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Background: In this study, data were collected from the Eastern Democratic 
Republic of Congo and analyzed by Cox regression model. In addition, hazard 
functions and survival outcomes in COVID-19 patients were also analyzed. .  
Materials & Methods: One million simulated  data on hospitalized patients’ 
characteristics with positive SARS-CoV-2 infection were collected from the 
Humanitarian Data Exchange Source in the Eastern Democratic Republic of Congo 
from December 2020 to June 2021. Several statistical techniques were developed in 
this study for data analysis, including Kaplan-Meier curves, log-rank test, Schoenfeld 
residual diagnostics, and likelihood ratio test.
Findings: This study finding showed that there was a 4.5% increase in the expected 
hazard per unit year increase in age. In addition, the risk of death was higher in 
males than in females, and patients with no signs of anorexia, ageusia, or anosmia, 
no history of diabetes or tuberculosis, normal pulse rates, and no hypoxemia had a 
greater survival rate than those with such health conditions. 
Conclusion: This study finding revealed that covariates such as age, gender, 
anorexia, ageusia, anosmia, diabetes, and tuberculosis were expressively connected 
with higher mortality rates. In addition, hypoxemia and high pulse rate were 
associated with higher death rates; however, anti-inflammatory and anticoagulant 
agents were shown to reduce mortality rates, and multivitamin or vitamin C had a 
substantial impact on patient survival.
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Introduction
The coronavirus was identified in the 
1930s and initially only affected animals. 
Coronaviruses have undergone numerous 
mutational stages; they first appeared 
as the common cold in the 1960s and 
then evolved into their current form  with 
respiratory effects. When individual talks, 
coughs, or sneezes, then the respiratory 
droplets are released, which allow the virus 
to transmit from one person to another. 
In the elderly and those with underlying 
medical problems, COVID-19 (coronavirus 
disease-2019) symptoms could be lethal 
and range from moderate fever, cough, and 
dyspnea (breathing difficulty) to severe 
pneumonia and acute respiratory distress 
syndrome. Numerous techniques have been 
developed to accurately forecast patient 
survival using symptom information and 
certain clinical criteria due to the increase 
in mortality caused by COVID-19 and the 
acceleration of its dissemination [1–3].
This study analyzed and modeled the survival 
outcomes of hospitalized COVID-19 patients 
in the African humanitarian environments 
of Juba, South Sudan, and North and South 
Kivu in the Eastern Democratic Republic of 
Congo. It should be mentioned that African 
regions were chosen due to the large number 
of infections caused by the COVID-19 
pandemic, given that few published studies 
were available on COVID-19 data in African 
regions.  This observational cohort study 
was conducted from December 2020 to June 
2021 on hospitalized COVID-19 patients 
who received special care and treatments 
and were monitored daily until death or 
recovery [1].
In Africa, low vaccination rates, insufficient 
diagnostic and laboratory capacity, and 
restricted access to evidence-based 
COVID-19 treatments such ventilators, 
antivirals, and monoclonal antibodies 
all contribute to poor quality of care.  

Tertiary institutions are typically overcrowded 
and difficult to access, especially for remote 
communities. This study also aimed to shed 
light on COVID-19 impacts in resource-
constrained and conflict-affected African 
regions.	
Survival analysis has become an important 
tool for data analysis, especially survival 
data related to a specific time or from a 
specific time to an event. The importance 
of survival analysis increases in times of 
global outbreaks of dangerous diseases or 
during/ after any global pandemic, such 
as the COVID-19 pandemic. In addition, 
the analysis of failure events (deaths), as 
observed during this pandemic, is of great 
importance to communities and has social, 
economic, and environmental impacts [4, 5]

