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Abstract — In this study, the effects of disability-adjusted life years (DALYSs) from neoplasms and
concomitant non-communicable diseases (NCDs) on total deaths from the COVID-19 pandemic until 21
July 2021 are examined globally for 179 countries. For this purpose, the explanatory variables are taken as
DALYs as a measure of total burden of diseases in life lost years and lived with a disability years from
neoplasm and NCDs. In this study, the total number of deaths caused by the COVID-19 pandemic has been
made categorical with the help of the indicator variable and then taken as the response variable. Thus, in
this study, the effects of neoplasms and concomitant NCDs on the COVID-19 pandemic are investigated
by using binary logit and binary probit regression models in the family of generalized linear models (GLMs)
as statistical methods. Specific to this study, the superiority of the probit model which is based on the
assumption that the errors have a normal distribution in the statistical sense over the logit model which is
based on the assumption that the errors have a logistic distribution is emphasized. As principle results and
major conclusion from this study, neoplasms, cirrhosis and other chronic liver diseases, cardiovascular
diseases, skin and subcutaneous diseases and other non-communicable diseases have been found to have
statistically significant effects on deaths due to the COVID-19 pandemic.

Keywords — COVID-19 Pandemic, Non-Communicable Diseases, Generalized Linear Model, Probit Model, Logit Model.

I. INTRODUCTION healthy year [6],[7]. With DALYsSs, the burden of

The COVID-19 pandemic, officially declared on  disease caused by premature deaths due to various

11 March 2020, is an epidemic of disease affecting diseases and injuries, and disease states that do not
large numbers of people and occurring on a result in death but cause long-term disability and

transnational scale [1]-[5]. Disability-adjusted life 108s of function, are summarized with a single

disease” which is the sum of morbility and are basically the general expression of diseases such

mortality. One DALY is considered a loss of a @S cancers, chronic liver diseases, cardiovascular
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diseases, diabetes, and others which are not caused
by an acute infection and can lead to health
problems taking a long time to treat [9]-[11].

In this study, the effects of DALYs from
neoplasms and concomitant NCDs on the COVID-
19 pandemic are investigated. In this context,
Arsang-Jang et al. [12] examined the statistical
relationship between COVID-19 mortality rate and
total burden of NCDs by using a multilevel
generalized linear model according to the income
status of the countries. Azarpazhooh [13]
investigated the relationships between DALY from
NCDs and COVID-19 pandemic data as cases and
deaths using correlation tests. Azadnajafabad et al.
[14] investigated the rate of various NCDs among
deaths caused by COVID-19 pandemic using some
clinical data in Iran. Sousa et al. [15] examined risk
factors for death with various NCDs and other
indicators in hospitalized children with COVID-19
in Brazil. Youn et al. [16] examined the spreading
impact of the COVID-19 pandemic on people with
some of the major NCDs. Nicoletti-Rojas et al. [17]
modeled survey data with participants with NCDs
during the COVID-19 pandemic in Chile with beta
regression. Gaur et al. [18] investigated association
between cases and deaths from the COVID-19
pandemic and various NCDs using multilevel
regression in India. Pécout et al. [19] compared
descriptive statistics according to various criteria on
a given number of participants with NCDs in two
waves during the COVID-19 pandemic in the USA
and Europe. Further, there are more studies in
literature for investigating the effects of neoplasms
and concomitant NCDs on COVID-19 pandemic
data [20]-[25].

In this study, the effects of DALYs from
neoplasms and concomitant NCDs on the COVID-
19 pandemic data by using binary logit and binary
probit regression models in the family of GLMs.

Il. MATERIALS AND METHOD

In this study, the response variable is taken as
binary variable by categorizing the "total deaths
attributed to COVID-19 pandemic” per 1.000.000
people until 21 July 2021 according to median value
[26]. As it can be seen in Figure 1, when the daily
total number of deaths for 179 countries is examined
from 03.01.2020 to 16.03.2023, the date 21.07.2021
is determined at most number of deaths for these
countries with 19.991.

pandemic for 179 countries

The explanatory variables are taken as DALY's
per 100.000 individuals from “cirrhosis and other
chronic liver diseases”, “cardiovascular diseases”,
“skin and subcutaneous diseases”, “neoplasms” and
“other non-communicable diseases” belonging to
2019, respectively [27]. All of explanatory variables
are transformed to the categorical variables, and the
four possible levels for the these variables are taken
as the first 25% percentage coded as 1, the second
25% percentage (median) coded as 2, the third 25%
percentage coded as 3, the fourth 25% percentage
(max) coded as 4.

