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INTRODUCTION
Triglycerides and high-density lipoprotein 
(HDL) have a complicated and multidimensional 
interaction that affects cardiovascular health1. 
HDL has anti-atherogenic properties because 
it is a scavenger that returns cholesterol from 
peripheral tissues to the liver for processing 
and excretion2. On the other hand, increased 
triglyceride levels have the potential to 
interfere with lipid metabolism and damage 
HDL function, which can result in lower HDL 
levels and worse reverse cholesterol transport. 
Furthermore, as seen in dyslipidemic conditions, 
elevated triglyceride levels are frequently linked 
to lower HDL cholesterol levels3,4. Because of 
the reciprocal relationship between HDL and 
triglycerides, which emphasizes their linked 
roles in lipid metabolism and the aetiology 
of cardiovascular disease, controlling these 
variables is crucial to reducing the risk of 
cardiovascular disease5. Elevated triglyceride 
levels have been linked to atherosclerosis, a 
condition where fat deposits build up in the 
arterial walls. This narrowing and hardening of 
the arteries can obstruct blood flow to essential 
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Background
This research models high-density lipoprotein (HDL) and 
triglyceride consumption using non-parametric regression, 
bootstrap resampling, and data splitting into training and testing 
sets to improve comprehension of their complex connection and 
inform evidence-based health promotion efforts.

Objective
The goal of this study is to develop a non-parametric regression 
model that connects HDL levels with triglyceride levels. This 
will help make predictions more accurate for HDL levels in the 
patients that were studied by using diagnostic tools.

Materials and Methods
When the assumption of linear regression is not satisfied, the 
model that is constructed may produce biased estimates. To get 
around this problem, a non-parametric regression model is used 
in this study, along with an improved bootstrap method to get the 
best model estimates. In particular, the study uses the Kendall-
Theil Sen Siegel slope, a robust estimator, to find the slope of the 
regression line. This reduces the effect of outliers or values that 
are too high or too low. This method makes it easy to explore 
the relationship between variables without having to make rigid 
assumptions about the parameters. This method was used to split 
the dataset into training and testing groups. The training dataset 
will be used to build the model, and the testing dataset will be 
used to make sure the model works.

Result
Based on the statistical analysis conducted using R, it was found 
that the non-parametric regression method performed superiorly 
in making predictions, particularly in instances where the data 
didn’t adhere to the assumption of normality. Notably, both 
the training and testing datasets yielded high R-squared values 
of 79.2% and 73.6% respectively under the non-parametric 
regression model. In contrast, when employing simple 
parametric regression, the R-squared values for the training 
and testing datasets were 45.89% and 47.29% respectively. A 
significantly high level of performance was attained using the 
proposed methodology, as demonstrated by these results.

