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Abstract
Dengue hematrocit fever (DHF) is a health problem in Indonesia, which tends to cause an increase in the number of sufferers and is 
becoming more widespread. Semarang City is an endemic region in Indonesia. Platelet and hematocrit modeling are required to 
diagnose DHF. The independent variables in this model were hemoglobin (Hb) level and examination time, whereas platelets and 
hematocrit were the dependent variables. This study used secondary data obtained from the Roemani Hospital in Semarang, 
Indonesia. The study included 13 patients who met the criteria for Grade 2 DHF, and their blood samples were collected once daily 
for 6 days during their hospitalization to form longitudinal data. This study aimed to model hematocrit and platelet counts using 
semiparametric bi-response regression with local polynomial estimators. The GCV method was used to select the optimal 
combination of bandwidth and polynomial order. The results obtained for platelets were a polynomial order of 2 and a bandwidth of 
0.1, while hematocrit was selected with a polynomial order of 1 and a bandwidth of 0.8. Platelet and hematocrit modeling using the 
semiparametric bi-response regression applied to the in-sample data resulted in a coefficient of determination (R²) of 90.12%. The 
model results can be used to predict platelets and hematocrit with high accuracy, yielding an MAPE of 4.84%. Based on the 
analysis results, the increase in Hb and hematocrit has a unidirectional relationship (both increase) and is in the opposite direction to 
the number of platelets, which usually decreases (thrombocytopenia). Platelet dynamics in patients with Grade 2 DHF who were 
hospitalized for 6 days showed that on the 3rd or 4th day, the patient experienced thrombocytopenia and an increase in hematocrit 
above normal, which is a sign of plasma leakage; therefore, it is necessary to be aware that this patient's condition requires more 
intensive care to stabilize platelets and hematocrit.    
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1. INTRODUCTION

The dengue virus, spread by the Aedes aegypti 

mosquito, causes dengue hemorrhagic fever (DHF), 

an acute febrile illness characterized by the 

transmission of the virus through human blood and 

the development of acute fever for 2–7 days [1]. 

This disease should not be underestimated because 

it can result in death. According to estimates by the 

World Health Organization (WHO), one person 

dies from DHF every 20 min worldwide. DHF often 

occurs in tropical areas, especially in Indonesia [2]. 

DHF is an infectious illness with significant 

morbidity and mortality rates that causes outbreaks 

 
in different parts of Indonesia [3]. Semarang City is 

one of the areas endemic to DHF, with the second-

highest number of DHF cases in Indonesia [4][5]. 

The Semarang City Health Service reported that, as 

of 2022, the number of DHF cases in Semarang 

City had reached 857, according to the Head of the 

Semarang City Health Service. The number of DHF 

cases in Semarang in 2022 increased by two to 

three times compared to that in 2021 [6]. 

According to the WHO, DHF is characterized by 

the presence of thrombocytopenia, specifically a 

platelet count below 100000/μL [7]. Platelet values 

can help describe the course of DHF because the 

average measurement is performed once daily while 

the patient is hospitalized and treated until they are 

cured [8]. In addition to examining platelet count, 

other tests are necessary, including the evaluation of 

hematocrit levels. Based on previous studies, there 

is a significant relationship related to the interaction 

between hematocrit and platelet count [9][10]. The 

four grades are always accompanied by laboratory 

parameters of platelets <100000/μL, and there is 

evidence of plasma leakage (increased hematocrit) 

[11]. Hemoglobin (Hb) plays a crucial role in 

diagnosing DHF. In the early stages, Hb levels are 
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usually normal; however, over time, they increase, 

followed by an increase in hemoconcentration. 

Fluids that enter the extravascular space and protein 

leakage will have an impact on increasing Hb 

levels, which in turn increases hematocrit [12]. 

Hematocrit levels increase with increasing 

hemoglobin levels, whereas platelet levels decrease 

when Hb levels rise [13]. Therefore, this study 

aimed to model the patterns of platelet and 

hematocrit levels in patients with DHF, which were 

measured at least once a day while they were being 

treated in the hospital. This type of data is called 

longitudinal data, which refers to the collection of 

data from n subjects who are mutually independent, 

and each subject is observed repeatedly at various 

times. When the number of individuals is the same, 

longitudinal data have the benefit of providing a 

more accurate estimate of the treatment impact than 

cross-sectional data owing to the reduction in 

observation error [14]. A regression analysis 

approach is more suitable for modeling longitudinal 

data. 

There are two types of regression models in 

regression analysis: parametric and non-parametric 

[15]. The examination time was assumed to be 

unknown in the form of a relationship pattern, 

which made it a nonparametric component. In 

contrast, Hb is considered to follow a linear 

relationship, making it a parametric component. 

