (HR = 1.61, 95% CI = 0.86, 2.97). Similarly, the hazard of male patients moving from
stage 4 to stage 5 (kidney failure CKD stage) was about 27% lower than for female patients (HR
=0.73, Cl =0.48, 1.108).

The hazard risk for age effect on progressing from stage 1 to stage 2 was 1.13, which means that
for every one-year increase in age of CKD patients, the risk of progression from stage 1 to stage2
increases by 13% with a 95% CI (1.09,1.169).

Table 4.7: The Hazard ratios and 95% CI for socio-demographic variables.

Transitions of stages

Sex (female as reference)

Age

Stage 1 — Stage 2

0.62 (0.33, 1.15)

1.13 (1.09,1.169)

Stage 1 — Stage 3A

1.61 (0.86, 2.97)

1.10 (1.06,1.140)

Stage 1 — Stage 3B

0.68 (0.04, 9.68)

1.09 (1.05,1.137)

Stage 1 — Stage 4

0.88 (0.08, 9.36)

1.15 (1.06,1.232)

Stage 1 — Stage 5

1.46 (0.10, 20.63)

1.19 (1.08,1.312)

Stage 2— Stage 3A 0.72 (0.47, 1.10) 1.01 (0.99,1.020)
Stage 2 — Stage 3B | 0.80 (0.15, 4.15) 1.04 (1.02,1.059)
Stage 2 — Stage 4 0.68 (0.04, 9.68) 1.01 (0.99,1.040)
Stage 2 — Stage 5 1.13(0.11, 11.99) 1.03 (0.98,1.069)
Stage 3A— Stage 3B | 1.14 (0.84, 1.53) 1.02 (1.00,1.035)
Stage 3A— Stage 4 | 1.38 (0.90, 2.10) 1.02 (1.00,1.038)
Stage 3A— Stage 5 1.24 (0.24, 6.39) 1.01 (0.99,1.038)
Stage 3B— Stage 4 | 0.95 (0.75, 1.22) 1.07 (1.04,1.104)
Stage 3B— Stage 5 | 0.88 (0.65, 1.13) 0.98 (0.97,1.004)
Stage 4— Stage 5 0.73 (0.48, 1.108) 1.01 (0.98,1.022)

The fourth row shows that the hazard ratio of sex for the transition from stage 1 to stage 3A is
2.6296, with a 95% CI (0.03,178.207). This means that males had a higher hazard rate than females
for this transition. The hazard risk for age of patients was 1.09, which means that for every one-
year increase in age of CKD patients, the risk of progressing to stage 3A increases by 9%, with a
95% CI (1.05,1.137).
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The general pattern for the effect of age was positively associated with most of the transitions of

CKD stages of patients, except for Stage 3B to stage 5. This means that as the age of individual

increases in years, the risk of moving from one stage to another also increases, except for moving

from stage 3B to stage 5.

Table 4.8 Hazard ratios and 95% confidence intervals for clinical Laboratory variables.

