> |2y Ryiica-t: [
Mgt L
-".!-;,1_ “\-\ﬁ
Ire in the Com ™

College of Natural Sciences

Department of Statistics

Modeling Time to Recovery of Diabetic Patients from COVID-19: A Case Study at Eka

Kotebe General Hospital COVID-19 isolation and treatment center, Addis Ababa Ethiopia

By: Kubie Diriba

A Thesis Submitted to the Department of Statistics, College of Natural Sciences,
Jimma University as a Partial Fulfillment for the Requirements of Master of Sciences

(MSc) Degree in Biostatistics

August, 2022

Jimma, Ethiopia



Jimma University
College of Natural Sciences

Department of Statistics

Modeling Time to Recovery of Diabetic Patients from COVID-19: A Case Study at
Eka Kotebe General Hospital, Addis Ababa, Ethiopia

By: Kubie Diriba

Advisor: Tadele Akeba Diriba (PhD )
Co-Advisor: Jaleta Abdisa Fufa (MSc)

August, 2022

Jimma, Ethiopia



STATEMENT of AUTHORS

As author of this research study, I declare that the thesis is a result of my genuine work, support of my
supervisors and help hands of other individuals. Thus, all those who had participated in the study and
sources of the materials used for writing this thesis have been duly acknowledged. I have submitted
this thesis to Jimma University as a partial fulfillment for the requirements of Degree of Master of
Science in Biostatistics. The library directorate of Jimma University can deposit the copy of the thesis
in the university library so that students and researchers can refer it. Moreover, I declare that I have not
so far submitted this thesis to any other institution anywhere for that award of any academic degree,
diploma or certificate and or to get prove of society’s problems. Any brief quotations from this thesis
are allowed without requiring special permission if an accurate acknowledgment and citation (after
publication) of the source is made. In all other instances, however, permission must be obtained from

the author.

Kubie Diriba Adugna

Date

Signature

Jimma, Ethiopia






DEDICATION

This thesis is dedicated to all of my family especially to my mother Kibnesh Bedhedhe and my aunt
Aster Hundie for making me who I am today, for their support and for teaching me the value of

education.



AKNOWLEDGMENT

I wish to express my sincere appreciation to my advisor, Tadele Akeba Diriba (PhD) who has the
substance of a genius: for his convincingly guided, kind support, advice, and constructive comments;

and for encouraging me to be professional and do the right thing in my thesis.

Likewise, I would like to pay my special regards to my co-advisor, Mr. Jaleta Abdisa Fufa (MSc),
for his guidance, advice, and kind support from proposal construction to the final thesis. It is a great
pleasure to express his commitment to share his experience and knowledge, and his smooth contacts is

also appreciable.

I heartily thank Ambo University for helping me with the financial support for this study and Jimma

University for all their facilitations, by giving me an advisor, co-advisor, and instructors.

I gratefully thank all of my parents, whose love, trust, encouragement, comfort, and support always
surround me. Finally, I would like to acknowledge the Eka Kotebe General Hospital, COVID-19
Isolation and Treatment Center staff to undertake this study with their cooperation and permission
in using the data with special thanks for Dr. Abebaw Bekele (MO) and Dr. Tadios Niguss (Mph)
for their willingness to help me during the data collection period. Also I want to express a sincere
acknowledgement to Ms. Tirhas Hagos, and Dr. Mikyas Teferi for those unflinching encouragement,

advice and guidance starting from data collection.



ABSTRACT

Background: Corona virus 2019 (COVID-19) is a pandemic disease which is caused by SARS-Cov-2
and it emerged on December 31, 2019, in China. COVID-19 affects more patients with chronic diseases
mainly diabetes. Those with diabetes were more likely to have serious complications and have delayed
recovery time from the virus. One reason is that high blood sugar weakens the immune system and
makes it less able to fight off infections. The main aim of this study was to model the time to recovery

of diabetic patients from COVID-19 in Eka Kotebe General Hospital.

Methods: A retrospective cohort study design was conducted on diabetic patients with COVID-19
whose age 18 years and above from March 20, 2020, to April 30, 2022 G.C, at Eka Kotebe General
Hospital (EKGH), Addis Ababa, Ethiopia. Kaplan-Meier estimation method and log-rank tests, were
used to compare the survival experience of different groups and also Cox proportional hazard model
was employed to identify the covariates that have a statistically significant effect on the recovery time

of diabetic patients from COVID-19 with the help of R software’s (R version 4.1.2) to analyze the data.

Results: Out of 481 diabetic patients with COVID-19, 306 (63.62%) were recovered from COVID-19,
with a minimum and maximum recovery times of 5 and 59 days, respectively. The median recovery
time was 16 days with 95% confidence interval (15, 17). The multivariate Cox regression model
analysis showed that patients whose age groups 36-55 (HR =0.585,95% CI: 0.404, 0.8438), age groups
> 55 (IfR =0.663, 95% CI: 0.445, 0.989), female patients (I—fR =1.382, 95% CI: 1.061, 1.8), rural
resident ((}fR =4.839,95% CI: 2.82, 8.247), HIV ([fR =0.067, 95% CI: 0.024, 0.182), hypertension
(HR =0.38,95% CI: 0.255, 0.567), symptom (H R = 0.514, 95% CI: 0.3, 0.881), asthma (H R = 0.491,
95% CI: 0.309, 0.78), stroke (H R = 0.508, 95% CI: 0.333, 0.776), TB (H R = 0.424, 95% CI: 0.277,
0.65), CLD (ffR = 0.564, 95% CI: 0.356, 0.893), types of diabetes (type 2 diabetes (ffR =0.159,
95% CI: 0.107, 0.236) & Gestational diabetes (IfR =41.875, 95% CI: 9.279, 188.976)), and other
co-factors (I—f R =0.531, 95% CI: 0.398, 0.708) were statistically associated with time to recovery of
diabetic patients from COVID-19.

Conclusion & Recommendation: Finally, the findings of this study implied that factors like, age,
sex, residence, HIV, hypertension, asthma, TB, stroke, CLD, and other co-factors were a major
factors related to time to recovery of diabetic patients from COVID-19. Based on study results, it is
recommended that health professionals should be give more attention to diabetic patients with HIV,

hypertension, TB, stroke, asthma, CLD, types of DM, and other co-factors to control COVID-19.

Key Words: Diabetes Mellitus, COVID-19, Kaplan-Meier estimator, Cox model, Recovery time
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1 Introduction

1.1 Background of the Study

The coronavirus disease 2019 (COVID-19) pandemic is caused by the severe acute respiratory syn-
drome coronavirus 2 (SARS-CoV-2), which has resulted in millions of morbidities and mortalities
worldwide [1-3]. COVID-19 has drawn a lot of attention and poses a healthcare threat globally. The
devastating effects of COVID-19 pandemic were highly associated with chronic medical conditions,
mainly diabetes mellitus (DM). DM is one of the most frequent comorbidities and has been a challenge
for patients worldwide since the emergence of coronavirus disease. It includes different types, namely,
type I and type II, which are the most prevalent subtypes, and the other is gestational. Type I DM
usually occurs in middle-aged, older people and is independently associated with an increased risk of
hospitalization, admission to intensive care, and death from COVID-19. Gestational diabetes occurs
in some women during pregnancy and it usually goes away after pregnancy. People with gestational
diabetes are at a higher risk of developing type II diabetes later in their life [4,5]. DM is a chronic,
life-long condition that affects both survival and the body’s ability to use the energy found in food [6],
and it occurs when the pancreas does not produce enough insulin or when the body does not use the

insulin effectively [7].

The most common symptoms of DM with COVID-19 are like shortness of breath or difficult to breath-
ing, cough, fever, running nose, abdominal pain, and headache, among others [8,9]. Corona viruses
are mainly transmitted from person to person through physical contact and respiratory droplets [10, 11].
When an infected person sneezes, talks, and coughs, droplets or tiny particles called aerosols carry
the virus into the air, and this makes the transmission easy among the people [12, 13]. Individuals
with diabetes create a viral disease, and it can be harder to treat due to vacillations in blood glucose
levels and the nearness of diabetes complications. Recent studies have focused on patients with TII
DM infected with COVID-19, and their findings result shows patients with TII DM hospitalized for

COVID-19 are at an increased risk of mortality, longer hospital stays, and ICU admission [14].

Globally, 615,621,881 total confirmed cases of COVID-19, 594,740,021 total recoveries and 6,523,543
total deaths up to June 30, 2022 were reported to WHO [15]. The estimated global prevalence of
diabetes in 2021 was 10.5% (537 million), a 16% (74 million) rise since 2019. According to the

International Diabetes Federation (IDF), the number of diabetic patients will rise to 11.3% (643 million)



by 2030 and 12.2% (783 million) by 2045 [16]. The prevalence of diabetes among COVID-19 patients
has been estimated up to 31% [17]. Diabetes mellitus is a well-known risk factor for worse clinical
outcomes in patients with coronavirus disease and lethal outcomes such as intensive care unit (ICU)
admission, invasive ventilation, and death independent of other comorbidities [18, 19]. Furthermore,
the presence of typical complications of diabetes mellitus (cardiovascular disease, heart failure, hy-
pertension, and chronic kidney disease) increases COVID-19 mortality and delays the recovery time
from COVID-19 [18,20]. It has been observed that 1.5% of in-hospital deaths related to COVID-19
occurred in patients with type I DM and 31.4% in patients with type II DM [21]. Gestational diabetes
mellitus is one of the most frequent pregnancy complications, with a global prevalence of 13.4% in

2021.

According to International Diabetes Federation (IDF) predictions, the prevalence of diabetes is ex-
pected to rise by 156 percent in Africa, 16 percent in Europe, 35 percent in North America and the
Caribbean, and 84 percent in Southeast Asia by 2045 [22]. The WHO analysis of 14 African countries,
which provided information on COVID-19 and comorbidities, showed that the risk of complications
or death from COVID-19 among people with diabetes increases with age and up to 18% (1 in 5)of

COVID-19 deaths in the African region are among people with diabetes [23].

In Ethiopia, the first confirmed case of COVID-19 was announced on the 13th of March 2020, after two
and a half months of the outbreak in China. Up to 30" of June 2022, 486,831 confirmed total and 7,527
total deaths due to COVID-19, which have been reported to the WHO by the federal ministry of health
of Ethiopia. According to a study conducted on COVID-19 Knowledge, Attitudes, and Prevention
Practices Among People with Hypertension and Diabetes Mellitus in Ambo, Ethiopia, Concerning
attitude, 79.2% strongly believed that DM and hypertension patients were more at risk of death because

of COVID-19 [24].