It is well known that any global pandemic 
leads to various crises, which may be 
economic, health, service, educational, 
food, or environmental and threaten the 
security of society in terms of sustainable 
energy and food. In addition, the  related 
literature has made it clear that the threats 
associated with pandemics could distract 
society’s attention from other important 
and unforeseen challenges, such as energy 
challenges, food security, and human 
environmental behaviors resulting from 
pandemics. For example, the COVID-19 crisis 
and the resulting closure have affected the 
entire world in terms of the environment, 
economic stagnation, low income, lack of 
food, etc [6, 7]. 
Survival analysis is often used in medical and 
public health investigations to determine 
and analyze the length of time from a defined 
starting point to a given event. Regression 
models for survival analysis with censored 
observations have been frequently utilized 
for many years. In 1972, Cox DR proposed 
one of the most widely used regression 
models, called Cox regression model (CRM) 
or Cox proportional hazards regression 
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model, which is a widely used regression 
model for survival data analysis [8] . 
CRM simplifies survival rate analysis by 
defining the instantaneous mortality rate, 
known as the hazard function or hazard 
rate, which is the probability of an event 
(death or disease) occurring in a period of 
time, assuming survival or non-occurrence 
till that moment. A hazard ratio is the ratio 
of hazard rates, which corresponds to the 
conditions characterized by two distinct 
levels (groups) of a given treatment variable 
over a specified time period, or the ratio of 
hazard rates in the treatment and control 
groups.  In this paper, it is termed as the Cox 
hazard ratio (CHR). It is calculated for each 
predictor in a CRM and used to measure 
the variation in the hazard rate per unit 
increment in the predictor variable while 
keeping all other variables constant [8, 9]. The 
proportional hazards assumption (PHA) is 
the major assumption in CRM, which states 
that CHR may remain constant across time. 
Prior to employing CRM, this assumption 
should be validated. 
When using regression to analyze models 
for censored survival data, it is common to 
assess the significance of specific prognostic 
characteristics such as age, race, or gender 
in forecasting the likelihood of survival. This 
common issue arises in most clinical studies 
for cancer and AIDS research. CRMs are 
typically utilized to solve this issue. Based 
on the values of the predictors, the outcomes 
of a CRM could be used to forecast survival 
time [10, 11].
In CRM, data censoring is presumptively 
random or non-informative. In other words, 
patients who are still being followed up 
at time “t” (after eliminating patients who 
experienced an incident and were censored) 
would represent a random sample of the 
whole research population [12–14]. In fact, 
this crucial supposition is very difficult 
to be quantitatively tested. The only way 

to guarantee this is through active data 
collection (ibid). 
In addition, finding the CHR and its 95% 
confidence interval is the major goal of 
CRM, and the CHR at any given time point 
may depend on a variety of covariates 
or explanatory variables, some of which 
may not be stated quantitatively. Other 
factors that may increase a person’s risk 
rate include age, hypertension, profession, 
general health, existence of any other 
linked issues, etc.  It should be mentioned 
that the CRM parameters are based on the 
estimation of covariates separately from 
the HR parameters at time t in addition to 
accounting for all response variables [10, 15, 16].  
Faraggi and Simon (1998) [17] examined 
CRMs utilizing right-censored survival 
data. Most survival studies run into a more 
general issue, which is often resolved by a 
CRM utilizing Cox partial likelihood. When 
utilizing stochastic models to analyze data 
on survival, fertility, or any other population 
feature, CRM is utilized as an essential tool, 
which is based on the partial likelihood 
technique [11]. 
During the primary phases of the COVID-19 
outbreak, Wang et al. (2020) performed a 
general public survey in China to recognize 
the degrees of psychological effect, anxiety, 
despair, and stress. Hoffmann et al. (2020) 
[19] demonstrated that SARS-CoV-2 infection 
was dependent on the host cell factors 
ACE2 and TMPRSS2 and could be prevented 
by a therapeutically effective protease 
inhibitor. Pascarella et al. (2020) [20] a novel 
coronavirus from the same family as SARS-
CoV and Middle East respiratory syndrome 
coronavirus, has spread worldwide leading 
the World Health Organization to declare 
a pandemic. The disease caused by SARS-
CoV-2, coronavirus disease 2019 (COVID-
19conducted a systematic literature search 
using major online databases to offer an 
overview of COVID-19. 
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Shereen et al. (2020) [21] summarized and 
compared the occurrence and pathogenicity 
of COVID-19 infection to other human 
coronaviruses, like SARS-CoV and MERS-
CoV. Zhou et al. (2020) investigated risk 
factors using logistic regression approaches. 
Atlam et al. (2021) [23] employed machine 
learning and artificial intelligence approaches 
for computing infection risks, performing 
survival analysis, and categorization. Gaskin 
and colleagues (2021) [24] investigated 
the relationships between COVID-19 and 
proximity to transportation using negative 
binomial regressions and CRMs. 
Using propensity score matching, 
Ghadamgahi et al. (2021) [25] examined the 
clinical outcomes of diabetic COVID-19 
patients. Fung et al. (2022) [26] performed 
Cox regressions on all COVID-19 patients 
with COVID-19-related hospitalization and 
all-cause mortality outcomes. Huang et al. 
(2022) [27] looked at the link between past 
strokes and the risk of severe coronavirus 
illness. Kurd et al. (2022) [14] looked at 
how statin medications affected COVID-19 
individuals. Seif et al. (2022) [28] analyzed 
patient survival using CRM and a mixture 
cure model. Wastnedge et al. (2021) [29]