Under these conditions, a suggested semiparametric 

regression model is proposed. Previous research 

suggests that in patients with DHF, platelet and Hb 

levels are correlated, making semiparametric bi-

response regression modeling the appropriate 

approach for modeling [16]. Several semiparametric 

regressions have been studied in previous research, 

including the use of the Fourier Series estimator 

[17], Local Polynomial estimator using single 

response [18], mixed estimator (Spline Truncated, 

Fourier series, and Kernel) [19], and spline 

estimator [20]-[23]. By using the C-Square test 

showed that platelets and hematocrit are correlated 

in patients with DHF; therefore, appropriate 

modeling utilizes bi-response regression modeling 

[24].  

The goal of semiparametric bi-response 

regression modeling is to estimate the regression 

curves. The local polynomial is one of several 

estimators that can be used to estimate regression 

curves. Local polynomials have several advantages, 

including the ability to reduce asymptotic bias and 

produce good estimations [25]. The nonparametric 

 

 

 

Table 1. Research variables. 

 
 

Variable Operational Definition 

 Platelets in subject-i observation-j 

 Hematocrit in subject-i observation-j 

 Time of examination in subject-i observation-j 

 Hemoglobin in subject-i observation-j 

 

 

Table 2. MAPE criteria. 

MAPE Accurate Criteria 

< 10% Highly 

10%–20% Good 

20%–50% Reasonable 

> 50% Weak 

 

 

Table 3. Characteristics of Grade 2 DHF patients. 

Gender Patient 

Adult Male Patient 8, Patient 9, Patient 11 

Adult Female Patient 2, Patient 5, Patient 6, Patient 10 

Children Patient 1, Patient 3, Patient 4, Patient 7, Patient 12, Patient 13 
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curve estimated in this model uses Local 

polynomial estimator because the data curve 

implemented in the model, namely platelet and 

hematocrit levels, showed neither monotonically 

increasing nor monotonically decreasing trends; 

therefore, the appropriate estimator uses a local 

polynomial compared to the spline estimator, 

Fourier Series, or other estimators. Previous 

research  used a local polynomial estimator in a 

semiparametric bi-response regression model on 

longitudinal data but was applied to simulations and 

Grade 1 DHF data, therefore this research was 

conducted on Grade 2 DHF data [14]. This 

modeling uses Grade 2 DHF data because it occurs 

in a critical phase which is the most dangerous 

period in DHF disease. This phase is characterized 

by a decrease in body temperature after a high 

fever, but actually raises the risk of blood plasma 

leakage, bleeding, and the potential for life-

threatening shock, so it is necessary to create a 

modeling that can be analyzed further. This study 

aimed to model semiparametric regression using a 

local polynomial estimator on platelet and 

hematocrit levels of patients with DHF Grade 2 

during hospitalization at Roemani Hospital 

Semarang in 2022, based on examination time and 

Hb levels. Based on the results of this study, the 

public can obtain information more easily and 

simply in the form of modeling using a 

semiparametric bi-response regression approach for 

longitudinal data based on a local polynomial 

estimator. Through modeling, the dynamics of 

changes over time can be understood, and it can 

also be determined when platelet and hematocrit 

levels decrease and increase, as well as when 

patients require more intensive treatment, thereby 

reducing the mortality rate of patients with DHF. 

This study will be conducted at Roemani Hospital 

in Semarang, one of the largest referral hospitals in 

Semarang City.  

2. MATERIALS AND METHODS 

 

2.1. Local Polynomial Estimators for 

Semiparametric Regression Models on 

Longitudinal Data 

The first step in modeling longitudinal data is to 

estimate the parameters of the semiparametric one-

response regression using local polynomial 

approach. The weighted least squares (WLS) 

estimation method was used for nonparametric 

parameter estimation, whereas the ordinary least 

squares (OLS) method was used for parametric 

parameter estimation. The following 

semiparametric one-response regression model 

(Equation (1)) was applied to the longitudinal data 

[14]. 

 

      (1)  

 

where eij ~ N(0,s2) is the observation error, and 

the regression function , h is an unknown function 

estimated by the local polynomial. The parametric 

component is xij
T b , while h(tij) is nonparametric 

component. Equation (1) can be expressed in matrix 

form of Equation (2). 

 

      (2)  

 

For example, given a known estimate   , the 

residual  can  be  calculated              , and   the 

residual can be used as the response variable to 

estimate the estimator      to obtain Equation (3). 

 

      (3)  

 

The Taylor series      in Equation (3) is 

approximated by a polynomial of degree p at point   

   around point    , as stated by Equations (4) and (5) 

[18].  

 

 

 

 

Table 4. Descriptive statistics on Grade 2 DHF patients. 