A case-control study conducted on the assessment of hypertension and other factors associated with
the severity of disease in COVID-19 pneumonia, in Eka Kotebe General Hospital, Addis Ababa,
Ethiopia, factors like hypertension, diabetes, chronic cardiac, and lung diseases were the most frequent

comorbidities, with 19.6%, 11.3%, 4.2%, and 4.2%, respectively [25].

From a methodological point of view, a study was conducted recently on the mortality of COVID-19
among diabetic patients in Addis Ababa, Ethiopia using a binary logistic regression model [26]. The

statistical method employed by Migbar et al [26] does not incorporate the survival time of patients,



namely, the time to event of interest and censoring. Survival analysis is the most appropriate statistical
method for data analysis where the outcome variable of interest is the time to the occurrence of an
event. The methodological developments in survival analysis that have the most profound impact
are the Kaplan-Meier method for estimating the survival function, the log-rank test for comparing
the equality of two or more survival distributions, and the Cox proportional hazards (PH) model for
examining the covariate effects on the hazard function. The Cox proportional hazard model is widely
used for analyzing survival data in the presence of covariates or prognostic factors due to its simplicity

and for not being based on any assumptions about the survival distribution [27-29].

For instance, a retrospective cohort study was conducted by Abrahim et al [30] on time to recovery
and its predictors among adults hospitalized with COVID-19 by using Kaplan Meier for estimating the
survival function and Cox proportional hazards for analyzing survival data in the presence of covariates
that affect the time to recovery of patients from COVID-19. The findings showed that study participants
without comorbidities recovered more quickly than those with at least one comorbidity. Similarly, a
retrospective cohort study was conducted on 263 adult COVID-19 patients. Cox proportional hazard
regression model was fitted to determine factors associated with recovery time. In this case, older
age, presence of fever on admission, and comorbidity were found to have a statistically significant

association with recovery time [31].

There has been considerable policy and programmatic progress over the past year to reduce and
eradicate the COVID-19 disease worldwide. As the occurrences of infectious diseases like COVID-19
mostly affect people with underlying medical conditions, studying the survival time of patients and
identifying factors affecting the event of interest is crucial. Therefore, the focus of this thesis is to
model the time to recovery of diabetic patients from COVID-19 in the case of Eka Kotebe General
Hospital. Eka Kotebe General Hospital is one of the first designated to manage COVID-19 cases in

Ethiopia.

This thesis is presented in five chapters, including this introduction chapter up to the concluding chapter.
Chapter 1 highlights major issues relating to diabetics with COVID-19 at a global level and in Ethiopia.
The objectives, significance, and limitations of the study are also described in the introduction. Chapter
2 contains both theoretical and empirical literature reviews relating to factors associated with the
DM/COVID-19 co-infected. Chapter 3 briefly describes the methodological issues of the study, and
Chapter 4 gives the results and discussions of the study. Finally, the conclusions and recommendations

of the study were presented in Chapter 5.



1.2 Statement of the problem

COVID-19 is a global public health problem causing high mortality worldwide, and the risk of dying
due to COVID-19 disease was higher among patients with chronic diseases like diabetes [32, 33].
Diabetes is one of the leading causes of morbidity and it causes enormous health and financial burdens
worldwide [34]. The available evidence demonstrates that diabetes predisposes people to developing
infectious diseases, and patients with diabetes are at greater risk of infection-related mortality [35, 36].
Wang et al [37] and Guan et al [38] reported that patients with diabetes accounted for 10.1% and
7.4% of COVID-19 patients, respectively. Recent publications showed that 20-30% of nonsurviving
COVID-19 patients had underlying diabetes [39,40]. This evidence indicates that COVID-19 patients

with diabetes might be at a higher risk of mortality.

The previous study was conducted to determine prognostic covariates in diabetics with COVID-19 by
using binary logistic regression [26]. However, binary logistic regression is not capable of considering
the survival time of the patients in the hospital since it does not account for the censoring of observations
and does not hold for time-to-event data. Many studies haven’t been done on the recovery time of
diabetic patients from COVID-19. Some of the previous studies in this area considered the prevalence
of diabetes in COVID-19, to explore the prevalence of diabetes in the COVID-19 pandemic [41,42].
This study, therefore, has tried to fill these methodological and knowledge gaps in understanding the
status of diabetes with COVID-19 patients by identifying the risk factors for the recovery time of
diabetic patients from COVID-19. Additionally, there was no research done on the time to recovery of
diabetic patients from COVID-19 at Eka Kotebe General Hospital. But this study was conducted on
time to recovery of diabetic patients from COVID-19 at Eka Kotebe General Hospital to fulfill this

geometrical gap.

Generally, this study has attempted to answer the following basic research questions:
e What is the estimated median recovery time & recovery rate of diabetic patients from COVID-19?
e Which type of diabetes Mellitus is a faster recovery time from COVID-19?

e Which factors affect the time to recovery of diabetic patients from COVID-19?



1.3 Objective of the Study

1.3.1 General objective

The general objective of the study is to model the time to recovery of diabetic patients from COVID-19

in case of Eka Kotebe General Hospital.

1.3.2 Specific objective

The specific objectives are:
e To estimate the median recovery time and recovery rate of diabetic patients from COVID-19;
e To identify which types of diabetes Mellitus have faster recovery time from COVID-19; and

e To identify the factor which affects the time to recovery of diabetic patients from COVID-19

1.4 Significance of the study

This study identified and discussed the factors that influence the recovery time of diabetic patients
from COVID-19 at Eka Kotebe General Hospital. This will help for health professional to focus on the
risk factors for COVID-19 contracted patients with diabetic cases in their care follows. Solved disease
risk factors after treatment have their own benefit for stakeholders and families to save themselves
financially and from the disease. And it provides information to the government and non-government
and also to other concerned bodies in setting policies, strategies, and further investigation for increasing
the recovery of diabetic patients from COVID-19. The findings can also be used as a key input for any
future interventions aimed at increasing the recovery rate of diabetic patients from COVID-19. Even in
the future, infectious diseases like these pandemic disease can cause serious damage to other chronic
diseases, and this research will be useful for people to beware of them. Additionally, this study would
be used as a reference for other researchers to further analyze by using other an appropriate methods or

models for approving or modifying this result.

1.5 Limitation of the study

This study also has its own limitations related to retrospective study design and the use of secondary
data, which might have incomplete information. Consequently, essential variables that couldn’t be

recorded in patients’ medical records and had the potential to affect the recovery time of diabetic



patients from COVID-19 infection were excluded. Due to this, the number of participants is minimized,
and some necessary information may be lost. Moreover, there was a lack of literature in our country

related to the subject under study.



2 Literature review

2.1 Overview of Diabetes with COVID-19

Coronavirus-2019 (COVID-19) is an infection that is caused by the severe acute respiratory syndrome
coronavirus-2 (SARS-CoV-2) and was first reported last December in Wuhan, China. The World
Health Organization (WHO) declared it a global pandemic on March 11, 2020 [43,44]. It infected
more than 5 million people in the United States, and the death rate continued to rise, reaching more
than 219,000 at the time of publication. According to early research, roughly 25 percent of people
admitted to hospitals with severe COVID-19 infections had diabetes. DM is a collection of metabolic
illnesses defined by a persistently high blood sugar level. Because they aggravate inflammation and
modify immune system responses, coronavirus infections have been shown to significantly affect the
management of diabetes mellitus. This causes problems with glycaemic control. Patients with diabetes
mellitus are more likely to develop cardiorespiratory failure from SARS-CoV-2 infection than patients

without diabetes mellitus [45].

More than 1.2 million deaths and 48.1 million cases of SARS-CoV-2 infections have been reported
globally as of the 5th of November 2020 [46]. Diabetes has been identified as a risk factor for a poor
prognosis among people with COVID-19, along with other concurrent medical disorders (such as
underlying CVD, respiratory illnesses, hypertension, and obesity) [47-49]. According to a number of
systematic reviews and meta-analyses on the subject, people with diabetes have a two-to three-fold

higher risk of dying from COVID-19 than people without diabetes [50,51].

According to the World Health Organization (WHO) 2014 country profile, about 30% of total deaths in
Ethiopia were associated with non-communicable diseases (NCDs), of which cardiovascular diseases,
cancers, chronic respiratory diseases, and diabetes are the leading causes of morbidity and mortality.
Similarly, the report revealed disproportionate age-specific death rates with a significant rise in deaths
from non-communicable diseases between the ages of 30 and 70 years [52]. Globally, the overall
case fatality rates of COVID-19 vary between countries. For instance, 4.1% in China, 4.6% in Spain,
8.3% in Italy, 2.73% in Egypt, and 1.6% in Ethiopia [53]. The fatality rate of patients with COVID-19
was highest in people aged 80, ranging from 13% to 16.7%, followed by 7.2%—-8.9% among those
aged 70-79 years [54]. However, patients with NCDs are more likely to have severe disease and

subsequent mortality. The COVID-19 pandemic has had widespread health impacts, revealing the



particular vulnerability of those with underlying conditions [55]. From the previous research in China,
a total of 258 patients, 63 of whom were diabetic, used the Cox PH model. Diabetes is one prognostic
factor for increased COVID-19 severity and a higher risk of death. The median time length of the
patient from admission to discharge in the hospital was 12 days within a 95% confidence interval (7,

15) with a P value of 0.022 in China [56].

2.2 Literature related to the variables used in the study

Different studies conducted on the relationship between diabetic mellitus and COVID-19, determinants
of diabetes with COVID-19 with different design and statistical method of analysis. A study conducted
by Nafakhi er al [57] showed that out of 67 diabetic patients and 125 non-diabetic patients, 58% and
70% of diabetic and non-diabetic patients were completely recovered from COVID-19, respectively.
Among the factors they used, age, sex, hypertension, and clinical symptoms were statistically significant.
Additionally, Belice et al [58] study results show diabetic men were at a higher risk of COVID-19 than

women patients.

Antonio et al [59] investigated cardiovascular risk management issues in people with diabetes in the
COVID-19 era, and their findings revealed that diabetes, along with other classic cardiovascular (CV)
risk factors such as hypertension, obesity, and smoking, was associated with COVID-19. Other meta-
analysis results showed that the most prevalent cardiovascular metabolic comorbidities with COVID-19
were hypertension, cardio-cerebrovascular disease, and followed by diabetes [60]. Furthermore, the
results of a cross-sectional study on COVID-19 co-infection with type 2 diabetes, hypertension,
and obesity showed the risk of mortality was higher in patients with diabetes and hypertension
[61]. Evidence from meta-analysis suggested that hypertension was independently associated with a

significantly increased risk of critical COVID-19 and in-hospital mortality from COVID-19 [62].