Data from 179 world countries are taken as
observations for this study. Descriptive statistics of
all variables in this study are given in Table 1.

Table 1. Descriptive statistics of all variables given in this

study
. Media | Mean
Variables Min. n 1sg | Max
Total Deaths
° 710.119
attributed to the 0.321 315.475 + 5734.0
COVID-19 880.738 78
Pandemic )
Disease burden
. . 596.279
from CII’I’hO_SIS _and 110510 | 546.124 + 2616.7
other chronic liver 360.521 45
diseases ’
Disease burden
from 1367.30 | 4166.91 496?_'395 18936.
cardiovascular 2 0 = 288
diseases 3060.903
Disease burden
- 545,937
from skin and 298.863 | 511.050 + 1042.7
subcutaneous 12
. 128.148
diseases
Disease burden 2718.87 3395.620 11701.
from neoplasms 977.179 4 t 152
1927.765
Disease burden
from other non- 1184.19 | 1911.31 217i991 7650.5
communicable 6 0 iy 28
diseases 907.094
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Generalized linear models (GLMs) are the
expansion of the assumption that the response
variable has a normal distribution in linear
regression models with an exponential distribution
family;

f(yi;0,¢):exp{wﬁ;§9‘)+c(yi;¢)} (1)

where a(l), b(C) and c(L) are known functions

specific to the family of exponential distributions,
@ and ¢ are the location and dispersion parameters,

respectively  [28]-[33]. For the binomial
distribution, a member of the exponential

distribution family, the functions of a(L)), b(L)) and
c(0) are given in Table 2 [34]-[36].

Table 2. Known functions belonging to binomial distribution

in Eq. (1).
a(¢) b(6) c(v:9)
1 nlog(1+¢’) Iog[nj
y
In GLMs, the model is constructed by

transforming the mean of the response variable to

linear estimators 7, =,6’O+Zf;lxijﬂj with a link

function g(L)). The logit and probit link function are
given as:
T

g(7;)=logit(7; ) =log—— (2)

1-7,

17 :g(”i):qyl(”i) (3)

where 0<7; <1, —o<logit(r;) <o and @ (L) is

inverse standard normal cumulate distribution
function [37]-[38]. So, binary logistic and binary
probit model are given as following;

yi :Ioglf—‘ﬂ:,ﬁo+2?jxuﬂj (4)

n =q)_1(”i):ﬁo+zlzlxijﬁj (5)

respectively, where i1=12,..,n is size of

observation, S, is parameter estimation, X;

unit of explanatory variables, p are number of
model parameters [39]-[40].

In this study, iteratively reweighted least squares
(IRLS) method is used for fitting the binary logit
and binary probit models [41].

Several goodness of test statistics for comparing
among GLMs are Akaike’s information criterion
(AIC), Akaike’s information corrected criterion
(AICc), Bayesian information criterion (BIC) and
consistent Akaike’s information criterion (CAIC)
givenin Table 3where L islog-likelihood statistics,
L., 1s log-likelihood for observed response and N

is number of observation in the model [42]-[45].

is ij"

Table 3. Various information criteria used in this study

Information Criteria | Formula

Deviance ~2{Lyy - L}

AlC 2L +2p

AlCc —2L+N2_LFI)\I_1
BIC -2L+pIn(N)
CAIC —2L+p(In(N)+1)

I11. ResuLts AND DISCUSSION

In this study, the effects of disability-adjusted life
years (DALYSs) from neoplasms and concomitant
non-communicable diseases (NCDs) on total deaths
from the COVID-19 pandemic are examined
globally for 179 countries by using binary logit and
binary probit regression models in the family of
generalized linear models (GLMs) as statistical
methods under IRLS method.

In accordance with this purpose, the response
variable is categorically taken as "total deaths
attributed to COVID-19 pandemic” per 1.000.000
until 21 July 2021 according to the median value of
the related variable, and the explanatory variables
are categorically taken as DALYs per 100.000
individuals from “cirrhosis and other chronic liver
diseases”, ‘“‘cardiovascular diseases”, ‘“skin and
subcutaneous diseases”, “neoplasms” and ‘“‘other
non-communicable diseases” belonging to 2019
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according to four possible levels of the related

variables, respectively.

In this study, Rstudio statistical computing is used

for all statistical modelling and inference [46].

Firstly, the result of binary logit model by using
IRLS method is given in Table 4.