 
 

Variable Mean Standard Deviation Minimum Maximum 

Platelet (/μL) 63115.38 27086.67 13000 152000 

Hematocrit (%) 41.83 3.95 33.4 52.6 

Haemoglobin (g/dL) 14.22 1.27 11.6 18.4 

Examination Time (days) 3.5 1.72 1 6 

( ) ; 1, 2,..., ; 1, 2,...T

ij ij ij ijy x t e i n j m = + + = =

y X   = + +
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      (4) 

 

 

 

Let            , then:   (5) 

 

     , 

 

The  parameters    be  an  estimator of    obtained 

by minimizing the WLS criterion [14] in Equation 

(6); 

 

      (6) 

 

Where                                  ,                                 ,  

                                       , K is the Kernel 

function, and h is the bandwidth. Based on 

calculations using the WLS method, estimator of θ  

is obtained by Equation (7).  

 

      (7) 

 

Next,    is sought by minimizing OLS, Equation 

(8) could be used [14]:  

 

      (8) 

 

with  

 

2.2. Methods 

 

2.2.1. Data Sources and Research Variables 

This study discusses the modeling of platelet and 

hematocrit patterns in patients with DHF, measured 

at least once daily during hospitalization. This 

research utilized secondary data obtained from 

Roemani Hospital, Semarang, Indonesia, between 

March and October 2022. The collection of data 

from separate subjects observed repeatedly at 

various times is known as longitudinal data [2 6 ]. 

The variables studied were platelet and hematocrit 

levels in patients with DHF (Table 1). This study 

included a sample of 13 patients with DHF Grade 2, 

marked by Grade 1 and accompanied by viral 

infection with spontaneous bleeding manifestations 

in the form of nosebleeds [27]. The data used in this 

research were from 13 patients whose blood 

samples were taken once a day for six days during 

hospitalization, resulting in a total of 78 datasets. 

The longitudinal data used in this research per 

patient had the same treatment which was measured 

repeatedly for 6 days so that the measurement 

interval was regular and without missing data. 

This study used longitudinal data with a limited 

number of subjects. Despite the limited number of 

subjects, longitudinal data still have the advantage 

that each subject contributes numerous observations 

over time. This rich information from each subject 

helps build a deeper understanding of the dynamics 

at play, even when the number of subjects is small 

in the study. The ability of longitudinal data to 

measure changes over time within the same subjects 

provides more statistical power and precise 

estimates of effects than collecting data from a 

large, single-point cross-sectional study would [14]. 

The data used in the study were divided into two 

 

 

 
Figure 1. Scatterplot of (a) platelets with examination time; (b) hematocrit with examination time in Grade 

2 DHF patients.  
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groups, namely 80% in-sample data and 20% out-

sample data, so that the number of data points as in-

sample data was 10 patients, while the out-sample 

data were three patients. The dependent variables in 

this study were hematocrit and platelet counts in 

patients with DHF during hospital treatment, 

whereas the independent variables were Hb and 

observation time (per day) during hospitalization. 

 

2.2.2. Research Steps 

The first step in modeling the platelet and 

hematocrit data was to estimate the parameters of 

the bi-response semiparametric model using local 

polynomial regression. The estimation method used 

was the WLS method for nonparametric parameter 

estimation, while the OLS method was used for 

parametric parameter estimation. Next, we 

estimated the regression model, which was then 

implemented in the data of DHF patients during 

hospitalization at Roemani Hospital, Semarang City 

in 2022. The effects of Hb level and examination 

duration on platelet and hematocrit data were 

modeled using local polynomial semiparametric bi-

response regression. The steps taken are testing the 

correlation between dependent variables, namely, 

platelet and hematocrit levels. The Pearson 

correlation test is one of the available correlation 

tests. This test was performed when the data were 

continuous data.  The data were divided into in-

sample and out-sample data, with in-sample data 

from 10 DHF patients and out-sample data from 

three DHF patients. 

Selection of optimum polynomial order and 

bandwidth using the GCV method. Calculate the 

optimal order and bandwidth (h) without weighting 

(          ) using the following steps. Determine the 

set of polynomial orders and the lower bound 

bandwidth, upper bound, h={h(lower),…, h

(upper)}. Determination of GCV. The choice of 

polynomial order and bandwidth (h) corresponds to 

the lowest GCV value (Eq. 9) [14][28]. 

 

      (9)   

 

Determining parameters of the semiparametric bi

-response regression model (   and   ) without using 

the weighting matrix (W). A heteroscedasticity test 

was conducted using the Box-M test. Determining 

the weighting matrix (W). The  weighting matrix, 

which V-1 is the matrix of the error variance 

covariance of response variables 1 and 2 (       ) 

[28]. A weighting matrix W is needed to estimate a 

semiparametric bi-response regression model with 

heteroscedastic data. Obtaining the weighting 

matrix (         ) by calculating the      (error variance 

in response 1), is      the error variance in response 

2, and      is the covariance between responses 1 and 

2 in Equation (10) [14]. 

