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ARTICLE INFO ABSTRACT
Method name: The Weibull regression model is a regression model derived from the Weibull distribution, where
Weibull Regression Model and Applications the Weibull distribution is influenced by covariates. In this study, parameter estimation for the
s Weibull regression model was conducted using the Maximum Likelihood (ML) estimation. The
Keywords: . . aim of the study is to develop a Weibull regression model based on the hospitalization time of
Newton—-Raphson iterative . . . . . . .
Risk stroke patients at Abdul Wahab Sjahranie Hospital, Samarinda, during the period of 2021-2022,
Stroke patients and to identify the factors affecting it. The event of interest in this study is patient recovery. The
Survival data results indicate that the ML estimator of the Weibull regression model was obtained numerically
Weibull Regression Model using the Newton-Raphson iterative. The factors influencing the Weibull regression model include

age, body mass index (BMI), and a history of diabetes mellitus. An increase in patient age and a
history of diabetes mellitus are associated with an increase in the probability of the patient not
recovering, a decrease in the likelihood of recovery, a lower recovery rate, and a longer recovery
time. In contrast, an increase in BMI is associated with a decrease in the probability of the patient
not recovering, an increase in the likelihood of recovery, a higher recovery rate, and a shorter
recovery time. Some highlights in this article, the proposed method are:

» We present The Weibull distribution influenced by covariates is called the Weibull regression
model

The potential recovery of stroke disease and the factors that influence it can be analyzed
through Weibull regression modeling.

The chance of a patient not recovering is modeled through a Weibull survival regression
model, the chance of a patient recovering is modeled through a Weibull cumulative distri-
bution regression model, the patient’s recovery rate is modeled through a Weibull hazard
regression model, and the average patient hospitalization time is modeled through a Weibull
mean regression model.
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Resource availability: The research data is secondary data, namely medical record data for inpatients with stroke patients obtained from Abdul
Wahab Sjahranie Samarinda Hospital in 2021-2022. The study sample size was 62 samples. The research data consisted
of time data, namely data on the length of time patients with stroke were hospitalized (Y) and covariate data, namely age
(X)), gender (X,), type of stroke (X3), HDL levels (X,), LDL levels (X5), body mass index (X), systolic pressure (X),
diastolic pressure (Xy), history of diabetes mellitus (X,), and history of heart disease (X ). The data analysis technique
used was Weibull regression modeling, and computation using Octave software.

Background

Survival analysis is a collection of statistical procedures for analyzing time data, which is the duration of time until the occurrence
of a certain event [1,2]. The time variable in survival analysis is often referred to as survival time [3,4,5]. Time data consists
of complete time data and incomplete time data. Complete time data is time data from individuals who experience events, while
incomplete time data consists of censored data or truncated data. There are three types of censoring in survival analysis, that is right
censoring, left censoring, and interval censoring [6]. The time data in this study is right censored time data. Time data in the field is
often found to follow the Weibull distribution pattern [7].

The Weibull distribution initially contains three parameters, namely the scale parameter, shape parameter, and location parameter
[8,9]. One special form of the Weibull distribution is the scale-shape version of the Weibull distribution, which is a Weibull distribution
that contains two parameters, namely the scale and shape parameters [7]. Discussions about data distribution are generally limited
to estimating distribution parameters and testing data distribution patterns. In fact, time data in the field is influenced by external
factors (covariates), therefore, it is necessary to develop from the Weibull distribution to the Weibull distribution model influenced
by covariates [1,10]. The Weibull distribution influenced by covariates is called the Weibull regression model [11,12].

The Weibull regression model in this study was applied to data on the hospitalization time of patients with stroke [13,14].
According to the Indonesian Ministry of Health, stroke is one of the second highest causes of death after coronary heart disease and
the third cause of disability in the world [15,16]. According to the Indonesian Ministry of Health, based on the Basic Health Research
(Riskesdas) in 2013 the national stroke prevalence was 12.1 per mile, while in the 2018 Riskesdas the stroke prevalence was 10.9 per
mile, where the highest stroke prevalence was in East Kalimantan Province at 14.7 per mile and the lowest stroke prevalence was in
Papua Province at 4.1 per mile.

The Indonesian government has made several efforts to deal with stroke disease and reduce stroke mortality by developing services
and providing education about maintaining a healthy body [17,18]. Another effort that can be made to reduce stroke mortality is
to provide information to the government and the public about the factors that affect stroke disease and determine the potential
recovery of stroke patients through statistical modeling, namely Weibull regression modeling. The potential recovery of stroke disease
and the factors that influence it can be analyzed through Weibull regression modeling. The chance of a patient not recovering is
modeled through a Weibull survival regression model, the chance of a patient recovering is modeled through a Weibull cumulative
distribution regression model, the patient’s recovery rate is modeled through a Weibull hazard regression model, and the average
patient hospitalization time is modeled through a Weibull mean regression model.

