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Abstract

Background: Chronic kidney disease (CKD) is a condition that decreases kidney function and can
finally leads to renal failure. The progression of CKD is a complex process with different intermediate
events. This complex disease processes may be efficiently handled with a multi-state model rather
than a simple survival model. Therefore, this study aims to model the progression of CKD using a

continuous time multi-state Markov (MSM) model which evaluates the defined stages of the disease.

Methods: This study is a retrospective cohort study of 194 CKD patients who were visited 1506 times
in JUMC starting from february 2019 to february 2024. The CKD progression can be analyzed using
the multi-state model to assess the effect of different risk factors on the transitions rates between each
stages. The MSM model is employed to estimate the transition probabilities, transition intensity and

sojourn time along with p-next probabilities between the stages of the underlying disease.

Results: CKD is asymptomatic in its early stages, with only 15.9% of patients in stage 1, while 26.2%
of patients are in stage 5. The transition probabilities of patients from any stable stages to worst
stage are increasing over time, while the probabilities of remaining in the same stage is decreasing.
The average duration patients spent in stages 1, 2, 3, and 4 before transiting to other stage was 4.33,
4.44,5.79, and 4.57 months respectively. For transition from stage 3 to stage 4, serum creatnine, urea
protein, sodium and hemoglobin were associated with risk of progression. Patients with diabetes were
2.58 times more likely to move from stage 1 to stage 2 than those with no diabetes (HR = 2.58, CI
= 1.44, 4.62). The progression of CKD was significantly accelerated with predictor variables serum
creatnine, urea protein, hemoglobin, sodium, and patient’s co-infected with diabetes, hypertension,

cardiovascular disease and anemia.

Conclusion: The mean sojourn time together with p-next probabilities in this study provides more
perceptible parametric information of the multi-state continuous time model based on markov processes
than transition intensity. This study concludes, chronic kidney disease predominantly affects an older,

male, rural demographic patients; and is commonly accompanied by HTN, diabetes, CVD and anemia.

Key Words: Multi-state markov model, Chronic kidney disease, End stage renal disease, Glomerular

filtration rate, Transition intensity.
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1 INTRODUCTION

1.1 Background of the Study

Chronic kidney disease (CKD) is a condition that decreases kidney function and can finally lead to
renal failure. It 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. 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. This chronic disease is a leading cause of global loss of life and one of the fastest-
rising major causes of death over the globe [1], by affecting over 850 million people worldwide [2].
Many diseases can develop CKD, among them diabetes, high blood pressure, hypertension, hepatitis,

HIV/AIDS, congestive heart failure, and sickle cell anemia might typically be present [3].

A higher percentage of people with CKD are older adults, and people who also have other health
problems such as diabetes and hypertension [2]. Low- and middle-income countries, which are least
prepared to handle its effects, suffer a particularly heavy burden from CKD [2]. In Sub-Sahara Africans
(SSA), CKD is highly prevalent affecting young adults aged 20-50 years, and is primarily due to
hypertension and glomerular diseases [4,5]. Currently, in Ethiopia CKD has emerged as a major
concern, with a notable impact on males and individuals with a history of kidney infections [6, 7].
Recent cross-sectional study by Kore et al., (2018), indicates the prevalence of CKD in Ethiopia is
high and has increased in the last few years to be 12.2% with an increased prevalence of diabetes and

hypertension which shows it is becoming one of the public health problems [6].

The increasing prevalence of CKD has emerged as a critical public health issue [2]. However, if
kidney issues are caught early and treated, they can be prevented altogether [8]. Due to frequent
hospitalizations of patients with renal disease, their physicians are interested in the insights gained
from modeling outcomes, such as persistence, and disease progression [9]. Especially modeling the
progression of CKD is more important, because of understanding it’s progression is crucial for effective
management and intervention strategies [10]. However, not much attention is given to the progression

of CKD, and few studies have been conducted in our country regarding kidney failure.

The progression of chronic kidney disease is a complex process with different intermediate events of
interests [11], that means CKD progresses through multiple states namely; initial, intermediate/transient
and absorbing states. It has five phases (stages) based on the estimated glomerular filtration rate

(eGFR) according to KDOQI score [12]. The KDOQI score guidelines describe CKD as kidney disease



or decreased kidney function that has been present for more than three months and is verified by
abnormalities in blood or urine testing. The five stages of CKD, from 1 through 5, reflect the degree of

severity of the disease [12].

In the analysis of time-to-event outcomes, such as progression-free survival, standard methodology
for survival analysis is commonly used [13—15]. However, such methodology may not adequately
capture the process of any disease as the progression of disease may occupy intermediate events of
interest. Thus, multi-state model which is used for modelling time to multiple events of interest offers
a valuable approach to investigate how treatments influence different intermediate events that patients
may encounter in complex conditions [16]. These types of modelling approach is used particularly in

medical applications in which levels of a disease are represented by the states in the model [17-23].

By employing a multi-state markov model, which is a well established and widely used model for
describing an individual’s movement between a series of states in continuous time, we can explore how
a specific treatment influences transitions between different stages of chronic kidney disease, providing
a more comprehensive insight into the treatment’s effect and the progression of the disease [24].
When examining patient progression through consecutive stages of a chronic condition, multi-state
continuous time markov is preferable to discrete-time markov chains because transitions may be slow,

have smaller probability, and cannot be correctly characterized in discrete time units.

In this context, the present study aims to apply multistate markov models to investigate the progression
of CKD, unraveling the intricate pathways through which the disease evolves. The model estimates the
effect of different factors on complex disease processes; and estimates the transition rates between the
stages of CKD in continuous time [24-27]. Thus, this study is aimed to identify factor that affect the
progression of CKD patients using multi-state continuous-time markov models at Jimma University

Medical Center (JUMC).

1.2 Statements of the Problem

Although CKD is a prevalent health issue, and the burden of CKD is still severe and several problems
like prognostic factors influencing progression are hindering a comprehensive understanding of CKD
progression in Ethiopia. Though different studies were done in Ethiopia on the prevalence of CKD [6,7],
as far the investigator’s knowledge there is no previous studies conducted on the progression of CKD
with multiple transitions among it’s states in Ethiopian context using MSM modelling. The transitions
of a subject from one state to another can be modeled and the risk factors associated with the transitions

can be identified using a multi-state model [11,28]. Hence, this study is motivated to identify prognostic



factors that either accelerate or decelerate the progression and development of CKD.

From the methodological point of view, different studies like Grover, Sabharwal, et al., (2018) and
other studies have been done on CKD disease progression using MSM to model the pre-defined
patients stage [10,28,29]. While these studies provided insights into the investigation of progression
patterns of CKD, the inferences drawn about the effects of prognostic factors on the transition intensity
were inconsistent. Therefore, to investigate consistent valuable insight into progression of CKD, it is
essential to estimate the impact of different prognostic factors on the transition rates of CKD stages;

and the duration that the CKD patient spend in each stages before transiting to other stages.

Furthermore, previous studies have primarily used reversible transition probabilities for CKD [29].
However, the progression of CKD stages is naturally irreversible deterioration in renal function [30].
Additionally, different studies conducted on progression of CKD finds only mean sojourn time for each
stages to conclude the progression of the disease without finding the probability of transition between
the stages [29,31]. However, the transition probability along with sojourn time gives comprehensive
insight into the idea of CKD disease progression [11,24]; and MSM model is said to be completely
specified if the transition probability matrix is completely specified along with the expected sojourn
time of each stage [32]. Hence, it is essential to analyze the transitional probability between stages of

CKD in addition to mean sojourn time to investigate valuable insight into the progression of CKD.

Generally, since the researcher did not yet find a study conducted on modeling the progression of CKD
using the MSM model in Ethiopia and the cases under study is found to be really a predominant issue,
it happened to be a reason to conduct this study. Therefore, this study aims to fill this literature gaps
as well to model chronic kidney disease progression and determine prognostic factors that affect the
transition between different states of chronicity among CKD patients receiving treatment through the

application of continuous time MSM process in the case of Jimma University Medical Center.

Thus, this study addressed the following research questions regarding the progression of CKD:
e Which risk factors significantly accelerate or decelerate the progression of CKD?
e What is the probability of a patient moving from one state to another state in continuous time?
e What is the effects of prognostic factors on the transition between different stages of CKD?

e What is the average duration that CKD patients spend in each state?



1.3 Objectives of the Study

1.3.1 General Objective

The general objective of this study is to employ the multi-state continuous time markov processes for
modelling the progression of chronic kidney disease among patients admitted to Jimma University

Medical Center.

1.3.2 Specific Objectives
¢ To investigate the factors that either accelerate or decelerate the progression of CKD.

e To analyze the transition probabilities between the stages of CKD using the multistate markov

model.

e Estimating the effects of the prognostic factors on the transition between the stages of CKD

using the cox-proportional hazard.

e To estimate the mean sojourn times for CKD patients.

1.4 Significance of the Study

The results of this study is utilized to demonstrate the key elements that significantly influence the
development of CKD. It may help in providing information for health professionals (clinicians), policy
makers and other governmental and non-governmental organizations for facilitating and enhancing
the awareness of society about CKD and to give attention for this silent killer disease and minimize
the risk of CKD both nationally and in the study area. Especially for clinicians it will be beneficial
since the clinicians will be able to see how patients progress from certain states and in which way
clinical factors and demographic factors influence the disease progression. Ultimately, the importance
of this study will be useful for Academician or Biostatisticians to build a platform to be able to do
further research to enable building a forecasting tool to predict the progression of CKD. Additionally,
modeling the evolution of the disease will assists in gaining an idea of the anticipated severity of the
condition and future researchers may uses the study’s findings as a source of information or uses as

references.

1.5 Operational Definition

Chronic: Means ongoing (persistent or long-term). It does not mean ’severe’ as some people think.

One can have a mild chronic disease. Many people have mild CKD.
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Absorbing: An absorbing state is a state from which there is no escape.

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.
Renal: Relating to the kidney.

End-stage renal disease (ESRD): Is the last stage of chronic kidney disease which is a world-wide
public health problem and it is associated with adverse outcomes of kidney failure, cardiovascular

disease and premature death.

Co-morbidity: Presence of any two or more of morbid condition or disease that occur in one person

at the same time.

Homogeneous Markov chain: A Markov chain is called homogeneous if and only if the transition

probabilities are independent of the time ¢.

1.6 Organization of the Study

This thesis is organized into five chapters. Chapter one contains the introduction of the research
work, which describe the background of the study, statements of the problems, objectives of the study,
significance of the study and operational definition for some terms. Chapter two provides the literature
review which includes the overview of CKD, prognostic factors of CKD and the methodological review.
Chapter three presents the detailed methodology used for the study whiles chapter four covered the
data analysis, interpretation and discussion of the results. The final chapter (chapter five) is devoted to

the conclusion and recommendations of the study depending on the results.



2 LITERATURE REVIEW

2.1 Definition and 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. It 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 [33]. 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.
The utility of the concept is that recognition of CKD will have implications for the individual and their

care [30].

Traditionally, kidney failure or damage has been perceived as the most severe consequence of CKD,
characterized by structural or functional abnormalities beyond decreased GFR. Symptoms mainly arise
from complications of reduced kidney function and, in severe cases, necessitate treatment through
dialysis or transplantation [34]. The early stages of kidney disease often present no symptoms, typically
discovered during the evaluation of concurrent conditions and may potentially be reversible. While
certain rapidly progressive conditions can lead to kidney failure within months, many diseases progress
over decades, and some patients show no advancement over several years of monitoring. In the 2015
global burden of disease study, CKD emerged as a leading cause of global years of life lost and one of
the rapidly increasing major causes of death, with a 31.7% rise in overall mortality due to CKD from

2005 to 2015 [1].