 

  

 

                                 ,              (10) 

 

W is a 2Nx2N matrix, (              ).  Calculate the 

optimal order and bandwidth (h) using weighting 

(     ), as in step 3(a and b). Determine the 

semiparametric bi-response regression estimation 

model (   and   ) based on Equations (7) and (10) 

 

 

 
 

 
Figure 2. Scatterplot of (a) Hematocrit with Hb and (b) Platelets with Hb in DHF Grade 2 patients. 
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using matrix W obtained previously based on the 

polynomial order and optimum bandwidth. The 

MSE, coefficient of determination (R2), and MAPE 

were then calculated. MAPE values are categorized 

into 4 (Table 2) [29]. 

 

                                                   ,  

 

 

 

 

 

3. RESULTS AND DISCUSSIONS 

 

3.1. Descriptive Statistics 

A semiparametric bi-response regression model 

estimation of longitudinal data was implemented in 

patients with Grade 2 DHF treated at Roemani 

Hospital using a local polynomial estimator. This 

study was performed to determine the relationship 

between platelets. A semiparametric bi-response 

regression model estimation of longitudinal data 

was implemented in patients with Grade 2 DHF 

treated at Roemani Hospital using a local 

polynomial estimator. This study investigated the 

relationship between platelets (y1) , and the number 

of hematocrit cells (y2)  against the time of 

examination (per day) (t) and the number of 

hemoglobin (Hb) cells (x). This study utilized two 

response variables: the number of platelets and 

hematocrit in patients with Grade 2 DHF treated in 

the hospital.  

The criteria for Grade 2 DHF include fever 

symptoms, followed by a positive tourniquet test, 

evidence of bleeding, indications of a viral 

infection, and additional manifestations of viral 

infection, including spontaneous bleeding, such as 

nosebleeds and red spots. Based on the data 

obtained, it is presented in Table 3, which shows 

the characteristics of patients with Grade 2 DHF 

patients, totalling 13 patients who were hospitalized 

for 6 days, based on the gender of the patients, 

consisting of three adult male patients, four adult 

female patients and six children. 

Before conducting the regression analysis, it was 

necessary to understand the initial data overview 

using descriptive statistics. Table 4 presents the 

descriptive statistics of 13 patients hospitalized for 

6 days with Grade 2 DHF. The independent 

variables consisted of parametric and nonparametric 

components. Hb was the parametric component, 

whereas the time of evaluation for hospitalized 

patients with Grade 2 DHF was a non-parametric 

component. Scatterplot of platelets and hematocrit 

against examination time in patients with Grade 2 

DHF. Figure 1 shows that the data are spread out, 

do not follow a specific pattern, or have an 

unknown pattern. Therefore, the predictor variable, 

as a nonparametric component, was the 

examination time. The following are the results of 

the scatterplot between the two response variables, 

namely hematocrit and platelets, and Hb in patients 

with DHF Grade 2. Based on the results of the 

scatter plot, the hematocrit level data on Hb have a 

pattern that is suspected to be known; therefore, the 

predictor variable for Hb is a parametric 

component. Parametric components can be linear, 

quadratic, or cubic; however, Figure 2 shows a 

linear relationship pattern. 

 

3.2. The Correlation Test 

This study employed a local polynomial 

estimator to model the bi-response semiparametric 

regression curve. The kernel function used was the 

Gaussian Kernel. The advantages of the Gaussian 

Kernel function are its flexible nature, ability to 

 

 

 

Table 5. Combination of polynomial order and bandwidth using GCV. 
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capture complex relationships in data, ability to 

produce efficient and accurate estimates, and 

relatively easy mathematical calculations [30]. The 

goodness criteria used were the MSE and the 

coefficient of determination. The best model is the 

one with the highest value, approaching 100%. The 

calculation of local polynomial birespon regression 

is quite complicated and involves many processes; 

therefore, software is needed to solve it, one of 

which is R software. One of the developments in 

this research is the creation of  Graphical User 

Interface (GUI) for the R program to facilitate data 

analysis. The predictors used in this study were 

examination time and Hb level. Before estimating 

the parameters of the second-response model, a 

correlation test was conducted. Correlation test was 

conducted to determine the correlation between the 

two response variables, platelet count and 

hematocrit level, in patients with DHF Grade 2. 

This test was used to determine the correlations 

between the two responses used in this study. The 

following are the results of the Pearson correlation 

test. The Pearson correlation test output results 

obtained the correlation value and p-value for 

patients with Grade 2.  