Table 4. The results of the binay logit regression model by using IRLS method

Wald

95% Wald C.I. for

_ A : i - : exp( 3
Explanatory Variables i se(/) Chi P=value | exp(4) 4)
Square
Lower Upper
Intercept 26680 | 1.12439 | 56304 | 0.01765* | 14.4113 | 15907 | 130.5576
Cirrhosis and other chronic | 4 155 | (89283 | 00126 | 091066 | 1.1054 0.1921 6.3606
liver diseases [2™ level]
Cirrhosis and other chronic | 5 1048 | 091701 | 56763 | 0.01720* | 88887 | 14732 | 53,6306
liver diseases [3™ level]
Cirthosis and other chronic | o o405 | 0 o506 | 00024 | 096086 | 1.0413 | 02067 | 5.2467
liver diseases [4" level]
Card'o‘[’gfffg\"j;ﬂ'seases 26984 | 105428 | 65508 | 0.01048* | 14.8558 | 18814 | 117.3052
Card'o‘fg,sflue'sgg'seases 1.8255 | 095361 | 3.6644 | 0.05559 | 6.2056 09573 | 40.2269
Card'o‘ﬁfhct‘gjgl‘]"seases 28170 | 1.31588 | 4.5829 | 0.03229* | 167268 | 1.2686 | 220,5523
Skin and subcutaneous 27979 | 111037 | 6.3493 | 0.01174* | 16.4101 | 1.8619 | 144,6367
diseases [2" level]
Skin and subcutaneous | 5 ga7q | 4 15846 | 112631 | 090979 | 4gg058 | 50303 | 472,6861
diseases [3" level]
Skin and subcutaneous | 35670 | 118817 | 90131 |0.00268%* | 354088 | 34496 | 3634622
diseases [4" level]
N 0.00008
Neoplasms [2™ level] 3.7697 0.95914 15.4474 - 43.3684 6.6181 284,1904
Neoplasms [3" level] 31494 | 1.03589 | 9.2431 |0.00236** | 233211 | 3.0618 | 177,6303
1347.79 392974352
th
Neoplasms [4" level] 22.0918 817 0.0003 0.98692 5 4568 0.0000 Inf
Other non-communicable |, so6> | 9685 | 7.7835 | 000527 ** | 146764 | 22234 | 968754
diseases [2™ level]
Other non-communicable | 5 435 | (ggg74 | 7.3926 |0.00655** | 115145 | 19780 | 67,0300
diseases [3" level]
Other non-communicable | o761 | 072107 | 00117 | 091372 | 1.0813 0.2631 4,4434
diseases [4" level]

All parameter estimates obtained using the IRLS
method are given in Table 4 and the model equation
for the binary logit regression model is given in Eq.

(6);
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26680+ 2.1848(Cirrhosis[3]) + (6)
2.6984(Cardio|2]) + 2.8170(Cardio[4]) + Secondly, the result of binary probit model by
| [ x j 2.7979(Skin[2])+3.8879(Skin[3]) + using IRLS method is given in Table 5.
= log| ——
LN pa 3.5670( Skin[4])+3.7697  Neoplasms|2]) +
(
(

3.1494( Neoplasms|[3]) +
2.6862(Other [ 2]) +2.4436Other [3])

Table 5. The results of the binay probit regression model by using IRLS method

95% Wald C.1. for
Wald (,8)
_ . A . - 3 exp
Explanatory Variables Jij S'e(ﬂ) Chi P~ value EXp(ﬁ)
Square
Lower Upper
Intercept 14943 | 061087 | 59837 | 0.01444* | 4.4562 1.3458 | 14.7552
Cirthosis and other chronic | o go5, | 050050 | 00001 | 099137 | 1.0054 | 03755 | 2.6921
liver diseases [2" level]
Cirrhosis and other chronic | 4 ygq7 | 050300 | 55042 | 001802* | 3.2861 1.2261 8.8072
liver diseases [3"™ level]
Cirrhosis and other chronic | o ggag | 047949 | 00204 | 0.88634 | 1.0709 0.4184 2.7410
liver diseases [4™ level]
Card'o‘[’gfffe'sgg'seases 14649 | 056449 | 6.7344 | 0.00946** | 4.3271 14312 | 13.0826
Card'o‘fgfffg\"’/‘;g'seases 09615 | 051903 | 34319 | 006395 | 2.6157 | 09457 | 7.2342
Card'o‘ﬁﬁ,‘:;’;\%l‘]ﬂse“es 16139 | 071629 | 50768 | 0.02425* | 5.0225 1.2337 | 20.4475
Skin and subcutaneous 1.6776 | 061043 | 7.5525 | 0.00599 ** | 53526 16179 | 17.7080
diseases [2™ level]
Skin and subcutaneous 22692 | 063705 | 12.6883 | 9007 | 946716 27748 | 33.7103
diseases [3" level]
Skin and subcutaneous 20471 | 065625 | 9.7308 | 0.00181** | 7.7457 21402 | 28.0333
diseases [4" level]
Neoplasms [2 level] 21224 | 052453 | 163720 | °2¢05 | g3s08 | 29871 | 23.3463
Neoplasms [3" level] 1.7429 0.56852 9.3982 0.00217 ** 5.7138 1.8750 17.4124
R 282.497
Neoplasms [4" level] 8.2294 51 0.0008 0.97676 3749.6396 0.0000 Inf
Other non-communicable |y 5779 | 051575 | 9.3604 | 0.00222** | 4.8448 17631 | 133135
diseases [2™ level]
Other non-communicable |y 4391 | 049531 | 8.4419 | 0.00367** | 4.2170 15973 | 11.1334
diseases [3" level]
Other non-communicable | o165 | 042344 | 00120 | 090942 | 1.0494 0.4576 2.4064
diseases [4" level]

