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ABSTRACT

This study proposed a method for constructing confidence intervals for parameters in a semiparametric
regression model using a truncated spline estimator, tailored for multiresponse and multipredictor
longitudinal data. The semiparametric model integrated parametric and nonparametric components,
facilitating the analysis of complex relationships. Confidence intervals were estimated using a pivotal
quantity method.The approach was applied to COVID-19 data from Indonesia, exploring the associations
between Time, Temperature, and Sunlight Intensity with the Case Increase Rate (CIR) and Case Fatality Rate
(CFR). Data spanning April to November 2020 were sourced from 10 provinces with the highest CIR and CFR,
obtained from http://kawalcovid.com/ and https://power.larc.nasa.gov/. The analysis identified an optimal
Generalized Cross-Validation (GCV) value of 220, with one knot at 24,35°C for Temperature and two knots
at 11,33 and 13 units for Sunlight Intensity. Confidence interval estimation demonstrated that all parametric
components associated with Time were statistically significant, reflecting a consistent decline in CIR and
CFR over time. For the nonparametric components, four parameters significantly influenced CIR, while three
parameters significantly affected CFR, contingent on the knot points.The findings underscored the role of
environmental factors in shaping COVID-19 dynamics and provided a robust analytical framework for future
pandemic modeling. This study highlighted the utility of semiparametric regression with truncated splines
in addressing complex epidemiological data, offering valuable insights for policymakers to design evidence-
based mitigation strategies.

Keywords: Confidence Interval; Truncated Spline; Case Increase Rate; Case Fatality Rate; COVID-19;
Temperature; Sunlight Intensity.

RESUMEN

Este estudio propuso un método para construir intervalos de confianza de los parametros en un modelo de
regresion semiparamétrica utilizando un estimador de spline truncado, disefado para datos longitudinales con
multiples respuestasy predictores. El modelo integro componentes paramétricos y no paramétricos, facilitando
el analisis de relaciones complejas. Los intervalos se estimaron mediante un método de cantidad pivotal.
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El enfoque se aplicd a datos de COVID-19 en Indonesia, explorando las asociaciones entre el Tiempo, la
Temperatura y la Intensidad de Luz Solar con la Tasa de Aumento de Casos (TAC) y la Tasa de Letalidad (TL).
Los datos, recopilados entre abril y noviembre de 2020, provinieron de 10 provincias con las tasas mas altas
de TAC y TL, obtenidos de http://kawalcovid.com/ y https://power.larc.nasa.gov/. El analisis identificé un
valor optimo de Validacion Cruzada Generalizada (VCG) de 220, con un nudo a 24,35°C para la Temperatura
y dos nudos a 11,33 y 13 unidades para la Intensidad de Luz Solar. La estimacion de intervalos de confianza
mostré que todos los componentes paramétricos asociados al Tiempo fueron significativos, reflejando un
descenso constante en la TAC y TL. Para los componentes no paramétricos, cuatro parametros influyeron
significativamente en la TAC y tres en la TL, dependiendo de los puntos de nudo. Los hallazgos subrayaron el
papel de los factores ambientales en la dinamica del COVID-19 y ofrecieron un marco analitico robusto para
futuros modelos pandémicos. Este estudio destaco la utilidad de la regresion semiparamétrica con splines
truncados en el analisis de datos epidemioldgicos complejos

Palabras clave: Intervalo de Confianza; Spline Truncado; Tasa de Aumento de Casos; Tasa de Letalidad Casos;
COVID-19; Temperatura; Intensidad de la Luz Solar.

INTRODUCTION

In the past few years, the world has been shocked by the presence of a deadly disease. This happened
because the world was unprepared to face it. In fact, its spread can be controlled if we know the nature of the
disease. The disease is COVID-19 which has claimed many lives. In Indonesia, the victims reached thousands of
people. Based on confirmed cases and deaths, the World Health Organization (WHO) confirmed that COVID-19
was declared a global pandemic on March 11, 2020.™ The problem of a pandemic is closely related to the
development rate and death rate of the pandemic disease and this can provide an overview of the severity of
the disease.

Estimation of the Case Increase Rate (CIR) and Case Fatality Rate (CFR) are important elements in studying
the basis of a pandemic disease.® The COVID-19 infections and deaths in Europe were studied by Yuan et al.®
using an exponential growth model. The CIR and CFR of COVID-19 in Europe were observed and analyzed using
meta-analysis.® There are many factors that influence the development and death rates of COVID-19, including
environmental factors. Analysis of the relationship between environmental factors and the spread of COVID-19
is an important study in an effort to understand how the environment can affect the spread of this virus.