Shibru et al [63] studied the effect of COVID-19 on poor treatment control among ambulatory diabetes
and/or hypertension patients in Northwest Ethiopia from December 2020 to February 2021 using a
multivariable binary logistic regression mixed model to identify the determinants of poor treatment
control. The study covered 836 patients (410 with diabetes and 526 with hypertension). The man
diagnosis was diabetes in 410 (49%) patients. The median age of the study participants was 52
years, with an Inter Quartile Range (IQR) of 18 (43-61). According to their descriptive results, nearly
two-thirds of the study participants, 543 (65%), were urban, which implies that urban diabetes and/or

hypertension patients are more affected by the COVID-19 pandemic disease.



A retrospective cohort study was conducted on a total of 42 COVID-19 patients with type 2 diabetes
mellitus (TII DM) with ages ranging from 41 to 66 years. The result of this study showed that stroke
is one of the risk factors for diabetes with COVID-19 diseases [64]. Furthermore, a study conducted
by Nannoni et al [65] results showed that factors like hypertension, diabetes, strokes, coronary artery

disease, and older age were statistically associated with COVID-19.

Similarly, a retrospective cohort study was conducted on severe COVID-19 in people with TI DM
and TII DM in Sweden. The study covers 44,639 and 411,976 adult patients with TI DM and TII DM
diabetes alive on Jan 1, 2020, using Cox regression analyses. According to Cox regression analysis,
variables like age, sex, stroke, asthma, and hypertension were statistically significant at a 5% level of

statistical significance [66].

Migbar et al [26] studied on determinants of mortality among COVID-19 patients with diabetes
mellitus in Addis Ababa, Ethiopia, they used a binary logistic regression model. The study covered a
total of 340 COVID-19 patients (114 with diabetes and 226 non-diabetes). In these findings factors,
like age, severity of COVID-19 disease, obesity, hypertension, anemia at presentation, RVI and AKI

after hospital admission were a statistically association with diabetic patients in COVID-19 infection.

A cross-sectional study conducted on diabetes with COVID-19 psychosocial consequences of the
COVID-19 pandemic in people with diabetes by distributing online questionnaires to 2430 adult-
age (>18 years old) members of two user panels at Steno Diabetes Center Copenhagen and the
Danish Diabetes Association, respectively, by using multivariate logistic regression. In this study,
sociodemographic and health status items like age, gender, and type of diabetes were included, and
the result showed women more often than men experienced worries about being overly affected by
COVID-19 and types of diabetes, but variable age has no association with COVID-19 co-infection in
DM patients [67]. Luzi et al [68] conducted on telemedicine and urban diabetes during the COVID-19
pandemic in Milano, Italy. And the result of their findings showed that rural residents are more likely
to be older and to have health conditions including cardiovascular disease, chronic lung disease (CLD),

diabetes, and obesity that exacerbate the effects of COVID-19 [69].

A cross-sectional study was conducted on the psychological impact of COVID-19 on diabetes mellitus
patients in Cape Coast, Ghana.The results showed older people are at greater risk of developing
diabetes with COVID-19 [70]. Similarly, in the study of Elemam et al [71] the result showed COVID-

19 patients with diabetes who belong to an older age group are more affected by COVID-19. Moreover,



retrospective cohort study results showed that factors like age and gender were statistically associated
with increased risk of adverse outcomes in diabetic patients with COVID-19. In another study, the
results showed that aged patients had a slower recovery rate from COVID-19 infection as compared to
young respondents [72]. A preliminary South African data shows that having HIV or active tuberculosis
(TB) increases a person’s risk of dying from COVID-19. However, the effect is small compared with

other known risk factors such as old age and diabetes [73].

A case study conducted on the recovery of an elderly woman with diabetes and asthma from COVID-19
infection shows that a 61-year-old woman was hospitalized due to dyspnea and low blood O saturation
and was later diagnosed with COVID-19, as confirmed by PCR. The patient also had a history of
asthma and diabetes. However, all these COVID-19 complications were successfully managed, and
she was discharged with a good clinical condition after the improvement of respiratory complications.
Finally, they conclude that despite having an advanced age and underlying diseases (diabetes and
asthma), the recovery of this elderly woman shows that even such patients can defeat COVID-19 as
long as the disease is not progressed to advanced phases and appropriate therapeutic measures are

taken [74].

Similarly, a case-control study [26] conducted on 114 cases (diabetic patients) and 226 controls (non-
diabetic patients) that died due to COVID-19 disease and variables like age, Sex, Obesity, Hypertension,
Symptom, and RVI were statistically significant. Additionally, a retrospective cross-sectional result
showed patients with diabetes were more likely to have a longer length of stay (LOS) in hospital, with
14.4 (SD =£ 9.6) days, compared to patients without diabetes, 9.8 (SD &£ 17.1) days. In this study
male patients were more likely to be admitted to hospitals with COVID-19 than females, and older

COVID-19 patients with diabetes were less likely to survive compared to younger [75].

A retrospective study conducted on the clinical characteristics of 382 confirmed COVID-19 patients,
consisting of 108 with and 274 without preexisting TII DM, from January 8 to March 7, 2020,
in Tianyou Hospital in Wuhan, China, was collected and analyzed. In this study, univariate and
multivariate Cox regression models were performed to identify specific clinical factors associated with
the mortality of COVID-19 patients with TII DM. The results showed that older age, elevated glucose
level, increased serum amyloid A (SAA), diabetes treatment with only oral diabetes medication, and

oral medication plus insulin were independent prognostic factors [76].
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A meta-analysis study was conducted on a total of 1558 patients with coronavirus 2019 (COVID-
19). According to their results, factors like hypertension, diabetes, chronic lung disease (CLD),
cardiovascular disease, and cerebrovascular disease were independent risk factors associated with
COVID-19 patients [77]. Additionally, a retrospective cohort study was conducted on a total of 42
COVID-19 patients with type 2 diabetes mellitus (TII DM) who presented with acute ischemic stroke
(AIS). In this study, variables like age, sex, smoking and other cofactors like IHD and dyslipidemia

were independent risk factors associated with diabetes in COVID-19 patients [64].

2.3 Survival Analysis

Survival analysis is the analysis of time-to-event data. Such data describe the length of time from a
time origin to an endpoint of interest [78]. It can be used solely for investigations of mortality and
morbidity based on vital registration statistics. The most punctual arithmetical analysis of human
survival processes can be traced back to the 17th century when the English statistician John Graunt
published the first life table Glass et al [79]. For assessing conditional survival functions, non-
parametric estimators can be favored to parametric and semi-parametric estimators due to loose
presumptions that empower estimation [80]. The Kaplan-Meier estimator, which appears to have been
first proposed by Bohmer, may be a non-parametric estimator [81]. It is utilized to assess the survival
conveyance work from censored information. However, it was misplaced by subsequent analysts
and was not investigated until the immunocompetent could become forceful and profoundly harmful
in patients with an obstructed safe framework, for example, those with hematological malignancies,

immunosuppression, ineffectively controlled diabetes, press overburden, and critical injury.

Several methods can be used for survival analysis. These include the Kaplan-Meier method, which
is an estimator of survival probabilities [82] and the Cox Proportional Hazard Model (CPHM). [83].
These two methods are considered among the methods that contributed significantly to the development
of survival analysis. Most of the studies were conducted to model the survival time and to predict
the mortality risk for COVID-19. Guillermo-Salinas Escudero et al [84] applied survival analysis
to study the effect of COVID-19 in Mexican. The factors they used in their study included age, sex,
comorbidities, hospitalization, and admission to the intensive care unit. They applied the Kaplan-Meier
and Cox regression models to assess the proportion of survival time and the random-effects model to
find the hazard ratio of prognostic variables. Their results show that men and older people had higher

mortality rates than women and young people, respectively. Monira Mollazehi et al [85] modeled
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survival time to recover from COVID-19. Additionally, a Tolossa et al [31] study was conducted on
time to recovery from COVID-19 and its predictors among patients admitted to the treatment center
of Welloga University referral hospital, and a Cox proportional hazard regression model was used to
determine factors associated with recovery time. PH modeling is the most frequently used type of
survival analysis modeling in many research areas, having been applied to topics such as smoking
relapse and employee turnover, Sterensund [86], and in medical areas for the identification of important

covariates that have a significant impact on the response of the interested variables.

Another study was conducted by Ketema [87] at the Armed Forces General Teaching Hospital (AFGTH)
located in Addis Ababa, Ethiopia. The Kaplan-Meier method and log-rank test were used to compare
the survival experiences of different categories of patients. The proportional hazards Cox regression
model was employed to identify predictors of mortality. A total of 734 patients with ART were included

in the study. Predictors like CD4 count, ambulatory, bedridden, & co-infection were significant at 5%.

Generally, the previous study was conducted to determine prognostic covariates in diabetics with
COVID-19 by using binary logistic regression [26]. However, binary logistic regression is not capable
of considering the survival time of the patients in the hospital since it does not account for the censoring
of observations and does not hold for time-to-event data. By considering this gap using survival analysis

is an appropriate Model which is incorporate the time to event data and capable of censoring.
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3 Methodology

3.1 Description of the study area

The data set for this study was obtained from Eka Kotebe General Hospital (EKGH). EKGH is located
in the Yeka sub-city, Woreda 12, around Karalo. The center was the first hospital designated to manage
positive COVID-19 cases in Ethiopia. It has a capacity of 600 beds, with 16 beds dedicated to intensive
care services. The hospital has given treatment to 6706 COVID-19 patients until this study was
conducted. Among the total patients in the hospital, 5428 recovered. Over 130 nurses, 90 general
practitioners, two internists, one anesthesiologist, two emergency physicians, one pulmonology and
critical care sub-specialist, two obstetricians and gynecologists, two surgeons, two psychiatrists, two

radiologists, and two pediatricians were involved in the care of those patients.

3.2 Study Design and Target Population

This study is a retrospective cohort study of diabetic patients with COVID-19 who were treated at Eka
Kotebe General Hospital. The data was extracted from the patient’s chart. The target population of this
study was all diabetic patients with COVID-19, whose age is 18 years and above, who were admitted

to Eka Kotebe General Hospital from March 20, 2020, to April 30, 2022, G.C.

3.3 Data Collection Procedure

The secondary data was collected from the patient’s individual charts for investigation of the time
to recovery of diabetic patients from COVID-19. A checklist of variables was prepared and used to
collect relevant data by reviewing patients’ cards. One health professional and two experienced data
collectors under the supervision of the researcher contributed to the data collection. The overall activity
was controlled by the principal investigator. The data was coded and analyzed by using the statistical

packages for social science (SPSS version 26) and R software (version 4.1.2), respectively.