= = = _ <
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= == g3 &= 3 53
1-2 0.91(0.72,1.14) | 1.25(0.71, 2.20) 0.93 (0.81, 1.06) 1.00(0.89,1.12) | 0.99 (0.96,1.02)
1>3A | 1.12(0.52,2.38) | 0.96 (0.06, 13.71) | 0.94 (0.83, 1.07) | 0.94 (0.78,1.12) | 0.98 (0.93,1.04)
1538 | 1.03(0.57,1.84) | 0.93(0.17,4.90) | 0.95(0.53,1.70) | 0.82(0.67,1.00) | 0.97 (0.88,1.06)
154 0.99 (0.62,1.57) | 1.28 (0.28,5.69) | 0.97 (0.28, 3.33) | 0.86 (0.70,1.07) | 0.98 (0.87,1.10)
155 0.93 (0.61,1.39) | 1.25(0.30,5.15) | 0.97 (0.32, 2.97) | 0.84 (0.69,1.01) | 0.98 (0.89,1.08)
2>3A | 1.06(0.93,1.20) | 0.99(0.71,1.38) | 0.96 (0.91, 1.01) | 1.02 (0.94,1.10) | 0.9 (0.98,1.01)
2538 | 1.37(0.94,1.98) | 0.98 (0.04,24.02) | 0.96(0.65, 1.41) |0.98(0.87,1.10) | 1.01 (0.98,1.03)
24 1.02 (0.56,1.84) | 0.84(0.08,7.92) | 0.97 (0.29,3.25) | 0.93 (0.81,1.06) | 1.01 (0.94,1.06)
255 1.05 (0.64,1.71) | 0.96 (0.24,3.82) | 0.99 (0.03,28.39) | 0.93 (0.75,1.16) | 0.99 (0.78,1.26)
3A—3B |0.93(0.85101) | 1.12(0.89, 1.41) | 0.92(0.76,1.11) | 0.96 (0.90,1.02) | 1.01 (1.00,1.02)
3A-4 | 118(0.67,2.06) | 1.01(0.01,114.41) | 0.98 (0.64, 1.52) | 1.01(0.89,1.14) | 0.9 (0.96,1.03)
3A-5 | 1.17(0.83,1.67) | 1.02(0.16,6.32) | 0.98(0.50, 1.94) | 0.99 (0.88,1.11) | 1.01 (0.97,1.06)
3B—4 | 1.01(0.941.08) | 1.12(0.90, 1.40) | 1.11(0.95,1.29) | 0.91(0.87,0.95) | 1.00 (0.99,1.01)
3B—5 |0.92(0.31,2.70) | 0.98 (0.01,432.80) | 0.84 (0.68, 1.04) | 1.01(0.85,1.17) | 1.00 (0.99,1.01)
155 0.93(0.80,1.08) | 1.56 (1.09, 2.23) | L.21 (1.11, 1.32) | 0.86 (0.81,0.92) | 0.9 (0.98,0.99)

The results show Table 4.8 the hazard ratios and 95% confidence intervals for the effect of five

laboratory continuous variables (haemoglobin in blood by (gm/dl), potassium in blood (mmol/l),

phosphate in blood (mg/dl), sodium in blood (mmol/l) and urea) on the transition of chronic kidney

disease (CKD) stages for patients.

We can look at each transition and each variable separately. For example, for the transition from
state 1 (CKD stage 1) to state 2 (CKD stage 2), the hazard ratio for haemoglobin was 0.91 with a
95% CI (0.72,1.14). This means that for every unit increase in haemoglobin, the risk of progressing
from CKD stage 1 to CKD stage 2 decreases by 9%. The hazard ratio for potassium was 1.25 with

a 95% CI (0.71, 2.20). This means that for every unit increase in potassium, the risk of progressing

from CKD stage 1 to CKD stage 2 increases by 25% and the same fashion for another variables.
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However, some general patterns can be observed from results Haemoglobin has a negative or
protective effect on most transitions, except for the transition from state 2 and 3A (CKD stage
2&3A) to other more severe state, where it has a positive or harmful effect. This means that higher
levels of haemoglobin are associated with lower risks of progressing to more advanced stages of
CKD. Sodium has a positive or harmful effect on some transitions and a negative or protective

effect on others.

The most prognostic factor results are for potassium, phosphate and urea, which show positive

associations with CKD progression for stage 4 to stage 5 CKD transitions and for urea stage 3A to

stage 3B.

Table 4.9: Hazard ratios and 95% confidence intervals for comorbidity variables.

Stages

Heart disease (HD)

[no HD as reference]

Diabetic (TD)

[no TD as reference]

Hypertension (HTN)

[no HTN as reference]

Stage 1 — Stage 2

1.18 (0.64,2.17)

1.88 (0.84, 4.18)

1.95 (0.99, 3.82)

Stage 1 — Stage 3A

0.85 (0.46, 1.54)

0.53 (0.24, 1.18)

0.51 (0.26, 1.01)

Stage 1 — Stage 3B

1.83 (0.15,21.52)

2.02 (0.19, 20.86)

1.64 (0.18, 14.64)

Stage 1 — Stage 4

0.89 (0.07, 10.82)

1.40 (0.29, 6.63)

1.26 (0.30, 5.19)

Stage 1 — Stage 5

0.55 (0.05, 6.46)

1.16 (0.13, 9.85)

1.01 (0.16, 6.24)