Method details
Weibull distribution

Suppose Y is a non-negative continuous random variable with a scaled version of the Weibull distribution, then the probability
density function (FKP) of Y is

=22y a2

with y is the shape parameter, 4 is the scale parameter with y > 0;0 < y, 4 < co [19,20].
The cumulative distribution function of the scale-shape version of the Weibull distribution is given by

Fo =P <y =1-ew[-(2)]: o)
and the survival function is defined by
50 =P > p=ew|-(2)] 3)
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Based on Eq. (1) and Eq. (2), the hazard function is obtained, namely

_fO) _vyNTt o o
h(”‘m‘z(z) = a7yl @)

The mean of a random variable Y with a scale-shape version of the Weibull distribution is
pY=E(Y)=/1F<§+1>, (5)

with I' is the gamma function [12].

One method of estimating Weibull distribution parameters is the maximum likelihood estimation (MLE) method. The first step in
the MLE method is to define the likelihood function. Suppose the sample data is y,, y,, ..., y, independent and identically distributed
namely y; ~ W(A,y), i = 1,2,3,...,n. Based on the FKP in Eq. (1), the likelihood function is defined by

o) = [0 = [T (52) ool 2] )

with 6, =[4 71T, It is known that 91 =[A f/] which maximizes the likelihood function also maximizes the log-likelihood function
and is 8, is easily obtained through the log-likelihood function. Applying the natural logarithm to both segments of the likelihood
function in Eq. (6) obtained the log-likelihood function, namely

2(6,,y) =In[L(6,,y ]—Zln 7(61.)

=i((lny—lnﬂ+(y—1)[lnyi—lni])—<%)y), @
i=1

ML estimator vector §; = [1 f/]T obtained from the solution of the first derivative of the log-likelihood function for all component
parameters 0, then equated to zero (0), namely

ot (91 ) y)
—o6, = 0 ()]
The left segment of the Eq. (8) is called the gradient vector (g), namely
02(0,, T
g(6)) = (a DL [ G ©)

It is known that Eq. (8) is a likelihood equation consisting of nonlinear equations so that the exact solution to get the ML estimator
(8,) cannot be done analytically. An alternative method to solve the likelihood equation in Eq. (1) to obtain the ML estimator is to
use the Newton-Raphson iteration method. The Newton-Raphson iteration algorithm is

A+ A(@) SO\ [ A@
" =0 - [H(8")] 2(6"). a=0.1.2 ... (10)

with g(@,) is the gradient vector given by Eq. (9) and H(6,) is the Hessian matrix, which is the matrix of second-order partial
derivatives of the log-likelihood function on the combination of the components of the parameter vector 6,. The general form of the
Hessian matrix is

02£(0,.y) 02£(0,.y)

_ 042 0Ady
H(0)) = 2461y) e | (11)
3704 o

Testing distribution of hospitalization time data

Data distribution testing can be done using the Kolmogorov-Smirnov test. Suppose you want to test whether sample data with
cumulative distribution function F(y) comes from a population with unknown F(y) distribution. The distribution testing hypothesis
formulation is as follows:

Hy: F(y) = F(y)
(Sample data is drawn from a population with distribution function F(y))
Hy : F)FQ)
(Sample data is drawn from a population with distribution function not F(y))
Test statistic is
GD = sup |F(») - GO, (12)

with,
the number of Y observations data < y,

G(y) = - (13)
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Multicollinearity detection

Multicollinearity cases can be detected using the Variance Inflation Factor (VIF) value [21]. A regression model is said to be free
of multicollinearity if it has a VIF value of no more than 10. VIF for covariates X is calculated using the formula

VIF, =

R 14)
%
where Ri is the coefficient of determination of the auxiliary regression model, which is the regression model of covariate X, regressed

on other covariates. The formula to get the value Ri is

T (x - Xu)’

R = ,
Zf:l (xki - Xk)z

kl_

5)
with,

Ri: Coefficient of determination of the covariate X, regressed on the other covariates

x;;: Value of covariate X, at observation i

X+ Predicted value of covariate X, at observation i

X,: Average of observation data X,

n: Sample size

Weibull Regression Model
The Weibull regression model is mathematically formulated from the Weibull distribution with the scale parameter (1) expressed

in the regression model [22]. It is known that the scale parameter in Eq. (1) is positive real value so that it can be expressed as a
function of regression parameters, namely

Ax)=exp [fo+ B X, + ... + B, X,| = exp [T x|, (16)
with g7 = [, B, ... p,11is a vector of p + 1 dimensional regression parametersand x = [1 X; ... X p]T. The Weibull survival regression
model is obtained from substituting Eq. (16) into Eq. (3), namely

14
y T
Sy, x) =ex [—(—)]:ex —y" exp [— x|). 17
y *I-im p (=y" exp [~7B" x])

The Weibull cumulative distribution regression model is obtained from substituting Eq. (16) into Eq. (2), namely