3.4 Study period

The study period for this study was from March 20, 2020, to April 30, 2022, G.C. Entry of the data
was considered from the day that patients started the treatment after admission up to the day they were

discharged from the hospital.
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3.5 Inclusion and exclusion criteria

All 18-year-old and above diabetic patients positive for COVID-19 with full information were included
in the study, whereas diabetic patients negative for COVID-19 and with insufficient information

regarding study variables on the registration book or in the card were not included in the study.

3.6 Variable description

3.6.1 Dependent variable
The response variable for this study is time to recovery of diabetic patients from COVID-19, which is

measured in days. The status variable is coded as 0 for censored and 1 for the event (recovery).

Time to recovery:- means the time (in day) when diabetic patients were diagnosed positive for
COVID-19 to the time (in day) when the diabetic patients are diagnosed with two consecutive negative

results of the virus by the rRT-PCR tests in 24 hours.

Censored:- can occur if diabetic patients with COVID-19 have not recovered from COVID-19 up
to the end of the study; death due to different causes, even death due to COVID-19; and if they are
transferred to other hospitals.

3.6.2 Independent variable

The candidate covariates used in the research and the codes of categorical variables are described in

the following (Table3.1).
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Table 3.1: Description of covariates together with their values/codes

Covariate Categories
Age 0=18-35,1=36-55, 2=>55
Sex 0=Male, 1=Female
Residence 0 =Urban, 1 =Rural
HIV 0 = Negative, 1 = Positive
Hypertension 0=No, 1=Yes
CVD 0 = No, 1 =Yes
Symptoms 0=No, 1=Yes
Asthma 0 = No, 1 =Yes
RVI 0 = No, 1 =Yes
Stroke 0 = No, 1 = Yes
TB 0 = No, 1 = Yes
CLD 0 = No, 1 =Yes
Obesity 0 = No, 1 =Yes
Types of diabetes 0="Typel, 1="Typell, 2 = Gestational
Other co-factor 0=No, 1=Yes

HIV = human immunodeficiency virus, CVD = Cardiovascular disease, RVI = Respiratory viral
infection, TB = Tuberculosis, CLD = Chronic lung disease, Other co-factor = Patients with additional
comorbidity (like ischemic heart disease (IHD), heart failure (HF), chronic kidney disease (CKD), ... ),

and according to [88, 89] studies, age of patients were categorized into (18-35, 36-55, and >55).

3.7 Method for survival data analysis

Survival analysis is a statistical method for data analysis where the outcome variable of interest is the
time to the occurrence of an event [90]. One of the most important differences between the outcome
variables modeled via linear and logistic regression analyses and the time variable in the survival data
is the fact that we may only observe the survival time partially. The variable time actually records two
different things. For those subjects who experienced the event, it is the outcome variable of interest,
the actual survival time. However, for subjects who were alive at the end of the study, for patients
who were lost to follow-up, patients withdrawing from the study, and competing events (e.g., death
due to some cause other than the cause of interest), time indicates the length of follow-up (which is
a partial or incomplete observation of survival time). These incomplete observations are referred to

as being censored. Most survival analyses consider a key analytical problem called censoring. In
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essence, censorship occurs when we have some information about an individual’s survival time but we
do not know the exact survival time (Collett [91]). Survival time is said to be right-censored when it is
recorded from its beginning to a defined time before its end time. This type of censoring is commonly
recognized in survival analysis and was also considered in this study. If an individual develops an
event of interest prior to the start of the study, the survival time is said to be left-censored; this is not
common in survival studies. Survival time is said to be interval censored when it is only known that

the event of interest occurs within an interval of time but the exact time of its occurrence is not known.

Survival data is generally described and modeled in terms of two related probabilities, namely survival
and hazard (Hosmer and Lemeshow) [92]. The survivor function (also known as the survival probabil-
ity) S(t) is the likelihood that a randomly selected subject will live longer than or equal to a given time.
Hence, it gives the probability that an individual survives beyond a specified time. In addition, the
survival time distribution is characterized by the survivorship function, probability density function,

and hazard function.

Let T be a random variable associated with the survival times, t be the specified value of the random
variable T and f(t) be the underlying probability density function of the survival time T. The cumulative
distribution function F'(t) = Pr(T < t), which represents the probability that a subject selected at

random will have a survival time less than some stated value t, is given as:
t
F(t)=P(T <t) = [ fl)ds, t=0 ()
0

Using the above function; the survival function S (t) can be given as: S(¢) = Prob(individual(T)
survives longer than time t). This is the probability of surviving at least as long as t, which is one

minus the integral of f(t) up to time t, that is:
St)=p(T =t)=1-F(1) 2)

From equations (2) and (3) the relationship between f (t) and S (t) can be derived as:

d d —d

f() =GP = 50 5(0) = 55 @

Theoretically, the survivor function can be graphed as a smooth curve as t ranges from O to infinity

[0,00]. Survival function are non-increasing or decreasing function, at time t =0, S (t) = S (0) =1; that
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is, at the start of the study, since no one has experienced the event yet, the probability of surviving
past time O is one, and at time ¢ — oo, S(t) = S(00) — 0; that is, theoretically, if the study period
increased without limit, eventually nobody would survive, so the survivor curve must eventually

converge to zero.

The hazard function is widely used to express the risk or hazard of experiencing an event (recovery) at
some time t and is obtained from the probability that an individual will experience the event at time t,
conditional on whether he or she has survived (censoring) to that time. That is, the function represents
the instantaneous failure rate for an individual surviving until time t. The hazard function is a measure
of the probability of failure during a very small interval, assuming that the individual has survived at

the beginning of the interval. It is defined as:

limg, o P(t < T < t+dt/T >t
h(t) = 420 V<ﬁ—+ 120

1 lim P(t <T < +At)
P(T > t) At—0 At

“4)

By applying the theory of conditional probability and the relationship in equation (4), the hazard
function can be expressed in terms of the underlying probability density function and the survivor

function becomes
B f(t) B —dlog(S(t)) B d
- S(t) - dt N dtH(t)'

The corresponding cumulative hazard function H(t) is defined as;
t
mﬂ:/hw%:—maw )
0
Then, S(t) = exp(-H(t)) and f(t) = h(t)S(t)

3.7.1 Non-parametric methods for survival analysis

The estimation of the survival distribution provides estimates of descriptive statistics such as the median
survival time. These methods are said to be Kaplan-Meier estimator of the survival function since
they require no assumptions about the distribution of survival time. Non-parametric methods are often
very easy and simple to understand as compared to parametric methods. Furthermore, non-parametric

analyses are more widely used in situations where there is doubt about the exact form of distribution.
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A commonly reported summary statistic in survival studies is the median survival time. This is the
time beyond which 50% of the individuals in the population under study are expected to survive and is
given by that value t(50) which is such that S(50) = 0.5. When there is no possible realistic estimated
survival time that makes the survival function exactly equal to 0.5, the estimated median survival time,
t(50) defined to be the smallest observed survival time for which the value of the estimated survival

function is less than 0.5 [29].

Mathematically,
£(50) = min {t;/S(t;) < 0.5}, (6)

where t; is the observed survival time for i** individual,i=1, 2, ..., n. tjisy th ordered recovery time, j

=1,2,....I.

Kaplan-Meier (KM) is the standard non-parametric estimator of the survival function , also known as
the product-limit method. It incorporates information from all observations available, both censored
and uncensored, by considering any point in time as a series of steps defined by the observed survival
and censored times. The Kaplan-Meier estimator is used to estimate the survival time (time of
censoring) of a patient and construct survival curves to compare the survival experience of a patient

across different categorical variables [92].

The survival probability of developing the disease at any particular time is estimated as:

St =11 (nn—d) =11 (1 _ ﬁj). (7

t; <t t; <t
Where S (t) denotes the estimated time of developing diabetes with covid-19 at ¢; , and n; is the number
of patients at risk and d; is the number of individual who experienced to diabetes with covid-19, at

time ¢;.

The Kaplan-Meier estimator survival curve gives the estimate of survivor function among different
strata or groups of covariates to make comparisons. Separate graphs of the estimates of the Kaplan-
Meier survivor functions are constructed for different categorical covariates. In general, the pattern that
one survivorship function lies below another means the group defined by the lower curve has better

recovery time than the group defined by the upper curve.

The log rank test is a non-parametric test for comparing two or more independent survival curves. This
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test is most powerful in detecting a higher cured proportion in one group than the other group [93].
Mathematically,
o1 (0 — By

LR = —
Z’i:l VEi

~ X7} (8)

3.8 Regression Models for Survival Data

In most medical studies which give rise to survival data, supplementary information referred to as
covariates or independent variables needs to be collected on each individual, so that the relationship

between the survival experience of individuals and various explanatory variables has to be investigated.

In the analysis of survival data, interest centers on the risk of hazard of failure at any time after the time
origin of the study. As a consequence, the hazard function is modeled directly in the survival analysis.
There are two broad reasons for modeling survival data. One objective of the modeling process is to
determine which combinations of potential explanatory variables affect the form of the hazard function.
Another reason for modeling the hazard function is to obtain an estimate of the hazard function itself
for an individual from a set of explanatory variables (Klein and Moeschberger [93]). One of the most
popular types of regression models used in survival analysis is the Cox proportional hazard model

(Cox, [94]).

3.8.1 The Cox Proportional Hazards Regression Model

The Cox Proportional Hazard (PH) Model is a multiple regression method and is used to evaluate the
effect of multiple covariates on survival. Cox (1972) proposed a semi-parametric model for the hazard
function that allows the addition of covariates while keeping the baseline hazards unspecified and can
take only positive values. With this parameterization, the Cox hazard function is specified as a function

of time and the covariates:

h(tv X, ﬂ) = h0<t) exp (B/X),

or, equivalently:

h(t, X, B) = ho(t)exp(Srizi + Batio + ... + Bpxip = exp(B'x)) i=1,2,..,n, 9)

where h(t) denotes baseline hazard function, which is the hazard function for an individual for whom
all the variables included in the model are zero, X = (21, ..., z,) is the values of the vector of explana-

tory variables for a particular individual, 5 = (01, B2, ..., Bp) is a vector of regression coefficients, and
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e?  characterizes how the hazard function changes as a function of subject covariates, and n is total
number of observations in the study. If all of the covariates are zero the above equation (9) becomes

hi(t) = ho(t). For this reason the term hy(%) is called the baseline hazard function.

Assumptions of the Cox proportional hazards model are; i) the baseline hazard function ho(t) de-
pends on t, but not on covariates, x1, T2, ..., Zp, ii) the hazard ratio exp/3, depends on the covariates

x1, T2, ..., Tp NOt On time (t), and iii) the covariates X; are time-independent.