Conclusion
The outcome of the research underscores the exceptional 
performance exhibited by the hybrid model methodology utilized.
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density lipoprotein (HDL); Triglyceride
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organs6,7. Moreover, low levels of HDL cholesterol, 
obesity, insulin resistance, metabolic syndrome, and 
other risk factors are frequently present in concert with 
excessive triglycerides, raising the combined risk of 
cardiovascular problems33, 36.
Furthermore, hypertriglyceridemia may indicate 
underlying metabolic diseases such as thyroid issues and 
diabetes mellitus6, 8, 9. To lower the risk of cardiovascular 
disease and enhance overall health outcomes, it is 
crucial to monitor and manage triglyceride levels 
through lifestyle modifications, such as implementing 
a healthy diet, increasing physical activity, controlling 
weight, and, if necessary, medication under the 
supervision of a healthcare provider10, 11. Elevated 
triglyceride levels can significantly affect a person’s 
cardiovascular and overall health. Elevated triglyceride 
levels are associated with an increased risk of heart 
attacks, strokes, and coronary artery disease. Elevated 
triglyceride levels have been linked to atherosclerosis, 
a condition where fat deposits build up in the arterial 
walls. This narrowing and hardening of the arteries 
can obstruct blood flow to essential organs12, 13, 14, 15.  
Moreover, low levels of HDL cholesterol, obesity, 
insulin resistance, metabolic syndrome, and other risk 
factors are frequently present in concert with excessive 
triglycerides, raising the combined risk of cardiovascular 
problems10, 14, 15. Monitoring and managing triglyceride 
levels through lifestyle modifications, such as adopting 
a healthy diet, increasing physical activity, controlling 
weight, and, if needed, medication under a healthcare 
provider’s supervision, is essential for lowering the risk 
of cardiovascular disease and improving overall health 
outcomes. Increased levels of high-density lipoprotein 
(HDL), sometimes known as “good cholesterol,” 
are associated with improved cardiovascular health. 
Because of its scavenger function, high levels of HDL 
reduce the likelihood of cardiovascular disease by 
removing excess cholesterol from tissues outside of the 
arteries and transferring it to the liver for processing 
and excretion5, 6, 35. The cardioprotective effects of HDL 
are enhanced by its antioxidant, anti-inflammatory, and 
vasoprotective capabilities. When HDL levels are high, 
it usually means that you’re leading a healthy lifestyle, 
which includes not smoking, eating well, and getting 
plenty of exercise. Having a high HDL cholesterol level 
is linked to better cardiovascular outcomes and general 
well-being, thus it’s typically seen as favourable. 
Overall cardiovascular health needs to maintain ideal 
levels of both triglycerides and high-density lipoprotein 

(HDL) cholesterol. Elevations in HDL cholesterol, 
commonly referred to as “good cholesterol,” are linked 
to a decreased risk of heart disease7, 16, 17. By carrying 
extra cholesterol to the liver for excretion, HDL keeps 
plaque from accumulating in the arteries, lowers the risk 
of atherosclerosis, and lowers the risk of cardiovascular 
events like heart attacks and strokes18, 19. 
On the other hand, high blood levels of triglycerides, a 
kind of fat, might harm cardiovascular health. Since high 
triglycerides contribute to the accumulation of plaque 
in the arteries, they are linked to an increased risk of 
atherosclerosis16, 17, 18. Moreover, low HDL cholesterol, 
obesity, insulin resistance, metabolic syndrome, and high 
triglyceride levels frequently coexist with one another 
as risk factors, hence raising the risk of cardiovascular 
disease20, 37. Thus, it is crucial to keep triglyceride 
and HDL cholesterol levels at appropriate ranges to 
protect cardiovascular health and lower the risk of heart 
disease. Understanding and controlling cardiovascular 
health greatly depends on modelling the link between 
triglycerides and high-density lipoprotein (HDL)14, 15, 