F(y,x)=1- Sy, x)=1—-exp(-y exp -7 x]) (18)
The Weibull hazard regression model is obtained from substituting Eq. (16) into Eq. (4), namely

h(y.x) = yy" " exp [~y B x| (19

The mean Weibull regression model is obtained from substituting Eq. (16) into Eq. (5), namely
1
py(y, x) = F<; + 1) exp [,BTx] (20)
Based on Eq. (6) and Eq. (1), the FKP that is directly affected by covariates is obtained, namely

F.x) =y~ exp [-y BT x| exp (—y" exp|-yB" x|) @

The Weibull regression model estimation method uses MLE method. The first step in the MLE method is to define the likelihood
function. Suppose given n data (y;, x;,8;), i = 1, 2,...,n, with time data for the i individual is y; where the probability of the i indi-
vidual experiencing an event with status §; = 1 is P(Y = y;) = f(y;). The probability of the i individual surviving with status §, = 0 is
P(Y > y;) = S(y,). The likelihood function is defined by

LO) = f[f(y,-)é’ (S(n)' ™" = ﬁh(y,-)éf S(v), (22)

with@=1[y fy p; ... ﬂp]T . [4] Based on Eq. (17) and Eq. (19), the likelihood function in Eq. (22) is written into

n

5;
L(O) = H [yyiy_1 exp (—yﬂTx,-)] exp [—y? exp (—yﬁTx,-)], (23)

i=1

with x; = [1 x); x5 ... Xy T The ML estimator of the Weibull regression model is the vector value @ that maximizes the likelihood
function in Eq. (23) and maximizes the natural logarithm function (log-likelihood). The log-likelihood function based on the likelihood
function is

£(0) =1n L(0)
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= Z (8 [lny +@—-Dlny, - yﬂTx[] -yl exp (—yﬁTx,-)). 24)
i=1

The ML estimator (0) is determined by solving the following likelihood equation

00(6)
00

where 0 is a zero vector of dimension p + 2 and the left segment in Eq. (25) is a gradient vector of dimension p + 2, namely

0, (25)

_000) _[0£0) 00(6) 0£0)  00)]"
T 00 | oy op 0B T 0B, |

Based on Eq. (24), the likelihood in Eq. (25) consists of nonlinear equations, so the exact solution of the likelihood Eq. (25) to
obtain the exact ML estimator cannot be found analytically. One method that can be used to obtain the ML estimator numerically
is the Newton Raphson iteration method. To determine the ML estimator with the Newton-Raphson iteration method requires the
calculation of the gradient vector and Hessian matrix. Gradient vector g(6) is given by Eq. (26) and Hessian matrix (H(0)) is a matrix
of second-order derivatives of the log-likelihood function for all combinations of vectors 8. The general form of the Hessian matrix
to obtain the ML estimator of the Weibull regression model is as follows

2(0)

(26)

[ 02£(6) 92£(0) 02£(0) 3¢
oy? ayapy 9yap, " 0yap,
*¢(0) 92£(0) 02£(0) 9*¢(0)
9foor B2 0po0f T 9Po9B,

2 2
H(0) = | %20 RAC) 2 f(29> ) 27

9y 0y 9p10h op; 9p10B),
2£(0) 2£(0) 02£(0) 22£(0)

| 96,0r  0B,080  9BoB ;|

The Newton-Raphson iteration algorithm to obtain 8, namely
A A ~ -1 PN
9<q+1) _ 9(q> _ [H <9(q)>] g(e(q))’ q=0,1,2, ..., p (28)

o as . P . s s ~(0 . A A T
The initial stage of the Newton-Raphson iteration is to determine the initial vector 0¥ = @ po 0 1

)

o Po p

. . cna@t) 4 . . - _ . s
iteration to g + 1, if ||6(q+ - G(q)|| < &, with ¢ is a small positive real number, e.g. ¢ = 10”2, Based on the Hessian matrix in Eq. (27),

the Fisher information matrix is obtained, namely

. Iteration is stopped at

[1;(6)] = -E[H(0)] = ~[H()] 29)
The inverse of the Fisher information matrix is the variance-covariance matrix of the estimator vector 0, i.e. [23]
cou(9) = [1,(8)] " (30)

where & ~ N6, [I;®) ).
Hypothesis testing of Weibull regression parameters

Testing regression parameters simultaneously aims to determine whether the estimated parameters provide a fit regression model
or not [23]. The hypothesis for testing regression parameters simultaneously is

Hy:p=p=..=§,=0 (Weibull regression model is not feasible (not fit))

H, : atleast one ,0;k =1, 2,..., p (Weibull regression model is feasible (fit))

The test statistic is determined using the likelihood ratio test method, i.e.