Environmental factors such as temperature, humidity, sunlight intensity, wind speed, rainfall, air pollution,
and crowds can have a significant impact on the transmission of COVID-19.® Previous studies have shown that
certain environmental conditions, such as lower temperatures and low sunlight intensity, tend to favor the
survival of the virus in the air and on surfaces. To understand the complex relationship between environmental
factors and the spread of COVID-19, a comprehensive analysis is needed. Environmental factors play a significant
role in determining the extent to which COVID-19 spreads.®”® Therefore, a research is needed to make it
easier to see the pattern of the relationship between mortality rates and the spread of the disease with the
factors that influence it. The knowledge obtained can later be a guideline for public policies and strategies
that aim to minimize negative impacts and the final hope, the results of this study can be used as one of the
materials for making policies related to mitigating future outbreaks.

In this research, there are two response variables, namely the Percentage of Case Increase Rate (CIR)
and the Percentage of Case Fatality Rate (CFR) of COVID-19. Also, a parametric component of the predictor
variables is Time, and a nonparametric component of the predictor variables consists of Temperature and
Sunlight Intensity. Next, an analysis tool used to investigate the pattern of functional relationships between
response variables and predictor variables in this study is semiparametric regression analysis.

Semiparametric regression is a combination of parametric regression and nonparametric regression. The
parametric regression is used, if the form of the functional relationship between the response and predictor
variables is assumed to follow a certain form. Whereas nonparametric regression will be used, if the form of the
functional relationship between the response and predictor variables is assumed not to follow a certain form.
©® In nonparametric regression, the estimation of the regression function is carried out based on observation
data with smoothing techniques.®'™ These smoothing techniques are kernel,2'3'¥ local linear,(1>16:17:18,19,20)
local polynomial,®':22 spline(32425.26,27.28,29,30) and mixed smoothing spline and Fourier series.®" There are several
studies related to smoothing techniques for estimating regression function of the semiparametric regression
model, for examples local linear,©®%3% local polynomial,® spline®336.37,38,39,4041.42) " mixed kernel and Fourier
series.*)

One important part of statistical inference is the confidence interval. In semiparametric regression, the
parameters confidence interval can be used to determine the predictor variables that significantly affect the
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response variable. In drawing conclusions, it can be done by looking at the parameter confidence interval. If the
parameter confidence interval contains a zero value, then the predictor variable does not significantly affect
the response variable. Research on confidence interval of the semiparametric regression model parameters
using truncated spline has been performed by Hidayati et al.“*. Also, researches on COVID-19 using violin plots
and jitter plots techniques has been conducted by Hariyono et al.“ using negative binomial regression models
approaches have been discussed by Oztig et al.“ and Nwosu et al. “” and using Spearman-rank correlation test
has been performed by Tosepu et al.“®,

The novelty of this research is development of theory and application in constructing confidence intervals
for parameters of the multiresponse multipredictor semiparametric regression modes for both parametric and
nonparametric components based on the truncated spline estimator. Therefore, this research aims to construct
and estimate the confidence intervals for parameters of the multiresponse multipredictor semiparametric
regression models for longitudinal data using truncated spline estimator and apply it to dataset of COVID-19
growth and mortality rates in Indonesia.

METHOD

Research Design and Data Collection

In this research we use a semiparametric regression approach with a truncated Spline estimator to analyze
the relationship between Case Increase Rate (CIR), Case Fatality Rate (CFR) of COVID-19 and Time, Temperature
and Sunlight Intensity in Indonesia. The CIR and CFR of COVID-19 data were obtained from the official website
of the Indonesian Ministry of Health http://kawalcovid.com/, while Temperature and Sunlight Intensity data
were taken from the site https://power.larc.nasa.gov/. This research data were collected from 10 provinces in
Indonesia that have the highest CIR and CFR levels, namely DKI Jakarta, West Java, Central of Java, East Java,
South Kalimantan, East Kalimantan, Riau, South Sulawesi, West Sumatra and North Sumatra for 8 months.

Research Variabels

The response variables used in this research are Case Increase Rate (CIR) and Case Fatality Rate (CFR) of
COVID-19 in Indonesia. The predictor variables used are Time, Temperature and Sunlight Intensity in Indonesia.
The variables used are explained in table 1.

