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Data analytics is increasingly important in agriculture, particularly in smart farming, enhancing 
decision-making and sustainability. Research on factors affecting moisture content removal in 
black pepper drying using solar dryers is crucial for cost reduction and improving product quality 
and quantity. This drying process involves numerous parameters, resulting in big data complexity. 
Heterogeneity among these parameters can introduce bias, leading to incorrect inferences, while 
multicollinearity and outliers impact model validation and interpretation. This study proposes hybrid 
models of sparse and robust regression to solve the heterogeneity problem using black pepper big 
data. Sparse regression techniques such as elastic net, ridge and LASSO are used to identify the 25, 
35, 45, 55 and 100 highest-ranking variables for black pepper moisture content removal. These models 
are hybridized with robust regression estimators (M Bi Square, M Hampel, M Huber, S and MM) for 
handling outliers. Results indicate that before heterogeneity, the hybrid Ridge model with M Bi-Square 
performs best under both 2-sigma and 3-sigma limits. After heterogeneity removal, LASSO model with 
S estimator proves to be the most effective across both limits.
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Data analytics in statistics is an effective method for analysing complex data to gain meaningful insights, 
supported by visualisation tools to summarise data, detect trends, and aid decision-making across various 
fields1. In agriculture, it plays a vital role in smart farming by enhancing efficiency, sustainability, and crop yields. 
Managing complex and varied agricultural data requires efficient systems for fast and reliable processing2. By 
integrating advanced systems and innovations such as machine learning, the Internet of Things (IoT), Artificial 
Intelligence (AI), sensors and automation, smart farming empowers farmers with real-time insights and 
optimised decision-making3. This innovative approach addresses global issues like food security, climate change, 
and increasing costs while improving resource efficiency and promoting sustainable agricultural practices4. 
Notably, these technologies significantly enhance various stages of herb and spice cultivation and processing, 
preserving and improving their quality. A notable example is black pepper.

Black pepper, renowned as the “King of Spices” enjoys widespread recognition and is extensively consumed 
as a spice worldwide. Peppercorns that are almost ripe or have a greenish appearance are sun-dried until they 
turn brownish black to produce black pepper. The main processing steps involved in black pepper production 
include harvesting, blanching, drying, cleaning, grading, packaging and storage5. Piperine, a significant bioactive 
compound in black pepper, exhibits diverse physiological and drug-like effects. Black pepper, the most traded 
spice globally, particularly in Asia, witnessed Vietnam, Brazil, Indonesia, India, and Malaysia as the leading 
producers in 20226.

The primary method for preserving black pepper is through the drying process, crucial for moisture removal 
and prevention of microbial decay. Water activity is a crucial determinant of the stability, safety, and quality of 
agricultural products. It represents the amount of free water available for microbial and biochemical reactions, 
which directly affects product shelf life and nutritional properties7. Controlling water activity is therefore 
essential in the drying of black pepper, as inadequate or uneven moisture removal can increase the available 
water for microbial growth and oxidative reactions8. Such reactions accelerate the degradation of essential oils 
and bioactive compounds like piperine, which are responsible for black pepper’s distinctive aroma, flavour and 
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therapeutic properties9. Therefore, maintaining optimal water activity through effective drying techniques is 
essential to ensure microbial safety, chemical stability and overall product quality.

Drying also minimizes pest infestations and reduces the pepper volume and weight of the pepper for better 
storage and transportation suitability10. Harvested peppercorns typically contain around 65 to 70% d.b. moisture 
and require drying to achieve a moisture content of 11% to 12% for storage. Sun- drying black pepper, which is a 
conventional method, presents challenges like a significantly prolonged drying period and contamination from 
dust, dirt, insects and other pollutants, thus negatively affecting the quality of products. Meanwhile, mechanical 
drying systems like tunnel dryers and fluidized bed dryers also exhibit drawbacks, such as their inefficiency, high 
usage of fossil fuels, and a requirement for substantial labour11.

Solar dryers present a promising alternative to conventional methods in drying technology, as they can 
effectively control moisture loss during drying to preserve product quality and nutritional value. They offer 
numerous advantages, including requiring less space, producing clean and high-quality commodities, avoiding 
insect and animal threats and providing a controlled drying process12–14. However, assessing solar dryer efficiency 
requires consideration of various factors impacting the dried product quality. Several research studies have 
explored solar dryers for black pepper drying, with15 achieving a final moisture content of 9.4% over a—12 h 
drying period using an indirect-type solar-biomass hybrid dryer. These findings demonstrated the enhanced 
product quality achievable with solar dryers compared to conventional methods.