The rates of end-stage renal disease incidence and prevalence exhibit significant variation in CKD
epidemiology. A substantial majority, over 80%, of individuals undergoing ESKD treatment are
concentrated in nations with sizable elderly populations and accessible healthcare [3]. In high-income
countries such as the USA and Australia, CKD prevalence often surpasses 11%. Furthermore, the
occurrence, prevalence, and progression of CKD demonstrate variations based on ethnicity and so-
cioeconomic status within countries [35]. Individuals in the lowest socioeconomic quartile face a 60%
higher risk of developing progressive CKD compared to those in the highest quartile [3]. Notably, the
likelihood of both CKD development and disease progression is heightened among Black and Asian
populations in the UK, Hispanic communities in the USA, and Indigenous groups in Australia, New

Zealand, and Canada [36].

The majority of the world’s population lives in Low medium income countries, where most of the

population growth is also occurring [37]. The global CKD is heterogeneous, as shown by epidemio-



logical research from low- to middle-income nations in sub-Saharan Africa, Asia, and Latin America.
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% [38], in Egypt
10.6% [39], Tanzania 7% [40], Senegal 6.1% [41], Ghana 4.7% [42] and Kenya 4% [43].

According to 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 [44]. However, Ethiopia is one of the low- and
middle-income nations in the sub-Saharan region. 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 [44].

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 [45]. Oromia, with a prevalence of 32.55%, has the greatest prevalence of chronic kidney disease
among individuals with other chronic conditions [45]. The stage of CKD, the pooled prevalence of
individuals with stage 1 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%) [45].

2.2 Review on Prognostic Factors Affecting CKD Progression

Risk factors associated with CKD progression, CVD and other CKD complications are highly interre-
lated [36], and hence so is their management. We use the term "CKD treatment and risk modification"
to encompass the aim of CKD treatment, which is to impart meaningful beneficial effects on "CKD man-
ifestations" and on "CKD outcomes". CKD manifestations include symptoms and clinical/laboratory
abnormalities associated with CKD which confer health implications. These include increased BP,
anemia, dyslipidemia, potassium disorders, severe acidosis, decreased fertility, and increased risk
of complications of pregnancy [36]. The com-morbidities like CVD, HTN, and diabetes are highly

associated with the development and progression of chronic kidney disease [46,47]

Additionally, serum creatinine, urea, potassium, and sodium in blood are risk factors for CKD progres-
sion [48,49]. Reducing the risk of CKD progression by targeting its underlying pathophysiology may
have beneficial effects on a range of CKD manifestations and CKD-associated outcomes, whilst some
complications may need specific targeted interventions. Healthcare systems should aim to provide

safe and proven cost-effective therapies which achieve CKD treatment and risk modification and to



minimize limitations to access for people with CKD as their disease can substantially impact on quality
of life and healthcare system resources. A key goal for healthcare providers should be to identify

people at risk and start treatments early in the course of CKD in order to maximize potential benefits.

The study by Caldeira, T.C.M. et al. investigated the temporal trends in comorbidities of obesity with
hypertension or diabetes over a 16-year span from 2006 to 2021. Their findings revealed a notable rise
in incidence among male and elderly cohorts over time [50]. Additionally, Sun MX et al. conducted a
study on the prevalence of various diseases in the Chinese population, assessing different comorbidity
patterns and their associated risks of all-cause mortality. Their analysis identified hypertension-chronic
kidney disease and hypertension-diabetes-chronic kidney disease as the most prevalent comorbidity

pairs, with diabetes-chronic kidney disease carrying the highest mortality risk among them [51].

Sun, P. et al. developed a comprehensive simulation model depicting disease metastasis over the entire
life cycle. They established a simulation framework for the life cohort based on a probabilistic model of
chronic disease transition and validated its effectiveness using short and medium-term data [52]. Uddin
S et al. utilized 24 years of administrative medical data spanning from 1995 to 2018 to investigate
the progression of common chronic diseases and their primary comorbidities. By employing network
analysis techniques, they ranked the comorbid conditions most likely to precede the onset of various
diseases. Their findings indicated a heightened probability of cardiovascular disease and diabetes
leading to other comorbidities, a likelihood that also notably increased with advancing time and

age [53].

GROVER et al., (2019) applied the continuous time homogeneous MSM based on Markov processes
to progression of CKD [28]. They referred a retrospective study of 117 patients suffering from CKD
during the period March 2006 to October 2016. The results of their 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. They were also
recorded prognostic factors such as gender, age, body mass index, diabetes, hypertension, hemoglobin,
urea, serum creatinine, albumin and duration of the disease for each patient and found that the prognos-
tic 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 [28].

Lintu et al., (2022) in their study that is a study conducting on a MSM model for kidney disease
progression by using data obtained from 225 patients to see their kidney disease progression under

colistin therapy follow up from January 2016 to December 2017 in Kasturba Hospital, India. The
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results of the study showed that a total of 83 (36.89%) patients died in the hospital [29]. The prognostic
factors such as gender, hypertension, sepsis, and surgery are significant factors affecting the progression

of kidney disease in different stages [29].

The study conducted by Taha & Mohammad (2023) in south-eastern Indian state from Shar Hospital
aimed to develop a multi-state model to analyses the progression of chronic kidney disease (CKD)
and the effect of risk factors on it [31]. They used retrospective study of 153 CKD patients seen
between February 2015 and May 2022. Under their study each patient’s gender, age, BMI, diabetes,
hypertension, HIV/AIDS, Corona virus, smoking status, urea, serum creatinine, albumin, and disease
duration were noted as predictive markers . The progression of CKD modelled and analysed using
multi-state models based on markov processes and found that age, gender, diabetes, hypertension, and
proteinuria were significant risk factors for CKD progression [31]. They also found that the risk of
CKD progression increased with increasing proteinuria and age [31]. 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.

Another study conducted on progression of CKD by Grover, Sabharwal, et al., (2018) 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 [10]. 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 [10]. The probability of a CKD patient with stage 1 of disease misclassified
as a patient of stage 2 is 0.211 [10].

2.3 Equations used in Calculating Glomelural Filtration Rate

Globally, creatinine became known for the first time in 1847, and it was suggested as a filtration marker
in 1926 [54]. 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 standardization 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 [54].

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 [55]. 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 as a factors are included in this equation. Inker
et al., validated a new CKD-EPI creatinine equation in 2021 that used the same regression function as
the existing equations but did not include race as an explanatory variable of eGFRcr [55]. 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 [55].

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 éGFR [55]. 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. [12]

2.4 Overview of the Multi-state Markov Model

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., e€GFR in scaling stage of CKD using Kidney Disease Outcomes Quality
Initiative (KDOQI)) [30]. 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).

A study by Shih et al., (2007) define that most of the time the status of the disease in epidemiology
expressed as a dichotomous state i.e., disease and non disease [8]. 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 modeled using multi-state models. These models are helpful for

studying the development and natural history of the related disease.
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Jackson, et al. (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 [11]. A number of people are observed during the stage .S;(¢) at
arbitrary times ¢, which may differ between people. A homogeneous continuous time markov process
could be used to simulate the stages of disease. Sometimes the disease under study is thought to be
irreversible (or uni-directional), in which case the transition intensities corresponding to recovery are
taken to be 0. In addition to that Grover, Sabharwal, et al., (2018) 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 [18].

Le-Rademacher et al., (2018) in their study of time-to-event outcomes, progression-free survival, or
full response are frequent clinical endpoints in oncology studies analyzed using standard methodology
for survival analysis [24]. 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 [24]. It’s important to

balance complexity with usefulness, though, as it is with any statistical models [24].

In a prospective cohort study conducted in the United Kingdom, involving 1,325 patients with CKD
stages 3-5 and an average age of 65.1 years, findings revealed that 20% of the participants passed away
(equivalent to 9.6 deaths per 100 patient-years) over a median follow-up period of 26 months [56].
Among them, 13% reached the endpoint of Renal Replacement Therapy (RRT) with a frequency of 5.1
events per 100 patient-years. The application of a Markov model for projections indicated a consistent
decline in proportions for stages 3 and 4, a continuous rise in mortality and RRT occurrences, and a
biphasic trend for stage 5 (non-RRT), featuring an initial plateau in the first 2 years succeeded by a

gradual decline thereafter [56].
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3 METHODOLOGY

3.1 Study Area

The study was conducted at Jimma University Medical Center (JUMC). Jimma University Medical
Center is now the main teaching medical center 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. The various departments, faculties and residents under
specialty training in the School of Medicine provide patient care in the center. Currently it is the
only teaching and medical center in the southwestern part of the country, providing services for
approximately 15,000 inpatient, 160,000 outpatient attendants, 11,000 emergency cases and 4500

deliveries in a year coming to the center from the catchment population of about 15 million people.

3.2 Study Design and Target Population

This study is a retrospective cohort analysis on CKD patients who were receiving follow-up treatment
at JUMC. The population of this study was all patients of CKD who had been under follow up starting
from february 2019 to february 2024. We consider all patients under follow up as target population.
All the data was carefully reviewed from the registration logbook and patients’ registration card; the

inadequate information counters were checked and excluded from analysis.

3.3 Sample Size

The number of participants was defined after counting the number of patients that met the CKD criteria
according to KDOQI and had an electronic medical record in JUMC. No formal sample size calculation
was made in this study, since the entire population that met the inclusion criteria was included. The
total number of patients considered in the study was 194 individual patients who visited 1506 times in

the follow up period.

3.4 Inclusion and Exclusion Criteria

3.4.1 Inclusion Criteria

All CKD patients who had begun their follow-up and had their serum creatinine measured at least once
every three months during their follow-up at JUMC were included in the study. The patients registered

with appropriate information in the registration card, were considered eligible for the study.

12



3.4.2 Exclusion Criteria

The CKD patients who were lost from the study without starting any treatment were not included in
this study. Additionally, the patients who had incomplete information regarding essential follow up

data on clinical parameters on the registration card were not eligible for the study.

3.5 Data Collection Methods

The retrospective cohort data for this study was collected by trained two nurses and the principal
investigator. The two nurses were trained regarding the appropriate use of data collection instruments,
focusing on uniform interpretation of questions, strict adherence to study criteria, explanation of study

objectives, and ensuring the confidentiality of the collected data.

3.6 Data Structure

Data arrangement is an important step in fitting a multi-state model. While documenting the data we

have to make sure that all information from a single patient is included under the same unique ID.

Table 3.1: Sample data layout for a multi-state model..

ID  Duration Age Gender Residence SCr ... States Diabetes HTN ... Covid-19
1001 0 44 0 1 1.2 ... 1 0 0o ... 0
1001 3 44 0 1 1.3 1 0 0 0
1001 6 44 0 1 204 ... 2 0 1 0
1001 8 44 0 1 48 ... 5 0 1 1
1001 9 44 0 1 6.4 5 0 1 1
1194 0 30 1 1 3.08 3 0 1 0
1194 3 30 1 1 3.20 3 0 1 0
1194 6 30 1 1 5.30 5 1 1 0
1194 8 30 1 1 9.50 5 1 1 0
1194 9 30 1 1 13.90 5 1 1 0
1194 10 30 1 1 8.75 5 1 1 0

ID= patient identification number, SCr= Serum creatnine, HTN= Hypertension

3.7 Study Variables

The variables that the researcher is considered in this study were selected based on related literatures.

The models consider demographic characteristics, comorbidity conditions and clinical flags to describe
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an individual.

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 estimated glomerular filtration rate (¢GFR) or level of eGFR.
Thus, the main response variable is the change in measurement of eGFR stage of patients in an interval
of three months. CKD was diagnosed and classified in to five stages, i.e., stage 1, stage 2, stage 3, stage
4 and stage 5 according to KDOQI clinical practice guideline which are "irreversible" and describe the

degree to which kidney function has deteriorated in nature [57], and they are described as follows;

Table 3.2: Chronic Kidney Disease Staging.