Table 1. Variable Structure

Notation Variabel Definition
Y Case Increase Rate (CIR) Average percentage increase in cases each
month.

Y® Case Fatality Rate (CFR) Average percentage of case fatality rate
per month.

X, Time Number of monthly observations in a

certain period.
T, Temperature Average temperature per month.
T, Sunlight Intensity Average Sunlight intensity per month.

Source: http://kawalcovid.com/ and https://power.larc.nasa.gov/

The semiparametric regression model is a model that is a combination of parametric and nonparametric
regressions. In the semiparametric regression model, there is a nonparametric component in the form of a
functional relationship that does not assume a particular function. Estimation of the regression function on the
nonparametric component is done using the smoothing technique.? The smoothing technique in this research
uses a spline estimator. The spline estimator was chosen because it is flexible, has good visual interpretation,
and has excellent ability to handle data whose behavior changes in certain sub-intervals. One of the most
commonly used types of spline estimators is the truncated spline.

Development
The semiparametric regression model where y ) represents value of r-th response for i-th subject at s-th
time, is given as follows:

a b
(N = )L 8 (r) 2 () (r)
yis - bO + a bp xips + a gq (tiqs)-’_ eis " (1)

p=1 g=1
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In Model (1), x,, s the p-th parametric predictor, t, is the g-th nonparametric predictor, b is the parametric

regression coefficient, and g “(t, ) is a nonparametric regression function.

The parametric components are approximated by linear functions while the nonparametric components
are approximated by using truncated splines of order dq® with knot points ¢,, ¢,, ¢,». The function of the
nonparametric components can be written as follows:

b o
r r r r Dm
g( )(fiqs) = 2 " 90(q) + Z 1,9( )rzqs + : :9( ) lqs _¢)kq) (2)
gq=1 d=1

Where:
o
(tzqs _wkq)+q
Satisfies the following equation:

D(")

) t - ) >
( igs ¢kq )Dfi = ( lqs wkq) * (Dkq (3)
0 s < Pry

The selection of knot points in this research uses minimum value of the following GCV (Generalized Cross
Validation):

MSE (z)

GCV (1) = 2
[M’lz‘race (I -A (7:))}

(4)

Where:

n m n

MSE(2)=M">3 (v =5 ) s M=>"m,

i=l s=1 i=1

Model (1) can be expressed into matrix notation as follows:

y=Co+g, £~N(,2),V=X" (5

Where:

The matrix C= [X:Z].

X is a matrix containing the parametric component predictors.

Z is a matrix containing the nonparametric component predictors and given knot points.

While @ consists of parameter vectors # and @ . Next, to determine a confidence intervals for semiparametric
regression model parameters, we use Pivotal Quantity.

Statistical Analysis Steps
1. Data collection
Data was collected from April 2020 to November 2020. Temperature and Sunlight Intensity
data were obtaine from the site https://power.larc.nasa.gov/. Meanwhile, CIR and CFR data were
obtained from the site http://kawalcovid.com/.

2. Determining the scatter plots; correlation between response variables and patterns, and between
response variables and predictor variables. The correlation between response variables must be
significant. The pattern between response variables and predictors affects the approach that will be
used in estimating the model. The parametric approach is used if the response variables and predictor
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variables follow a certain relationship pattern, while if the response variables and predictor variables do
not follow a certain relationship pattern, then the nonparametric approach is used.

3. Determining the knot point based on the minimum GCV value.

4. Determining the results of the point estimation analysis in the multiresponse multipredictor
semiparametric regression model based on the truncated spline estimator.

5. Determining the confidence interval for parameters of semiparametric regression model.

RESULTS

In the beginning, the pattern of relationships and correlations between variables will be discussed. In
the multiresponse multipredictor semiparametric regression, information about the correlation between
variables is very important. The correlation between response variables must be significant and in this study,
the correlation test used is the Pearson correlation test, and the results are as follows.

Relationship Patterns and Correlations Between Response Variables

Table 2. Correlation Between CIR and CFR
Variable Correlation Coefficient p-value a
CIR dan CFR 0,747 0,000 0,05

Based on table 2, we obtain that the p-value = 0,000 is less than a = 0,05, which means reject the null
hypothesis, so it can be concluded that CIR and CFR of COVID-19 in Indonesia have a significant correlation.
The correlation coefficient value of 0,747 indicates that there is a positive correlation between CIR and CFR.