However, drying black pepper using a solar dryer with smart IoT monitoring systems involves numerous 
parameters, resulting in complex big data processing in the cloud database. These complexities come with many 
challenges, particularly in agricultural data analysis, where issues such as heterogeneity, multicollinearity and 
outliers are common16,17. Addressing these issues through advanced data analytics is essential for improving 
agricultural processes and ensuring the sustainable cultivation of crops like black pepper. In Malaysia, these 
challenges have resulted in losses of over 25% of the nation’s pepper crop18. Therefore, this highlights the need 
for developing a hybrid solar dryer with optimized parameters to preserve the crop’s nutritional value.

From an agricultural perspective, identifying the key parameters that influence moisture content removal 
provides valuable insights for improving drying performance and preserving the nutritional quality in black 
pepper. These parameters determine the drying rate and uniformity, which in turn affect the biochemical 
stability of bioactive compounds such as piperine and volatile oils. By identifying the significant factors that 
most strongly influence moisture diffusion and evaporation behavior, variable selection helps optimize drying 
conditions that maintain desirable product quality. However, this process is challenging since black pepper 
drying involves many interdependent parameters, such as temperature, humidity and air velocity, which can 
vary widely and introduce heterogeneity into the data.

One major issue in agricultural big data is heterogeneity, which denotes the degree of variability within the 
parameters due to factors like differences in parameters as well as varying units for factors such as solar radiation, 
relative humidity and temperature17–19. This variability introduces noise into the data, making it difficult to 
obtain reliable measurements from different sensors. When this inconsistent data is used in predictive models, 
especially those depending on factors like temperature and humidity, it can significantly lower their accuracy. 
Addressing this heterogeneity is crucial for optimizing drying efficiency, improving product quality, and ensuring 
consistent outcomes. Otherwise, it can result in incorrect predictions, poor decisions, financial losses, and lower 
product quality20. Heterogeneity could restrict result applicability due to lack of agreement at the study level21. 
Studies like22 highlighted that the assumption of homogeneity poses a significant challenge, as it contributes to 
heterogeneity issues, which can lead to biased and inconsistent standard errors. Separately,16 demonstrated that 
examining heterogeneity in seaweed big data enhanced the understanding of drying parameters dynamics and 
enabled more effective predictive modelling.

Another challenge is multicollinearity, which arises when two or more independent variables in a multiple 
linear regression model exhibit a strong linear association, potentially impacting the model’s stability23. This 
issue may lead to inaccuracies in parameter evaluation within regression models by inflating the standard 
errors, causing some previously significant variables to be statistically insignificant24. As a result, the estimated 
parameters in regression models become inconsistent and lack reliability, leading to a decrease in their 
precision25. Consequently, the model becomes less effective at making accurate forecasts, and there is a higher 
risk of overfitting the data. To address multicollinearity, variable selection can be combined with machine 
learning techniques to improve parameter estimates26.

Outliers tend to occur in agricultural data due to uncontrollable factors and natural variation27. These outliers, 
which deviate from the typical pattern or structure of the distribution, can arise from factors like human error, 
instrument errors, setup errors, mechanical problems and environmental changes28. The existence of outliers 
in data causes incorrect estimates of parameters, thus decreasing model precision and leading to unreliable 
results. Furthermore, they significantly affect sample mean and standard deviation in statistical analysis, leading 
to either overestimation or underestimation of values. This serves as a simple illustration of how undesired 
outliers might impact data analysis outcomes29. Given these challenges, particularly the simultaneous presence 
of multicollinearity and outliers, recent research has explored advanced techniques such as quantile-based 
robust ridge regression estimators, modified robust ridge M- estimators and penalized M- estimators which are 
designed to provide more reliable parameter estimates and enhance model precision30–33. On top of that, due 
to numerous factors affecting the moisture content removal of black pepper resulting in big data complexity, 
variable selection via machine learning algorithms is performed to identify significant factors. Insignificant 
variables are then removed to reduce overfitting and improve prediction accuracy.

Existing literature on black pepper, especially using solar dryers, is limited to a few studies by15,34,35. While 
some research has addressed multicollinearity for black pepper (for example, by35), heterogeneity and outliers in 
the context of moisture content removal for black pepper remain unexplored. Understanding of heterogeneity in 
the application of big data for black pepper in agriculture remains limited despite its obvious presence in actual 
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agricultural data. For instance,16 investigated heterogeneity in seaweed drying, employing hybrid models using 
seven machine learning algorithms (Elastic Net, Ridge, Lasso, Bagging, Support Vector Machine, Random Forest, 
and Boosting) with robust regression methods (M Bi-Square, M Hampel, M Huber, MM and S) to identify the 
significant drying parameters influencing moisture content removal for 45 highest important variables before 
and after addressing heterogeneity. Similarly, a study by36 focused on multicollinearity and heterogeneity in 
seaweed drying, applying Ridge, LASSO and Elastic Net machine learning algorithms, but uses only box plots 
to detect outliers. These studies, however, are specific to seaweed data, highlighting a notable gap in agricultural 
research on black pepper.