The survival function for Cox proportional hazard model is:
ex: P i X
S(t, X) = e .
And the estimated survival function:
A N exp( f_ BZXZ)
S(t’X): (So(t)) P(3 o0, ,
where S’o(t), Bl are estimated baseline survival and coefficient of covariates respectively.
The measure of effect is called hazard ratio. The hazard ratio of two subjects with covariates x and z*
is given by
i hoean(Fe)

 ho(t)exp(fra)

This hazard ratio is time independent, which is why this is called the proportional hazard model. The

— eap Y Bie - )

parameter of the Cox proportional hazard model refers to the hazard ratio of one group in comparison
to the other groups for categorical covariates and change in hazard ratio with a unit change of the

covariate for the continuous variable when other covariates are fixed.

So the change in hazard ratio for the continuous covariaties are given by:

h(t/xp + 1) _ exp(S171 + Bawa + .. + Bl + 1) + ... + Bp1y) _ P (10)
h(l’k) 6%}7(61331 + BQCL’Q + ...+ kak + ...+ 6p$p) k

Which represents change (equivalently, exp(5:)*100% percentage change) hazard function with unit

change in covariate provided that other covariates remains fixed.

Interpreting outputs from the Cox model involves examining the coefficients for each explanatory

variable. The negative regression coefficient for an explanatory variable indicates that the hazard is
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lower and thus the prognosis worse. Conversely, a positive regression coefficient implies a better
prognosis for patients with higher values of that variable when time to event is recovery and conversely

for death.

3.9 Estimation of Parameters in proportional hazard model

The regression coefficients in the proportional hazards Cox model, which are the unknown parameters
in the model, can be estimated using the method of maximum likelihood. In Cox proportional hazards
model we can estimate the vector of parameters § without having any assumptions about the baseline
hazard hq(t). Suppose the survival data based on n independent observations are denoted by the triplet
(t;, 05, ;)1 =1,2,...,n.

Where

t; is the survival time for i*" individual

d; an indicator of censoring for the i** individual given by 0 for censored and 1 for event/recovery.

x; a vector of covariates for individual i(z;1, 1, ...2;p).

The full maximum likelihood is defined as the following.

n

L(B) =TI nt — i, 22, )" S (ts, 21, B), (1)
=1
where h(t;, z;, 5;) = ho(ti)eﬁli” is the hazard function for individual i and S(t;, z;, ) = (So(t;)) exp(8 z;)

1s the survival function for individual 1.

Then, the full maximum likelihood becomes;

n

L(B) = [](ho(t;) exp(B8'2:))% (So(t:) exp(B z:)) (12)

i=1

Full maximum likelihood requires that we maximize (12) with respect to the unknown parameter
of interest, (3, and unspecified baseline hazard and survival functions. This indicates that unless we
explicitly specify the baseline hazard, hy(t), we cannot obtain the maximum likelihood estimators for
the full likelihood. But, Cox (1972) proposed using an expression called "partial likelihood function"

that depends only on the parameter of interest.
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3.9.1 Partial likelihood estimate for Cox PH model

Kalbfleisch and prentice derive a likelihood involving only /3 and X (not /() based on the marginal
distribution of the ranks of the observed failure times (in the absence of censoring). Cox (1972),
derived the same likelihood and generalized it for censoring using the idea of a partial likelihood.
Instead of constructing a full likelihood, we consider the probability that an individual experiences an

event at time ¢; given that an event occurred at that time.

Let R; denote the set of individuals at risk at time just prior to ¢(;. Assume that for the present case
there is only one failure at time ¢;, i.e, no ties. The probability that individual ¢ with covariates x; is the
one who experience the event at time ¢(;y = P ( individual i has experiences an event at time ;) | one

event at time £;) ).

A (L, x;
Zjuth) A (ta xj)
And under the proportional hazards assumption on using equation (13), the ratio
oll "z

Z]aaz 1 Ao(t) eXp (B/xj)

shows the contribution to the partial likelihood at each death time £(;) by the individuals with covariate
x; in the risk set Ry;) . Where Ry 1s the overall subjects in the risk set at time ¢(;). By eliminating the

baseline hazards function, in the numerator and denominator, equation (14) becomes

/ .
eXp (B %7{) (15)
Y exp (f'z;)
Thus, the partial likelihood is the product over all failure time ¢(;) for7 = 1,2, ..., m of the conditional
probability (15) to give the partial likelihood.

] Rz(l) €xp (/B/x]>

The product is over the m distinct ordered survival times and x; denotes the value of the covariate for

the subject with ordered survival time ;). The log partial likelihood function is

— i [ﬁ'mz —1In ( > exp (ﬂ’x]))] (17)

=1 ]CLRZ(])
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We obtain the maximum partial likelihood estimator by differentiating the right-hand side of (17)
with respect to the component of 3, setting the derivative equal to zero, and solving for the unknown
parameters. The partial likelihood derived above is valid when there are no ties in the data set. But in
most real situations, tied survival times are more likely to occur. In addition to the possibility of more
than one event at a time, there might also be more than one censored observation at a time of event.
To handle this real-world fact, partial likelihood algorithms have been adopted to handle ties. There
are three approaches commonly used to estimate regression parameters when there are ties. These are
Breslow (1974), Efron (1977) and Cox (1972) approximations (Collett, 2003). The most popular and
easy approach is Breslow’s approximation. In many applied settings there will be little or no practical
difference among the estimators obtained from the three approximations. Because of this, and since
the Breslow approximation is more commonly available, otherwise, analysis presented in this study
was based on it. This approximation is proposed by Breslow and Peto to modify the partial likelihood
and has the form;

exp (0'X;)

[ZleRl

Lo(8) =TI

i=1

- (18)
®) eXP(ﬂ’Xj)l

where d; is the number of experienced an event occurred at time ¢; and X; the sum of covariates over

d; subjects at time ;.

Then, the partial log likelihood of (18) is given as

lB(ﬁ) = Z 5/XZ - di In Z exXp (BIXJ) (19)
Breslow maximum partial likelihood estimator, adjusted for tied observation is obtained, by differenti-
ating equation (19) with respect to the components of S and setting the derivative equal to zero and

solving for the unknown parameters.

3.10 Model Development and Adequacy

In any applied setting, performing a proportional hazard regression analysis of survival data requires
a number of critical decisions. It is likely that we will have data on more covariates than we can
reasonably expect to include in the model, so we must decide on a method to select a subset of the
total number of covariates. When selecting a subset of the covariates, we must consider such issues as

clinical importance and statistical significance (Hosmer and Lemeshow, [95]).
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When the number of variables is relatively large, it can be computationally expensive to fit all possible
models. In this situation, automatic routines for variable selection that are available in many software
packages might seem an attractive prospect. These routines are based on forward selection, backward
elimination or the combination of the two known as the step wise procedure. The model selection
strategy depends to some extent on the purpose of the study. In a situation where the aim is to identify
variables upon which the hazard function depends, instead of using the automatic variable selection

procedures, the following procedure is recommended.

1. The first step is fitting a univariable model for each of the explanatory variables and identifying the
variables that are significant at some level from 20% to 25% is recommended in [96], 2. The variables
that appear to be important in step 1 are then fitted together in a multivariable model. In the presence
of certain variables, others may cease to be important. Consequently, backward elimination is used to
omit non-significant variables from the model. Once a variable has been dropped, the effect of omitting

each of the remaining variables should be examined in turn.

3.10.1 Proportional hazard assumption checking

The proportional hazards assumption is so important to cox-regression that we often include it in
the name (the cox-proportional hazards model). What it essentially means is that the ratio of hazard
functions for two individuals with different regression covariates does not vary with time. The most
popular graphical technique for evaluating the PH assumption involves comparing estimated — In(— In)
survival curves over different (combinations) of categories of variables and scaled Schoenfeld residual

being investigated.

The tests of the proportional hazards assumption for each covariate were done by correlating the
corresponding set of scaled Schoenfeld residuals with a suitable transformation of time, with the
default being based on the KM estimate of the survival function. If the plot of scaled Schoenfeld
residuals versus the logarithm of time is a random, smooth, straight line about zero, the proportional
hazards assumption will be satisfied. Otherwise, a plot of scaled Schoenfeld residuals for a given
covariate may reveal a violation of the proportional hazards assumption [97]. Furthermore, if we plot
the estimated log(-log(survival)) versus survival time for two or more groups, we would see parallel

curves, indicating that the cox proportional assumption is met.
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3.10.2 Model Diagnostic

The Cox-Snell residual is given by Cox and Snell. The Cox-Snell residual for the i** individual with

observed survival time ¢; is defined as
rei = exp(f ;) Hy(ti) = H;(ti) = —log S;(ti), (20)

where Hy(ti) and S;(ti) are an estimate of the baseline cumulative hazard function and survivor
functions, respectively, for the it individual at the censored survival time, which was derived by

Kalbfleisch and Prentice. Then the modified Cox-Snell residual is given by
re; =1—108+1rc

Plotting — log S (T}) vs t should yield a straight line and Plotting log [— log (S* (T,)” vs log(t) should

yield a straight line through the origin with slope = 1.

3.11 Ethical consideration

The data was obtained from Eka Kotebe General Hospital, and ethical clearance for the study was
provided by the research ethics review board of Jimma University. An official letter of co-operation
was written to Eka Kotebe General Hospital by the department of statistics. Qualified data collectors
were carefully recruited and trained before the start of the data collection phase. As the study was
conducted through the review of medical records, any personal information regarding the study subject
was replaced by a number, and patient evidence was kept confidential without disclosing it to others.
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4 Result and Discussion

4.1 Descriptive statistics

This study included 481 diabetic patients with COVID-19 whose age was 18 years and above and were
placed under treatments that followed between March 20, 2,020, and April 30, 2022, in Eka Kotebe
General Hospital. Descriptive statistics of baseline covariate for diabetic patients with COVID-19 were

illustrated in (Table 4.1).

Among 481 patients eligible for the study, 292 (60.71%) were males and the remaining 189 (39.29%)
were females. Female patients were faster to recover, with a median recovery time of 15 days within
95% C.I (14, 16) than male patients, with a median recovery time of 17 days within (15, 18) 95%
confidence interval. Of the total 306 (63.62%) recoveries and 175 (36.38%) censored observations. A
large proportion of these patients, 433 (90.02%) were HIV negative and 269 (62.12%) of them were
recovered, whereas 164 (37.88%) of them were censored, and 48(9.98%) were HIV positive, of which
37 (77.08%) were recovered with a median recovery time of 31 days within 95% C.I (28,33). Patients
whose age were above 55 years took a longer period of time to recover from COVID-19, with a median
recovery time of 19 days within 95% C.I (18, 21) than the reference group (18-35 age categories). Most
of the patients 343, or 71.31% were from urban areas, and a large number of patients 254, or 74.05%
recovered in this group in comparison with rural areas. Of the total 481 patients, 231(48.03%) have
hypertension and 76(32.9%) of them were recovered from COVID-19 with a median recovery time of
26 days within 95% C.I (23, 28) when we made a descriptive comparison with the non-hypertension
group of the total patients. Regarding cardiovascular disease, 331 (68.82%) had not, whereas 150
(31.18%) had cardiovascular disease. Among the cardiovascular patients, 61(40.67%) recovered from

COVID-19, with a median recovery time of 24 days within 95% C.I (21, 26).