15
10 ®
& .r’
G
5 ®
gy
O .
0 50 100 150
CFR

Figure 1. Scatterplot of the Relationship Pattern of CIR and CFR COVID-19

The relationship pattern shown by figure 1 indicatess a linear relationship pattern between the CIR and CFR
variables.

Relationship Pattern Between Response Variables and Predictor Variables

Scatterplot Time with CIR Scatterplot Time with CFR
120 12
100 ' 10 .
80 ' > ® 8
o o0 E 6 , '
G 60 1 ' ' ) S °
40 ! ' 4 g o
20 B N ' i 2 i ' '
0 o @ 8 s
0 5 10 0 5 10
Time Time
(a) (b)

Figure 2. Scatterplots of the Relationship Pattern between Time and CIR (a), and Between Time and CFR (b)
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In the multiresponse multipredictor semiparametric regression, the relationship pattern between response
variables and predictor variables must be clearly known, because it will affect estimation results of the model.
The relationship pattern between response variable CIR and response variable CFR with the predictor variable
Time is presented in figure 2.

Figure 2(a) and 2(b) show a certain relationship pattern between the predictor variable Time with the
response variable CIR, and the predictor variable Time with the response variable CFR, so that the parametric
approach can be used. Next, the relationship pattern between the predictor variable Temperature with the
response variable CIR, and the predictor variable Temperature with the response variable CFR can be seen as
in figure 3.

Scatterplot Temperature with CIR Scatterplot Temperature with CFR
150 15
100 10 o
o oL @ L adk ] o .. G o
(@] Q [ ) ® J
50 ° 1 @ 5 J
0 o | o dbdbiines &
24 26 28 30 24 26 28 30
Temperature Temperature
(a) (b)
Figure 3. Scatterplots of the Relationship Pattern Between Temperature and CIR (a) and Between Temperature
and CFR (b)

From figures 3(a) and 3(b), it shows that the relationship pattern between the predictor variable
Temperature and the response variable CIR does not form a certain pattern, so the nonparametric approach is
more appropriate to use. Likewise, the relationship pattern between the predictor variable Temperature and
the response variable CFR also does not appear to form a certain pattern, so the nonparametric approach is
also more appropriate to use.

The relationship pattern between the predictor variable of Sunlight Intensity and the response variable CIR
and the relationship pattern between the predictor variable of Sunlight Intensity and the response variable CFR
can be seen in figure 4.

Scatterplot Sunlight intensity with CIR Scatterplot Sunlight intensity with CIR
150 15
o 100 3 e 10 ® 9
O o O ® o 0°°
50 ° [ ™ 5 0aa®
0 v 0 .a‘.‘“‘ ®e
0 10 20 0 5 10 15 20
Sunlight intensity Sunlight intensity
(@) (b)
Figure 4. Scatterplots of the Relationship Pattern Between Sunlight Intensity and CIR (a) and Between Sunlight Intensity
and CFR (b)

From figures 4(a) and 4(b), it shows that the pattern of the relationship between the predictor variable of
sunlight intensity and the response variable CIR does not form a certain pattern, so a nonparametric approach
is more appropriate to use. Likewise, the pattern of the relationship between the predictor variable of sunlight
intensity and the response variable CFR also does not appear to form a certain pattern, so a nonparametric
approach is also more appropriate to use.

Based on the figures 2(a) and (2b), figures 3(a) and 3(b), and figures 4(a) and 4(b), the results of predictor
variables identification related to variables influencing response variables CIR and CFR of COVID-19 in Indonesia
are given in table 3.

https://doi.org/10.56294/dm2024.609
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Determining Knot Points Based on Minimum GCV Values
Based on the analysis conducted, knot points and the minimum GCV values for several combinations are
presented in table 4.

From table 4, the minimum GCV value is 220 so that the optimum knot point for the Temperature predictor
T,is at a value of 24,36, while for the Sunlight Intensity predictor T, it is at a value of 11,33 and 13.

https://doi.org/10.56294/dm2024.609
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The results of the point estimation analysis on the multiresponse multipredictor semiparametric regression
model based on truncated spline estimator are given in table 5.