Stage 2— Stage 3A | 1.36 (0.94, 1.96) 1.17 (0.72, 1.87) 1.08 (0.71, 1.65)
Stage 2 — Stage 3B | 0.33 (0.04, 2.40) 0.85 (0.53, 1.38) 0.92 (0.60, 1.40)
Stage 2 — Stage 4 | 1.83 (0.15, 21.52) 0.49 (0.04, 5.01) 0.60 (0.06, 5.41)
Stage 2 — Stage 5 | 1.12 (0.1, 13.4) 0.71 (0.15, 3.36) 0.79 (0.19, 3.24)
Stage3A—Stage3B | 0.87 (0.64, 1.19) 0.86 (0.63, 1.17) 0.91 (0.68, 1.21)
Stage 3A— Stage 4 | 0.74 (0.51, 1.06) 0.86 (0.10, 7.30) 0.98 (0.16, 6.11)
Stage 3A— Stage 5 | 0.33 (0.50, 2.40) 0.91 (0.05, 16.85) 1.09 (0.06, 19.21)
Stage 3B— Stage 4 | 1.02 (0.80, 1.29) 0.64 (0.49, 0.83) 0.72 (0.57, 0.92)
Stage 3B— Stage 5 | 1.34 (0.84, 1.54) 1.16 (0.85, 1.58) 1.09 (0.08, 1.46)

Stage 4— Stage 5

1.05 (0.71, 1.55)

1.69 (1.07, 2.67)

1.95 (1.17, 3.22)
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The Table 4.9 shows the hazard ratios and 95% confidence intervals for comorbidity variables
(heart disease, diabetic, and hypertension) for different transitions of stages of chronic kidney
disease (CKD).

For the transition from stage 1 to stage 2, the hazard ratio for heart disease was 1.18, which means
that patients with heart disease are 18% more likely to progress to stage 2 than patients without
heart disease, with a [HR=1.18, 95% CI = 0.64, 2.17]. The hazard ratio for diabetic is 1.88, which
means that patients with diabetic are 88% more likely to progress to stage 2 than patients without
diabetic, [HR=1.88, 95% CI = 0.84, 4.18]. Hypertension had effect noticeable impact on the shift
from stage 4 to renal damage CKD stages (HR =1.95). The hazard of hypertensive patients moving
from stage 4 to stage 5 (kidney failure CKD stage) was about 1.92 times more likely than do not
have Hypertension conditions patients [HR = 1.95, 95% CI = 1.17, 3.22].

4.6 Survival probability plot

Survival probability plot of CKD patients with no cofactor, with the red line representing patients
from stage 1, the green line representing patients from stage 2, the blue line representing patients
from stage 3A, the purple line representing patients from stage 3B, and the pink line representing

patients from stage 4 was fitted on Figure 4.2.

According to the plot (Figure 4.2) the survival probability for CKD patients with severe CKD
(stage 4) was starts from 1 at initial month and ends at 0.3 at month 60. Means that CKD patients
enter stage 4 had survival probability 1 at beginning of the study and after 60 months 30% of CKD

patients was alive with stage 4 and the else are progressed to next stage.

The survival probability of CKD patients with stage 4 decreases faster than the survival probability
of CKD patients with stage 3B over time. In addition to that the lines show a general decrease in
survival probability over time, with the highest probability for CKD patients from stage 1 and the

lowest probability for patients from stage 4.

According to the plot the survival probability of CKD patients decreases as the stage of the
disease progresses and CKD patients with advanced stages of the disease have a worse prognosis
than CKD patients with early stages of the disease and the difference in survival probability

between the stages becomes more pronounced over time.
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survival functions plot for CKD patients with no cofactor
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Figure 4.2: Reliability or survival probability of CKD patients at 60 months.

4.7 Prediction of Clinical CKD Progression.

The conditional probability of a patient making changes in disease stages given individual current
stage status is computed. The Figure 4.3 shows conditional probability that an CKD patient who

is currently in stage 1 has been in the subsequent “worse” stage 2, 3A, 3B, 4, 5 after 60 months.
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Figure 4.3: Conditional probabilities of being in next stage after a month t given the stage 1.