investigated the considerable impact of 
COVID-19 on pregnancy-related changes in 
the body.
Domjanović and colleagues (2023) [30] 
compared the connection and differentiation 
of COVID-19 clinical risk scores in patients 
who underwent kidney transplantation. 
Hastie et al. (2023) [31] looked into whether 
self-reported chronic pain was linked to 
COVID-19 hospitalization or mortality. 
Kojima et al. (2023) [32] conducted a 
retrospective cohort analysis on 450 
COVID-19 patients. Using simulation and 
empirical data analysis, Lund et al. (2023) 
[33] assessed bias in person-time based 
approaches with and without calendar time 
adjustment. 

There are eight sections in this paper. 
Section 2 includes the objectives of the 
study. In Section 3, various materials and 
methods are presented, which describe 
the methodological steps taken to answer 
the research questions and accomplish the 
study goals. All the study results are included 
in Section 4, which is the Findings section. 
Section 5, Discussion, provides a clear and 
thorough explanation of the outcomes and 
procedures utilized to evaluate the validity 
and dependability of the findings. Sections 
6 includes the conclusion of the study. 
Limitations and future research directions 
are included in Sections 7 and 8.
Objectives: The objectives of this paper were 
as follows: to provide information on the 
impact of COVID-19 in resource-constrained 
and conflict-affected regions in some African 
countries, to study available data and 
develop a CRM for modelling the covariates 
of the COVID-19 data, and to implement 
testing techniques in order to improve the 
reliability, enhance the interpretability, and 
ensure the generalizability of the findings.

Materials and Methods
A real data case-cohort study: It is well-
known that this pandemic is hazardous 
considering that many people have lost their 
lives all over the world, especially in Africa; 
thus, it is critical to conduct research in 
Africa and the world. In order to study this 
pandemic, adequate data should be obtained 
and analyzed. The COVID-19 Pandemic-
Humanitarian Data Exchange Source 
(https://data.humdata.org/) provided the 
data for a period from December 2020 to 
June 2021. 
In this study, one million simulated data 
on hospitalized COVID-19 patients’ 
characteristics in African regions including 
Juba, South Sudan, and North and South 
Kivu in the Eastern Democratic Republic of 
Congo were analyzed. In addition, in this 
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study, a CRM was developed to examine 
clinical progression and survival outcomes 
of COVID-19 patients in African regions.
Several statistical techniques were executed 
in this study  for data analysis, including 
Kaplan-Meier (K-M) curves, log-rank test 
(LRT), Schoenfeld residual diagnostics 
(SRD), and likelihood ratio test. Also, K-M 
survival analysis was used to analyze the 
significance of survival curves, which 
are generally utilized to display survival 
functions of predictor variables [34]. 
LRT is one of the most common approaches 
for comparing survival distributions between 
two or more groups. In this study, LRT was 
applied to compare survival distributions in 
K-M curves. It tests the null hypothesis that 
“there is no significant difference between 
the two survival curves.”  In addition, LRT 
provides strong statistical power when the 
difference in hazard rates between groups is 
significant. In addition, the likelihood ratio 
test is performed for CRM to determine the 
improvement in model fit when removing or 
adding new covariates. 
R software packages ‘survival’, ‘survminer’, 
‘simsurv’, and ‘ggplot2’ were used for data 
analysis in the study because they produce 
accurate results. The ‘survival’ package 
provides functions for fitting survival models 
like CRM and performing K-M, SRD, LRT, and 
likelihood ratio test. The ‘survminer’ package 
supplies visualization tools for survival 
analysis. Also, for simulating survival data, 
‘simsurv’ package is utilized. The ‘ggplot2’ 
package is used to generate tailored plots of 
survival data and findings from CRMs and 
K-M estimators.
Some of the above-mentioned statistical 
methods like SRD and CRM are discussed in 
detail below.
SRD: It is well-known that one of the 
major limitations of CRM, is the violation 
of PHA, which leads to wrong parameter 
estimation. Therefore, it is important to 