G =2[¢(0) - ¢@)], €29)

with 6 = [7) o, Bis ---» ﬁp]T is the set of parameters under the population model that maximizes the log-likelihood function in Eq. (24).
The maximum value of the log-likelihood function under the population model is

n
£(0) =Y (8im7+G = Diny, - 757x] - exp (~787x,) ). (32
i=1
@ = [§, ﬁoo]T is the set of parameters under H,, and based on Eq. (24) the maximum value of log-likelihood function under H|, is

n

@)=Y, (87 +@ = Diny, = 7hw] - 37 exp (~7/wo) ) 33)

i=1
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The test statistic G given by Eq. (31) is ;(5 distributed. The test statistic G in Eq. (31) can be estimated by
A Aav1—1 A
G=f"[In(0)] 4. (34)

with f = (4, b, ... ﬁP]T and [I,,(0)] is obtained from the inverse matrix of Fisher information given by Eq. (30) by removing the first
row and the first column. Critical areas in this test is to reject Hy at the significance level « if the value G > ;((za » OF Poalue < @ where

Puvalue = P(Gu > G) (35)

with G, is a distributed variable ;((Zp> and G is the value of test statistic in Eq. (31).

Partial regression parameter testing aims to determine whether covariates individually affect the regression model [23,24]. The
hypothesis for testing the regression parameter g, with k =0, 1, 2, ..., pis

H, : p, =0 (Covariates X, has no effect on the Weibull regression model)

H, : p,0 (Covariates X, affects the Weibull regression model)

Test statistics on partial testing using Wald statistic, namely

W, = 'B’ﬁ ~ N(0,1), (36)
SE(B,)

where SE(f,) = \/var(f,) with var(f,) is the main diagonal element to k + 1 of the matrix cov(d) in Eq. (30). Critical areas of this test
is Hy rejected at the significance level « if the value |W;| > Z 1-% OF Puaye < @, where

Pvalue = 1 —2p(Z > |VVO|)’ @7
Z is a standard normal distributed random variable and W, is the value of the test statistic in Eq. (36).

Weibull regression model interpretation

The interpretation of the Weibull regression model uses ratio values, namely the Weibull survival regression ratio value, the
Weibull hazard regression ratio value and the Weibull mean regression ratio value [23,25]. The ratio values of Weibull survival
regression based on continuous covariates X, is

exp [<3] exp [7(Fo + i X, + oo+ B (X +1) + o4 5,,)]|

RSy, = - — — - (38)
exp [—yiy exp [—?(ﬁo +H X+t B X+ ﬂpo)]]
Weibull cumulative distribution regression ratio values based on continuous covariates X, is
RE. - F(yIX+1)  1-S(yX, +1) 39
i F() -5
Weibull hazard regression ratio values based on continuous covariates X, is
h(y1X; +1) .
Rhy, = ————— =exp|-7f (40)
Xk h) p[-74d
and the ratio values of mean Weibull regression based on continuous covariates X, is
exp [ﬁk(Xk+1)] R
X, =7 =exp[f] 4D

exp [A X, ]
Weibull survival regression ratio values based on nominal covariates X, is
exp [—yf exp [~9 (o + A Xy + ..+ D+ ... + ﬁpo)]]
RSy, = - — - - (42)
exp [<3] exp [<7 (o + A X, + oo+ B0 + oo+ 5,X,)]
Weibull cumulative distribution regression ratio values based on nominal covariates X is
F(ylX,=1) 1-S(ylx,=1)
RFy, = = 43)
OFOIX =00 1-S01X,=0)
Weibull hazard regression ratio values based on nominal covariates X is
B h(y1X, =1)
= ——
“ h(ylXx,=0)
and the ratio values of mean Weibull regression based on nominal covariates X, is

exp [A (D] _
iy, = 2P o 14 45)
X exp [4.0)] 17

= exp [-74,] “4)
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Table 1

Descriptive statistics.
Covariates Minimum Maximum Average
Hospitalization Time (Y) 2 19 9
Age (X)) 25 81 56
HDL levels (X,) 21 94 43.06
LDL levels (X) 50 291 144.34
Body Mass Index (X) 17.58 37.78 25.99
Systolic Pressure (X) 80 221 161.23
Diastolic Pressure (Xg) 61 144 91.85

Table 2
Percentage of patients for gender covariates.

Status
Total
Gender Event (Recovery) Censored
Frequency % Frequency % Frequency %
Male 34 83 7 17 41 66
Female 16 76 5 24 21 34
Table 3
Percentage of patients for stroke type covariates.
Ischemic Stroke Hemorrhagic Stroke Total
Covariates
Frequency % Frequency % Frequency %
Type of Stroke 42 68 20 32 62 100
Table 4
Percentage of patients for history of diabetes mellitus covariates.
Covariates Has a History of Diabetes Mellitus ~ No History of Diabetes Mellitus ~ Total
Frequency % Frequency % Frequency %
History of Diabetes Melitus 25 40 37 60 62 100
Table 5
Percentage of patients for history of heart disease covariates.
Has a History of Heart Disease No History of Heart Disease Total
Covariates
Frequency % Frequency % Frequency %
History of 10 16 52 84 62 100

Heart Disease

Method validation

Data Description

The research data is secondary data, namely medical record data for inpatients with stroke patients obtained from Abdul Wahab
Sjahranie Samarinda Hospital in 2021-2022. The study sample size was 62 samples. The research data consisted of time data, namely
data on the length of time patients with stroke were hospitalized (Y) and covariate data, namely age (X ), gender (X,), type of stroke
(X3), HDL levels (X 4), LDL levels (X 5), body mass index (X), systolic pressure (X ), diastolic pressure (Xy), history of diabetes mellitus
(Xy), and history of heart disease (X ;). The data analysis technique used was Weibull regression modeling, and computation using
Octave software.