In addition, of the total of diabetics with COVID-19 patients, 165 (34.3%) had asthma, and of the total,
46 (27.88%) recovered, with a median recovery time of 28 days within 95% C.I (26, 32). Among
diabetic patients with COVID-19, 151 (31.39%) had a respiratory viral infection (RVI) and 67(44.37%)
of them were recovered, with a median recovery time of 22 days within 95% C.I (22, 26). Of the total
diabetic patients with COVID-19, 116(24.12%) had a stroke, 178(37.01%) were TB, and 96(19.96%)
were CLD. Of the total diabetic patients with COVID-19, 106(22.04%) had obesity and 33(31.13%) of

them were recovered, with a median recovery time of 29 days within 95% C.I (26, 33). Most of the
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patients were exposed to TII DM, which is 289 (60.08%) of the patients included in this study, and of
them, 224(77.51%) were recovered with a median recovery time of 18 days within 95% C.I (17, 18).
Considering other co-factor diseases, 299(62.16%) patients were those who had no other co-factors at
their baseline and the rest (182, or 37.84%) had been co-infected by other diseases at their baseline.
The minimum and maximum recovery times observed in the data were 5 and 59 days, respectively (see

Table 5.1 under Appendix 1. A).

Table 4.1: Descriptive Statistics for Categorical Variables included in the analysis.

Survival status

Covariate Categories Event/Recovery (%) Censored(%) Total(%)

Age 18-35 71(83.53%) 14(16.47%) 85(17.67%)
36-55 113(79.02%) 30(20.98%) 143(29.73%)

>55 122(42.22%) 131(51.78%) 253(52.6%)
Sex Male 179(61.3%) 113(38.7%) 292(60.71%)
Female 127(67.2%) 62(32.8%) 189(39.29%)
Residence Urban 254(74.05%) 89(25.95%) 343(71.31%)
Rular 52(37.68%) 86(62.32%) 138(28.69%)
HIV Negative 269(62.12%) 164 (37.88%) 433(90.02%)

Positive 37(77.08%) 11(22.92%) 48(9.98%)
Hypertension No 230(92%) 20(8%) 250(51.98%)
Yes 76(32.9%) 155(67.1%) 231(48.02%)
CVD No 245(74.02%) 86(25.98%) 331(68.82%)
Yes 61(40.67%) 89(59.33%) 150(31.18%)
Asthma No 260 (82.28%) 56 (17.72%) 316 (65.7%)
Yes 46(27.88%) 119(72.12%) 165(34.3%)
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48(43.64%)
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151(31.39%)
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116(24.12%)
303(62.99%)
178(37.01%)
385(80.04%)
96(19.96%)
375(77.96%)
106(22.04%)
110(22.87%)
289(60.08%)
82(17.05%)
299(62.16%)

182(37.84%)

Status

Figure 1: Treatment outcome of DM plus Covid-19 patients admitted to EKGH treatment center, Addis
Ababa Ethiopia from March 20, 2020, to April 30, 2022.
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The above figurel shows a total of four hundred eighty-one diabetic patients with COVID-19 were
considered in this study. Among these patients, 306 (63.62%) were recovered from COVID-19

pandemic disease, and the remaining 175 (36.38%) were censored during the study period.

4.2 Non-parametric Survival Analysis

The Kaplan Meier (KM) estimator of survivorship function (survival probability) of diabetic patients
from COVID-19 is analyzed in Table 5.1 (Appendix I. A). The output shows that the survival estimation
of diabetic patients with COVID-19 on day five (5") for two individual patients is 0.996. The
corresponding standard error of survival estimation of patients on day five was 0.003 with a 95% C.1
(0.989, 1.000). Also, the survival estimation of the diabetic patients from COVID-19 on day six for
four diabetic patients was 0.987, and its standard error of survival estimation on day six was 0.005,
within 95% C. 1 (0.976, 0.997). Although the survival estimation of patients with DM plus COVID-19
on fifty-nine days was 0.008 with a standard error of 0.008, within 95% C. I (0.001, 0.052), it is much

lower than the survival time in the beginning, but the time is still increasing.

Median recovery time, or 50% recovery time, is the recovery time where the probability of recovery
time is equal to 0.5. Hence, the overall median recovery time was 16 days within a 95% C.I (15, 17). It

is explained in the following (Table 4.2):

Table 4.2: Median survival time of DM plus COVID-19 patents

95% CI

Total n. of patients Recovery Median(50(%)) Upper CI Lower CI
481 306 16 15 17

Additionally, the following (figure 2) shows the estimate of the overall Kaplan-Meier median
survivor function and the horizontal line shows the overall 50% median recovery time of diabetic

patients from COVID-19, which appears at 16 days within a (15, 17) 95% confidence interval.
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Figure 2: A plot of overall estimated survivor function at median 16 days with 95% CI (15, 17) of
diabetic patients with COVID-19 disease.

4.2.1 Survival Time-to-Recovery for Different Groups of Covariates

From these results displayed in figure 3, the survival time to recovery of diabetic patients from COVID-
19, whose age group of 36-55, has a prolonged time to recovery from COVID-19 compared to the
18-35 age group. Also, the age group above 55 has a more prolonged time to recovery compared to the
18-35 age group. The log-rank test (Table 4.3) also illustrated that, there were significant differences
among age categories with respect to survival probability (p < 0.001). Female patients have a better

recovery time from COVID-19 compared to the male patients.

Age Sex
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0.8 — 08 —
= 0.6 = 06
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Figure 3: Kaplan-Meier survival estimates by Age and Sex
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Figure 4: Kaplan-Meier survival estimates by Residence, HIV, Hypertension, and CVD

KM curve in the above Figure 4 indicates that diabetic patients who live in rural areas have a faster
time of recovering from COVID-19 than the patients who live in urban areas. The log rank test also
revealed that residence of patients had significant association with time to recovery of diabetic patients
from COVID-19 (p < 0.001) at 5% level of significance. Diabetic patients with HIV positivity have a
prolonged time to recover from COVID-19 compared to the patients with HIV negative. The log rank
test in Table 4.3 also showed HIV status was significant association with time to recovery of diabetic
patients from COVID-19 (p < 0.001). Diabetic patients with high blood pressure (hypertension) also
have a prolonged time to recover from COVID-19 than diabetic patients with normal high blood
pressure (no hypertension). Additionally, diabetic patients who have cardiovascular disease have a

prolonged time to recover from COVID-19 compared to the reference group (no CVD).
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KM curve in the below Figure 8 in (Appendix I C.), indicates that there is an effect on time-to-recovery
due to Type II diabetic patients with COVID-19. Patients with type II have a longer time duration to
recover from COVID-19 than the type I diabetes mellitus. However, patients with gestational have a
shorter recovery time compared to the type I diabetes mellitus. The result of the log rank test is also
revealed the difference is significant (p < 0.001) at 5% level of significance. Moreover, diabetic patients
who had asthma, RVI, symptoms, stroke, TB, CLD, obesity, and other co-factors had a prolonged
time to recover from COVID-19 than patients who had no asthma, RVI, symptoms, stroke, TB, CLD,
obesity, and other co-factors. The log-rank in Table 4.3 also shows that difference was significant (p <

0.001) at a 5% level of significance.

In general, to explore whether there are significant differences among different groups of categorical
predictors, we employ the log-rank statistical test. The null hypothesis test stated that there is no
difference between the survival curves, whereas the alternative hypothesis test is stated that there is a

difference between survival curves.

Table 4.3: Log rank test for each covariates of diabetics with COVID-19 patents in Eka Kotebe General
Hospital.

Covariates Chi-square DF P-value
Age 183 2 < 0.001
Sex 12.7 1 0.0004
Residence 187 1 < 0.001
HIV 107 1 < 0.001
Hypertension 212 1 < 0.001
CVD 50.5 1 < 0.001
Symptom 113 1 < 0.001
Asthma 140 1 < 0.001
RVI 42.5 1 < 0.001
Stroke 55.2 1 < 0.001
TB 118 1 < 0.001
CLD 104 1 < 0.001
Obesity 86.6 1 < 0.001
Types of 367 2 < 0.001
DM

Other 95.6 1 < 0.001
co-factor

DF = degree freedom
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The above Table 4.3 shows that the log-rank test results that there is a statistically significant
difference in the cumulative incidence of recovery time for all categorical covariates (age, sex, residence,
HIV, hypertension, CVD, symptoms, asthma, RVI, stroke, TB, CLD, obesity, and types of DM, P-value
< 0.001). These log-rank test results show that rejecting the null hypothesis since the groups have

different distribution curves as shown on the Kaplan-Meier survival plots above (figure 3 and figure 4).

4.3 Results of the Cox proportional hazards model

In order to study the relationship between survival time and covariates, a regression modeling approach
to survival analysis using the Cox proportional hazards model can be employed for estimating the
regression coefficients, making interpretation based on the hazard function, conducting statistical
tests, constructing confidence intervals, checking the adequacy of model and its development precede

interpretation of results obtained from the fitted model.

4.3.1 Univariate Analysis

The univariate Cox proportional hazard model analysis is an appropriate method that is used to show
potentially important variables before directly included in the multivariate model. The relationship
between each covariates and survival probability of diabetic patients with COVID-19 are presented in
Table 4.4. For each variable, there is a univariate Cox proportional hazards model analysis that contains
a single independent variable, which is used to know the significance of each variable with survival
time. The variables that are significant in the univariate analysis in relation to time to the occurrence
of an event (or recovery) due to diabetics with COVID-19 were selected at a 25% modest level of
significance [96]. Accordingly, the univariate Cox proportional hazards regression models are fitted
for every covariate shown in Table 4.4. All covariates (age, sex, residence, HIV, hypertension, CVD,
symptoms, asthma, RVI, stroke, TB, CLD, obesity, types of DM, and other co-factors) are extracted to

be included at a 25% level of significance and they are candidate variables for multivariate analysis.
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Table 4.4: Results of the univariable proportional hazards Cox regression model of diabetics plus
COVID-19 patients.