Stage (level eGFR) Description e¢GFR (ml/min/1.73 m?)
1 Kidney damage with normal | in GFR > 90
2 Kidney damage with mild | in GFR 60 — 89
3 Moderate | in GFR 30 — 59
4 Severe | in GFR 15—29
5 Kidney failure < 15 (or dialysis)

Many patients who have CKD, progresses through these stages. The stages of CKD are continuous
in time and only make forward transition. That means, a patient may make forward transition only
among different transient states continuously at any given time, not just at specific time points or
intervals. Unfortunately, GFR lab tests are fairly expensive, so doctors typically estimate glomerular
filtration rate (eGFR) to define the patient’s disease stage [12]. For some of the patients we ourselves
computed the eGFR to define the CKD patient’s stage using the formula for eGFR; see the formula in

Appendix A.

3.7.2 Explanatory Variables

The candidate explanatory variables that may have influence on the prediction of the response variables
considered in the study were, demographic factors, clinical risk factors and co-morbidity factors. The

list of the variables with their categories are given below.
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Table 3.3: Prognostic factors that influence the progression on CKD and their coding

Variables Coding
Age Continuous
Gender 0 = female, 1 = male
Residence 0 =rural, 1 = urban
Urea protein (mg/dl) Continuous
Serum creatinine (mg/dl) Continuous
Hemoglobin level Continuous
Potassium (K) Continuous
Sodium (Na) Continuous
Diabetes 0=no, 1 =yes
Hypertension (HTN) 0 =no, I =yes
Cardiovascular disease 0=no, 1 =yes
Smoking status 0=no, 1 =yes
Heart Disease 0=no, 1 =yes
HIV/AIDS 0=no, 1 =yes
Anemia 0=no, 1 =yes
Covid-19 0=no, 1 =yes

Urea should range from 42 to 131 milligrams per deciliter (mg/dl), and serum creatinine should be

less than 1.4 mg/dl for nephropathy to be diagnosed.

3.8 Progression Procedure of Chronic Kidney Disease

The procedure of CKD progression involves a structured series of stages based on changes in kidney
function, typically defined by eGFR and the presence of kidney damage. These stages provide a
framework for monitoring and managing the progression of CKD, guiding healthcare providers in
assessing the severity of the disease and determining appropriate interventions. 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. The arrows on the diagram 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 1: State Transition Diagram

3.9 Method of Data Analysis

The baseline characteristics of the study participants are reported using descriptive statistics. Descrip-
tive analysis is used to describe the sociodemographic and clinical data. For continuous data, the mean
and standard deviation (SD) are used, and for categorical data, frequencies and percentages are used.
A multistate model is applied to assess the relationship between the clinical conditions of patients and
to determine the effects of covariates on individual states (section 3.9.1). The data is first entered into

SPSS and then exported to R statistical software version 4.2.2 for further analysis.

3.9.1 The Multi-State Model
3.9.1.1 Introduction

Multi-state models are basically a generalization of survival models. While a survival model considers
time to some event, a multi-state model deals with a system of related events. This system of events is
described by defining a set of states and viewing events as transitions between states. Many results
from survival analysis can be extended to multi-state models since a multi-state model can be seen
as a composite of single transitions. One of the most apparent differences is that in a multi-state
model, a subject is often under observation for more than one event at a time. Thus, the Multi-state

methods model the transitions between multiple states. Under the markov assumption, only transitions
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between consecutive visits are included in the likelihood formulation. These methods are relatively
new-to-use in CKD literature, and have been used only for the last decade. Some studies directly model
transition probabilities using polytomous logistic regression, whereas some studies model transition

intensities [58]. A multi-state model based on transition intensity is the focus of this study.

Multi-state models have been thoroughly examined and discussed across various contexts. For instance,
Andersen and Keiding (2002) [59], Hougaard (1999) [60] and Putter et al. (2007) [61]. have provided
insights into different approaches to multi-state modeling. In essence, a multi-state model represents a
stochastic process where individuals occupy discrete states at any given time [60]. These states are
categorized into initial, intermediate/transient, and final/absorbing states. The absorbing state serves
as the endpoint, from which individuals cannot transition out once reached. Intermediate or transient

states lie between the initial and absorbing states [61].

The multi-state model is utilized to represent the progression of time in event data, where individuals
initiate in one or more states and may eventually transition to one or multiple absorbing states.
Essentially, it captures a process where individuals traverse a sequence of states continuously. In the
realm of Multi-State Models (MSMs), the primary objective is to explore the impact of various risk
factors and assess the relationship between different predictors and the desired outcome or variable of
interest. Transition intensities within MSMs signify the risks associated with transitioning from one
state to another, enabling the calculation of the average duration spent in a particular state, as seen in

the context of chronic kidney disease (CKD) progression [62].

The evolution of chronic kidney disease (CKD) across five distinct states is represented by a continuous-
time homogeneous multi-state Markov model. In a Markovian process, future events are determined
solely by the current state. The provided Diagram 1 illustrates this model. While CKD stages progress
continuously over time, the state transitions occur abruptly. Given that disease advancement unfolds
consistently over time and the transition probabilities between states are influenced by time but not
the specific timing of the transition occurrence, we adopt a Markov process-based continuous-time

homogeneous multi-state modeling approach.

3.9.1.2 Markov Process

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, 29, ..., z, 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 realization of the entire history of the process up to
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and including time ¢t be: X; = z;, X4 1 = 241, X4—2 = 24_9,... X7 = 21, Wwhere x;, 241, ... 21 are
a sequence of states at different time points. A random process is classified as a markov chain if it

satisfies the following condition:

P((Xt+1 = $t+1|Xt =X, X4l = Ty, ... Xq = $1) = P(Xt+1 = It+1|Xt = l’t)7 (3.1)

for every sequence 1, z;, 441 of the elements in E and every time point ¢ > 1.

3.9.1.3 The Transition Probability

The transitions of a markov model describe the likelihood of being in a particular state at some future
time, given the present state. A multi-state process is a stochastic process (X (t),t € T') with finite
state space S = {1,2,3,..., N} where T =[O0, t] is the period of observation. Consider

Pu(s,t) = P(X(t) = k|X(s) =1) for k,l € S and s,t € T":, where Py(s,t) can be interpreted as the
probability of entering state k at time ¢, conditional on being in state [ at time s. Let P(s,t) denote the
transition probability matrix with transition probabilities Py(s,t),k =1,2,...,5and [ =1,2,...,5
where Py (s,t) denotes Pr{an individual in state k at time s will be in state [ at time ¢}. The transi-

tion probability matrix P(s,t) is given by:

p11(s,t) pia(s,t) pis(s,t) pua(s,t) pis(s,t)
P21(s,t) p2a(s,t) pas(s,t) poal(s,t) pos(s,t)
P(s,t) = | psi(s,t) p3a(s,t) pss(s,t) psa(s,t) pss(s,t) | . (3.2)
P41 (57 t) p42(57 t) p43(87 t) p44<87 t) p45(57 t)
51(5,t) psa(s,t) Ds3(s,t) psa(s,t) Dpss(s,t)

Hence the progression of CKD into different states is irreversible and hence Py(s,t) = 0 for all
k > [. Stage 5 of CKD is an absorbing state and therefore Ps5(s,t) = 1. All the probabilities in
the transition probability matrix must be greater than or equal to zero, that is py(s,t) > 0,Vk,[ €
{1,2,...,5} and each row must sum to one >;_, py = 1,Vk, 1 € {1,2,...,5}.

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

homogeneous markov models, the dependency of ¢ is omitted.

3.9.1.4 Transition Intensity Matrix

This sub-section is primarily concerned with time-homogeneous progressive markov models in which

transition intensities are independent of time t. The intensity between two states k and [/, can be defined
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as the rate of change of the probability in a small-time interval §¢. Let S(¢) = k be the function of
current state of a patient at time ¢ then the transition intensity with which the patient moves to the state

[ during the time interval (¢,¢ + dt) is given by:

P(X =1lX; =k
)\kl(t) _ hm ( t,t+dt | t )

5t—0 ot ’ (3-3)

where )y, is the instantaneous risk of moving from state & to state [. Similar to the hazard function
in survival models, the transition intensities measure the instantaneous hazard of transition from the
current state & to another state / in the small time interval (¢, ¢ + dt). From the schematic diagram on

figure 1 above, the transition intensity matrix for the progression of CKD is given by:

— (A2 + Az + Mg+ Ais) A2 A3 Ala A
0 — (a3 + Aog + Aos) 23 Aog g3
Q) = 0 0 —(Asa+A35)  Ass Ags (3.4)
0 0 0 -5 a5
0 0 0 0

For a process with an arbitrary number of states, denoted by n, () is the transition intensity matrix (n
rows by n columns). The pace at which a system changes from one state to another can be calculated
instantly using the transition intensity.

Q(A) is 5x5 matrix denote transition intensity matrix with\;; elements of a multi-state process. Ay
denotes the transition intensity or instantaneous rate from k state to [ where £k = 1,2,3,4,5 and
[l =1,2,3,4,5. 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(\) is zero or if no way for k to

change to [, the entry (k) is zero.

II. The diagonal element of Q)(\) become:
Aok = X = — D A(t)
Lil#k
When k € S Since state 5 is an absorbing state, there is no chance of leaving it. Each row of the
transition matrix has a total value of zero. Finding the unknown transition intensities that optimize the

likelihood of a multi-state model is called "fitting" the model [63].

Therefore, the off-diagonals in this matrix are rates at which the subjects move into other states and
the diagonal elements are rates at which the subjects remain in their states . The transition probability

matrix can be obtained by taking the matrix exponential of the scaled transition intensity matrix
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P(t) = exp(tQ(A)). This equation can be expressed in-terms of Taylor’s theorem, see the formula in
Appendix A. The transition intensity matrix ()(\) and transition probability matrix P can be obtained
by maximising the likelihood, L(Q(\)). After the construction of L(Q())), the estimated intensity and
transition probabilities will maximise L(Q(\)) [64]. These all lead to the state occupation probability
which is the quantity most of interest in multi-state modeling. It involves combining the hazards and

probabilities of relevant transitions.

3.9.1.5 The Sojourn Time

Upon entering state k, the duration spent before transitioning to another state is referred to as the
holding time or sojourn time in state k. This metric holds significant importance in disease modeling
as it offers insights into the pace of disease progression. Longer sojourn times suggest a slower disease
progression, while shorter times indicate a rapid advancement of the disease. The sojourn time of a
process X within a subset of states is either an integer-valued random variable for a discrete chain or a
real-valued variable for a continuous-time process. In a continuous Markov process residing in state
k, the sojourn time is an independent, exponentially distributed random variable with a mean of ﬁ
or rate given by — ). [65]. The other components in the £t row of the transition intensity matrix
are proportional to the probabilities governing transitions to subsequent states following state k. The
likelihood of transitioning from state & to state [ (i.e., the conditional probability of moving to state [

from state k) is determined by:
— Akl
Akt

(3.5)

The new state and the sojourn time are only dependent on state k& and not on the history of the process
prior to time ¢. Therefore, the sojourn time and the new state are independent of each other, given that
the current state is state k. Here we estimate the mean sojourn time for each state except absorbing

state.

3.9.1.6 Multi-state Markov Model

A multi-state markov model describes the process in which a patient moves through a series of states.
Kaplan & Meier, (1958) [66] give a thorough introduction into the theory of continuous-time markov
chains. A single period of occupancy in state k has an exponential distribution with rate —\g; (or mean
A_Ti) in a time-homogeneous continuous-time markov model. The MSM model in continuous time are
often used in the progression of diseases. And it is said to be completely specified if the transition
intensity between different states are known or the transition probability matrix is completely specified

along with the expected sojourn time of each state [32].
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3.9.1.7 Homogeneous Continuous Time Markov

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

say [, ...,l;_, before finally entering state [ at time t.