perform  a goodness-of-fit test to check for 
PHA violations. It is well-known that SRD 
is a representative goodness-of-fit test for 
validating PHA in CRMs. CHR is assumed to be 
stable across time under PHA. SRD assumes 
that the residuals of the covariates are 
independent of time. SRD is useful for testing 
the violation of PHA since plotting these 
residuals across time could disclose whether 
a covariate coefficient is time-dependent. 
Schoenfeld residuals are calculated using all 
explanatory variables included in the model. 
SRD incorporates essentially the observed 
minus predicted values of the covariates for 
every failure time [35, 36]”At failure time Ti, the 
Schoenfeld residual of the jth covariate for the 
ith individual is provided using the following 
equation.
(1)

Where Yij is the value of the jth covariate for 
the ith individual at failure time Ti, and  is the 
weighted average of the jth covariate, with 
weights based on the risk set size over all 
individuals who are still at risk at moment Ti.
Plotting these residuals against time and 
observing if a systematic pattern emerges is 
the process of SRD. PHA violation could be 
suspected when the Schoenfeld residual plot 
presents a relationship with time [37] 

CRM: CRM is a semi-parametric regression 
model, which is one of the most popular 
regression models for survival analysis. It 
is employed to relate several risk factors or 
exposures simultaneously to survival time. 
The basic assumption in CRM is PHA, which 
claims that CHR should remain constant 
for the two study groups throughout the 
study period. It may be noted here that the 
outcomes of CRM are examined. 
In the survival analysis literature, predictor 
variables are frequently referred to as 
covariates. In CRM, the outcome is obtained 
as an estimate of the covariate hazard ratio, 
which is then expressed as the regression 
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coefficient in the model. If a covariate hazard 
ratio is more than one and statistically 
significant, it contributes to increasing the 
probability of the event occurring. If the 
hazard ratios of two groups do not remain 
constant, another analysis method should 
be used.
CRM in its most basic form is defined as 
follows:
(2)

 Where hj(t) represents the hazard rate of
 the jth individual at any time t; h0(t) is the
 hazard function (baseline hazard) that just
 considers time and ignores all other factors,
 i.e., maintaining Zij = 0 ∀ i = 1, 2, …, k and
 j = 1, 2, …, n; and Zj′ (Zj1, Zj2, …, Zjk) is the
 k-component covariate vector for the jth

 individual.
Ti is a random variable that represents the 
time of death, it corresponds to each person 
(j=1, 2, ..., n). It is observed up to period dj 
for the jth person (j=1, 2, ..., n) in a randomly 
censored sample. The CRM defined in Eq. (2) 
could be described as follows:
(3)