The hypothesis are H0:     (No correlation 

between platelets and hematocrit) and H1:        

          (There is a significant correlation between 

platelets and hematocrit). The rejection criterion for 

the above hypothesis is that, if the value           

                 rejects H0, there is a significant 

correlation between the two variables [31]. Based 

on the output results of the Pearson correlation test 

on Grade 2 DHF data, the p-values were 9.378×10-7 

and tvalue = -5.4873. Based on the test criteria, using 

α = 5%, so that                           so that the p-value 

< 0.05= α and              then the decision to reject 

Ho, it can be interpreted as indicating a significant 

correlation between platelets and hematocrit in 

DHF Grade 2 patients. 

 

3.3. Estimation of the Semiparametric Bi-response 

Regression Model 

The study included 13 patients, who were split 

into two groups: in-sample and out-of-sample data. 

The estimation process was first performed on the 

in-sample data of 10 patients (patients 1–10). 

Patients 11–13 were used as out-of-sample data. 

Before estimating the model parameters using in-

sample data, we first determined the optimal 

polynomial order and bandwidth without using the 

weighting matrix V-1. The initial step determines the 

combination of polynomial orders for both 

responses without using the W  weighting matrix 

based on in-sample data. Next, we determine which 

bandwidth, based on the GCV approach, can be 

attained concurrently, that is, the bandwidth with 

the minimum GCV. Parameter estimation on Grade 

2 DHF patient data uses the optimal bandwidth 

value without considering the weighting W. In this 

estimation, the first response error value (platelet) 

and the second (hematocrit) in patients with DHF 

Grade 2 were obtained, which were then tested for 

heteroscedasticity. The semiparametric bi-response 

model can be written as follows [14]. The predictor 

variables consist of xij  and tij, while yij
(1) is the 1st 

response, yij
(2)  is the 2nd response. The relationship 

between yij
(k) and tij  is unknown in its functional 

form, while between yij
(k) and xij  its functional form 

is known linearly, then the relationship between  

yij
(k)  , xij  and tij uses the semiparametric bi-response 

model as expressed in Equation (11). 

 

                (11) 

 

Equation (11) can be expressed in matrix form in 

Equation (12). 

 

                (12)     

 

where                consists of two response 

variables that are correlated with each other.  

                             is the parametric component, 

while                  is the nonparametric component, 

and                is a subject error with a variance-

covariance matrix   , with index i indicating the 

subject  [14].   Subsequently,               is 

approximated by Taylor Series of polynomials of 

degree- p at point t  around point t0  [14]. 
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                                                                , 

 

so that equation 14 becomes:  
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For example, given a known estimate ,   the 

residual  can  be  calculated                  and the 

residual can be used as the response variable to 

estimate the estimator     (Eq. 13). 

 

                (13) 

 

The parameter     is an estimator of     obtained 

by minimizing the WLS criterion (Eq. 14) [14]. 

 

                (14) 

 

where K is the Kernel function, and h is the 

bandwidth so 
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The Kernel function used was the Gaussian 

Kernel. Gaussian Kernel:                                          ,    

                   . 

Then, the parameter estimator of     is obtained 

(Eq. 15). 

 

                (15)  

 

The Local Polynomial estimator  [18] is 

  

 

                (16) 

 

Thus, based on Equation 16,    can be stated as 

follows:                                        

with 

 

Next,     is sought by minimizing OLS as follows 

[14]:  

 

 

so that we obtain Eq. 17. 

 

                (17)  

  

 The next stage is the estimation of the bi-

response semiparametric regression model using a 

local polynomial based on the weighting matrix 

obtained in the previous step, which is estimated 

using the following Equation 18. 

 

                                                                        (18) 

                      with 

               , with                                      

 

3.4. Heteroscedasticity Analysis  

Heteroscedasticity analysis was carried out using 

the Box-M test, and the rejection criterion for the 

 

 

Figure 4. Scatterplot of the estimated in-sample data results and the actual hematocrit values for DHF 

Grade 2 patients.  

 

 

Figure 3. Scatterplot of the estimated in-sample data results and the actual platelet values for DHF Grade 2 

patients.  
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Box-M test was that if the p-value was < 5%, then 

the decision was to reject Ho. Heteroscedasticity 

analysis was performed using the Box-M test with 

the following hypotheses. 

 

 

                                       (at least one             ) 

 

Based on the Box M test output, the p-value < 

2.2×10-16, using alpha 5%, then reject Ho, so it can 

be concluded that there is heteroscedasticity 

between the error in response 1 (platelet) and the 

error in response 2 (hematocrit) in DHF Grade 2 

patients based on in-sample data. After conducting 

the heteroscedasticity test, the semiparametric bi-

response regression model was estimated on the 

longitudinal data using a weighted local polynomial 

estimator with matrix W [14]. Nonparametric 

curves     were estimated by local polynomial 

estimators using kernel weighting matrix Kh  and 

W . Based on the results of the heteroscedasticity 

test, the  W weighting matrix is then formed. The 

next step is to form the weighting matrix ( W = V-1 ) 

according to equation  12   by  calculating   the      

(error variance in response 1),     is the error 

variance in response 2, and     is the covariance 

between responses 1 and 2. 