Descriptive statistics of ratio research variables can be seen in Table 1, descriptive statistics of nominal research variables based
on gender covariates can be seen in Table 2, descriptive statistics of nominal research variables based on stroke type covariates can
be seen in Table 3, descriptive statistics of nominal research variables based on history of diabetes mellitus covariates can be seen in
Table 4, and descriptive statistics of nominal research variables based on history of heart disease covariates can be seen in Table 5.

Based on Table 1, it can be seen that the average hospitalization time of stroke patients is 9 days with the fastest hospitalization
time is 2 days and the longest is 19 days. The average age of stroke patients is 56 years old with the youngest patient is 25 years old
and the oldest patient is 81 years old. The average HDL levels of stroke patients was 43,06 mg/dL with the lowest HDL levels was 21
mg/dL and the highest was 94 mg/dL. The average LDL levels of stroke patients was 144,34 mg/dL with the lowest LDL levels was 50
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Table 6

ML estimators of Weibull distribution parameters.
Parameters Estimated
Scale (1) 10.2037
Shape (y) 2.8383

Table 7

Weibull Distribution Test Results.

D e D(50;0,10) Decision

0.1258 0.170 Failed to reject H,

mg/dL and the highest was 291 mg/dL. The average body mass index of stroke patients was 25,99 with the lowest body mass index
was 17,58 and the highest was 37,78. The average systolic pressure of stroke patients was 161,23 mmHg with the lowest systolic
pressure was 80 mmHg and the highest was 221 mmHg The average diastolic pressure of stroke patients was 91,85 mmHg with the
lowest diastolic pressure was 61 mmHg and the highest was 144 mmHg

Based on Table 2, that there are 66 % or 41 patients out of 62 patients are male patients, while 34 % or 21 patients out of 62
patients are female patients. Male patients who recovered (experienced events) were 34 people or 83 % and those who died (censored)
were 7 people or 17 %, while female patients who recovered were 16 people or 76 % and those who died were 5 people or 24 %.

Based on Table 3, that there are 42 patients or 68 % of 62 patients are patients who have ischemic stroke, while 20 patients or
32 % of 62 patients are patients who have hemorrhagic stroke.

Based on Table 4, that there are 25 patients or 40 % of 62 patients are patients who have a history of diabetes mellitus, while 37
patients or 60 % of 62 patients are patients who do not have a history of diabetes mellitus.

Based on Table 5, that there are 10 patients or 16 % of 62 patients are patients who have a history of heart disease, while 52
patients or 84 % of 62 patients are patients who do not have a history of heart disease.

Weibull distribution parameter estimation

The assumption of the Weibull regression model is that the time data must be Weibull distributed, therefore the time data in this
study is assumed to be Weibull distributed. ML estimator of Weibull distribution parameters, based on the results of calculations using
Octave software can be seen in Table 6.

Based on the results of the parameter estimation in Table 6, the estimated survival function is

P y 2.8383 »
(y)‘e"p[_(lo.zow) ] (46)
and the estimated cumulative distribution function is
R y 2.8383
Fy)=1- - . 47
) e"p[ ( 10.2037 ) “7)

Testing the distribution of hospitalization time data

The assumption that must be met in Weibull regression modeling is that time data must be Weibull distributed. To test that the
time data meets the Weibull distribution assumption, distribution testing is carried out on the stroke patient hospitalization time
data. The data distribution testing method in this study uses the Kolmogorov-Smirnov method. The distribution testing hypothesis is

Hy : F(y) = F(y)
(Sample data is drawn from a Weibull-distributed population with a distribution function given by Eq. 47)
Hy : F)FQ)

(Sample data is drawn from a population not Weibull distributed)

The calculation results using Octave software can be seen in Table 7.

Based on Table 7, obtained Dqyyt = 0.1258 < D(50.0,10y = 0.170, then it is decided to accept H|, at the 10 % significance level.
The conclusion of the test is that the stroke patient hospitalization time data is drawn from a Weibull-distributed population.