All parameter estimates obtained using the IRLS for the binary probit regression model is given in Eq.
method are given in Table 4 and the model equation  (7);
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1.4943+1.1897 Cirrhosis[3]) +1.4649( Cardio[ 2]) +
1.6139(Cardio[4])+1.6776( Skin[2]) +

7, = ®(7;) =12.2692(Skin[3]) +2.0471( Skin[4]) +
2.1224(Neoplasms|[2]) +1.7429( Neoplasms[3]) +
1.5779(Other[2])+1.4391(Other [3])

(7)

Goodness of test statistics for the binary logit and
binary probit models are given in Table 6.

Table 6. Goodness-of-fit test statistics for the binay logit and
binary probit regression models

Goodness-of-fit Binary L_ogit Binary Pr_obit
test statistics Regression Regression
Model Model
Log-likelihood -46.390 -46.099 *
Df. 16 16
Deviance 92.780 92.198 *
AIC 124.780 124.198 *
AlCc 128.138 127.556 *
BIC 175.778 175.196 *
CAIC 191.778 191.196 *

IV.CONCLUSION

In this study, as a result of performances due to the
binary logit and binary probit regression models, the
best performancing model is determined the binary
probit model according to log-likelihood, deviance
statistic, AIC, AICc, BIC and CAIC with -46.099,
92.198, 124.198, 127.556, 175.196 and 191.196,
respectively as can be seen Table 6.

Specific to this study, the superiority of the probit
model which is based on the assumption that the
errors have a normal distribution in the statistical
sense over the logit model which is based on the
assumption that the errors have a logistic
distribution is emphasized.

According to the binary probit regression model
given in Eq. (7);

It has been determined that being at 3™ level
(546.124-717.272) of DALYs from cirrhosis and
other chronic liver diseases when taking reference
category at 1% level (110.510-337.989) of the related
explanatory variable increase 1.1897 times the
probability of being greater total deaths attributed to
COVID-19 pandemic than the median value with
1206.606.

It has been determined that being at 2" level
(2917.532-4166.910) and 4™ level (5614.920-
18936.288) of DALY's from cardiovascular diseases

when taking reference category at 1% level
(1367.302-2917.532) of the related explanatory
variable increase 1.4649 and 1.6139 times the
probability of being greater total deaths attributed to
COVID-19 pandemic than the median value with
1206.606, respectively.

It has been determined that being at 2" level
(444.101-511.050), 3 level (511.050-640.589) and
4™ level (640.589-1042.712) of DALYs from skin
and subcutaneous diseases when taking reference
category at 1% level (298.863-444.101) of the related
explanatory variable increase 1.6776, 2.2692 and
2.0471 times the probability of being greater total
deaths attributed to COVID-19 pandemic than the
median value with 1206.606, respectively.

It has been determined that being at 2" level
(1872.697-2718.874) and 3™ level (2718.874-
4842.845) of DALYs from neoplasm when taking
reference category at 1% level (977.179-1872.697)
of the related explanatory variable increase 2.1224
and 1.7429 times the probability of being greater
total deaths attributed to COVID-19 pandemic than
the median value with 1206.606, respectively.

It has been determined that being at 2"¢ level
(1676.529-1911.310) and 3™ level (1911.310-
2264.397) of DALYs from other non-
communicable diseases when taking reference
category at 1% level (1184.196-1676.529) of the
related explanatory variable increase 1.5779 and
1.4391 times the probability of being greater total
deaths attributed to COVID-19 pandemic than the
median value with 1206.606, respectively.
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