For a continuous time, stochastic process [ X (¢), ¢ > 0] whose state space is S, we say it has the markov

property if:

P(X(t) = jIX(s) = i, X(tn-1) = in-1,... X(th = ir)) = P(X(t) = j[X(s) = 1),  (3.6)

where 0 < t; < --- <t, 1 < s < tisany non decreasing sequence of n + 1 state occupation times

andil,...,in_l,i,j es.

3.9.2 Model Assumption
3.9.2.1 Markov Model Assumption

Different model assumptions can be made about the dependence of the transition rates on time [67].
Markov property and the homogeneity assumptions are strong assumptions which may lead to biased
estimates if violated, consequently it is significant to assess and further examine msm model once it
has been fitted. It is also important to get an overall idea of the goodness of fit and to recognize time
intervals in which the model may greatly under or overestimate parameters of interest. 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. To put it in simple terms markov assumption simple means that to make the best
possible prediction of what happens "tomorrow", we only need to consider what happens "today", as
the "past" (yesterday) gives no additional useful information. 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 [68].

3.9.2.2 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 ¢ [69]. 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).
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3.9.2.3 Kolmogorov equations

The Kolmogorov equations are used to derive the correlation among the transition intensity matrix Q
and the transition probability matrix P. In other words the transition probabilities can be calculated from
the intensities by solving the kolmogorov differential equation. The relationship between the transition
intensity and probability matrix involves canonical decomposition. The canonical decomposition was

discussed by Kalbeisch and Lawless (1985) [68].

The Kolmogorov equations state that:

P = PIQO), 3.7)

which yield a unique/closed form solutions for P(¢) and condition on P(0) = I.

P(t) = QW — i Mj (3.8)

|
r=0 T

which is only valid with time homogeneous intensities.

(Q(\) is the transition intensity matrix, therefore p(¢) can be found from Q(\) using the above
kolmogorov equations. The solution for the transition probabilities in terms of the transition intensities
can be found using eigenvalue decomposition for ()(\) but the solutions are complicated functions of

the intensities and it is only practical to calculate them for simple models with small intensities

3.9.3 Parametric Maximum Likelihood Estimation

The method of maximum likelihood estimation enables the unknown parameters in the model to be
estimated. Likelihood function is formed using transition probability interms of transition intensities.
The likelihood estimates of model parameters are obtained from the likelihood function. Therefore the
maximum likelihood estimate is the number of transitions from state & to state [ divided by number
of overall transitions from state k& to other states calculated from the transition probability matrix.
The 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(Q(N)t). (3.9)

The likelihood function of transition intensities is the product of probability of transition between

observed states over all individuals and observation times. Let Si(t),k = 1,2, ...5 denotes state of
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each individual and known for all the times ¢ of the entire period of study. The likelihood function is

formed with the transition probabilities.

This likelihood function, L(Q)) is given by:
L(Q) - H Ly = H Ly = H Ps(tkl)s(tk,lJrl_tk,l)’ (3.10)
k ol kel

where Ly is the element corresponding to S(tz;)"" row and S(t4 1) column of the matrix P(t)
evaluated at ¢ = t;;1 — ty. The likelihood L(()) is maximized in term of log()y;) therefore the

estimates and standard error of \y; are obtained from log(\y;) using optimization technique.

3.9.4 Covariates

In the applications of the MSM model, our interest leis in computing the change in the transition rates
in the presence of covariates. Covariates are the explanatory variables that are incorporated to the
model through the transition intensities. Once the covariates are incorporated in the model, the interest
is not only on the movement of subjects through different states but also on how these covariates
influence this movement. The effect of covariate is measured by the regression coefficient. These
effects are introduced as covariates in the model via the transition intensities. In multistate models it is
the transition intensities that are going to be modeled, since one can directly allow for these covariate

dependent intensities in the model.

The generalized hazard ratio is a statistical measure that is commonly used in survival analysis to assess
the effect of covariates on the hazard rate or risk of an event occurring. In the context of transition
states, the hazard ratio can be used to compare the risk of moving from one state to another (transition
intensities) based on different covariates. The proportional hazards model expresses the hazard function
for an individual [ as a product of a baseline hazard function common for all individuals and a function
of the covariate vector. The generalized hazard ratio is typically estimated using a cox proportional

hazards model, which can be expressed mathematically as follows:
Malt|Z(8)] = X explBL Z (1)), (3.11)

where:
= Au[t|Z(t)] represents the hazard rate at time ¢ for a subject with covariate vector Z.

= )\,(3) is the baseline hazard function that represents the hazard rate for a subject with all covariates

equal to zero.
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= exp|.] is the exponential function that transforms the coefficients into hazard ratios.
= [ is the vector of regression coefficients, which are of primary interest.
= Z(t) covariate vector at time ¢.

Time-homogeneous models refer to models whose intensities change with time. Marshall & Jones,
(1995) also described the likelihood ratio and Wald tests for selection of covariates and testing

hypotheses [70].

If the proportional hazards assumption fails in a Cox proportional hazards model, alternative option
is to use a time-varying Cox model, also known as a Cox model with time-dependent covariates
extended cox model. This model allows for the effect of covariates to vary over time, which can
address violations of the proportional hazard’s assumption. The formula for the time-varying Cox
model is similar to that of the standard cox model, but with some modifications to account for the

time-varying nature of the covariates.

3.9.5 Model Comparison Criteria

The Akaike Information Criterion (AIC) value has been used to make comparisons between the various
stochastic models for CKD stage development. The Akaike Information Criterion (AIC) is a measure

of how well one statistical model compares to others. It is calculated using the formula
AIC = 2K — 2in(L), (3.12)

where K is the total number of free parameters in the model and L is the highest value of the likelihood
function. Reduced AIC model is favored over other models. The likelihood ratio test provides a second
criterion for model selection. It’s a way to see how well two different models match the data, with
the null model serving as an example of an alternative model. It relies on the likelihood ratio, which
shows how much more likely one model is to explain the data than another model. The LR statistic, or

log likelihood ratio statistic, is used in hypothesis testing. To calculate the LR statistic:
LR Statistic = -2(In (reduced model)) - (-2(In (current model)).

A higher likelihood ratio value in general, the existing model performs better as (—2I/nL) increases. A
larger value suggests that the present model is preferable to the reduced model, as indicated by the
smaller p-value. If there are many observations, the LR statistic will have the form of a chi-square test

with K degrees of freedom, where K is the total number of predictors [28].
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3.10 Statistical Software

The statistical software we used in our analysis is R statistical software, which is a popular statistical
software that can be used for multi-state markov modeling, including for studying the progression
of chronic kidney disease (CKD). In R, the researcher can leverage various packages and functions
to define different states of CKD progression, model transitions between these states, and perform

statistical analyses to understand factors influencing disease progression.

The "msm" package in R software, which was developed by Jackson, (2011) [71], can be used to
provides tools for fitting multistate models and allows us to specify transition intensities between
CKD states. This package supports the estimation of transition probabilities, model selection, and
visualization of results, making it a valuable tool for studying CKD progression using MSM modeling
in R. The "msm" function itself implements maximum-likelihood estimation for general multi-state
markov models in continuous time. The researcher used this package to estimate parameters such as

transition probabilities and hazard ratios, and assess the impact of covariates on CKD progression.

3.11 Ethical Consideration

The need to observe ethics of research was highly taken into consideration in this study. All infor-
mation gathered in this study whether in physical or digital form, is treated with the highest level of
confidentiality where patient’s identity is not disclosed anywhere whatsoever and the data is securely
stored in a locked cabinet and on a password-protected computer. Patients names were assigned codes,
which was used throughout the analysis process, without any personal information attached. Hence

privileges of the patients whose information were used were treated with confidentiality.

3.12 Dissemination

The final result of this study will be submitted to Jimma University Medical Center Health Research
and Emergency Management Directorate. The summarized results of the present study and evidence
based strategy to monitor the progression of chronic kidney disease will be presented for health
concerned body. Additionally, this research paper will be made available to the Library Directorate of
Jimma University for access to students and researchers who use the University library. It will also
published on journals for scientific community and all concerned bodies engaged on reducing the

progression of CKD in the study area and in Ethiopia at large.
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4 RESULT AND DISCUSSION

A total of 290 medical registration numbers corresponding to CKD patients were identified from
the registration logbooks at Jimma University Medical Center, chronic departments. Upon further
assessment, only 194 patients met the inclusion criteria for the study and were deemed suitable for the
present study. Consequently, the present study is a retrospective cohort study of 194 CKD patients
who were undergoing treatment and follow-up care during the period february 2019 to february 2024.
In this study, various methods related to continuous time MSM modelling of longitudinal data with an

inclination towards its application to progression of CKD based on level of eGFR were addressed.

4.1 Descriptive analysis

The descriptive statistics shown on table 4.1 describes all the demographic, clinical and co-morbidity
characteristics of CKD patients by providing the frequency and percentage of categorical variables,
and the mean and standard deviations of continuous variables. Of all 194 CKD patients on different
therapy, 106(54.6%) were male and the mean age of the patients was 50.8 years, with a standard
deviation of 14.9 years (Table 4.1). This means that most of the patients in this dataset were in their
older age and majority of them were males. Having percentage of 58.8% large number of the patients

were from rural area.

The most common co-morbidities among the patients were hypertension (92.7%), diabetes (90.2%)and
anemia (85.1%). While only 37.6% of the patients had been diagnosed with heart disease, 55.6% had
some cardiovascular disease. With an incidence rate of 25.8%, covid-19 was the least frequently ob-
served comorbidity. The mean values of the laboratory tests for creatinine, urea, potassium, hemoglobin,
and sodium were 4.6 mg/dL, 176.4 mg/dL, 4.6 mmol/L, 9.3 g/dL. and 137.1 mmol/L respectively.
These values indicate that the patients had varying degrees of renal impairment, uremia, electrolyte
imbalance, and anemia, which are common features of CKD. The result reveals serum creatnine and
urea protein have 4.58 & 176.38 mean respectively and standard deviation 3.99 & 114.83. This shows
that CKD patients in our study have higher serum creatinine and urea protein, leading to various other

dangerous diseases.
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Table 4.1: Demographic and Clinical Characteristics of CKD patients.

Predictor Variables n(%) or Mean (SD)
Gender Male(%) 106(54.6%)
Female (%) 88(45.4%)
Residence Urban (%) 80 (41.2%)
Rural (%) 114(58.8%)
Age (SD) 50.8 (14.9)
Serum Creatnine (SD) 4.58 (3.99)
Urea Protein (SD) 176.38 (114.83)
Potassium (SD) 4.64 (1.86)
Hemoglobin (SD) 9.27 (1.97)
Sodium (SD) 137.12 (7.50)
Diabetes-yes (%) 175 (90.2%)
Hypertension-yes (%) 180 (92.7%)
Heart Disease-yes (%) 73 (37.6%)
Smoking-yes (%) 52 (26.8%)
Cardiovascular-yes (%) 108 (55.6%)
HIV/AIDS(%) 67 (34.5%)
Anemia-yes (%) 165 (85.1%)
Covid-19 -yes (%) 50 (25.8%)

Source: Jimma University Medical Center, Ethiopia, from February 2019 to February 2024.