Based on the results of the point estimation analysis for the parameters, the data obtained are as in table
5 and then the semiparametric multi-response regression model of the truncated spline model on the 1st
response (CIR) and 2nd response (CFR) are shown as follows:

For the first response, we obtain

-

PO =-32.640-8292x + g0(1) + £V (1,)

Where:

0.770+4.471,. 1, <2435
203.920 -3.87,. 1, 2435
0.770+1.520t,,  1,<11.33

g (t,)=0.770+1.527¢, - 2.083(¢, — @,,). —0.388(f, —@,,). =123.430-0.563t,, 11.33<r,<13
28.474-3.317t,, t,>13

]

80(1,) = 0.770 + 44741, —8.343(1, - 0,,), {

This shows that if the Temperature and Sunlight intensity are constant, then the CIR will tend to decrease by
8,292 from month to month during April to November. If the Time and Sunlight intensity variables are constant,
then it is found that when the Temperature is less than 24,35°C, every 1°C increase in Temperature, the CIR of
COVID-19 will increase by 4,47 cases and when the Temperature is more than 24,35°C, then every 1°C increase
in Temperature will decrease the CIR of COVID-19 by 3,87 cases. If Time and Temperature are constant, then
it is obtained when the Sunlight intensity is less than 11,33 units, then for every one unit increase in Sunlight
Intensity, the CIR of COVID-19 will increase by 1,527 cases and when the Sunlight Intensity is between 11,33 and
13 units, then for every one unit increase in Sunlight Intensity will decrease the CIR of COVID-19 by 0,563 cases
and when the Sunlight Intensity is more than 13 units, then for every one unit increase in Sunlight Intensity will
decrease the CIR of COVID-19 by 3,317 cases.

For the second response, we obtain

~

PP =2.451-0.787x+ £2(1,) + £2(1,)

Where:

0.058+0.725¢,, # <2435
10.606 - 02061, f, >24.35
0.058+0.074t,,  £,<11.33
&9(1,) = 0.058+0.0744,+0.002(z, — @,,). —0.455(2, — @,,). =10.035+0.076t,, 1133 <£,<13
5.950-0.379t,, 4, =13

£9(6)=0058+0.7254, — 0.931(1, - 9,,). = {

This shows that if the Temperature and Sunlight intensity are constant, the CFR of COVID-19 will tend to
decrease by 0,787 from month to month during April to November. This result is in line with the results in the
1st response. If the Time and Sunlight Intensity are constant, it is found that when the Temperature is less than
24,35°C, then every 1°C increase in Temperature will increase the CFR of COVID-19 by 0,725 cases and when the
Temperature is more than 24,35°C, then every 1°C increase in Temperature will decrease the CFR of COVID-19
by 0,206 cases. If Time and Temperature are constant, when the Sunlight Intensity is less than 11,33 units,
then every one unit increase in Sunlight Intensity, the CFR of COVID-19 will increase by 0,074 cases, when the
Sunlight Intensity is between 11,33 to 13 units, then every one unit increase in Sunlight Intensity will increase
the CFR of COVID-19 by 0,076 cases and when the Sunlight Intensity is more than 13 units, then every one unit
increase in Sunlight Intensity will decrease the CFR of COVID-19 by 0,379 cases.

Significant Confidence Intervals
From the point estimation, it cannot be determined which model parameters of the predictors significantly
affect CIR and CFR of COVID-19, therefore confidence interval estimation needs to be done. Furthermore, from
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table 4, the lowest GCV result is 220 with one knot point on the Temperature variable and two knot points on
the Sunlight Intensity variable. The results of the confidence interval of the parameters of the multiresponse
multipredictor semiparametric regression model in the case of CIR and CFR of COVID-19 with one knot point of
Temperature, namely 24,36°C and Sunlight Intensity 11,33 units and 13 units are as given in table 6.

Table 6. Confidence Intervals for Parameters of Semiparametric Regression Model

Respon Parameter Predictor Confidence Intervals Information
y® Parametric B, P(-64,889<(B),<-0,392)=95 % Significant
B, P(-8,669<(B),<-7,915)=95 % Significant
y? B, P(-4,872<(B),<-0,029)=95 % Significant
Bos P(-0,916<(B),<-0,657)=95 % Significant
y® Non- 0, P(0,533<(6),<1,007)=95 % Significant
parametric 6, P(3,126< (0),<5,822)=95 % Significant
0, P(-10,593<(6),<-6,093)=95 % Significant
0, P(0,74<(8),<-2,315)=95 % Significant

0, P(-4,418<(6),<0,252)=95 % Not significant

0, P(2,222<(6),<1,445)=95 % Not significant
y? 0, P(0,04<(8),<0,076)=95 % Significant
0, P(0,292<(6),<1,158)=95 % Significant
0, P(-1,629<(8),<-0,233)=95 % Significant

0, P(-0,159<(6),<0,306)=95 % Not significant

0, P(-0,866<(0),<0,869)=95 % Not significant

0, P(-1,306<(6),<0,396)=95 % Not significant

Note: significant if the confidence interval does not pass through zero and vice versa if the confidence
interval passes through zero then the confidence interval is not significant.