 

3.5. Selection of Polynomial Order and Optimal 

Bandwidth 

After conducting the heteroscedasticity test and 

forming the W  weighting matrix, the next step is to 

determine the polynomial order and optimal 

bandwidth using the W weighting matrix based on 

in-sample data. The local polynomial order used to 

estimate the model was p = {1, 2} because if the 

polynomial order is large it will cause overfitting so 

it needs to be limited. The bandwidths tested were 

 

 

 

 

 
Figure 5. Plot of platelets and hematocrit in patients 2, 3 and 8 Grade 2 DHF.  
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set to the lower bound of 0.1 and the upper bound 

of 6.8, with a range of values 0.1. Based on the 

combination of polynomial order and bandwidth, 

the GCV value is calculated using Equation 9. The 

selection of the optimal polynomial order and 

bandwidth(h) corresponds to the smallest GCV 

value. The results of the combination of polynomial 

order and bandwidth using the GCV method are 

presented in Table 5, which was obtained from the 

four smallest GCV values. 

Based on Table 5, the minimum (smallest) GCV 

value is 64.7999, which is located at the combined 

polynomial order p1=2 and p2=1, while the 

bandwidths are h1=0.1 and h2=0.8. Therefore, the 

optimal bandwidth for Grade 2 DHF patient data 

was at response 1 (platelets) of 0.1 and at response 

2 (hematocrit) of 0.8, located at the combined 

polynomial order p1=2 and p2=1. 

 

3.6. Modeling of Platelets and Hematocrit Levels in 

Patients with DHF  

The next process is determining the parameters 

of the regression model using the weighting matrix 

W  and the kernel function Kh  applied to the in-

sample data. The parameters of the semiparametric 

bi-response regression model were estimated using 

a local polynomial estimator on the Grade 2 DHF 

patient data. The optimal bandwidth values for the 

first and second responses were 0.1 and 0.8, 

respectively. The MSE value was 121948569, 

resulting from a polynomial order of two for the 

first and one for the second response. The actual 

data and estimated in-sample data using the local 

polynomial estimator in response 1 (platelets), as 

shown in Figure 3. A comparison graph between 

the actual data and estimated in-sample data using 

the local polynomial estimator for response 2 

(hematocrit) is shown in Figure 4. 

Based on Figure 3, the broken lines represent the 

actual data for response 1 (platelets), and the 

continuous lines represent the estimated data for 

response 1 (platelets). In Figure 4, the broken lines 

represent the actual data, while the continuous lines 

represent the estimated in-sample data in the bi-

response semiparametric regression model for 

response 2. Both graphs show the bi-response 

 

 

Table 6. Analysis of the condition of several Grade 2 DHF patients. 

 
Patient Gender Analysis of the Condition 

Patient 2 
Female 
(Adult) 

The patient experienced Thrombocytopenia, with the lowest platelet count on the 
4th day, namely 35429.22/μL. Based on calculations with 95% confidence 
intervals, the average platelet count of the patient was between 25160.55/μL and 
83221.27/μL. 
The highest hematocrit (46.88%) was observed on the 5th day of hospitalisation, 
indicating hematocrit above normal, which necessitated monitoring for 
hemoconcentration. Based calculations with 95% confidence intervals, the 
average hematocrit of the patient was between 42.16% and 45.93%. 

Patient 3  Children 

The patient experienced Thrombocytopenia, with the lowest platelet count 
occurring on day 3, at 37282.21/μL. Based calculations with 95% confidence 
intervals, the average platelet count of the patient was between 4444.71/μL and 
83529.4/μL. 
The highest hematocrit (45.49%) was observed on day 3, with hematocrit above 
normal and hemoconcentration requiring intensive treatment on that day. Based 
calculations with 95% confidence intervals, the average hematocrit of the patient 
was between 38.47% and 42.71%. 

Patient 8 
Male  

(Adults) 