The distribution of chronic kidney disease patients across five states based on numbers of visited
times during the follow up period is shown on figure 2. Of all 1506 times visited patients, state 2 is
the least common state, with only 234 (15.54%) and 240 (15.94%) patients in state 1. State 5 has
395 (26.22%) patients, which is the most common state among all states. 305(20.25% patients are in
severe decreasing in eGFR or state 4, while 332(22.0%) times visited patients are in moderate level
of eGFR and 395(26.22%) patients are under final states kidney disease damage or end state renal
disease (ESRD). The implication of this result is that, CKD is asymptomatic at its earlier stages with
240(15.94%) times visited patients at the kidney damage with normal and most worst at end stage

renal disease.
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Figure 2: Plot of CKD patients distribution across five states during the study period.

4.2 Multi-State Analysis of Clinical Progression of Chronic Kidney Disease

With the growing access to longitudinal and survival data, it is essential to employ appropriate statistical
techniques to analyze longitudinal data and create suitable methods. From a longitudinal data of CKD
patients at JUMC, chronic department, the continuous time multi-state markov models have been used
to estimate the transitional probability, mean sojourn time along with p-next probability in-addition
to forecasted total length of stay in each state and hazard rates at which individuals transits between
predetermined states. Additionally this model allows us to identify the prognostic factors which either

accelerate or decelerate the progression of chronic kidney disease.

4.2.1 Analysis of Transition Count and Transitional Probability

This study considered that an infected patient can move based on serum creatinine using estimated
glomerular filtration rate (eGFR). Since the progression of CKD stages is naturally irreversible deterio-
ration 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 patients in different state occurs at any time and

the number of transition counts for CKD patients is presented based on the severity of their condition.
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Moreover, a continuous time-homogeneous MSM model was fitted to the data to evaluate the effective-
ness of the treatment by comparing the forward transitions and the result summarizes the multi-state
data by counting the transitions between states for each patient over their observation period and
reveals that transition counts from state 7 to j are higher when ¢ = j. For instance, the total number of
transitions of state 1 of CKD patient to state 1 is 122 for all the patients under study (Table 4.2). It
means that there were 122 instances when a patient of state 1 remained in state 1 in his subsequent
visits. Reverse (backward) transition is not possible so none of the patients had moved from a higher
state to lower state in the subsequent visit. During the follow-up period, 240, 233, 324, 288, and 227

transitions were occurred from states 1, 2, 3, 4, and 5, respectively.

The transitions counts to state 5 from states 1, 2, 3, 4, and 5 were 11, 13, 24, 120, and 127, respectively
(Table 4.2). This indicates that as the severity of the disease increases the transition to absorbing state
(state 5) is increasing. As CKD progresses slowly, the number of transitions along the diagonal (i.e.,
patients remaining in the same state) is relatively high. Additionally, Due to the rapid decline in kidney
function that characterizes CKD state 4, a disproportionately large number of patients (120) progress
from this state to state 5 and 227 CKD patients are got kidney damage in hospital (Table 4.2). Similar
interpretation will be done for the rest transition counts. A total of 1312 transitions among states of

CKD were occurred during the study period.

Table 4.2: Transition counts

To

From State 1 State 2 State 3 State 4 State 5 Total transitions
State 1 122 68 20 19 11 240
State 2 0 119 83 18 13 233
State 3 0 0 200 100 24 324
State 4 0 0 0 168 120 288
State 5 0 0 0 0 227 227

Total 122 187 303 305 395 1312

Source: Jimma University Medical Center, Ethiopia, from February 2019 to February 2024.

Table 4.3 shows the estimated transition probabilities at time ¢ = 1 month. According to the result,
a CKD patient in state 1 will continue in state 1 with a probability of 0.794 in 1 month and 0.143,

0.018, 0.032 and 0.012 are the probabilities of him traveling from state 1 to state 2, to state 3, to state 4
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and to state 5, respectively. Over the course of 1 month, the CKD patient in state 1 is more likely to

stay in state 1 than to progress to higher states (Table 4.3).

Similarly, as presented on the result of transitional count table, the probabilities that patients stay in
their respective states are higher in comparison to transiting to other states, which is indicated by
0.794 for state 1, 0.798 for state 2, 0.84 for state 3, 0.803 for state 4 and 1 for state 5 (Table 4.3). The
individual patient from state 1, 2, 3 and 4 transits to state 5 with probabilities 0.012, 0.018, 0.021 and
0.197 respectively (Table 4.3). This transitions shows that as the severity of the disease increases (levels
of eGFR decreased), the probability transitions to ESRD is increasing. The transition probability for

state 5 is exact probability due to state 5 is an absorbing state.

Table 4.3: Estimated Transition Probability at ¢ = 1 month

State 1 State 2 State 3 State 4 State 5
State 1 0.794 0.143 0.018 0.032 0.012
State 2 0.000 0.798 0.167 0.017 0.018
State 3 0.000 0.000 0.841 0.138 0.021
State 4 0.000 0.000 0.000 0.803 0.197
State 5 0.000 0.000 0.000 0.000 1.000

The transition probability matrix over the period of 1 year, 2 years, 3 years, 4 years and 5 years
after fitting the continuous time multi-state markov model has been shown in Table 4.4. The probability
of transiting to state 5 from state 1 over the years 1, 2, 3, 4 and 5 is estimated to be 0.395, 0.808,
0.959, 0.993 and 0.999, respectively and increasing over time (Table 4.4). Patients in state 3 have a
probabilities of 0.121, 0.015, 0.002, 0.000 and 0.000 of staying in the same states over the period of 1,
2, 3,4 and 5 years respectively, and decreases as the time interval increases. The probability of state 3

moving to state 5 is higher than the probability of moving to state 4, and it increases over time.

Additionally, the probability of state 4 transiting to ESRD (state 5) was higher than all other transitions
to state 5 and it is increasing over the continuous time. Similar interpretations can be derived for the
other elements of the transition probability matrix over the course of the given years. Generally, as
time t increases, the probabilities of the patients transiting to a most worst state is increasing while the
probabilities to remain in the same state is decreasing. The probabilities of a CKD patients moving

from a higher state to a lower state is zero for all time periods.

30



Table 4.4: Estimated Transition Probability over different time t (in year).

Transition Year 1 Year 2 Year 3 Year 4 Year 5
1 —1 0.063 0.004 0.001 0.000 0.000
1—2 0.138 0.018 0.002 0.001 0.000
1—3 0.221 0.072 0.012 0.002 0.000
1—4 0.183 0.097 0.025 0.005 0.001
1—=5 0.395 0.808 0.959 0.993 0.999
22 0.068 0.005 0.001 0.000 0.000
23 0.231 0.043 0.006 0.001 0.000
24 0.223 0.075 0.015 0.002 0.000
2—5 0.479 0.877 0.979 0.997 0.999
33 0.121 0.015 0.002 0.000 0.000
34 0.191 0.036 0.005 0.001 0.000
3—=5 0.689 0.95 0.993 0.999 1.000
4— 4 0.07 0.005 0.001 0.000 0.000
4—5 0.93 0.995 0.999 1.000 1.000
5—5 1.000 1.000 1.000 1.000 1.000

Note: The transition probability corresponding to recovery are zero.
And the value zero (0.000) probability in the table is only approximately.

4.2.2 Transition intensity matrix and Sojourn time
4.2.2.1 Transition intensity matrix

The likelihood estimates of transition intensities between various states of CKD patients in this study
are shown in Table 4.5. The transition intensity of moving from state 2 to state 2, i.e. retaining the
state 2 is -0.231 whereas the transition intensity of transiting from state 2 to state 3 is 0.204, to state 4
is 0.004 and to state 5 is 0.018. Additionally the transition intensity of transitions to the worst state
is increasing, as eGFR level of the patient is decreasing. The elements in each row of the transition
intensity matrix sum to zero and off diagonal elements non-negative and the elements in diagonal are

negative for all 7 equal to j. This implies that subjects in those states remain in their respective states
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while the off diagonals are rates at which subjects move to other states. The transition intensities are
zero for backward movement i.e. transition from a higher state to a lower state is not possible. This

proves that the progression of CKD is irreversible.

Table 4.5: Estimated transition intensities.

State 1 State 2 State 3 State 4 State 5
State 1 -0.231 0.179 0.004 0.039 0.008
State 2 0.000 -0.225 0.204 0.004 0.018
State 3 0.000 0.000 -0.173 0.168 0.005
State 4 0.000 0.000 0.000 -0.219 0.219
State 5 0.000 0.000 0.000 0.000 0.000

4.2.2.2 Mean sojourn time (MST)

Table 4.6 presents the estimated mean sojourn time, and the standard error alongside the 95% confidence
interval for the mean sojourn time of each state. Mean sojourn times represent the average duration of
a single stay in a particular state, calculated as —1 /)y, where Ay is the k" diagonal element of the
estimated transition intensity matrix. From the result, if an individual is in state 2, patient spends 4.44,

[—1/ — 0.225 = 4.44] months in that state before making a forward transition to other states.

Table 4.6: Mean sojourn time in transient states

States Estimate (in Month) Standard Error 95% CI1

State 1 4.33 0.537 (3.39,5.52)
State 2 4.44 0.385 (3.75,5.26)
State 3 5.79 0.456 (4.96, 6.76)
State 4 4.57 0.530 (3.64,5.74)

The interpretation of the mean sojourn times in states 1, 2, 3 and 4 are that an average stay in
the eGFR states are 4.33, 4.44, 5.79 and 4.57 months respectively (Table 4.6). Thus, it is seen that
a typical individual just entering a level of eGFR between 30 and 59 (moderate level), can expect

to spend around twenty three weeks (5.79 months) at that level before moving to higher sever state
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indicated by lower level of eGFR and the value is large compared to the estimates of other states. This
proves that there is slow movement of progression of CKD in moderate level (state 3). The standard
error of this estimate is 0.456, and the 95% confidence interval is (4.96, 6.76), meaning that we are
95% confident that the true mean sojourn time for state 3 is between 4.96 and 6.76 months. The mean
sojourn time for state 1 which is 4.33 months is quite low in comparison to other states. The mean

sojourn time for state 4 is 4.57 months which suggests the kidney failure within half year.

4.2.2.3 Forecast of the total length of stay in each state

The researcher need to forecast the total time spent in the good states and the bad states by individuals
who are on CKD treatment follow up before ESRD during the study, in-order to understand the life
expectancy of the patients. What makes it different from mean sojourn time is that it focuses on
the expected duration an individual will spend in a particular state before reaching an endpoint or
absorbing state, accounting for subsequent transitions. The estimates of the forecasted total length of
stay represents the anticipated time a subject will spend in each transient state during the study period;

and is estimated as on Table 4.7.

The results show that each individual is forecasted to spend approximately 4.33 months in state 1,
3.44 months in state 2, 4.18 months in state 3 and finally 4.03 months in state 4 before reaching end
point. These results show that CKD patient individuals on treatment are expected to spend more time
in kidney damage with normal (state 1) compared to the time spent in the rest states. Again, patient’s
total length of stay (life expectancies) in states 3 and 4 of the system are approximately 4.2 month and
4.0 months respectively, meaning that, the deterioration in health of a CKD patient is faster in more

severe states than in lower states.