Based on an estimation of βi (i= 1, 2..., k) 
and h0(t), the equation might be viewed 
as a single-equation log-linear model (t). 
However, Cox’s technique is novel in that 
Cox suggested estimates of the regression 
parameters β1, β2, …, βk that are independent 
of h0(t). S(t) = {j: Tj ≥ t, dj} represents 
the risk set or the group of people at risk in 
the context of findings (the jth person is put 
aside for observation between 0 and dj).
Deaths are said to happen randomly.
The probability that individual j will also 
pass away, provided that there are n people 
in the sample, and that one of them passes 
away, is given by the following equation:

(4)

which extends the total over all the 
individuals in the risk set S, as specified by 
Cox.
(5)

 j=1, 2, …, n (the product is extended over all 
j ∀ Tj ≤ dj and j=1, 2, …, n). 
The procedure produces estimates of β1, β2, 
…, βp that have the asymptotic characteristics 
of maximum likelihood estimators, given 
the partial likelihood of identifying the 
parameters by the maximum likelihood 
technique.
According to the Cox proportional hazard 
model,
(6)

where the undefined baseline hazard function 
h0(t) is used. More terminology is required 
to present the probability function of the 
observed data {(xi, Zi, δi): i=1, 2, …, n} from 
the Cox proportional hazards model directly. 
The variables represent the observed failure 
times in the order t1

0 <⋯< tj
0. In order for the 

covariates associated with N failures to be x 

(1), …, x(N), (j) supplies the label for the item 
occurring at tj

0 . In addition, Rj stands for the 
risk that is set prior to time tj

0:Rj={i:Zi≥tj
0}. 

The likelihood changes as follows:
(7)

Where H0(.) denotes the cumulative baseline 
hazard function. 
The equivalent penalized log-likelihood 
function is written as follows:
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(8)

Baseline hazard and cumulative hazard 
function are specified but not parameterized; 
the panelized log-likelihood function 
in Eq. (8) has not yet been optimized. 
Nonparametric “least informative” modeling 
for H0(.), in line with Breslow’s theory, has a 
potential jump hj at the reported failure time 
tj

0. More specifically:    
(9)

Then:
(10)

The penalized likelihood function of Eq. (8) 
is altered by applying logarithm in Eq. 
(11)

It is obtained by fixing the derivative to zero 
with regard to hj and taking the derivative.
(12)

By substituting   into Eq. (10), the penalized 
likelihood is obtained as follows: 
(13)

When pλ(.) ≡ 0, Eq. (13) is the partial 
probability function proposed by Cox (1975).  
As a result, the penalized partial likelihood 
is equal to the penalized likelihood. The 
method of obtaining  it is to boost the 
penalized likelihood estimate of Eq. (13) 
with regard to β [38–42].

Findings
In this study, the survival distributions of 

significant covariates were displayed using 
K-M curves, indicating that all the associated 
LRT results were statistically significant at 
the threshold significance level of 0.05.  SRD 
was executed to diagnose PHA violations in 
CRMs for all significant covariates. In this 
study, the likelihood ratio test was employed 
to extract significant covariates and thereby 
generate a best-suited CRM. The goodness-
of-fit of all CRM covariates and the survival 
comparison test results of hospitalized 
COVID-19 patients were significant, as 
shown in Table 1.
It could be mentioned that the results of 
goodness-of-fit and survival comparison 
tests of all CRM covariates were significant.
Demographic covariates: Patients were 
grouped into four categories based on age: 
below 18 years, 18 to 44 years, 45 to 64 years, 
and above 65 years. The group over 65 years 
of age was taken as the baseline category for 
CRM, and it was observed that the survival 
rate in these categories decreased from 1 to 
0.1, respectively, with respect to the baseline 
category. Fig. 1 shows the significance of 
survival functions of age categories. The 
95% confidence interval for the CHR of age 
was between 1.018 and 1.073 with a CHR 
value of 1.045.
The CHR value of gender was 2.397, 
indicating that the risk of death was higher 
in males than in females, and the 95% 
confidence interval for CHR ranged from 
1.13 to 6.194. The significance of gender on 
mortality is shown in Fig. 2. The estimated 
CRM coefficient was 0.874.
SRD was performed for demographic 
covariates, and the results were not 
significant, it was observed that the 
residuals did not show any relationship with 
time. In addition, PHA was not violated for 
demographic covariates. The results are 
displayed in Fig. 3.
Observed sign covariates: The CHR for 
patients with signs of anorexia (sign of 
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reduced appetite) and ageusia or anosmia 
(loss of sense of taste or smell) was found 
to be 0.067 (CHR CI: 0.019 to 0.240) and 
0.282 (CHR CI: 0.108 to 0.734), respectively.  
Figures 4 and 5 show the survival functions 
relevant to the signs of anorexia and ageusia 
or anosmia, respectively. The estimated 
CRM coefficients for anorexia and ageusia 
or anosmia were -2.697 and -1.267, 
respectively. SRD was executed for observed 
sign covariates, and the results supported 
the validity of the PHA. The Shoenfled 