17. Important elements of the lipid profile, HDL, and 
triglycerides are essential for lipid metabolism and the 
development of cardiovascular disease. Researchers 
and medical experts can more accurately determine 
cardiovascular risk and create focused strategies for 
treatment and prevention by clarifying the connection 
between these two lipid markers21. By identifying 
potential risk variables and underlying mechanisms, 
modeling this connection enables risk assessment 
and customized treatment options for cardiovascular 
disease. Moreover, by comprehending the interaction 
between HDL and triglycerides, pharmaceutical 
treatments, dietary adjustments, and lifestyle changes 
targeted at lowering cardiovascular risk and optimizing 
lipid levels can be made15, 17, 21, 34. Overall, improving 
patient outcomes, cardiovascular risk assessment, 
treatment, and HDL-triglyceride modeling is crucial. 
Researchers typically utilize regression analysis, such 
as linear regression or nonlinear regression, to model 
the relationship between HDL and triglycerides while 
controlling for potential confounding variables. The 
aim is to establish a mathematical equation that best 
describes how changes in HDL levels are associated 
with changes in triglyceride levels, or vice versa. 
Additionally, more advanced regression techniques 
like multiple regression or logistic regression may 
be employed to assess the impact of other factors, 
such as age, gender, diet, and lifestyle habits, on the 
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relationship between HDL and triglycerides. Through 
regression modeling, researchers can identify patterns, 
trends, and potential predictors of HDL and triglyceride 
levels, aiding in the understanding of lipid metabolism 
and cardiovascular disease risk10, 18, 20, 21.
Parametric regression analysis can be employed to 
assess the relationship between HDL and triglycerides 
by fitting a predefined regression model, such as linear 
regression, which assumes a specific functional form 
for the relationship between the variables5. For instance, 
researchers may use parametric regression to determine if 
there is a linear association between HDL and triglyceride 
levels, accounting for potential confounders22. On the 
other hand, nonparametric regression techniques, like 
locally weighted scatterplot smoothing (LOWESS) or 
kernel regression, offer a flexible approach for modelling 
the relationship between HDL and triglycerides without 
assuming a specific functional form. This allows for the 
detection of more complex or nonlinear associations 
between the variables, which may not be captured 
by parametric models. Nonparametric regression can 
accommodate data that does not meet the assumptions 
of traditional parametric methods and provides valuable 
insights into the relationship between HDL and 
triglycerides across a wide range of data distributions 
and patterns23. Since parametric regression, like linear 
regression, is predicated on a particular mathematical 
model for the relationship between HDL and triglycerides, 
it is appropriate for determining linear correlations and 
estimating coefficients that have established meanings5, 22. 
However, because they do not assume a predetermined 
functional form, nonparametric regression techniques 
like kernel regression or locally weighted scatterplot 
smoothing (LOWESS) offer greater flexibility. This 
allows for the detection of complex or nonlinear 
relationships between HDL and triglycerides that 
parametric models might miss. The relationship 
between HDL and triglycerides across data distributions 
and patterns can be examined in greater detail using 
nonparametric regression, which is more complex and 
difficult to interpret than parametric regression23, 24

MATERIALS AND METHODS
The Data
This study utilized secondary data from the Hospital 
Universiti Sains Malaysia, with a sample size of 
fourteen individuals participating in the trial. Table 
1 offers a concise summary of the data descriptions 

pertaining to the research variables.
Table 1. The data description

Variable Description

HDL High-density lipoprotein (HDL)

Trig Sodium intake in milligrams (mg) per day

The Statistical Approach
(a)	 Simple Non-parametric Regression
There are several benefits to using non-parametric 
regression, especially when predicting HDL levels 
from triglycerides. Non-parametric regression offers 
flexibility in efficiently capturing intricate patterns 
because it does not presuppose a particular mathematical 
relationship between variables23. This adaptability is 
especially useful when there isn’t a clear equation that 
accurately describes the relationship between variables, 
like HDL and triglycerides. By using kernel regression 
techniques, non-parametric regression can capture non-
linearities or changes that typical parametric models 
would miss by adapting to the underlying structure 
of the data without making strict assumptions25. The 
proposed non-parametric regression model for the case 
is given as follows:
HDL = 0â  + s(Trig) + iå 			   (1)
where 
HDL is the response variable for the i-th observation

0â  is the constant / intercept
 s(Trig) is the non-parametric smooth function of 
Triglycerides
(b)	 Simple Linear Regression 
Employing a simple linear regression to predict HDL 
levels based on triglycerides, with the assumption of 
normality fulfilled, presents significant advantages. 
This method provides a clear understanding of how 
fluctuations in triglyceride levels correspond to 
changes in HDL levels, offering valuable insights into 
cardiovascular health26. The proposed non-parametric 
regression model for the case is given as follows:
HDL = 0â  + 1â  (Trig) + iå 			   (2)
where 
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 HDL is the response variable for the i-th observation