Covariates DF 3  SEp) Z  Pr(>lzl) HR CI (HR)
Age 36-55 2 -1351 0.158 -8562 0.000 0.259 (0.190, 0.353)
>55 -1.863  0.159 -11.693 0.000 0.155  (0.1140.212)
Sex Female 1 0394 0.117 3362 0.001 1482 (1.178,1.865)
Residence Rural 1 2059 0174 11.84 0000 7.839 (5.575,11.02)
HIV Positive 1 -3.166 0428 -7.405 0.000 0.042 (0.018, 0.098)
Hypertension Yes 1 -2.024 0.161 -12.6 0.000 0.132  (0.096, 0.181)
CVD Yes 1 -0950 0.146 -6.509 0.000 0.387  (0.290,0.515)
Symptom Yes 1 -1.608 0.173 -9.302 0.000 02  (0.143,0.281)
Asthma Yes 1 -1.876 0.183 -1024 0.000 0.153 (0.107,0.219)
RVI Yes 1 -0.866 0.144 -6.011 0000 0421 (0.317,0.558)
Stroke Yes 1 -1.182 0.176 -6.706 0.000 0307 (0.217,0.433)
TB Yes 1 -1.629 0.169 -9.619 0.000 0.196 (0.141,0.273)
CLD Yes 1 -1.560 0.1740 -8.964 0.000 0210 (0.149, 0.296)
Obesity Yes 1 -1.597 0.196 -8.162 0.000 0203 (0.138,0.297)
TDM Typell 2 -1.893 0.163 -11.643 0.000 0.151  (0.11,0.207)
Gestational 3.11 0404  7.693  0.000 2241 (10.148,49.486)
Other co-factor Yes 1 -1.157 0.131 -8.861 0.000 0314 (0.243,0.406)

Source: Eka Kotebe Gegeral Hospital, Addis Ababa, Ethiopia; from March 20, 2020 to April 30, 2022.
DF= Degree freedom, = Parameter Estimate, SE= standard error, H R= estimated hazard ratio, Cl=
confidence interval

4.3.2 Multivariate Analysis

Multivariable survival analysis instead of univariate analysis considers the possibility that weakly
associated variables could become important predictors of the outcome when taken together. All
potential variables that were supposed to have a significant impact (p-value < 0.25) on the survival time
to recovery of diabetic patients from COVID-19 in univariate analysis were included in the multivariate
cases. Accordingly, the relationship between covariates and survival time to recovery of diabetic
patients from COVID-19 is presented in Table 4.5 below. The result of the multivariate analysis of
the cox-PH model in (Table 4.5) indicates that variables like age, sex, residence, HIV, hypertension,

asthma, stroke, symptoms, TB, CLD, types of DM, and other co-factors were significantly associated
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with time to recovery of diabetic patients from COVID-19 at a 5% level of significance.

The results reveal that after accounting for other confounders in the data, time to recovery takes a
longer time in the age groups of 36-55 and older than 55. Also, diabetic patients whose age is older
than 55 years take a prolonged time to recover from COVID-19 with the estimated hazard ratio (HR
=0.663, 95% C.I: 0.445, 0.989). This indicates that patients whose age is older than 55 years take a
prolonged time to recover from COVID-19 disease compared with patients whose age group is 18-35.
Sex is seen to be significantly associated with the recovery time of diabetic patients from COVID-19.
Female diabetic patients recover from COVID-19 about 1.382 times higher than the males patients.
That is, females recover faster than males (}f R =1.382,95% CI: 1.061, 1.8).

Patients with HIV positive are less likely about 0.067 to recover from COVID-19 disease compared
to those who had HIV negative (holding other covariates constant). In other words, diabetic patients
with HIV had a 93.3% lower rate of recovery from COVID-19 infection compared to those without the
disease. Likewise, the estimated hazard ratio for hypertension is 0.38 with a 95% confidence interval
(0.255, 0.567). This indicates that patients with hypertension at baseline are less likely about 0.38 to
recover from COVID-19 compared to patients with normal blood pressure or no hypertension (keeping
other covariates constant). In other words, diabetic patients with hypertension had a 62% lower rate of
recovery from COVID-19 infection compared to those without hypertension. Patients symptoms are

less likely about 0.514 to recover from COVID-19.

The estimated hazard ratio for asthma is 0.491 with a 95% confidence interval (0.309, 0.78). This
indicates that the time for recovery is prolonged for patients with the presence of asthma compared
to those who have no asthma. Patients with asthma are less likely about (0.491) to recover from the
COVID-19 disease compared to those who have no asthma. Also, the estimated hazard ratios for
patients with stroke and TB were (I—fR =0.508, 95% C.I: 0.333, 0.776) and (IfR =0.424,95% C.I:
0.277, 0.65) respectively. It shows patients with comorbidities like stroke and TB are less likely about
0.508 and 0.424 to recover from COVID-19 compared to patients who have no stroke and TB.

The estimated hazard ratio for chronic lung disease (CLD) is 0.564 with a 95% confidence interval
(0.356, 0.893). This indicates that the time for recovery is prolonged for patients with the presence of
chronic lung disease compared to those who have no CLD. Patients with CLD are less likely about
(0.564) to recover from COVID-19 disease compared to those who have no chronic lung disease

(CLD).
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Considering the types of diabetes after adjusting for other confounding variables, the hazard ratio of
patients with type II and gestational diabetes was 0.159 and 41.875 (HR =0.159, 95% C.1: 0.107,
0.236, HR = 41.875, 95% C.I: 9.279, 188.976) respectively; this indicates that patients who have
gestational diabetes have a faster time of recovery from COVID-19 disease compared to those who
have type I diabetes. However, the recovery time of patients who had type Il diabetes was reduced by
84.1% when compared with patients who had type I diabetes. Additionally, the estimated hazard ratio
of patients with other co-factors is 0.531 with a (0.398, 0.708) 95% confidence interval. This indicates
that the time for recovery is prolonged for patients with the presence of other co-factors compared to
those who have no other co-factors, which shows patients with other co-factors are less likely about
0.531 to recover from COVID-19 disease compared to those who have no other co-factors (holding

other covariates constant).

4.4 Assessment of Model Adequacy

The adequacy of the model needs to be assessed after the model has been fitted to the observed survival
data. At this point, we have a preliminary fitted model and the next step is to assess the adequacy of
the fitted model. This should be done in order to evaluate how well the fitted regression describes the
data set. In Cox-proportional hazard survival regression analysis assessment of model adequacy, the

study must test the assumption of proportional hazards and make the model diagnostic.

4.4.1 Checking for Proportional Hazard Assumption

As it was described in chapter three, graphical diagnoses of the Log-cumulative hazard plot against
time t and scaled Schoenfeld residuals were applied to assess the proportional hazard assumption of
covariates that are significant in the multivariate analysis. The PH assumption holds if the plot of the
log-cumulative hazard plot against time is parallel and the distribution of residuals over time is random,

and the LOWESS smoothing line should be a straight line around zero.

Figure 5 below shows that the log(— log(survival) against the time plot for age, sex, residence,
HIV, hypertension, and symptoms is parallel and also the log (-log (survival) against time for all
the remaining categorical variables is parallel (see Figure 9 under Appendix II A.). Therefore, the

proportional hazard assumption holds for all categorical variables.
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Figure 5: Log(-log(survival)) plot against time (Age, Sex, Residence, HIV, Hypertension, & Symptom)

The PH assumption checking with a graphical method based on the Schoenfeld residual has been
described in Figure 6 and is included in the model. Systematic departures from a horizontal line are
indicative of non-proportional hazards since PH assumes that estimates /31, 3s, ..., 8, do not vary much
over time. Also, the graphs for some of the categorical variables displayed in Figure 5 using Kaplan
appeared to be parallel, implying that the proportional-hazards assumption of categorical variables
has not been violated. Plotting the scaled Schoenfeld residuals of each covariate against log time
will be used to check whether the assumption of proportional hazards is violated or not. Clearly, a

close look at Figure 6 indicates that the residuals are random and that the LOESS curve is smooth and
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horizontal with zero slopes. This also suggests that the plots support the proportionality assumption to

hold, and the scaled Schoenfeld residual plots for the remaining variables are available in Appendix II B.
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Figure 6: Scaled Schoenfeld Residual Plots for Age, Hypertension, Asthma,and CLD

4.4.2 Diagnostics for the Cox proportional hazards model

Having identified the final preliminary model, the next step and most important in statistical analysis
is to diagnose the fit of the model. After a model has been fitted to an observed set of survival data
the adequacy of the fitted model needs to be assessed. The use of diagnostic procedures for model

checking is an essential part of the model in process.

A plot of the Cox-Snell residuals against the cumulative hazard of the residuals is presented in Figure

7. The hazard function follows 45-degree line very closely, except for very large values of the time. It
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is very common for models with censored data to have some wiggling at large values of time, and it is

not something that should cause much concern. Overall, the final model fits the data.

Cox-Snell Residuals for Cox ph model
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Figure 7: Cox-Snell residuals obtained from fitting Cox PH model to the diabetics with COVID-19.

4.5 Discussion

The research was targeted at a positive event, which is the recovery time of diabetic patients from
COVID-19. COVID-19 disease remains one of the leading causes of death seeking public health
attention. Several studies conducted in the COVID-19 era also reported a strong association between
DM and COVID-19 mortality. Diabetes Mellitus has been identified as a risk factor for adverse
outcomes from various types of infections, including those caused by respiratory viruses [98]. This
thesis revealed that the overall median recovery time of diabetic patients from COVID-19 for the
patients in Eka Kotebe General Hospital is 16 days, within a 95% confidence interval (15, 17). This
median recovery time was higher than a study in China 12 days within 95% confidence interval (7,
15) [56]. The possible reasons for the observed discrepancy between the studies might be variations in

study setting and time. Patients were previously given better care and treatment than they are now.

The main purpose of this study was to model the time to recovery of diabetic patients from COVID-19,
which was obtained from Eka Kotebe General Hospital. A Cox proportional hazard analysis was
applied to this data. The covariates that were included in this study were age, sex, residence, HIV,
hypertension, CVD, symptoms, stroke, asthma, RVI, TB, CLD, obesity, types of DM, and other co-
factors, and the outcome variable of interest was the recovery time of diabetic patients from COVID-19

which, measured in days.
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The findings of this study revealed that patients with age groups of 36-55 and above 55 years old
significantly associated with the time to recovery of diabetic patients from COVID-19. This indicates
that the time for recovery time from COVID-19 is prolonged for patients in the age group of 35-36
and above 55 years old. The current study is also consistent with other findings by Nafakhi ez al [57],
Abdene et al [99] and World health organization [100].