residual plot is shown in Fig. 6.
Medical history covariates:  The CHR 
values for patients with a history of diabetes 
and tuberculosis were 0.225 (CHR CI: 0.067 
to 0.756) and 0.108 (CHR CI: 0.013 to 0.913), 
respectively (Table 2). The importance of 
history of diabetes in survival is displayed 
in Fig. 7. The estimated CRM coefficients for 
history of diabetes and history of tuberculosis 
were -1.494 and -2.225, respectively. 
The SRD results for medical history are 
presented in Fig. 8. The results supported no 

Covariate Likelihood Ratio 
Test Statistic P-Value LRT 

Statistic P-Value

Demographic 
information

Age
     17.09 < .01** 14.87 < .01**

Gender

Observed signs
Sign of anorexia

12.78 < .01** 18.1 < .01**
Sign of ageusia or anosmia

Medical history
Medical history of diabetes

13.08 < .01** 18.44 < .01**Medical history of 
tuberculosis

Clinical evaluations
Admission hypoxemia

36.74 < .01** 50.77 < .01**
Admission high pulse rate

Treatments provided Noninvasive ventilation 
treatment 29.49 < .01** 28.01 < .01**

Medications given
Anticoagulant agents

11.8 < .01** 15.24 < .01**
Anti-inflammatory agents

Supplements
provided Multivitamin or vitamin C 5.21 < .05* 5.92 < .05**

(** and * indicate that the approximated regression coefficient is significant at the significance level of 1% and 
5%, respectively).

Table 1)  Goodness-of-fit and survival comparison tests of all CRM covariates in hospitalized COVID-19 patients

Figure 1) Survival functions of age categories in 
COVID-19 patients

Figure 2)  Survival functions of gender categories
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Figure 3) SRD plots for demographic covariates

Figure 4) Survival functions of sign of anorexia

Figure 5) Survival functions of sign of ageusia or anosmia
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Figure 6) SRD plots for observed sign covariates

Covariate
CRM Coefficient and S. E

P-Value CHR
95% CI for CHR

β ̂i S,E (β ̂i) Lower Upper

Demographic 
information

Age 0.044 0.014 .001** 1.045 1.018 1.073
Gender 0.874 0.484 .042* 2.397 1.13 6.194

Observed signs

Sign of anorexia -2.697 0.648 < .001** 0.067 0.019 0.240
Sign of dyspnea -2.410 0.754 < .001** 0.090 0.021 0.393

Sign of ageusia or 
anosmia -1.267 0.488 .011* 0.282 0.108 0.734

Medical history

Medical history of 
diabetes -1.494 0.619 .016* 0.225 0.067 0.756

Medical history of 
tuberculosis -2.225 1.089 .041* 0.108 0.013 0.913

(** and * indicate that the approximated regression coefficient is significant at the significance level of 1% and 
5%, respectively).