Based on table 6, it is obtained for parametric predictors, all predictors are significant both in the 1st
response (CIR) and the 2nd response (CFR). While the nonparametric predictors are obtained in the 1st response
(CIR) there are four significant ones and in the 2nd response (CFR) there are three significant ones

DISCUSSION

Analysis related to the relationship pattern between CIR, CFR of COVID-19 with Time, Temperature and
Sunlight Intensity found that the monthly increase in cases (CIR) and the monthly case death rate (CFR) have
a positive and significant correlation, meaning that the higher the CIR, the higher the CFR. This is in line with
research.“

If the Temperature and Sunlight intensity are constant, the CIR will tend to decrease from month to month
during April to November, this is due to the policies that continue to be implemented by the Indonesian government
to suppress the CIR of COVID-19 in various cities in Indonesia. One of the policies of the Indonesian government
in suppressing the transmission of the COVID-19 virus is to limit community mobility. Since the beginning of the
pandemic in 2020 until the first semester of 2021, the policy of restricting community mobility began with the
term PSBB in April 2020 to PPKM Level 1 and 2 until the end of 2020. This is in line with research.“4) Likewise,
if the Temperature and Intensity of sunlight are constant, the CFR will tend to decrease. This is in line with
the decrease in the CIR of COVID-19 and indeed in those months there were many policies of the Indonesian
government to suppress the rate of death of COVID-19 cases in various cities in Indonesia.

The pattern of the relationship between the predictor variable Temperature with the response variables CIR
and CFR did not form a certain pattern, likewise the predictor variable Intensity of sunlight with the response
variables CIR and CFR also did not form a certain pattern, so the nonparametric approach is more appropriate
to use. The results at Temperature that is more than or equal to 24,35, the average percentage of the increase
in cases each month (CIR) and the average percentage of the death rate of cases each month (CFR) decreased,
therefore in the rainy season anticipation of the spread must be more vigilant. Likewise, at Intensity of Sunlight
that is more than or equal to 13 units, the CIR and CFR also decreased. In other words, the average percentage
of monthly case increase (CIR) and the average percentage of monthly case fatality (CFR) decreased due to
temperature and sunlight intensity. ?”)

The results of the confidence interval estimation for the model parameters on the Time parametric
component were obtained on the CIR and CFR variables. All of these confidence intervals showed that all model
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parameter values were in the negative interval and none passed zero, which means that all model parameter
intervals for the Time parametric component were significant and had a negative effect. In other words, over
time, CIR and CFR of COVID-19 tended to decrease.

The confidence interval estimation for the model parameters on the nonparametric components of
Temperature and Sunlight Intensity showed that the model parameter values were in the negative and positive
intervals, and some passed zero and some did not pass zero, which means that the confidence intervals of the
model parameters for the nonparametric components of Temperature and Sunlight Intensity were significant
and some were not significant, and this depends on the knot point.

In the further research, it is possible to develop confidence interval estimation for parameters of the
multiresponse multipredictor semiparametric regression model using other estimators such as local linear, local
polynomials, or a mixture of several of these estimators.

CONCLUSIONS

The estimation of the confidence interval of the model parameters on the Time parametric component
is obtained in the CIR response and CFR response. All model parameter values are in the negative interval
and none pass zero, which means that all model parameter intervals for the Time parametric component are
significant. While the obtained nonparametric predictors are that in the 1st response (CIR) there are four
significant ones and in the 2nd response (CFR) there are three significant ones. This conclusion shows that
semiparametric regression with truncated spline estimator is very useful for predicting the average percentage
of monthly case increase (CIR) and the average percentage of monthly case fatality (CFR) influenced by Time,
Temperature and Sunlight Intensity. The results of this research can be used as a reference for future disaster
mitigation if the case pattern is the same.
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