The results of this study indicated that male diabetic patients were at a higher risk of COVID-19
than female diabetic patients. The current study is consistent with other findings of Belice et al [58].
Furthermore, the current study results showed that the majority of diabetic patients with COVID-19
(71.31%) were from urban areas, indicating that urban participants were more affected by COVID-19

than rural participants. The current study is agreed with the study conducted by Shibru et al [63].

The results of this study indicated that status of HIV was a significant predictive factor for the
time to recovery of diabetic patients from COVID-19. Patients who lived with HIV positive had a
longer recovery time than patients who lived with HIV negative. The current study agreed with study
conducted by Abdene et al [99] and Nordling [73]. Similarly, this study revealed that TB is significantly
association with the recovery time of diabetic patients from COVID-19. This study consistent with

Abdene et al [99] and Nordling [73] findings.

The results of this study indicated that hypertension was a significant predictive factor for the time
to recovery of diabetic patients from COVID-19. Patients with high blood pressure (hypertension)
had a longer recovery time than patients with no hypertension. The current study agreed with a study
conducted by Migbar et al, Shadnoush et al, and DU et al [26,61,62]. The results of this study
suggested that symptom was significant predictive factor for time to recovery of diabetic patients from
COVID-19. Patients who had no symptoms have a better recovery time than patients with symptoms.

Studies of Migbar et al [26] have similar conclusion to this finding.

Asthma is another important significant factor in the time to recovery of diabetic patients from COVID-
19 disease. Diabetic patients with asthma have a prolonged recovery time from COVID-19 compared

to those who have no asthma. This finding is in line with studies conducted in Rawshani et al [66].

The results of the study revealed that having a stroke has a significant association with the time to
recovery of diabetic patients from COVID-19. Diabetic patients who had a stroke had a prolonged

recovery time from COVID-19 than patients with no stroke. The current study is consistent with
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Rawshani et al and Nannoni et al [65,66]. The results of this study indicated that CLD was a significant
predictive factor for the time to recovery of diabetic patients from COVID-19. This study is in line

with a study conducted by Wang et al [77].

Furthermore, the study findings showed that types of diabetes are another important significant factor
for time to recovery of diabetic patients from COVID-19. Those patients with type II diabetes were
less likely to recover from COVID-19 than that of patients with type I diabetes. This result is supported
by study of Sisman et al [101] and Sonmez et al [14]. Similarly, this study result showed that diabetic
patients with other co-factors were also significantly associated with the time to recovery of diabetic
patients from COVID-19. Patients who had no other co-factors have a better recovery time than

patients with other cofactors. The current study consistent with Al ef al [64] findings.

41



5 Conclusion and Recommendation

5.1 Conclusion

This study used the survival time of diabetic patients with COVID-19 dataset of patients who started
their treatment from March 20, 2020, to April 30, 2022, G.C with the aim of modeling the time-to-
recovery of diabetic patients from COVID-19 in EKGH. Out of the total 481, about 306 (63.62%)
diabetic patients recovered from COVID-19, and the remaining 175 (36.38%) were censored during
the study period. The overall median recovery time of diabetic patients from COVID-19 was 16 days

within 95% confidence intervals (15, 17).

The results of the Kaplan-Meier and log-rank showed that patients who have HIV, hypertension, asthma,
stroke, TB, CLD, and other cofactors have a prolonged time to recovery from COVID-19 compared
to patients with no HIV, hypertension, asthma, stroke, TB, CLD, and other co-factors. Similarly, the
results of the Kaplan-Meier survival estimate showed that gestational diabetes mellitus has a shorter

time to recovery from COVID-19 than patients with other types of diabetes mellitus.

The result of multivariate Cox proportional hazards regression model showed that factors like age, sex,
residence, HIV, hypertension (HTN), symptoms, asthma, stroke, TB, CLD, types of DM, and other
co-factors were the major factors that affect time to recovery of diabetic patients from COVID-19 at
a 5% level of significance. Cox proportional hazard assumption was checked by using Schoenfeld

residual and graphical (log(— log(survival probability)) versus survival time) and fitted by Cox-Snell.

5.2 Recommendation

Based on the results of this study, the following recommendations were made:

e Health professionals should be given more attention to diabetic patients with HIV, hypertension,
TB, stroke, asthma, and CLD to improve the recovery time of those patients with COVID-19.
Further, considering the delay in recovery, those diabetic patients with other cofactor (like IHD,

HF, CKD...) should be given priority in shielding them from contracting the SARS-CoV-2.

e Every diabetic patient should be able to manage themselves from COVID-19 attacks by adhering

to WHO principles, especially the elderly.

e Further studies should be conducted to identify other factors that are not identified in this study.
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e Health professionals should record carefully the patients’ data like socio-demographic charac-
teristics and clinical variables as it is important for further investigation of factors affecting the

recovery time of diabetic patients from COVID-19.
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Appendix I

A The below table shows the Kaplan-Meier estimation of survival function of diabetic plus COVID-19.

Table 5.1: Estimates of survival function of DM plus COVID

survival SE of S(t) 95% Cl1

Time  No. atrisk(n;)  Event/recovery
S(t) time(S(t)) Lower Upper

5 450 2 0.996 0.003 0.989 1.000
6 445 4 0.987 0.005 0.976 0.997
7 429 13 0.957 0.010 0.938 0.976
8 400 18 0914 0.014 0.887 0.941
9 373 2 0.909 0.014 0.882 0.937
10 366 10 0.884 0.016 0.85384 09151
11 344 10 0.858 0.017 0.825 0.893
12 319 18 0.810 0.020 0.772 0.849
13 293 23 0.746 0.022 0.704 0.791
14 257 49 0.604 0.026 0.556 0.656
15 194 25 0.526 0.027 0.477 0.581
16 161 21 0.458 0.027 0.408 0.514
17 139 15 0.408 0.027 0.359 0.465
18 119 16 0.353 0.027 0.305 0.409
19 101 7 0.329 0.026 0.281 0.385
20 93 13 0.283 0.026 0.237 0.338
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B. The following table shows that the analysis of median recovery of diabetic patients from

COVID-19.

Table 5.2: Diabetes mellitus with COVID-19 patients baseline covariates of median recovery, percent-

age and frequencies

Covariate Categories Recovery (%)  Median(%) Total 95% CI
Age 18-35 71(83.53%) 11 85(17.67%) (11,12)
36-55 113(79.02%) 15 143(29.73%)  (15,16)
>55 122(42.22%) 19 253(52.6%) (18,21)
Sex Male 179(61.3%) 17 292(60.71%)  (15,18)
Female 127(67.2%) 15 189(39.29%)  (14,16)
Residence Urban 254(74.05%) 17 343(71.31%) (16,18)
Rular 52(37.68%) 10 138(28.69%) (8,10)
HIV Negative 269(62.13%) 15 433(90.02%)  (15,16)
Positive 37(77.08%) 31 48(9.98%) (28,33)
Hypertension No 230(92%) 14 250(51.98%)  (14,14)
Yes 76(32.9%) 26 231(48.03%)  (23,28)
CVD No 245(74.02%) 15 331(68.82%)  (14,15)
Yes 61(40.67%) 24 150(31.19%)  (21,26)
Symptom No 43(37.39%) 8 115(23.91%) (8,14)
Yes 263(71.85%) 17 366(76.09%)  (16,18)
Asthma No 260 (87.28%) 14 316 (65.7%) (14,15)
Yes 46(27.88%) 28 165(34.3%) (26,32)
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C. The following figure (8) shows the plot of the estimate of Kaplan-Meier survivor function of

diabetics with COVID-19 patients by categories of covariates
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Figure 8: Kaplan-meier survival estimates by Symptom, Asthma, RVI, Stroke, TB, CLD, Obesity,
Types of DM, and other co-factors
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Appendix 11

A. The following figure shows log(— log(survival)) versus a time is parallel for categorical variables

Asthma, Stroke, TB, CLD, Types of DM & other co-factor are used to check proportional hazard

assumption.
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Figure 9: Log(-log(survival)) plot against time (Asthma, Stroke, TB, CLD, Types of DM & other
co-factor)

61



B. Plot of scaled Schoenfeld residual for test of proportionality assumption.
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Figure 10: Scaled Schoenfeld Residual Plots for Sex, residence, HIV, symptom,stroke, TB, types of
DM for, and other co-factors
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Table 4.5: Results of the multivariate proportional hazards Cox regression model of DM plus Covid-19

Co-variate Categories  Coef (B) SE (Coef(B)) P-value Hazard ratio (Pf R) 95% CI (Pf R)
Age 18-35 (Ref.) - - - - -
36-55 -0.536 0.189 0.005 0.585 (0.404, 0.848)
>55 -0.410 0.204 0.044 0.663 (0.445, 0.989 )
Sex Male (Ref.) - - - - -
Female 0.324 0.135 0.017 1.382 (1.061, 1.8)
Residence Urban (Ref.) - - - - -
Rural 1.577 0.272 < 0.001 4.839 (2.82, 8.247)
HIV Negative (Ref.) - - - - -
Positive -2.709 0.517 < 0.001 0.067 (0.024, 0.182)
Hypertension ~ No. (Ref.) - - - - -
Yes -0.967 0.204 < 0.001 0.38 (0.255, 0.567)
CVD No. (Ref.) - - - - -
Yes -0.211 0.168 0.211 0.81 (0.582, 1.127)
Symptom No. (Ref.) - - - - -
Yes -0.666 0.275 0.015 0.514 (0.3, 0.881)
Asthma No. (Ref.) - - - - -
Yes -0.712 0.236 0.003 0.491 (0.309, 0.78)
RVI No. (Ref.) - - - - -
Yes 0.269 0.174 0.122 1.308 (0.931, 1.84)
Stroke No. (Ref.) - - - - -
Yes -0.677 0.216 0.002 0.508 (0.333,0.776)
TB No.(Ref.) - - - - -
Yes -0.858 0.218 < 0.001 0.424 (0.277, 0.65)
CLD No. (Ref)) - - - - -
Yes -0.573 0.234 0.015 0.564 (0.356, 0.893)
Obesity No. (Ref.) - - - - -
Yes 0.151 0.239 0.526 1.163 (0.729, 1.858)
TDM Type I (Ref.) - - - - -
Type I -1.841 0.202 < 0.001 0.159 (0.107, 0.236)
Gestational ~ 3.735 0.769 < 0.001 41.875 (9.279, 188.976)
Other co-factor  No. (Ref.) - - - - -
Yes -0.634 0.147 < 0.001 0.531 (0.398, 0.708)

Source: Eka Kotebe General Hospital, Addis Ababa, Ethiopia; fron} March 20, 2020 to April 30, 2022.
SE = Standard error, P-value < 0.05 = statistica}ly significant, H R = estimated hazard ratio, Ref =
Reference, CL = Confidence interval, and Coef(3) = Coefficient of estimated parameter 3
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