Table 2) CRM outcomes of demographic, observed sign, and medical history covariates in COVID-19 patients

Figure 7) Survival functions of medical history of diabetes
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Figure 8) SRD plots for medical history covariates

Figure 9) Survival functions of hypoxemia

Figure 10) Survival functions of high pulse rate
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Figure11) SRD plots for clinical evaluation covariates

Covariate
CRM Coefficient and S. E

P-Value CHR
95% CI for CHR

β ̂i S, E (β ̂i) Lower Upper

Clinical 
evaluations

Admission 
hypoxemia -0.050 0.014 < .001** 0.951 0.926 0.977

Admission high 
pulse rate 0.105 0.056 .046* 1.111 1.032 1.239

Treatments 
provided

Noninvasive 
ventilation 
treatment

-2.838 0.740 < .001** 0.059 0.014 0.250

Medications 
given

Anticoagulant
agents -1.254 0.495 .011* 0.285 0.108 0.753

Anti-inflammatory 
agents -1.679 0.786 .033* 0.187 0.040 0.870

Supplements
provided

Multivitamin or 
Vitamin C 2.223 0.740 .003** 9.239 2.167 39.39

(** and * indicate that approximated regression coefficient is significant at the significance level of 1% and 5%, 
respectively).

Table 3) CRM outcomes of covariates associated with clinical evaluations, treatments provided, and medica-
tions administered in hospitalized COVID-19 patients

Figure 12) Survival functions of noninvasive ventilation treatment
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PHA violations in CRM.
Clinical evaluation covariates: It should 
be noted that patients with a high pulse rate 
compared to those with a normal pulse rate 
had a higher chance of death with a CHR 
value of 1.111 (CHR CI: 1.032 to 1.239). 
Also, it was observed that the risk of death 
was higher in patients with hypoxemia 
compared to those without hypoxemia, with 
a CHR value of 0.951 (CHR 95% CI: 0.926 
to 0.977. However, body mass index (BMI) 
showed no significant effect on survival 
rate. The survival functions of hypoxemia 
and high pulse rate indices are presented in 
Figures 9 and 10, respectively. 
No violation in PHA was confirmed using 
SRD for clinical evaluations, and the results 
are presented in Fig. 11.
Covariates associated with treatments 
provided/ medications given/ supplements 
provided: The CHR  value for patients with 
noninvasive ventilation therapy was 0.059 
(CHR CI: 0.014 to 0.250). The importance 
of noninvasive ventilation treatment in the 
survival of COVID-19 patients is shown in Fig. 12. 
The CHR values for patients receiving 
anticoagulant (CHR CI: 0.108 to 0.713) and 
anti-inflammatory (CHR CI: 0.040 to 0.870) 
agents were 0.285 and 0.187, respectively. 
The CHR value obtained for multivitamin or 

vitamin C was equal to 9.239 (CHR CI: 2.167 
to 39.39), indicating that patients treated 
with multivitamin or vitamin C had a lower 
risk of mortality (Table 3).
PHA violations were examined for covariates 
including treatments provided, medications 
given, and supplements provided using SRD 
plots. The plots are shown in Fig. 13, which 
clearly indicate that there is no breach for 
PHA in CRM. 

Discussion
K-M curves graphically depict the significant 
survival functions of important explanatory 
variables as estimated from time-to-event 
data. LRT was used in this study to compare 
survival distributions in K-M curves. 
SRD was used as a goodness-of-fit test to 
monitor for any PHA violations  in CRM. 
SRD plots were generated for all covariates 
to validate the assumption. It should be 
noted that SRD plots for all covariates 
strongly supported non-violated PHA. The 
significance of including and excluding 
covariates in CRM was evaluated using the 
likelihood ratio test to improve CRM. Clinical 
assessments at admission time, patients’ 
temperature, respiratory rate, blood 
pressure, pulse rate, oxygen level, and total 
blood count were collected in the study in 