Multicollinearity detection

Multicollinearity detection in this study uses VIF criteria. The results of the calculation of the VIF value of each covariate using
Octave software can be seen in Table 8.
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Table 8
VIF Values of Covariates.
Covariates VIF value
Age (X)) 1.2862
Gender (X,) 1.2370
Type of Stroke (X ;) 1.2460
HDL Levels (X,) 1.3202
LDL Levels (X5) 1.1828
Body Mass Index (X) 1.0837
Systolic Pressure (X) 4.4327
Diastolic Pressure (Xy) 4.1027
History of Diabetes Mellitus (X,) 1.1877
History of Heart Disease (X ;) 1.1788
Table 9
Parameter Estimator of Weibull Regression Model.

Covariates Parameter Estimated

- y 3.0633

- S 2.5201

Age (X)) B 0.0065

Body Mass Index (X) B -0.0216

History of Diabetes Mellitus (X,) Po 0.1947

Based on Table 8, the VIF value for each covariate is less than 10 so it can be concluded that there is no multicollinearity between
covariates. Based on the multicollinearity detection results, Weibull regression modeling can involve 10 covariates, namely age (X)),
gender (X,), type of stroke (X3), HDL levels (X,), LDL levels (Xs), body mass index (Xg), systolic pressure (X;), diastolic pressure
(X3y), history of diabetes mellitus (Xy), and history of heart disease (X).

Parameter estimation of the best Weibull regression model

The best model is obtained through parameter estimation of all models from all combinations of 10 covariates in Table 8 which
gives the minimum AIC model and all covariates in the model have the most effect. Based on the 10 covariates in Table 8, it can
produce as many as 1023 Weibull regression models. Based on the selection results, the best model is the Weibull regression model
with 3 covariates, namely age (X,), body mass index (Xy), and history of diabetes mellitus (X,). This model produces a minimum
AIC value of -442.712 and the three covariates are all influential.

Parameter estimation of the Weibull regression model using the MLE method. The ML estimator of the Weibull regression model
based on the calculation results using Octave software can be seen in Table 9.

Based on Table 9 and Eq. (17), the estimated Weibull survival regression model which states the probability model of stroke
patients not surviving after being treated for y days is

S(y,x) = exp (-9 exp (~7.7198 — 0.0199.X | + 0.0662X, — 0.5964X,)) (48)

Based on Table 9 and Eq. (18), the Weibull cumulative distribution regression model which states the probability of stroke patients
recovering after being treated for y days is

F(y.x)=1—exp (-9 exp (~7.7198 — 0.0199.X; + 0.0662X, — 0.5964X,)) (49)

Based on Table 9 and Eq. (19), the Weibull hazard regression model which states the recovery rate model for stroke patients when
treated for y days is

h(y.x) = 3.0633y*%633 exp (=7.7198 — 0.0199X, + 0.0662X,; — 0.5964.X,) (50)

and based on Table 9 and Eq. (20), the mean Weibull regression model which states the model of the average length of hospitalization
time for stroke patients is

B, (y.x) = 0.8938 exp (2.5201 + 0.0065X | — 0.0216 X4 + 0.1947X,) (5D

Significance testing of the best Weibull Regression Parameters

The hypothesis for testing the significance of parameters simultaneously is
Hy: py=Ps=P =0

(Weibull regression model is not feasible (not fit))
H, : atleast one §,0;k=1, 6, 9
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Table 10
Simultaneous Significance Test Results.
Test Statistic G Xioa0m) Pralue Keputusan
9.5673 6.2514 0.022627 Menolak H,
Table 11
Partial Significance Test Results.
Covariates Weount  poie Decision
Constant (B,) 7.2169 5.3180 x 1071 Reject H,
Age (B)) 1.8154  0.0695 Reject H,
Body Mass Index (B4) 1.8656 0.0621 Reject H,
History of Diabetes Mellitus (8,) 1.9994 0.0456 Reject H,
Table 12
Ratio Values of the Weibull Regression Model Based on Influential Covari-
ates.
Covariates R, Ry R, R,
Age (X)) 1.0236 0.9896 0.9803 1.0065
Body Mass Index (X) 0.9222 1.0343 1.0684 0.9786

History of Diabetes Mellitus (X,) 2.6256 0.7854 0.5508 1.2149

(Weibull regression model is feasible (fit))

The results of testing the significance of Weibull regression parameters simultaneously can be seen in Table 10.

Based on the calculation of simultaneous testing, it was decided to reject H,, at the significance level « = 0.10 because G = 9.5637 >
)((2(” 03 = 6:2514 and p,, . = 0.022627 < o = 0.10. The conclusion of the test is that the Weibull regression model with covariates of
age, body mass index, and history of diabetes mellitus provides a feasible model (fit).

The partial test hypothesis for a given g, k = 0,1,6,9 is

H,: p,=0,k=0,1,69

(Covariates X, has no effect on the Weibull regression model)

H, : p0;k=0,1,6,9

(Covariates X, affects the Weibull regression model)

The results of testing the significance of Weibull regression parameters partially can be seen in Table 11.