The patient experienced thrombocytopenia and the lowest platelet count occurred 
on day 3. at 14251.55/μL Based calculations with 95% confidence intervals, the 
average platelet count of the patient was between 23952.84/μL and 70663.52/μL. 
The highest hematocrit (53.6%) was observed on day 3, indicating a hematocrit 
above normal and hemoconcentration, which required intensive treatment starting 
on day 3. Based calculations with 95% confidence intervals, the average 
hematocrit of the patient was between 42.49% and 51.14%. 
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semiparametric regression model estimation results, 

using the local polynomial estimator, continuous 

lines show that the estimated data follows the 

pattern of the actual data. Therefore, the evaluation 

results of the semiparametric bi-response regression 

model, based on a coefficient of determination (R2) 

of 90.12%, indicate that examination time and Hb 

have an influence of 90.12% on platelets in patients 

with DHF Grade 2, while the remaining 9.88% is 

affected by other factors. The MAPE value obtained 

from this model was 15.92%, indicating a good 

level of accuracy. The platelet and hematocrit 

modeling estimation results obtained using local 

polynomial bi-response regression on longitudinal 

data yielded an R² value greater than 90%, 

indicating that the model accurately predicted the 

response variables. The following is a plot of the 

dynamics of platelet and hematocrit changes in data 

from several patients with Grade 2 DHF 

hospitalized for 6 days using a semiparametric 

biresponse regression model with a polynomial 

estimator.      

Based on Figure 5, the blue dotted line shows the 

actual data, and the orange connected line shows 

the estimated data. Dengue fever is characterized by 

thrombocytopenia, which is characterized by a 

decrease in the number of platelets to below 

100000/μL. In addition, the presence of an 

increased hematocrit above normal levels in 

patients with dengue is a sign of plasma leakage 

and can be fatal. The following are the normal 

hematocrit values: 33–38% in children, 40–50% in 

adult males, and 36–44% in adult females [32]. 

Some conditions experienced by patients with 

Grade 2 DHF are based on age and sex, as shown in 

Figure 5, so that each patient can be analyzed. 

After obtaining the optimal polynomial order and 

bandwidth values, the parameter estimation was 

 

 

 
Figure 6. Plot of the results of the out-sample data estimation of predicted platelet values for patients with 

Grade 2 DHF.  

 

 
Figure 7. Plot of the results of the out-sample data estimation of the predicted hematocrit values for 

patients with Grade 2 DHF.  
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performed using a local polynomial estimator. 

Platelet and hematocrit modeling equations for 

patients with DHF can be formulated based on the 

model parameter estimation results. The following 

shows platelet modeling of Grade 2 DHF in the 3rd 

patient at the 5th examination time (Equation (19)). 

 

                 

                (19)   

 

The hematocrit modeling of Grade 2 DHF in the 

3rd patient at the 5th examination time is presented 

in Equation (20).  

 

 

                (20) 

 

Based on Equation (19), platelet modeling Grade 

2 DHF disease in the 3rd patient at the 5th 

examination time, if there is an increase in the 

amount of Hb of 1 g/dL, it will reduce the number 

of platelets in DHF patients by 7853.7/μL, 

assuming that the observation time variable in the 

model is constant. Equation (20), which models 

hematocrit in Grade 2 DHF in the 3rd patient at the 

5 th examination time, indicates that a 1-g/dL 

increase in Hb will increase the hematocrit of 

patients with DHF by 2.78%, assuming that the 

observation time variable in the model remains 

constant. 

The model estimation of the platelet count of 

Grade 2 DHF in the 6th patient at the 2nd 

examination time is presented in Equation (21).  

 

 

                (21) 

 

Meanwhile, the hematocrit modeling of Grade 2 

DHF in the 6th patient at the 2nd examination time 

is presented in Equation (22). 

 

  

                (22) 

 

Based on Equation (20), for the 6th patient at the 

time of examination on the 2nd day, a 1-gram/dL 

increase in Hb will reduce the number of platelets 

in the DHF patient by 7774.88/μL. Based on 

Equation (21), for the 6th patient at the time of 

examination on the 2nd day, a 1-gram/dL increase 

in Hb will increase the hematocrit number of the 

DHF patient by 3.45%. 

Based on the analysis results, it can be concluded 

that Hb in patients with Grade 2 DHF has a positive  

effect  on  hematocrit,  as  reported  earlier  [32]. 

Conversely, Hb has a negative effect on platelets. 

This means that in cases of DHF, the increase in Hb 

and hematocrit has a unidirectional relationship 

(both increase) and is in the opposite direction to 

the number of platelets, which usually decreases 

(thrombocytopenia), especially when 

hemoconcentration occurs due to blood plasma 

leakage through damaged capillary walls [1 2 ]. If 

there are indications of severe plasma leakage in 

patients with DHF, it can lead to shock and death if 

not treated properly. 

Based on Figure 5 and Table 6, the dynamics of 

platelet and hematocrit changes in each Grade 2 

DHF patient during the 6-day hospitalization period 

were observed. On average, patients experienced a 

decrease in platelet count from the first to the 4th 

day, followed by an increase from the 5th to the 6th 

day. On the 3rd or 4th day, the average Grade 2 DHF 

patient experienced thrombocytopenia with the 

lowest decrease in platelets. At that time, the 

patient's hematocrit was not stable, as patients with 

Grade 2 DHF typically experience hematocrit levels 

above normal, and 40% also experience 

hemoconcentration. This is a marker of plasma 

leakage and can be fatal; therefore, it is necessary to 

be aware that the patient's condition requires more 

intensive care to stabilize the platelet count and 

hematocrit. Several studies have reported that in 

DHF in adults without shock, the platelet count 
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Table 7. Model accuracy values for in-sample and out-of-sample data. 