0â  and 1â are the constant
 Trig is the independent variable
(c)	 Bootstrapping and Data Splitting
Non-parametric regression and bootstrapping can 
produce reliable model performance and parameter 
estimates. A resampling technique called bootstrapping 
iteratively draws samples with replacements from the 
dataset to assess model variability and uncertainty. 
Combining non-parametric regression approaches with 
bootstrapping and partitioning the data into training 
and testing sets helps researchers and data scientists 
estimate model parameters, analyze variability, and 
improve generalizability to novel data instances. 
The testing dataset evaluates the model, whereas the 
training dataset trains it. Segregation helps evaluate 
the model’s generalization to new data. Training and 
testing sets are essential for building robust models that 
generalize well to new data, preventing overfitting and 
maintaining model reliability in real-world scenarios. 
Robust modeling requires bootstrapping and splitting 
data into training and testing sets. Bootstrapping, which 
generates numerous resampled datasets, is crucial for 
examining model parameters and performance statistic 
variability. Bootstrapping evaluates the model’s 
stability and dependability by drawing samples with 
replacements from the original data. This method helps 
calculate confidence intervals, quantify model estimate 
uncertainty, and improve the statistical validity of 
findings. Bootstrapping also helps validate models by 
assessing their applicability to varied data subsets and 
identifying bias or overfitting27, 28, 29.
Partitioning data into training and testing sets is 
crucial for model evaluation and development. This 
segregation helps evaluate a model’s performance on 
unknown data, revealing its generalization beyond the 
training set30. This method helps identify overfitting, 
where a model performs well on training data but badly 
on new observations. The testing set is also essential for 
hyperparameter optimization, which optimizes model 
configurations for new data. The separation of data 
into training and testing sets eliminates data leakage 
and ensures that information from the testing set does 
not affect model training, resulting in a more accurate 
assessment of the model’s real-world prediction skills28, 

31. In conclusion, bootstrapping and data partitioning 
help create accurate, stable, and generalizable models 

that work across applications.

RESULTS AND DISCUSSION
In the results section, an in-depth analysis of the study 
carried out at Hospital Universiti Sains Malaysia 
is presented. Initially, the assessment of regression 
assumptions was undertaken to ascertain the 
appropriateness of either a parametric or non-parametric 
approach for the given scenario. Subsequently, upon 
evaluation, it was determined that the assumptions 
were not met, primarily due to the identification of 
unstandardized residuals with a p-value below 0.05.  

Figure 1. Non-parametric regression plot of HDL and 
Triglycerides
The first part of the analysis is the development of a non-
parametric regression model. In this non-parametric 
regression model, the association between high-density 
lipoprotein (HDL) levels and triglyceride concentration 
is delineated by a flexible smoothing function denoted 
as ‘s(Triglycerides)’. Unlike traditional parametric 
regression techniques that presuppose a fixed functional 
structure, this non-parametric methodology affords 
heightened adaptability in capturing potentially 
nonlinear and intricate relationships between the 
variables.
Non-parametric Simple Regression
Using the training dataset, the model given as HDL 
= 42.5656 + 8.901 ⋅ s(Trig) + iå , which predicts HDL 
levels as a function of triglycerides, where 42.5656 
denotes the baseline HDL level in the absence of 
triglycerides, and 8.901 serves as the coefficient 
quantifying the triglycerides’ influence on HDL 
levels. The ‘s’ function molds to the data without 
imposing rigid shape assumptions, facilitating the 
discernment of subtle variations and complexities in 
the triglycerides-HDL relationship. The model which 
uses the testing data is given as HDL = 42.4400+ 8.899
⋅ s(Trig) + iå . This nonparametric approach enriches 
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Table 2. Regression analysis of HDL with Triglycerides reading

NON-PARAMETRIC REGRESSION

Dependent Variable (Y) Independent Variable (X) Std. Coefficient Beta ( )β
t-value*
F-test# p-value