Based on the results of testing the Weibull regression parameters partially, the constant has a calculated W value of more than the
critical value of Z g5, = 1.64 or a p,,,, of less than 0.10 so that the decision for the constant is to reject H; at the significance level
a =0.10 and the conclusion is that the constant is significantly different from zero. Covariates of age (X;), body mass index (Xg),
and history of diabetes mellitus (X,) have a calculated W value greater than the critical value Z g5, = 1.64 or a p,,,, of less than
0,10 so that the decision for the covariates age (X ), body mass index (Xy), and history of diabates mellitus (Xg) s to reject H, at the
significance level « = 0, 10 and it is concluded that the covariates age (X;), body mass index (Xg), and history of diabetes mellitus
(Xy) affect the chances of patients not recovering and recovering, the rate of recovery of patients, and the average hospitalization
time of stroke patients.

Weibull Regression Model Interpretation

The interpretation of the Weibull regression model uses the ratio value of Weibull regression based on influential covariates and is
calculated based on one of the Eq. (38) to Eq. (45). The ratio values of survival regression, cumulative distribution regression, hazard
regression and mean Weibull regression based on influential covariates can be seen in Table 12.

Based on the calculation results in Table 12, the Weibull survival regression ratio of patients based on age covariates is 1.0236.
The interpretation is that an increase in patient age of 1 year will increase the chance of the patient not recovering to 1.0236 times
or an increase of 2.36 %. Based on the calculation results, the Weibull survival regression ratio of patients based on body mass index
covariates is 0.9222. The interpretation is that an increase in the patient body mass index by 1 % will reduce the patient chance of not
recovering to 0.9222 times or decrease by 7.78 %. Based on the calculation results, the Weibull survival regression ratio of patients
based on the covariate history of diabetes mellitus is 2.6256. The interpretation is that the chance of not recovering for patients
who have a history of diabetes mellitus (assuming other covariate values are fixed) will increase to 2.6256 times the chance of not
recovering for patients who do not have a history of diabetes mellitus. The survival regression graph of patients without a history
of diabetes mellitus and with a history of diabetes mellitus can be seen in Fig. 1. Based on Fig. 1, the green graph is the Weibull
survival regression graph of patients without a history of diabetes mellitus and the red graph is the Weibull survival regression graph
of patients with a history of diabetes mellitus. The red graph is above the green graph, indicating that the chance of not recovering
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Fig. 1. Weibull survival regression graph without and with a history of diabetes mellitus (X,).
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Fig. 2. Weibull cumulative distribution regression graph for patients without and with a history of diabetes mellitus (X,).

for patients with a history of diabetes mellitus is greater than that of patients without a history of diabetes mellitus or patients with
a history of diabetes mellitus recover more slowly.

Based on the calculation results in Table 12, the regression ratio of the Weibull cumulative distribution of patients based on age
covariates is 0.9896. The interpretation is that an increase in patient age of 1 year will reduce the patient chance of recovery to
0.9896 times or decrease by 1.04 %. Based on Table 12, the regression ratio of the cumulative Weibull distribution of patients based
on the covariate of body mass index is 1.0343. The interpretation is that a 1 % increase in the patient body mass index will increase
the patient chance of recovery to 1.0343 times or an increase of 3.43 %. Based on Table 12, the regression ratio of the cumulative
Weibull distribution of patients based on the covariate history of diabetes mellitus is 0.7854. The interpretation is that the chance
of recovery for patients who have a history of diabetes mellitus (assuming other covariate values are fixed) will decrease to 0.7854
times the chance of recovery for patients who do not have a history of diabetes mellitus. The regression graph of the cumulative
distribution of patients with a history of diabetes mellitus and without a history of diabetes mellitus can be seen in Fig. 2.

Based on Fig. 2, the green graph is the Weibull cumulative distribution regression graph of patients without a history of diabetes
mellitus and the red graph is the Weibull cumulative distribution regression graph of patients with a history of diabetes mellitus.
The red graph is below the green graph, indicating that the chance of recovering patients who have a history of diabetes mellitus is
smaller than patients who do not have a history of diabetes mellitus or patients who have a history of diabetes mellitus recover more
slowly.

Based on the calculation results in Table 12, the Weibull hazard regression ratio for each patient based on age covariates is 0.9803.
The interpretation is that an increase in patient age of 1 year will reduce the patient recovery rate to 0.9803 times or decrease by
1.97 %. Based on Table 12, the Weibull hazard regression ratio of each patient based on the body mass index covariate is 1.0684. The
interpretation is that a 1 % increase in the patient body mass index will increase the recovery rate to 1.0684 times or an increase of
6.84 %. Based on Table 12, the Weibull hazard regression ratio for each patient based on the covariate history of diabetes mellitus is
0.5508. The recovery rate of stroke patients who have a history of diabetes mellitus will decrease by 0.5508 times the recovery rate
for patients who do not have a history of diabetes mellitus. This means that the recovery rate of patients with a history of diabetes
mellitus is lower than that of patients without a history of diabetes mellitus. The red graph is the Weibull hazard function graph of
patients without a history of diabetes mellitus and the green graph is the Weibull hazard graph of patients with a history of diabetes

11
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Fig. 4. Mean Weibull regression graph without and with history of diabetes mellitus (X,).

mellitus. The red graph is above the green graph, meaning that patients without a history of diabetes mellitus recover faster than
patients who have a history of diabetes mellitus (Fig. 3).