The probability of a patient starting from stage 1 at time 1 month enters to stage I € {1, 2, 3A, 3B,
4, 5} after 12 months, are estimated to be 0.48, 0.3, 0.11, 0.07, and 0.04 respectively, and after 60
months are estimated to be 0.03, 0.06, 0.11, 0.3, and 0.2 respectively. The transition probability

from stage 1 to the next worse state increases with time and gets optimum probability at a time,
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then decreases with increasing time. This means that there is some period of time when such

probability is highest for a patient to transit to a worse state of the disease.
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Figure 4.4: Conditional probabilities of being in next worse stage after a month t given the stage 2
and 3A respectively.

Figure 4.4 shows conditional probability that an CKD patient who is currently in stage 2 and 3A
has been in the subsequent “worse” stage 2, 3A, 3B, 4, 5 and stage 3A, 3B, 4, 5 respectively after
60 months. probability that a patient starting from stage 3A at initial time progress to next stage
3A, 3B, 4, 5 after 36 months are estimated to be 0.09, 0.42, 0.35, and 0.13 respectively. Stage 3A
gets optimum probability at 12 months, stage 3B gets optimum probability at 36 months and shows
decreasing probability as time increase, stage 4 and 5 increases probability as time increases. The
same fashion interpretation for figure 4.6.
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Figure 4.5: Conditional probabilities of being in next worse stage after a month t given the stage
3B and 4 respectively.

4.8 Model Comparison

The table 4.10 shows the results of fitting different models with different covariates to the data.
The models are compared using the log likelihood ratio test, the degrees of freedom (df), and the
p-value. The log likelihood ratio test is a measure of how much the model improves compared to

the null model (no covariate), with higher values indicating better fit.

Table 4.10: Likelihood Ratio Test Statistics and P-Values of the Selected Models.

Models -2 Log likelihood -2 Log likelihood ratio test | Df | P-value
No covariate 2080. 422 - - -
All as a covariate 1584.13 496.2919 165 | P <0.0001

Multi state Markov Model with null model (without covariates), model with single covariates one
by one and then all as covariates was fitted. the likelihood ratio test in tests between nested models
fitted in msm can be performed using the function Irtest. msm to compare the model that were
fitted. The nested models fitted in msm package were compared using a Likelihood ratio test
contrast to the model without covariates (null model) with all as covariates (full model) (Taha &
Mohammad, 2023). Therefore, full model has LRT = (L0 @) — Ll(e)) = 496.292 with df of 165,
a p-value of < 0.0001. where L, (8) is the -2 Log likelihood null model (without covariates) and
L1(0) is the -2 Log likelihood general model (full model). The results show that the full model

does significantly fit better than null models.

4.9 Model assessment

A time homogeneous multistate Markov model assumes that the transition rates between states are
constant and do not depend on time or covariates. The plot of observed and expected prevalence
used for assessing time homogeneous multistate Markov model assumption and tool indication of

the goodness of fit of a multi-state Markov model.

The expected prevalence is the proportion of individuals who are predicted to be in a certain stage

at a given time, based on the fitted model and the initial stage distribution. The plot can be used to
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compare the observed and expected prevalence for each state and check if they are close to each
other. If the plot shows a good agreement between the observed and expected prevalence, it
suggests that the model fits the data well and can be used for forecasting and inference. The
implication of the plot is that it can help to evaluate the validity and accuracy of the multi-state

Markov model and its assumptions.

According to Figure 4.6, we look that the observed and forecast prevalence for stage 1, stage 2,
stage 3A, stage 3B, and stage 5 was good agreement between the observed and expected
prevalence, which suggests that the model fits the data well. However, stage 4 where the observed
prevalence is slightly higher than the expected prevalence after 50 months. This is because of the
number of patients in stage 4 tends to increase as time increase, see from Table 4A, Appendix I. It
indicates that the model underestimates the transition rate to stage 4 or overestimates the transition
rate from stage 4 to other states. The assumption transition rates between states constant practically
always may not true. Thus, such problem was improved by fit the model adding covariates. Hence
plot seems that the plot was fit the assumption the of homogeneity of transition rate for most of
the stages through the specified time is satisfied and Multistate Markov model fits the data well.
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Figure 4.6: A comparison of observed and expected prevalence in the fitted model.
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4.10 Discussions

The aim of the study was to model the progression of Chronic Kidney disease CKD among patients
under follow up at Tikur Anbessa Specialized Hospital, TASH, Addis Ababa, Ethiopia using
Multistate Markov Model. A Multistate Markov Model is fitted with and without covariates and
comparison of these two nested models (Null and full model or all as covariates) using likelihood
ratio test. Analysis Results shows that the model with All as a covariate is the best model fits.
Assumption of transition rate on specific time were approximately satisfied using the observed and
expected plot.