Training Dataset
HDL Constant 42.5656 173 <2e-16 ***

s(Triglycerides) 8.901 382.3 <2e-16 ***

R2 for the Training Dataset: 0.792

                       The model :  HDL = 42.5656 + 8.901 s(Trig) + iå ……………………..(3)

Testing Dataset
HDL Constant 42.4400 54.02 <2e-16 ***

s(Triglycerides) 8.899 31.61 <2e-16 ***

R2 for the Testing Dataset: 0.736

                       The model :  HDL = 42.4400+ 8.899 ⋅ s(Trig) + iå ……………………...(4)

PARAMETRIC REGRESSION

Dependent Variable (Y) Independent Variable (X) Std. Coefficient Beta ( )β
t-value*
F-test# p-value

Training Dataset
HDL Constant 80.08752 19.218 <2e-16 ***

Triglycerides -0.257810 -27.60 <2e-16 ***

R2 for the Training Dataset: 0.4589

                       The model :  HDL = 80.08752-0.257810(Trig) + iå ……………………..(5)

Testing Dataset
HDL Constant 79.54118 19.62 <2e-16 ***

Triglycerides -0.23966 -9.376 <2e-16 ***

R2 for the Testing Dataset: 0.4729

                       The model :  HDL = 79.54118-0.23966 (Trig) + iå ……………………....(6)

The data employed did not follow a normal distribution.

our comprehension of the nuanced interplay between 
triglycerides and HDL levels, thereby contributing to 
a more thorough characterization of lipid metabolism 
dynamics. An R-squared value serves as a metric for 
gauging the extent to which the model accounts for the 
variability in the analyzed variable. Ranging between 

0 and 1, with 1 representing a perfect fit, it quantifies 
the proportion of variance explained by the model. In 
this analysis, the model achieving R-squared values of 
0.792(78.2%) for training and 0.736(73.6%) for testing 
suggests it performs admirably across both datasets, 
indicating a substantial level of explanatory power in 
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capturing the variability of the target variable.
Parametric Simple Regression
For the training model, the model was given as HDL 
= 80.08752-0.257810(Trig) + iå . The coefficient 
for Trig, -0.257810, indicates the slope of the line, 
illustrating the change in HDL levels associated with 
a one-unit increase in triglyceride levels. The intercept 
term, 80.08752, denotes the expected HDL level when 
triglyceride levels are zero, though this scenario might 
not be practically relevant. Overall, this model suggests a 
linear relationship between HDL and triglyceride levels, 
with HDL decreasing by approximately 0.257810 units 
for every one-unit increase in triglycerides. The R2  is 
given as 45.89%. In this case, with an R-squared value 
of 45.89%, approximately 45.89% of the variability in 
HDL levels can be attributed to the linear relationship 
with triglyceride levels as captured by the model, 
suggesting a moderate level of explanatory power 
in elucidating the variation in HDL levels based on 
triglyceride levels.
For the testing model, the model was given as HDL 
= 79.54118-0.23966 (Trig) + iå . In this simple linear 
regression model, the HDL (high-density lipoprotein) 
levels are predicted based on triglyceride levels, as 
denoted by the equation HDL = 79.54118 - 0.23966(Trig). 
The coefficient for triglycerides, -0.23966, indicates 
the expected change in HDL levels for every one-unit 
increase in triglyceride levels, while the intercept term, 
79.54118, represents the predicted HDL level when 
triglyceride levels are zero, though this scenario may 
not be practically relevant. The model’s performance is 
evaluated using the R-squared value, which measures 
the proportion of variance in HDL levels explained 
by the model. With an R-squared value of 47.29%, 
approximately 47.29% of the variability in HDL levels 
can be accounted for by the linear relationship with 
triglyceride levels as depicted by the model, indicating 
a moderate degree of explanatory power in capturing 
the variation in HDL levels based on triglyceride levels.
A comparison was conducted between parametric 
and nonparametric simple regressions by evaluating 
the R-squared values of both the training and testing 
datasets. The initial examination was centered on 
the R-squared values, revealing that nonparametric 
regression consistently yields higher values compared to 
simple linear regression. Specifically, in nonparametric 
regression, both the training and testing datasets exhibit 
the highest R-squared values when contrasted with 

parametric regression. This observation underscores 
the superiority of nonparametric simple regression, 
particularly in scenarios where the data deviates from a 
normal distribution.