Table 4.7: Total length of stay in each state before transiting to absorbing state

States: State 1 State 2 State 3 State 4 State 5

Total Length of Stay: 4.327 3.446 4.177 4.031 Inf

The graphical representation below illustrates the survival rates of patients in various states of
chronic kidney disease (CKD) over time. It is evident that the progression to end-stage renal disease
(ESRD) is slower for patients in states 1 and 2, while there is a rapid decline in survival probability
around the 3-month mark for patients in state 4, indicating a rapid deterioration in kidney function.
Additionally, the graph shows that patients with severe CKD have a 12-month survival probability
of around 0.1, contrasting with 0.4 for moderate CKD, 0.6 for mild CKD, and 0.7 for normal CKD.
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Furthermore, for individuals with severe CKD, the likelihood of surviving beyond the initial five

months of the disease significantly decreases to approximately 0.3.
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Figure 3: Plot of fitted survival probability for each state

4.2.2.4 Estimation of P-next Probabilities

The result on Table 4.8 shows the matrix of probabilities corresponding to each state k£ and /. Each
probability denotes the probability of transition from state £ to the next state [ which can be calculated
by % and called P-next probabilities. These probabilities are different from transition probabilities.
The P-next probability indicated in the result shows that, the probability from state 1 to next higher
state (state 2) is 0.897, 0.905 from state 2 to next state 3, 0.972 from state 3 to next state 4 and exact
probability from state 4 to state 5. The probability from state 5 is seen to be zero, because of there is no
next higher state above state 5 in this study and state 5 is absorbing states. The result of this analysis
indicates that the mean sojourn times together with P-next probabilities provide more perceptible

parametric information of multi-state continuous time model based on Markov processes than crude

transition intensities Az;.

34



Table 4.8: Probability of the transition to next higher state from each state.

State 1 State 2 State 3 State 4 State 5
State 1 0 0.897 0.019 0.168 0.037
State 2 0 0 0.905 0.017 0.079
State 3 0 0 0 0.972 0.028
State 4 0 0 0 0 1
State 5 0 0 0 0 0

4.2.3 Continuous Time Markov model with Effect of Covariates on Transition Intensities

Multi-state markov analysis in this study was carried out using the msm package in order to learn how
different factors influenced the strengths of the transitions. In this section the hazard ratios for each of

the covariates; socio-demographic, clinical and co-morbidity variables are estimated and computed.

4.2.3.1 Hazard ratios for socio-demographic variables

The results in table 4.9 shows that the hazard ratios and 95% confidence intervals for socio-demographic
variables for different transitions between states of chronic kidney disease (CKD). The states range
from 1 to 5, with higher states 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. A hazard ratio less than 1 means that the event is less likely to

happen in the first group.

Male patients in state 1 have 8.2% reduced risk of experiencing state 2 compared to females but male
patients in state 1 have a higher risk of illness progression to state 3, however the result was not
significant at 95% CI as the confidence interval includes 1. For the transition from state 2 to state 5, the
hazard ratio for gender is 1.057, which means that male patients are 5.7% more likely to progress to
state 5 than female patients, with a 95% confidence interval of [0.047, 23.69] (Table 4.9). This means
that we are 95% confident that the true hazard ratio for gender is between 0.532 and 1.585. However,
this confidence interval includes 1, which means that the difference between male and female patients

is not statistically significant at the 5% level.

For the transition from state 2 to state 5, the hazard ratio for age is 1.06, which means that for every

one-year increase in age, the risk of progressing to state 5 from state 2 increases by 6%, with a 95%
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confidence interval of (1.001, 1.1375). This confidence interval does not include 1, which means that
the effect of age in this transition is statistically significant at 5% level. For the transition from state 3
to state 5, the hazard ratio for residence is 0.543, which means that rural resident patients are 54.3%
more likely to progress to state 5 than urban resident patients, with a 95% confidence interval of (0.020,
14.87). However, this confidence interval includes 1, which means that the difference between rural

and urban patients is not statistically significant at 5% level of significance.

Table 4.9: Hazard ratios and 95% confidence intervals for socio-demographic variables.

States Gender Age Residence

I —1

1—-2 0.918 (0.532, 1.585) 0.992 (0.977, 1.107) 1.177 (0.623, 2.221)
1—3 1.089 (0.631, 1.880) 0.641 (0.001, 2.113) 0.459 (0.001, 21.97)
1—4 0.952 (0.213, 4.266) 0.986 (0.946, 1.027) 0.849 (0.134, 5.376)
1—5 0.323 (0.006, 1.634) 0.998 (0.944, 1.055) 0.457 (0.017, 12.58)
2—=2

23 1.099 (0.775, 1.559) 1.004 (0.992, 1.016) 1.214 (0.837, 1.760)
24 1.074 (0.765, 1.509) 0.586 (0.002, 11.01) 0.549 (0.005, 6.643)
25 1.057 (0.047, 23.69) 1.060 ( 1.001, 1.357) 0.559 (0.017, 19.06)
33

34 0.931 (0.663, 1.307) 1.083 (0.689, 1.703) 1.079 (0.775, 1.502)
3—=5 0.053 (0.001, 2.810) 0.529 (0.005, 1.929) 0.543 (0.020, 14.87)
4 -4

4—5 0.897 (0.638, 1.262) 1.066 (0.675, 1.684) 0.958 (0.718, 1.279)

Source: Jimma University Medical Center, Ethiopia, from February 2019 to February 2024.
Bold-phase indicates significance.

4.2.3.2 Hazard ratios for clinical variables

The results in table 4.10 shows the hazard ratios and 95% confidence intervals for the effect of five
clinical laboratory variables on the transition of chronic kidney disease (CKD) states for patients at

JUMC during their follow up period.
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For the transition from state 1 to state 5 , the hazard ratio for serum creatnine is 1.30 with a 95%
confidence interval of [0.203, 8.25] (Table 4.10). This means that for every unit increase in creatnine,
the risk of progressing from state 1 to state 5 increases by 30%, but this effect is not statistically
significant because the confidence interval includes 1. The hazard ratio for potassium is 0.98 with a
95% confidence interval of [0.509, 1.89] in the same transition. This means that for every unit increase
in potassium, the risk of progressing from state 1 to state 5 decreases by 2%, but the effect is not

statistically significant and the same fashion for another transitions.

It is seen from the result that hemoglobin has a negative or protective effect on all transitions. This
means that higher levels of hemoglobin are associated with lower risks of progressing to more advanced
stages of CKD in continuous time. In the opposite hemoglobin, variables like serum creatnine, urea
protein and sodium in blood have a positive or harmful effect on all transitions. This means that
higher levels of serum creatnine, urea protein and sodium in blood are associated with higher risks of

progressing to more advanced stages of CKD in continuous time.

Table 4.10: Hazard ratios and 95% confidence intervals for clinical variables.

States | Serum Creatnine Urea protein Potassium Hemoglobin Sodium

1—1

1—=2
1—3
1—4
1—=5
2—2
2—3
24
2—=5
3—=3
3—4
3—=5
4 —4

4—5

1.16 (0.556, 2.43)
1.57 (0.314, 7.86)
1.42 (0.301, 6.72)
1.30 (0.203, 8.25)

1.35 (0.814, 2.23)

2.12 (0.703, 6.40)

1.86 (0.322,10.74)

2.21 (1.515, 3.22)
1.94 (0.619, 6.09)

2.65 (1.905, 3.70)

1.02 (0.994, 1.01)
1.02 (0.987, 1.05)
1.01 (0.984, 1.04)
1.04 (0.932, 1.17)

1.01 (1.001, 1.02)

1.03 (1.004, 1.05)

1.05 (0.990, 1.12)

1.01 (1.002, 1.01)
1.01 (0.996, 1.03)

1.00 (0.999,1.02)

1.04 (0.992, 1.08)
0.80 (0.244, 2.57)
0.76 (0.310, 1.85)
0.98 (0.509, 1.89)

0.92 (0.721, 1.18)

0.88 (0.270, 2.84)

0.97 (0.389, 2.44)

1.01 (0.773, 1.31)
1.26 (0.375, 4.21)

0.95(0.811,1.11)

0.93 (0.791, 1.10)
0.79 (0.443, 1.41)
0.86 (0.580, 1.27)
0.71 (0.460, 1.09)

0.92 (0.788, 1.07)

0.68 (0.396, 1.18)

0.71 (0.359, 1.41)

0.57 (0.475, 0.68)
0.64 (0.301, 1.35)

0.60 (0.533,0.68)

1.01 (0.957, 1.07)
1.12 (1.030, 1.21)
1.11 (1.001, 1.23)
1.13 (0.991, 1.29)

1.04 (1.007, 1.07)

1.05 (0.990, 1.11)

1.06 (0.973, 1.16)

1.02 (1.010, 1.04)
1.05 (1.001, 1.09)

1.04 (1.014,1.06)

Source: Jimma University Medical Center, Ethiopia, from February 2019 to February 2024.
Bold-phase indicates significance.
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Some general patterns can be observed from results that potassium has a negative or protective
effect on most transitions, except for the transition from state 1 to state 2 and state 3 to other more
severe states (state 4 & 5), where it has a positive or harmful effect. This tells us that potassium has a
positive or harmful effect on some transitions and a negative or protective effect on others, but none of
them are statistically significant. This means that potassium does not have a clear or consistent effect

on the progression of CKD stages.

The most significant results are for serum creatnine which show positive associations with CKD
progression for sate 3 to state 4 and state 4 to state 5 CKD transitions and a clear significance
was observed for sodium from state 1 to state 2. In this result serum creatnine and sodium have
positive associations with CKD progression in all transition. similarly, most significant results are for
hemoglobin which show negative associations with CKD progression for sate 3 to state 4 and state 4 to
state 5 transitions. Even there are positive associations with CKD progression in all transitions for urea

protein, the effects are seen rare (less than 5%).

4.2.3.3 Hazard ratios for co-morbidity variables

The onset of different co-morbid illness may be occurred at different follow up time, this onset of
new disease has an impact on the transition from the lower state to higher states. Therefore this
impact should be studied and which comorbid has significant impact on which states should have to
be identified. According to the result of hazard ratios and 95% Cl, five co-morbidity variables; like
diabetes, hypertension, heart disease, cardiovascular disease and anemia have significant impacts on
occurrence of at-least one transition among the five CKD states, while co-morbidities like HIV/AIDS,

smoking status and covid-19 have no significant impacts on the transitions (Table 4.11).

For transition from state 1 to state 2, the hazard ratio for diabetes is 2.58, which means that patients
with diabetes are more likely to progress to state 2 from state 1 than patients without diabetes, with
a 95% confidence interval of (1.44, 4.62). Patients without diabetes fared better in terms of rates
of improvement compared to those with diabetes, and those with diabetes in states 3 and 4 were at
increased risk of complications with hazard ratio [HR = 1.58] (95% CI = [1.13, 2.20]) and [HR = 3.28]
(95% CI [2.65, 6.49]) respectively (Table 4.11). Heart disease has a positive significant effect on the
transition from state 2 to state 3, in which the hazard ratio for heart disease is 1.60, which means that
60% patients with heart disease are more likely to progress to state 3 from state 2 than patients without

heart disease, with a 95% confidence interval of (1.05, 2.46).
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Table 4.11: Hazard ratios and 95% confidence intervals for co-morbidity variables.