Figure 13) SRD plots for covariates including treatments provided, medications given, and supplements pro-
vided
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order to determine the significance of the 
hazard. 
For each of the covariates, K-M curves 
graphically presented the significant 
survival functions of the significant groups 
as estimated from time-to-event data. It was 
observed that with each one year increase in 
age, the chance of death increased by 4.5%. 
A positive CRM coefficient was estimated for 
gender, which pointed out that males had an 
increased log hazard compared to females.
The following signs were observed in 
patients at the time of hospitalization: 
anorexia, angina, shivers, cough, diarrhea, 
fatigue, cephalalgia, arthralgia, nausea, 
rhinorrhea, dyspnea, pharyngitis, ageusia or 
anosmia, and wheezing. The results showed 
that anorexia, dyspnea, and ageusia or 
anosmia were significantly associated with 
mortality.
Some of the patients’ medical histories 
were evaluated to check their association 
with mortality, including asthma, cardiac 
disease, diabetes, HIV positivity, chronic 
obstructive pulmonary disease, and 
tuberculosis. It was found that the history of 
diabetes and tuberculosis had a significant 
impact on the death rate. The  results of 
the following clinical evaluations were 
collected: temperature, respiratory rate, 
blood pressure, pulse rate, oxygen level, and 
complete blood count. Several statistical 
techniques were developed to analyze these 
results. In addition, the analysis  results 
showed that only hypoxemia and high pulse 
rates had a considerable impact on death 
rates.
It should be noted that body mass index 
(BMI) had no substantial impact on survival 
rates. The following treatments were 
provided to hospitalize COVID-19 patients: 
oral rehydration solutions, noninvasive 
ventilation, and intravenous therapy. 
Noninvasive ventilation therapy was found 
to have a significant effect on survival. 

Anticoagulant, anti-inflammatory, antimalarial, 
and antipyretic agents, steroids, vasopressors, 
and other medications were given to patients. 
Treatment with anticoagulant and anti-
inflammatory agents was found to have a 
significant impact on reducing death rates; 
in addition, supplements like multivitamin, 
vitamin C, vitamin A, and zinc each alone were 
given to patients during the study period. 
Multivitamin or vitamin C supplements were 
found to have a substantial impact on patient 
survival.

Conclusion
By developing several statistical techniques, 
the data were analyzed. It was shown that the 
chance of survival of hospitalized COVID-19 
patients depended on such characteristics as 
demographics, observed signs, and medical 
histories. Many variables were analyzed in 
this study, and some of them were found 
to be significant.  In addition, the analysis 
results showed that the covariates  such as 
age, gender, anorexia, ageusia or anosmia, 
dyspnea, history of diabetes, history of 
tuberculosis, hypoxemia, high pulse rate, 
noninvasive ventilation, anticoagulant and 
anti-inflammatory agents, and multivitamin/ 
vitamin C were significantly associated with 
survival rates. Based on the analysis done in 
this study, the following conclusions were 
obtained:
•	 Demographic covariates like age and 

gender are significantly associated with 
higher mortality rates.

•	 Signs of anorexia, ageusia, or anosmia 
are significantly associated with higher 
mortality rates.

•	 Medical history of diabetes and 
tuberculosis is significantly associated 
with increased mortality rate.

•	 Among clinical evaluations, hypoxemia 
and high pulse rates significantly affect 
the death rate.

•	 Noninvasive ventilation treatment is 
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significantly influential in reducing death 
rates.

•	 Treatment with anti-inflammatory and 
anticoagulant agents is significantly 
effective in lowering death rates.

•	 Supplements provided, including 
multivitamin or vitamin C, have a 
significant effect on patients’ survival.

Limitations of CRM: It is well-documented 
that if the deviation from the PHA and the 
frequency of the event under study are 
high, then the estimated parameters are 
highly influenced and therefore could not be 
interpreted. In addition, the Cox regression 
technique may create a false model that 
does not include only time-independent 
predictive factors when PHA is violated. 
In this study, due to deleting few random 
variables, the analysis  done did not suffer 
from the above problems. 
Future research direction: In the future, 
other models like generalized multiplicative 
models, frailty and linear transformation 
models, generalized log-logistic proportional 
hazard models, generalized CRMs, and 
generalized proportional hazard models 
based on modified partial likelihood will be 
proposed and studied. 
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