CONCLUSION
In comparing nonparametric and parametric regressions, 
it’s evident that nonparametric models exhibit higher 
R-squared values, indicating better explanatory power. 
For the nonparametric regression models, both training 
and testing datasets yield notably high R-squared values- 
79.2% and 73.6%, respectively suggesting strong fits. 
The nonparametric models, represented by HDL = 
42.5656 + 8.901 s(Trig) for training and HDL = 42.4400 
+ 8.899 s(Trig) for testing, utilize smoothing functions 
to capture complex relationships between HDL and 
triglyceride levels. Conversely, parametric regression 
models demonstrate lower R-squared values, with 
45.89% for training and 47.29% for testing, indicating 
comparatively weaker fits. The parametric models, 
represented by HDL = 80.08752 - 0.257810(Trig) 
for training and HDL = 79.54118 - 0.23966(Trig) for 
testing, assume a predefined linear relationship between 
HDL and triglycerides. Overall, the results suggest that 
nonparametric regression offers superior performance, 
particularly in capturing the nuances of the relationship 
between HDL and triglyceride levels compared to 
parametric approaches.
Non-parametric regression analysis provides a 
practical solution in scenarios where conventional 
regression assumptions may be invalid, sample 
sizes are restricted, or outliers significantly impact 
observations, thus diminishing the reliability of the 
least squares method. Real-world data often strays 
from the idealized normal distribution, challenging 
traditional regression methodologies. This discrepancy 
underscores the need for robust regression techniques 
capable of accommodating non-normally distributed 
data and attenuating outlier effects23, 25. Non-parametric 
regression methods, devoid of specific parametric 
assumptions, offer enhanced adaptability and resilience 
in managing diverse data distributions, rendering them 
particularly advantageous in contexts where underlying 
data characteristics are less predictable or deviate 
from conventional norms. Non-parametric methods 
entail fewer assumptions regarding the population 
distribution underlying the sample compared to 
parametric methods22. While parametric approaches 
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often assume a predetermined distributional form, 
nonparametric methods do not, enabling greater 
adaptability to intricate datasets. This flexibility 
renders nonparametric techniques particularly useful 
for real-world data exhibiting atypical distributional 
characteristics. Consequently, nonparametric methods 
are employed when the distribution of data is unknown. 
This statistical modeling approach is characterized by 
its flexibility and robustness.
In conclusion, the employment of non-parametric 
regression models to explore the associations between 
HDL and Triglycerides offers a methodologically 
sound approach. Utilizing non-parametric methods, 
such as bootstrap resampling, ensures the robustness 
and reliability of estimating uncertainties linked with 
the model. Bootstrap resampling involves repeatedly 
sampling observations from the dataset to construct 
multiple datasets, thereby providing a more accurate 
estimation of model uncertainty. Furthermore, by 
incorporating both training and testing datasets, this 
modeling strategy permits the evaluation of predictive 
performance and generalizability. Training data are 
used to develop the model while testing data are utilized 
to assess how well the model can predict outcomes 
on new, unseen data. This practice offers valuable 
insights into the model’s potential performance 
in real-world applications. The amalgamation of 
nonparametric regression, bootstrap resampling, 
and meticulous consideration of training and testing 
datasets enhances the precision and applicability of 
the models. This comprehensive approach facilitates 
a deeper understanding of the complex relationships 
between dietary factors and health outcomes, thereby 
contributing to advancements in health research and 
policy-making.
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Appendix
# simple nonparametric regression
if(!require(psych)){install.packages(“psych”)}
if(!require(mblm)){install.packages(“mblm”)}
if(!require(quantreg)){install.packages(“quantreg”)}
i f ( ! r e q u i r e ( r c o m p a n i o n ) ) { i n s t a l l .
packages(“rcompanion”)}
if(!require(mgcv)){install.packages(“mgcv”)}
if(!require(lmtest)){install.packages(“lmtest”)}
if(!require(Rfit)){install.packages(“Rfit”)}
d a t a = r e a d . t a b l e ( h e a d e r = T R U E , 
stringsAsFactors=TRUE, text=”
HDL  Trig 
39  144 
23  205
32  227
38  160
90  122“)
###  Order factors by the order in data frame
###  Otherwise, R will alphabetize them
mydata <- rbind.data.frame(data, stringsAsFactors = 
FALSE)
iboot <- sample(1:nrow(mydata),size=1000, replace = 
TRUE)
Bootdata <- mydata[iboot,]
library(psych)
headTail(Bootdata)
str(Bootdata)
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summary(Bootdata)
index = sample(1:nrow 
(Bootdata),round(0.90*nrow(Bootdata)))
train_data <- as.data.frame(Bootdata[index,])
test_data <- as.data.frame(Bootdata[-index,])
# Print Data
print(train_data)
print(test_data)
############### Modeling Train Data 
###############################
library(mgcv)
model.g = gam( HDL~ s(Trig),
              data = train_data,
              family=gaussian())
summary(model.g)
model.null = gam(HDL ~ 1,
                 data = train_data,
                 family=gaussian())
anova(model.g,
      model.null)
train_data$HDL = as.numeric(train_data$HDL)
train_data$HDL2 = train_data$HDL ^ 2
model.g = lm(HDL ~ Trig, data = train_data)
R2_Training<-efronRSquared(actual=train_
data$HDL, 
residual=model.g$residuals)
R2_Training
print(R2_Training)
############### Plotting Data #################
###############
library(lmtest)
lrtest(model.g,
       model.null)
library(rcompanion)
plotPredy(data  = Bootdata,
          x     = Trig ,
          y     = HDL,
          model = model.g,