States Diabetes HTN Heart Disease CVD
From —To

1—1

1—2 2.58 (1.44, 4.62) 1.28 (0.70, 2.34) 1.14 (0.61, 2.13) 1.13 (0.55, 2.34)
1—3 2.09 (0.04, 114) 1.84 (0.08, 44.3) 1.28 (0.05, 33.8) 1.18 (0.04,38.35)
1—4 1.54 (0.06, 42.3) 1.81(0.27, 12.1) 1.18 (0.15, 9.10) 1.45 (0.13, 16.8)
1—=5 1.41 (0.04, 50.3) 1.70 (0.22, 12.9) 1.54 (0.23, 10.4) 1.28 (0.09, 18.6)
22

23 1.26 (0.88, 1.81) 1.00 (0.64, 1.57) 1.60 (1.05, 2.46) 1.23 (0.81, 1.89)
2—4 1.79 (0.19, 17.4) 2.02 (0.10, 39.6) 1.21 (0.03, 59.6) 1.33 (0.05, 36.4)
25 1.59 (0.36, 6.90) 1.53 (0.19, 12.1) 1.20 (0.09, 16.7) 1.32 (0.18, 9.76)
33

3—4 1.58 (1.13, 2.20) 1.94 (1.21, 3.10) 1.23 (0.78, 1.94) 1.72 (1.28, 2.31)
35 1.21 (0.16, 8.93) 1.36 (0.14, 13.5) 1.21 (0.06, 23.5) 1.61 (0.14,1 8.5)
4—4

4—5 3.28 (2.13,5.1) 4.14 (2.65, 6.49) 1.41 (1.00, 1.97) 2.58 (1.81, 3.66)
States Smoking status Anemia HIV/AIDS Covid-19

From —To

1—1

1—=2 0.534 (0.239, 1.19) 1.31(0.49,3.52) 0.86(0.415,1.77)  1.05(0.509, 2.17)
1—3 1.024 (0.026, 40.8) 2.13 (0.04, 104) 1.20 (0.031,46.7)  1.06 (0.022, 51.2)
1—4 0.949 (0.085, 10.6) 1.44 (0.04,46.6)  1.21(0.114,12.8)  1.07 (0.105, 10.9)
1—5 1.201 (0.122, 11.8) 1.35(0.03,54.0)  0.88(0.068,11.4)  1.10(0.107, 11.3)
2—12

2—3 1.55 (0.824, 2.92) 1.5 (1.03, 2.18) 1.29 (0.819,2.03)  1.13(0.582,2.17)
2—4 1.35(0.002, 891.1) 2.08 (0.23,18.8)  1.41(0.043,46.7) 1.04 (0.004, 274)
2—5 1.41 (0.06, 33.04) 1.62 (0.35,7.46)  1.17(0.160, 8.52)  1.07 (0.071, 16.1)
3—3

3—4 1.273 (0.836, 1.93) 2.02 (1.33,3.07) 1.20(0.861,1.67)  0.99 (0.692, 1.42)
3—5 1.209 (0.064, 22.51)  1.34(0.25,7.23)  1.45(0.152,13.8)  1.07 (0.146, 7.92)
4— 4

4—5 1.15(0.817, 1.61) 3.83 (2.8, 5.26) 1.11 (0.784, 1.58)  0.59 (0.430, 0.82)

Source: Jimma University Medical Center, Ethiopia, from February 2019 to February 2024.
HTN= hypertension, CVD= cardiovascular disease
Bold-phase indicates significance.
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The co-morbidity variable hypertension (HTN) was a risk factor and its effect on the progression
from state 3 to state 4 and from state 4 to state 5 was considerable with corresponding hazard ratio
[HR=1.94] (95% CI=[1.21, 3.10]) and [HR=4.14] (95% CI=[2.65, 6.49]). That means Hypertension
was a significant risk factor that had a noticeable impact on the shift from states 3 and 4 to their
the next worst states. Based on the transition from sever state (state 4) to dialysis state all HTN,
diabetes, CVD and anemia were a risk factors and their effects on the progression are founded to be
[HR=3.28] (95%CI=[2.13, 5.1]), [HR=4.14] (95%CI=[2.65, 6.49]), [HR=2.58] (95%CI=[1.81, 3.66])
& [HR=3.83] (95%CI=[2.8, 5.26]) which are significant at 95%. This shows that there is a significant

kidney failure risk for patients with hypertension, diabetes, cardiovascular disease and anemia.

The result on table 4.11 also shows that 59%, 53%, 20%, 32%, 41%, 62%, 17% and 7% CKD patients
with comorbidity diabetes, HTN, heart disease, CVD, smoking status, anemia, HIV/AIDS and covid-19
respectively are more likely to progress to state 5 from state 2 than patients without those comorbid
illness. However, none of them are statistically significant. Additionally, non of smoking status,
HIV/AIDS and covid-19 have statistically significant effects in all transitions, this means that those
comorbidity illness does not have a clear or consistent effect on the progression of CKD among

different states in continuous time.

In the same manner, figure 6 (for socio demographic variables), figure 7 (for clinical laboratory
variables) and figure 8 (for com-morbidity illness variables) on the appendix B, reflects the effects of
those prognostic factor on the prograssion of chronic kidney disease (CKD) by either accelerating or

decelerating the progression between different states of the underlying disease.

4.2.4 Model comparison

A continuous-time multi-state Markov model for the effects of covariates is fitted as shown in table
4.12. Identification of covariates that have a significant effect is done by entering each covariate one
after the other and performing the AIC and likelihood ratio test in comparison to the model without
covariates. The AIC is a measure of the relative quality of a model, with lower values indicating better
fit. The 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. The p-value is the probability of obtaining a
result at least as extreme as the observed one, under the null hypothesis that there is no difference
between the models. Firstly, the researcher have fitted the model with the univariate covariate then the
combination of three or more significant covariates and higher number of significant covariates has
been considered by combining variables that exhibit similar characteristics or behavior to improve the

interpretability of the model and makes logical sense in understanding the present study.
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Table 4.12: Likelihood Ratio Test Statistics, AIC and P-Values of the Selected Models.

Models AIC Likelihood ratio test Df P-value
without covariate 2185 - - -
Gender as a covariate 2198 3.6 8 0.893
Residence as a covariate 2208 -2.3 10 1
Age as a covariate 2203 2.5 10 0.991
SCr as a covariate 2139 66.6 10 < 0.0001
Potassium as a covariate 2215 -9.26 10 1
Urea protein as a covariate 2202 43 10 < 0.0001
Hemoglobin as a covariate 2183 429 10 < 0.0001
sodium as a covariate 2171 34.2 10 0.0002
Diabetes as a covariate 2155 50.9 10 0.00024
HTN as a covariate 2148 57 10 < 0.0001
Heart Disease as a covariate 2203 1.99 10 0.996
Smoking as a covariate 2199 6.14 10 0.804
CVD as a covariate 2186 19.7 10 0.032
HIV/AIDS as a covariate 2205 -0.04 10 1
Anemic as a covariate 2158 47.6 10 0.00073
COVID as a covariate 2207 -2.04 10 1.00
SCr+Na+Urea+K as a covariate 2140 106.46 40 0.00221
Diabetes+ HTN+CVD as a covariates 2135 110.06 30 < 0.0001
Diabetes+HTN+CVD+Anemic 2141 104.8 40 < 0.0001
All significant variables as a covariates 2158 101 80 < 0.0001
All variables as a covariates 2176 113.6 158 0.0511

Source: Jimma University Medical Center, Ethiopia, from February 2019 to February 2024.
Age=Baseline age of patients, SCr=Serum creatnine, Na=sodium, K=potassium, HTN=hypertension,
CVD=cardiovascular disease

Bold phase indicates the best model.

On comparing the likelihood ratio test statistic of 66.6 corresponding to a covariate Serum creatnine
with 10 degrees of freedom, it is observed that model with the covariate Serum creatnine fits the data
significantly better than the base model having no covariates as p-value is less than 0.0001. On the
other hand, covariates gender, residence, age, potassium, heart disease, smoking status, HIV/AIDS
and covid-19, are not a significant prognostic factors as their p-values are more than 0.05. The factors
serum creatinine, hemoglobin, urea protein, sodium, diabetes, hypertension, cardiovascular disease
and anemia are significant prognostic factors for the progression of CKD, as the models based on these
covariates have a p-values less than 0.05. Similar interpretation can be given for the other models with

combinations of prognostic variables as well.
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Based on the criteria of model selection, the best model is the one that has the lowest AIC, highest
likelihood ratio test, and lowest p-value. Hence, the best model is the one with the combination of
Diabetes, hypertension (HTN) and cardiovascular disease (CVD) as a covariate, which has an AIC
of 2135, a likelihood ratio test of 110.06, a df of 30, and a p-value of p < 0.0001 (Table 4.12). This
means that this model fits the data better than any other models, and that those co-morbidities are a
significant predictors of the progression of chronic kidney disease. The hazard ratios and 95% CI for
the covariates HTN, diabetes and CVD associated with the best model as a multivariate covariate have

been shown in Table 5.1, see the result on appendix C.

4.2.5 Model fit assessment
4.2.5.1 Goodness of fit test

The assessment of goodness-of-fit is a necessary approach to check whether the model fits well.
Using the fitted time-continuous multi-state Markov model, the percentage prevalence were plotted to
compare the expected values with the observed values. Figure 4 indicates the observed and expected
percentages of baseline model prevalence in each state against time (the goodness of baseline model
was evaluated ). It is seen that the model fits well for states 1, 2 and 3. However, there is some misfit
with respect to state 4, where the expected prevalence underestimate the observed data in between

time==8 up to time = 15 months. The plots further show an increasing at a high rate on state 5 percentage
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Figure 4: Plot of observed (solid lines) and expected (dashed lines) percentages of prevalence in each
state against time according to the baseline model

prevalence with the fitted model underestimating the observed data after time = 15 months. There
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is a sharp decrease on state 1 percentage prevalence up to time = 10 months and then after stable.
The percentage prevalence for the state 2 is decreasing and after time = 20 months, the percentage

prevalence is stable.

Figure 5 bellow confirms that the inclusion of covariates on the model improves the fitness of the
model, since the expected prevalence is now perfectly closer to the observed prevalence for all states
than the model without covariates. Additionally, the result from Kaplan Meier plot on Appendix D,
reflects that the inclusion of covariates Diabetes, HTN and CVD on the model improves the fitness of

our continuous time multi-state markov model.
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Figure 5: Plot of observed (solid lines) and expected (dashed lines) percentages of prevalence in each
state against time for the model with HTN+Diabetes+CVD covariates

4.3 Discussion

In this thesis, the multi-state Markov model was used to describe the trajectory of CKD individual
patients under follow up from february 2019 to february 2024 in JUMC so as to aid the understanding
of CKD progression and discover factors that influence kidney deterioration. This study examined
the characteristics of 194 CKD patients at JUMC. Among CKD patients admitted to JUMC between
february 2019 to february 2024, the prevalence of the disease is higher in men than in women, with
106(54.6%) of the patients being male. This finding is consistent with previous studies [49, 50].
Regarding the CKD stages, CKD is asymptomatic in its early stages, with only 15.9% of patients in
stage 1, while 26.2% of patients are in stage 5. The mean age of the study participants is 50.8 years,

which is consistent with the fact that people in older age are at a higher risk of developing CKD [5].

The study findings also depict that an increase in serum creatinine, urea protein, potassium, and sodium

in an individual’s blood is associated with the development of CKD, which is consistent with existing
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literature [48,49]. However, the hemoglobin (HGB) level was found to be low in CKD patients in the
dataset of our analysis. This might be explained by the fact that the patients’ low level of HGB as
a result of the blood removal during dialysis, which often leads to the development of anemia [72].
Hypertension and diabetes were the most prevalent co-morbidities among the patients included in the
study, which aligns with the results of other studies [4,38,46]. Cardiovascular disease and anemia
were also prevalent, although less frequent than hypertension and diabetes. These associations of CVD
and anemia with development of CKD are supported with existing literature that highlights the link
between these conditions and CKD [46,47].

The MSM analysis of this study states that, the number of transitions from state ¢ to state ¢ in their
subsequent visits are more than moving to next higher state. That means, the majority of patients
remained in the same state during the study period. This suggests that the implemented treatments may
be effective in stabilizing CKD progression for some patients. And it reflects that, the result highlight
an essential fact that people are more concerned about their health due to the high number of transitions
in the same state, which is agreed with the previous study by Grover, Sabharwal et al., (2018) [10] and
Dalip et al., (2022) [73] and contradict with the result of Lintu et al (2022) [29]. This contradiction
with the result of Lintu et al (2022) may be due-to this previous study uses reverse transition which is

incorrect in modelling the progression of chronic kidney disease, since CKD is irreversible in nature.