Multistate models based on Markov processes offer a convenient framework for the analysis and
modelled the progression of chronic disease processes frequently (Cook & Lawless, 2014),
(Josephine, 2018), (Meenaxi & Singh, 2022).

The probability of a patient transiting from states 1, 2, 3A, 3B, and 4 to state 5 after one month is
0.0014, 0.0007, 0.001, 0.0004, and 0.0018, respectively. The estimated sojourn times for stages 1,
2,3A, 3B, and 4 are 16.5, 14.5, 15.5, 30.3, and 53.8 months, respectively. The results show patients
that speed limits the progression of CKD from stages 1, 2, and 3A to severe stages and stays more
in stages 3B, and 4 before progressing to kidney failure stages. Since the results of the transition
count show that the number of patients within stages 1, 2, and 3A was small, a large number of
participants started follow-up in stages 3B and 4. Then, after regular monitoring and appropriate
management of CKD, progress slowly and more slowly. This result was not similar to the studies
done by (Taha & Mohammad, 2023) and (GROVER et al., 2019b). Grover et al., 2019 found that
the probability of patients moving from stage 1 to the most severe CKD stages is more likely that
CKD patients of stage 1 will remain in stage 1 over five years of time than those moving to higher
stages, and the result showed that the mean sojourn time for stage 1 was the highest. Stage 2 and
Stage 3 also have considerably high sojourn times. This proves the slow progression of CKD in

earlier stages.

Sex has a high effect on the transitions from the good stage to the severe stage, with males having
higher risks than females. Male patients in state 1 are at a higher risk [HR: 1.61; 95% CI (0.86—
2.97)] of disease progression compared to females at other stages. Additionally, male patients’
stage 3A have a higher risk of regress than other stages. This is in accordance with the most recent

study that used a multi-state model to understand the progression of chronic kidney disease (Lintu
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et al., 2022). The highest hazard ratios for the sex effect are observed for the transition from stage

1 to stage 3B, indicating that this is the most critical transition in terms of risk factors.

This study shows that age was an important socio-demographic factor that is positively associated
with the progression of CKD patients with most of the transitions in stages, except for 3B to 5.
This means that as age increases, the likelihood of moving from one stage to another also increases.
These findings contradict with study conducted by (Chang et al., 2019). The study showed that
age as a risk factor found that in CKD patients, every 10 years rise in age will decrease the risk of
dialysis (HR: 0.95, 95% CI: 0.91-0.99).

In our study, hypertension was the most common comorbidity (67.5%). Similar findings were
reported by other studies: 91.1% (Kefale et al., 2018) and 80% (Berhe et al., 2023) in Ethiopia.
The hazard ratio for CKD progression was higher for patients with hypertension than those without

hypertension in most comparisons.

The study indicated that diabetes patients with stage 3B disease and stage 4 disease had a higher
risk of progressing to kidney failure (stage 5 CKD) when compared with CKD stage 3A patients
without diabetes. Other studies also documented similar findings (Zhang et al., 2022). A study
discovered that people with diabetes had significantly higher CKD G3b and G4 patients had a
higher risk of progression to ESRD when compared to people without CKD G3a. The result
implied that most of the hazard ratios are greater than 1, indicating that diabetes increases the risk
of moving to a higher stage of CKD. This is consistent with the finding of (Taha & Mohammad,
2023), who also reported that diabetes was a significant factor in the progression of CKD, with a

higher risk of moving from stage 1 to stage 2 and from stage 3B to renal failure.

This study also found that lower haemoglobin, higher urea, higher potassium, higher phosphate,
and lower sodium were associated with a higher risk of CKD progression, and the effect of these
variables varied depending on the initial and final CKD stages. The study showed that potassium
had positive associations with CKD progression from stage 4 to stage 5 CKD. These findings are
correlated with recent studies (RK & Nagdeve, 2023). The study found that as the stages of CKD

get worse, the serum potassium value is also found to be higher.
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CHAPTER FIVE

CONCLUSIONS AND RECOMMENDATIONS

5.1 Conclusions

This study evaluated the progressions of chronic kidney disease CKD longitudinally and its
possible predictors via time continuous homogenous Markov model. Model with and without
covariates have been compared using the LRT and, the model with full model exhibited the best
fit model.