          xlab  = “Trig”,
          ylab  =”HDL” )
Pvalue    = 2.2e-16
R2        = 0.742
t1     = paste0(“p-value: “, signif(Pvalue, digits=3))
t2     = paste0(“R-squared (adj.): “, signif(R2, digits=3))
text(210, 43, labels = t1, pos=3.8)
text(180, 40, labels = t2, pos=4)
############### Prediction Testing Data 
#####################
options(warn=-1)
library(mgcv)
model.g1 = gam( HDL~ s(Trig),
               data = test_data,
               family=gaussian())
summary(model.g1)
R2_Testing<-efronRSquared(residual=model.
g1$residuals, predicted=model.g1$fitted.values)
R2_Testing
print(R2_Testing)
# R-square for Training data and R-square for Testing 
data
print(paste(R2_Training,R2_Testing))
#Plots of residuals 
 x = residuals(model.g ) 
i f ( ! r e q u i r e ( r c o m p a n i o n ) ) { i n s t a l l .
packages(“rcompanion”)} 
 library(rcompanion) 
 plotNormalHistogram(x)
############################################
#######################
#  for simple linear regression
Model <- lm(HDL~Trig,data=train_data)  # build the 
model
summary(Model)
R2_Training1<-efronRSquared(actual=train_
data$HDL, 
residual=Model$residuals)
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R2_Training1
print(R2_Training1)
############################################
######################
Model1 <- lm(HDL~Trig,data=test_data)  # build the 
model
summary(Model1)
R2_Testing1<-efronRSquared(residual=Model1$resid
uals, predicted=Model1$fitted.values)
R2_Testing1
print(R2_Testing1)
# R-square for Training data and R-square for Testing 
data
print(paste(R2_Training1,R2_Testing1))
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