Additionally, this study reveals a concerning trend of increasing transition probability to later states
(particularly state 5) with worsening initial CKD state. Notably, patients in state 4 had a significantly
higher transition probability (0.197) to state 5 compared to earlier states. This higher transition proba-
bility to end-stage renal disease (state 5) from state 4 of CKD patient indicates the ultimate failure of
kidney function. These findings are in line with previous studies demonstrating a progressive decline

in kidney function and increased risk of ESRD with advancing CKD states [10,28,29,31].

As time increases the conditional probability that a patient transit from state 1 to state 2, from state 2
to state 3, from state 3 to state 4 and from state 4 to state 5 after two years (24 months) later is 0.018,
0.043, 0.036 and 0.995 respectively. The probabilities are very small indicating that as time increases
the conditional probabilities of transiting to the next state is very small, except the transition from state
4 to state 5 which is a transition to most worst state (absorbing state) and indicating that the probability
of transiting to most worst state is increasing with increasing time, which is supported the results of
similar study in India by Grover et al, (2019) [28]. Similarly, the result of this study revealed that as
time increases the probability of remaining in the same state is decreasing. This finding is in agreement
with the result of previous studies by Lintu et al., (2022) and that of Grover, Sabhawal et al (2018)
using hidden markov models (HMMs) [10,29].
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The diagonal entries of the transition intensity matrix are negative which indicates the negation to the
instantaneous risk of moving to other state. The mean sojourn time for state 3 is 5.79 months. It means
that a patient of state 3 spends on an average of 5.79 months in state 3 before moving to state 4, while
it spends about 4.2 months to transit to the absorbing state (a result from total length of stay). The
mean sojourn time for stage 4 is 4.57 months. This reveals the fact that the progression of disease is
slow in moderate states as compared to sever states. Comparable study in India, by Lintu et al. (2022),
estimated the sojourn time for state four as , 1.40 years (16.8 months) [29]. By comparing the results
of this study with the study by Lintu et al, the researcher can understand that CKD rapidly progressing
in JUMC (Ethiopia) than India, this rapid progress may be due to the prevalence of CKD is higher in

developing countries and in Sub-Saharan Africa [4].

The researcher also provided graphical analysis for this study. The graphical results in this analysis
shows that, as follow up time increases the survival rate of CKD patients were decreasing. Specifically,
the graph of survival probability curve between expected survival probability and time reveals the

sharp decline in the survivability of state 4 patients.

The results from Cox proportional hazards model of the effect of clinical covariates on transition
intensity indicates that serum creatinine, urea protein, and sodium levels in the blood have positive or
harmful effects on CKD progression, with higher levels associated with an increased risk of advancing
to more severe states. Conversely, higher hemoglobin levels demonstrate a protective effect, reducing
the likelihood of progression to advanced CKD stages. These findings are consistent with previous
study that have shown that serum creatinine, urea protein, and sodium in blood are risk factors for

CKD progression [48].

The most significant results were observed for serum creatinine, which showed positive associations
with CKD progression for the transitions from state 3 to state 4 and state 4 to state 5. Sodium also
showed a significant positive association with CKD progression for the transition from state 1 to state
2. Hemoglobin showed significant negative associations with CKD progression for the transitions
from state 3 to state 4 and state 4 to state 5. These finding highlights the importance of monitoring and

managing these factors in patients with CKD to prevent disease progression.

The finding from Cox proportional hazards model in this study also highlights the significant impact of
co-morbidities on CKD progression at JUMC. According to the result of the hazards ratio, patients
with diabetes were more likely to progress from moderate to sever CKD states and sever to ESRD. The
study revealed a heightened risk of complications for patients with diabetes in later CKD states (state 3
and 4), suggesting an increased likelihood of progression to more severe states compared to patients

without diabetes. This underscores the importance of managing diabetes alongside CKD to slow
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disease progression. This finding aligns with previous study by Taha and Mohammed (2023) using

data from military hospital in Iraq [31] and other studies using hidden markov modeling [10, 28, 53].

Accordingly, the results of this study suggests that hypertension emerged as a major risk factor for
transitioning between later CKD states (state 3 to 4 and state 4 to 5). The hazard ratios between
these transition indicates a substantial influence on disease progression. This aligns with established
knowledge about the detrimental effects of uncontrolled hypertension on kidney function and effects
of hypertension on CKD [10,28,29,31]. The study also identified a significant association between
anemia and CKD progression, particularly in later states. Future research could explore the underlying

mechanisms linking these co-morbidities to CKD advancement.

Overall, the presence of hypertension, diabetes, cardiovascular disease, and anemia poses a significant
risk of kidney failure (progression to end-stage renal disease) among co-morbidity variables. This
study clearly indicates that patients with those conditions are at a higher risk of experiencing kidney
failure, emphasizing the need for targeted interventions and management strategies for individuals
with these risk factors. Considering the studies result of higher risk of experiencing kidney failure, the
kidney dialysis (transplantation) leads to higher economic burdens, since patients have to undergoing
hemodialysis and the cost of hemodialysis is higher in Ethiopia and patients are referred to other

country for kidney transplantation.

A continuous-time multi-state markov modelling conducted in this study also employed model com-
parison techniques, to evaluate the effectiveness of different covariates in predicting the progression of
CKD. The model is fitted with and without covariates and comparison of the models is done using the
likelihood ratio test and AIC. From the results presented, it is evident that the model incorporating a
combination of diabetes, hypertension, and cardiovascular disease as covariates emerges as the best-
performing model based on multiple criteria. This signifies that the inclusion of these comorbidities as
predictors significantly enhances the model’s ability to explain the progression of CKD. In support of
the selected model, various references have highlighted the role of diabetes, hypertension, and cardio-
vascular disease in the context of CKD progression. For instance, a study by Grover, Sabharwal et al.
(2018) demonstrated the synergistic impact of Diabetes and HTN on CKD progression, underscoring

the importance of considering these comorbidities in predictive models using HMMs [10].

Moreover, the inclusion of Cardiovascular Disease as a covariate aligns with findings from studies
by Uddin et al. (2023) and Webster et al. (2017), emphasizing the link between CVD and CKD
progression [36,53]. These references provide support for the significance of CVD in predicting CKD
outcomes and further validate its inclusion in the selected model. Finally, by integrating these key

comorbidities into the predictive model, clinicians can better identify at-risk individuals and tailor
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interventions to mitigate the progression of CKD effectively.

4.4 Limitation of the Study

Some limitations were addressed regarding this study. First, the patient records were inadequately kept,
lacking essential follow-up data on clinical parameters. Due to this deficiency, certain patients had to
be excluded from the current study. Secondly, state 3A and 3B of kidney disease in the present study
were merged as state 3 due to the smaller sample size in our analysis. Additionally there is shortage of
literature on application of multi-state markov modelling on the progression of chronic kidney disease,

specially on the progression of CKD specific to Ethiopian context using application of the same model.
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S CONCLUSION AND RECOMMENDATION

5.1 Conclusion

This study concludes that the conditional probabilities of CKD patients from any good state to worst
state are increasing over time. CKD progresses slowly at first but quickly in later stages and most
of the patients who moved to worst stage were patients at the sever stage. Similarly, the result of
mean sojourn time showed that patients with eGFR level between 30 and 59 is estimated to be larger,

suggesting that there is slow movement of progression of CKD in moderate level (state 3).

Chronic kidney disease in this study predominantly affects an older, male, rural demographic; and is
commonly accompanied by hypertension, diabetes, anemia, and cardiovascular disease. The laboratory
tests in this study reveals significant renal impairment and related complications, which are crucial for
diagnosing and staging the disease. The significant prognostic and accelerating factors associated with
higher risk of deterioration from stable state to worst state are lower HGB level, higher creatnine level,

large amount of sodium and urea, and patient’s co-infected with diabetes, HTN, CVD and anemia.

Finally, the result of this study concludes that the mean sojourn time together with p-next probabilities
provide more perceptible parametric information of multi-state continuous time model based on markov
processes than the crude transition intensity. Our finding reaffirms the importance of initiating therapy
at an early stage of the disease, as this could lead to the development of new treatment strategies and

save more lives.

5.2 Recommendation

Based on the study findings, the researcher recommends the following points to the concerned body.

e Develop a CKD screening system: Implementing effective screening system, potentially utilizing

blood and urine tests, facilitate early detection and intervention to prevent disease progression.

e The probability of patients transiting to a worst state is increasing with time, so public health
education and other symposiums should be organized, to increase awareness of patients about

the progression of CKD.

e The model incorporating a combination of diabetes, hypertension and cardiovascular disease is a
best model for for predicting a future progression of CKD. Hence, a multi-disciplinary approach

that integrates management of those co-morbidities is crucial to slow the disease progression.
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e Since the the applied multi-state continuous time Markov model in this study is able to handle a
complex disease process of CKD progression with different intermediate events, fitting MSM

model is recommended for researches to any types of disease with intermediate events.

e Future research can explore incorporating additional factors such as socio-economic status,
educational level, surgery and lifestyle choices into multi-state markov model to gain a more
comprehensive understanding of CKD progression patterns; and this research can be expanded
further by modeling the progression of CKD from several cohort data across different hospitals

in Ethiopia using multi-state markov model.
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Appendixes

Appendix A: Different Formulas

1. A formula for the estimation of glomelural filtration rate.

GFR is measured using the 2021 CKD-EPI Creatinine equation as:-

—1.200

eGFR,, = 142 x min (Sk”’> » max (g) % 0.99380%%° x 1.012sex, (5.1

where:
= eGFR, denotes estimated glomerular filtration rates measured in ml/min/1.73 m?
= SCr denotes standardized serum creatinine measured in mg/dl
= sex is coded as male=0 and female=1
= kis 0.7 for females or 0.9 for males
= «is -0.241 for females or -0.302 for males
= min(Secr/k, 1) is the minimum of Ser/k or 1.0
= max(Scr/k, 1) is the maximum of Scr/k or 1.0.

2. The matrix exponential of scaled transition intensity using Taylor’s Theorem:

c* ¢ ct
exp(C’)zl—Fj—l-a-i—Z%—.... (5.2)

Where C' = tQ()\)
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Appendix B: Graphical plots for univariate covariates
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Appendix C: Hazard ratios and 95% CI for the best Model with its plots

Table 5.1: Hazard ratios and 95% confidence intervals for the best Model .

States

Baseline HTN Diabetes CVD

1—-1
1—2
1—-3
1 —4
1—5
22
23
24
25
3—=3
3—+4
3—5
4—4
4—35

-0.357 (-0.426,-0.299)

0.282 ( 0.221, 0.359) 1.530 (0.622, 3.77) 1.731 (1.667, 3.49) 1.086 (0.599, 1.97)
0.025 (0.004, 0.159)  2.407 (0.002, 2561.1)  2.100 (0.001,3750.5)  1.127 (0.006,218.9)
0.031 (0.011, 0.091) 1.412 (0.031, 65.2) 1.411 (0.028, 72.1) 1.589 (0.256, 9.849)
0.019 ( 0.006, 0.061) 1.413 (0.020, 99.6) 1.418 (0.018, 109.8) 1.458 (0.166, 12.8)
-0.239 (-0.282,-0.202)

0.206 ( 0.168, 0.252) 1.218 (0.604, 2.45) 1.165 (0.577,2.353)  1.269 (0.867, 1.857)
0.017 ( 0.003, 0.089) 2.014 (0.006, 633.9) 1.632 (0.003, 812.9) 1.329 (0.114, 15.5)
0.016 ( 0.006, 0.041) 2.038 (0.086, 48.5) 1.758 (0.061, 50.5) 1.522 (0.307, 7.55)
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Figure 9: Effects of the final model on the survival probability of the patients
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Appendix D: Graphical Plots of Kaplan Meier estimate
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Figure 10: Plots of Kaplan Meier estimate
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