 
Model Accuracy In-sample Out-sample 

MSE 121948569 20820591 

R2 90.12% 98.77% 

MAPE 15.92% 4.84% 
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begins to decrease on the 3rd day and shows a 

significant decrease on the 4th day of illness [33]. 

Although there is no definite evidence of the cause 

of thrombocytopenia in dengue fever, several 

mechanisms are thought to play a role, including 

decreased platelet production due to bone marrow 

suppression, increased platelet destruction, and 

excessive use of platelets. 

After obtaining the estimated platelet and 

hematocrit values, predictions were made based on 

the out-sample data. Predictor variables were used 

to predict the values of the platelet and hematocrit 

response variables by estimating the parameters of 

the out-of-sample data. The data were then entered 

into the regression model based on the results of the 

in-sample model.  Patients 11–13, namely 

observations 61–78, were used as out-sample data, 

resulting in out-sample data estimates in the form of 

predicted platelet values. The out-sample data 

produced an estimate of the predicted platelet 

values (Figure 6). The actual plot and estimated 

results of the out-sample data in the form of the 

predicted hematocrit values are shown in Figure 7. 

Figure 6 shows that the estimated out-sample 

data for platelet prediction, indicated by the red 

line, followed the pattern of the actual values 

indicated by the blue dotted line. Figure 7 shows the 

same thing; the estimated out-sample data for 

hematocrit prediction, indicated by the yellow line, 

follows the pattern of the actual values indicated by 

the green dotted line. After the estimation process 

of the in-sample data, the accuracy of the model 

was evaluated using the criteria of the mean squared 

error (MSE), coefficient of determination (R²), and 

mean absolute percentage error (MAPE). Table 7, 

which displays the MAPE, R2, and MSE values for 

both the in-sample and out-of-sample data, 

summarizes the estimation findings for the optimal 

combination based on the program's execution.  

Based on the MAPE values in Table 7, the in-

sample data of 60 observations (patients 1–10) 

yielded a MAPE of 15.92% and R2 of 90.12%, 

indicating that the resulting model had accurate 

predictions. Meanwhile, the out-sample data of 18 

observations (patients 11–13) yielded an MAPE of 

4.84% and R2 of 98.77%, indicating that the 

prediction model was highly accurate. Based on the 

results obtained at 95% confidence level, the model 

mean error (MAPE) is between 3.21% and 6.48%. 

This shows different results from the previous 

research , who modeled platelets producing an R2of 

84.25% [18]. It can be seen that the R2 values in 

this study are still better, so this study improves on 

previous research. Previous research conducted 

used a spline penalty applied to crime cases and 

obtained a regression model with an R2 value of 

83.18%, showing different results [22], so this 

research with a local polynomial estimator is better.   

 

4. CONCLUSIONS 

 

Semiparametric bi-response regression modeling 

of local polynomial estimators was applied to data 

on patients with Grade 2 DHF treated at Roemani 

Hospital, Semarang City, with predictor variables in 

the form of examination time and Hb level, while 

the response variables were platelet and hematocrit 

levels. Hb is a parametric component, while the 

time of evaluation for hospitalized Grade 2 DHF 

patients is the nonparametric component. The 

estimation of the bi-response semiparametric 

regression model by the local polynomial applied to 

estimate platelets and hematocrit in patients with 

Grade 2 DHF produced a coefficient of 

determination of 90.12%, which can be used to 

predict platelets and hematocrit very accurately 

with a prediction inaccuracy (MAPE) of 4.84%. 

The results of this modeling will be very useful 

because they produce specific laboratory 

parameters (platelets and hematocrit) that can 

predict the course of Grade 2 DHF, allowing for 

early detection. This will impact the progression of 

patients who initially appear well and may progress 

to a state of shock. Prompt diagnosis, close 

monitoring, and supervision are key to successful 

management of dengue fever. If the platelet count 

decreases (thrombocytopenia) on the 3rd or 4th day 

of hospitalization and hemoconcentration occurs 

due to blood plasma leakage through damaged 

capillary walls in Grade 2 DHF patients, this can 

cause shock and death if not treated properly. 

Patients with Grade 2 DHF experienced 

thrombocytopenia and the lowest platelet count, 

followed by an increase in the hematocrit above 

normal levels, and 40% also experienced 

hemoconcentration. This is a marker of plasma 

leakage and can be fatal; therefore, it is necessary to 

be aware that the patient's condition requires more 
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intensive care to stabilize the platelet count and 

hematocrit.     
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