Based on the calculation results in Table 12, the mean Weibull regression ratio for each patient based on the age covariate is
1.0065. The interpretation is that an increase in patient age of 1 year will increase the average length of hospitalization of patients to
1.0065 times or an increase of 0.65 %. Based on Table 12, the mean Weibull regression ratio of each patient based on the body mass
index covariate is 0.9786. The interpretation is that a 1 % increase in the patient body mass index will reduce the average length of
hospitalization to 0.9786 times or decrease by 2.14 %. Based on Table 12, the mean Weibull regression ratio of each patient based
on the covariate history of diabetes mellitus is 1.2149. The average length of hospitalization for stroke patients who have a history of
diabetes mellitus will increase 1.2149 times the average length of hospitalization for patients who do not have a history of diabetes
mellitus. This means that the average length of hospitalization of patients with a history of diabetes mellitus is greater than that of
patients without a history of diabetes mellitus. The mean regression graph without and with a history of diabetes mellitus can be
seen in Fig. 4. The mean Weibull regression graph represents the average length of stay of patients. Based on Fig. 4, the red graph is
the average length of stay of patients with a history of diabetes mellitus and the blue graph is the average length of stay of patients
without a history of diabetes mellitus. The red graph is above the blue graph, meaning that patients who have a history of diabetes
mellitus the length of hospitalization of these patients will increase or get longer.

Conclusion

The conclusions obtained from this study are as follow

1. The Weibull survival regression model that models the chance of stroke patients not recovering after being treated for y days
is:

S(y) = exp (-9 exp (~7.7198 — 0.0199.X + 0.0662X, — 0.5964Xo) ).

12
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where X, is age, X, is body mass index, and X, is history of diabetes mellitus.
The Weibull cumulative distribution regression model that models the chance of a stroke patient recovering after being treated
for y days is

F(y)=1—exp (-9 exp (~7.7198 — 0.0199.X | + 0.0662X, — 0.5964Xo) ).
The Weibull hazard regression model that models the recovery rate of stroke patients when treated for y days is
h(y) = 3.0633y*%% exp (=7.7198 — 0.0199X | + 0.0662X, — 0.5964X).
The mean Weibull regression model which states the model of the average length of hospitalization of patients with stroke is

fi,(») = 0.8938 exp (2.5201 +0.0065X| — 0.0216X; + 0.1947Xy).

2. Factors that affect the Weibull regression model in patients with stroke at Abdul Wahab Sjahranie Hospital are covariates of
age (X)), body mass index (Xg), and history of diabetes mellitus (Xj).
3. Interpretation of Weibull regression models for influential covariates, as follows:

a. An increase in patient age of 1 year will increase the chance of the patient not recovering to 1.0236 times or an increase
of 2.36 %. An increase in patient body mass index by 1 % will decrease the patient’s chance of not recovering to 0.9222
times or decrease by 7.78 %. The chance of not recovering for patients who have a history of diabetes mellitus (assuming
the value of other covariates is fixed) will increase to 2.6256 times the chance of not recovering for patients who do not
have a history of diabetes mellitus.

b. An increase in patient age of 1 year will decrease the patient chance of recovery to 0.9896 times or decrease by 1.04 %. An
increase in patient body mass index by 1 % will increase the patient chance of recovery to 1.0343 times or an increase of
3.43 %. The chance of recovery for patients who have a history of diabetes mellitus (assuming the value of other covariates
is fixed) will decrease to 0.7854 times the chance of recovery for patients who do not have a history of diabetes mellitus.

c. An increase in patient age of 1 year will decrease the patient recovery rate to 0.9803 times or decrease by 1.97 %. An
increase in patient body mass index by 1 % will increase the recovery rate to 1,0684 times or an increase of 6.84 %. The
recovery rate of stroke patients who have a history of diabetes mellitus will decrease by 0.5508 times the recovery rate for
patients who do not have a history of diabetes mellitus. This means that the recovery rate of patients who have a history of
diabetes mellitus is lower than patients who do not have a history of diabetes mellitus.

d. An increase in patient age of 1 year will increase the average length of hospitalization of patients to 1.0065 times or an
increase of 0.65 %. An increase in patient body mass index by 1 % will reduce the average length of hospitalization of
patients to 0.9786 times or decrease by 2.14 %. The average length of hospitalization for stroke patients who have a history
of diabetes mellitus will increase 1.2149 times the average length of hospitalization for patients who do not have a history
of diabetes mellitus. This means that the average length of hospitalization of patients who have a history of diabetes mellitus
is greater than patients who do not have a history of diabetes mellitus.
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