Prognostic factors like being male, having a history of Diabetes, having a history of Hypertension,
and having a history of heart disease were the factors that had a higher risk of progressing to severe
stages in CKD patients, and Age, Haemoglobin, and Potassium were positively (or harmfully)
associated with the progression of eGFR or CKD stages. Whereas Phosphate, Sodium, and Urea

were negatively associated with the progression change of eGFR or CKD stages.

The transition probability from a given good stage to the next worse stage increases with time,
reaches its optimum (peak) at a time, and starts to decline as time goes on. This means that there
is some period of time when the probability is highest for a patient to transit to a worse state of the

disease. Intervention for patient care may minimize such an effect.

According to the reliability (survival probability) analysis, all survival probabilities of CKD
patients’ stages are declining over time, which suggests that improving patient circumstances

(implication) is necessary to keep the probability of survival as high as possible.

The estimated mean duration of stage 4 CKD patients was the longest, followed by stage 3B, while
the expected mean duration of stage 2 CKD was the shortest. The probability of a patient with
chronic kidney disease (CKD) being in that stage of the disease decreases as time increases.
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5.2 Recommendations

Based on the findings of the study, we recommend the following:

e The Ministry of Health and policymakers should work on raising awareness about the risk
factors for CKD progression because it is the most serious disease in the world.

e Health workers should be careful to follow up on patients with a history of diabetes,
hypertension, or heart disease to reduce the risk of CKD patients’ progression.

e Patients need to regularly check their eGFR on the appropriate day in order to know their
disease stage, improve survival probability, and pay attention to the implications of
electrolyte level.

e Researcher should be done in the area using the most developed and flexible
methodologies, including covariates like body mass index (BMI), educational level,

albumin (Alb), cardiovascular disease, and smoking status of patients.

5.3 Limitation of the Study

Since this study was based on retrospective secondary data from chart review (electronic database
i-care), some important or potential predictor variables (sociodemographic and clinical) like Body
mass index (BMI), educational level, Albumin (Alb), cardiovascular disease and Smoking status
of patients which predict the evolution of chronic kidney disease which change the progression of

disease were not available on patient’s chart.

Most of research were done about prevalence of CKD, Predictors of Glomerular Filtration Rate
and Time to Develop End-stage for CKD and on few on progression CKD using Markov process
by merge stage of kidney disease, so there was scarce of literature on our country specifically in
the study area related to progression of CKD using Kidney Disease Improving Global Outcome
(KDIGO) stages i.e., stagel, stage2, stage 3A, stage 3B, stage4, stage 5. Therefore the authors faced
regarding to discuss with another study or scarcity of literature on this study, especially in our

country.
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Appendix |
Table 4A: Observed number of patients in each state evaluated at 10 equally spaced.

Time Stagel Stage? Stage 3A | Stage 3B | Stage 4 Stage 5 Total
1 51 77 68 54 14 2 266
6.9 51 76 66 54 17 2 266
12.8 31 64 67 71 23 3 259
18.7 21 54 59 86 30 7 257
24.6 14 37 46 103 41 10 251
30.5 12 19 37 105 44 15 232
36.4 9 12 34 99 49 19 222
42.3 9 5 21 64 67 29 195
48.2 5 5 14 43 58 35 160
54.1 5 2 7 27 32 45 118
60 0 0 1 3 5 27 66

Table 4B: Expected number of patients in each stage evaluated at 10 equally spaced intervals

Time Stagel Stage? Stage 3A | Stage 3B | Stage 4 Stage 5 Total
1 51.00 77.00 68.0 54.0 14.0 2.00 266
6.9 35.67 61.99 66.0 71.3 25.8 5.24 266
12.8 24.29 47.50 59.1 81.1 37.7 9.40 259
18.7 16.86 36.45 51.7 87.3 49.9 14.82 257
24.6 11.52 27.17 43.3 87.7 60.3 21.03 251
305 7.45 18.97 335 80.3 65.3 26.51 232
36.4 4.98 13.58 26.3 74.0 70.2 32.98 222
42.3 3.01 8.87 18.7 61.1 67.1 36.28 195
48.2 1.76 5.37 12.2 46.2 58.3 36.15 160
54.1 0.91 291 7.1 30.9 44.6 31.56 118
60 0.35 1.19 3.1 15.5 25.4 20.46 66

Table 4C: Observed percentages of patients in each state.
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Time Statel State2 State3 State4 Stateb State6
1 19.17 28.95 25.56 20.30 5.26 0.75
6.9 19.17 28.57 24.81 20.30 6.39 0.75
12.8 11.97 24.71 25.87 27.41 8.88 1.16
18.7 8.17 21.01 22.96 33.46 11.67 2.72
24.6 5.58 14.74 18.33 41.04 16.33 3.98
30.5 5.17 8.19 15.95 45.26 18.97 6.45
36.4 4.05 5.41 15.32 44.59 22.07 8.56
42.3 4.62 2.56 10.77 32.82 34.36 14.87
48.2 3.12 3.12 8.75 26.88 36.25 21.87
54.1 4.24 1.69 5.93 22.88 27.12 38.14
60 0.00 0.00 1.52 4.55 7.58 89.36
Table 4D: Expected percentages of patients in each state.
Time Statel State2 State3 State4 State5 State6
1 19.17 28.95 25.56 20.3 5.26 0.75
6.9 13.41 23.31 24.84 26.8 9.70 1.96
12.8 9.38 18.34 22.80 31.3 14.54 3.62
18.7 6.56 14.18 20.12 34.0 19.41 5.76
24.6 4.58 10.83 17.24 34.9 24.02 8.37
30.5 3.21 8.17 14.42 34.6 28.14 11.42
36.4 2.24 6.12 11.84 33.3 31.63 14.85
42.3 1.57 4.55 9.57 31.3 34.40 18.60
48.2 1.09 3.36 7.63 28.9 36.45 22.59
54.1 0.76 2.47 6.02 26.2 37.79 26.74
60 0.53 1.81 4.70 23.5 38.47 30.99
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Appendix 11

Annex 1: Data abstraction form

Title of research: Application of Multistate Markov on Progression of Chronic Kidney Disease

CKD in case of Tikur Ambessa Specialized Hospital, Ethiopia.

Objective of the study: The objective of the study is to model and identify risk factors of
progression of Chronic Kidney disease CKD of patients in Tikur Ambessa Specialized Hospital

using multistate Markov processes from September 2015 to February 2022.

Data collection procedure: To achieve the above objective, this checklist was prepared for
collecting information on socio-demographic, laboratory test, and comorbidity related risk factors
of progression of Chronic Kidney disease CKD of patients. The data will be collected by health
professionals after training will be given.

Risk or discomfort: As data were collected from records, there was no harm or discomfort to

patients whose cards is reviewed.

Benefit: Although this study has no direct benefit to patients, the result of the study is helpful in
the hospital care of CKD patients which helps in determining the risks and support early decision

in developing treatment plan

Confidentiality: Trained health professionals would collect data and information will be stored
without including the name and address of the patient. The information collected was kept secretly

and revealed to principal investigators only.

Contact information
Principal investigator: Zelalem Tolosa

Cell phone: +2519 24194777

Major advisor: Selamawit Serka (PhD)
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Question for gathering data from recorded document and background of individual patients.

1) Socio-demographic information of patients.

Medical number of patient ID Sex of patient (male, female) Age of patient in

year

2) Did the patient have laboratory test during their follow up time (period)?
l:yes 2: no

If yes for # 02, then fill the following table for given variable values recorded?

Medical Time Serum Urea Phosphorus | haemoglobin | Sodium, | Potassium,
number of | of creatinine, | protein (mg/dl) (Hgb), (mEg/L) | (mmol/L)
patient ID | follow | (mg/dl) (mg/dl) (gm/dL)

up
0001 1

2
0002
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3) Did the patient have comorbid illness? 1. Yes 2. No If yes for # 03, then which one?

Medical number
of patient ID

history of diabetes
(0=no, 1= yes)

Hypertension (HTN)
(0=no, 1=yes)

Heart disease (0=no,
1=yes)
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Annex 2: Ethical clearance.