Additionally, a literature gap exists regarding the consideration of interaction terms in agriculture, particularly 
for black pepper. Studying the effects of interaction variables is important, as the relationship between two 
or more variables can be studied thus providing a meaningful result and preventing bias27. Furthermore, no 
prior work has explored the use of hybrid sparse and robust regression models to identify the most influential 
parameters affecting moisture content removal in black pepper. Understanding these parameters is an essential 
step toward optimizing drying efficiency and ensuring consistent product quality. This highlights the broader 
potential of statistical modelling approaches to enhance process optimization and data-driven agricultural 
applications.

To address gaps in the existing literature, this study aims to determine the significant drying parameters of 
black pepper that directly impact heterogeneity and assess their effects on moisture content removal, both before 
and after eliminating heterogeneity parameters. Additionally, hybrid models that combine sparse and robust 
regression techniques are proposed to address heterogeneity in black pepper big data and enhance the accuracy 
of predicting the moisture content removal during the black pepper drying process. The selection of significant 
parameters is conducted using the 25,35,45,55 and 100 highest ranking variables, which include interaction 
factors, by applying three sparse regression models, namely elastic net, ridge and LASSO. Furthermore, hybrid 
models are developed by integrating these sparse models with robust regression estimators (M Bi-Square, M 
Huber, M Hampel, S and MM estimators) to address multicollinearity and outliers effectively. The performance 
and accuracy of the models are first assessed using evaluation metrics, while the best model selection is 
determined using the eight selection criteria (8SC).

Methodology
Flowchart of study
The study is divided into 3 phases outlined in Fig. 1, mapping the study’s objectives.

Phase I: This project begins by collecting data from the black pepper drying process, applying the Modified 
Hybrid Solar Dryer (MHSD) in Setiu, Terengganu, Malaysia. The computations cover all possible models, 
considering interactions up to the second order. R software is used to verify the assumptions related to linearity, 

Fig. 1.  Flowchart of the study.
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errors, independent variables, and multicollinearity. Next, this study will use Variance Inflation Factor (VIF) 
and boxplot analysis to identify the significant parameters that show heterogeneity, as employed by16 and17. 
Therefore, these techniques will be included in this study. The VIF is computed using the vif() function from 
the ‘car’ package in R, involving the original dataset while considering only the main effects of the independent 
variables. R-squared values for main drying parameters can be determined through Eq. (1) with the VIF values 
obtained.

	
R2 = 1 − 1

V IF
� (1)

Once the minimum and maximum R-squared values are identified, the average R-squared value for the main 
drying parameters is computed. This value then serves as a benchmark for detecting heterogeneity. When the 
R-squared value for the primary drying parameters falls below this benchmark, it suggests potential heterogeneity.

Phase II: Ridge, LASSO and elastic net are the three proposed sparse regression techniques that will be 
implemented in R software to select variables and identify key parameters affecting moisture ratio removal of 
black pepper. Consequently, these mentioned sparse regression techniques will independently select the highest-
ranking 25, 35, 45, 55 and 100 variables. The machine learning algorithms proposed can provide information 
about the ranking of the important variables but do not specify the exact number of significant variables to 
include in a model37. The model’s performance and accuracy will be assessed using the evaluation metrics Sum 
of Squared Error (SSE), Mean Squared Error (MSE), Mean Absolute Percentage Error (MAPE), and R-squared.

Phase III: Hybrid models are then developed using the mentioned sparse regression techniques with robust 
regression estimators such as M Bi Square, M Huber, M Hampel, S and MM estimators. Outliers are then identified 
using robust estimation and the two—and three—sigma limits. The best models, before and after removing 
heterogeneity parameters, are selected using 8SC which include the Akaike Information Criterion (AIC), Final 
Prediction Error (FPE), Generalized Cross-Validation (GCV), Hannan-Quinn information criterion (HQ), Risk 
Inflation Criterion Estimate (RICE), SCHWARZ, SGMASQ, and SHIBATA.

Data description
The solar dryer used in this study is the Modified Hybrid Solar Dryer (MHSD), installed in Setiu, Terengganu, 
Malaysia, due to the predominant economic activities being the cultivation and drying of black pepper. 
Categorized as a forced convection indirect type, MHSD was adopted as the smart farming technology to dry 
the black pepper, as illustrated in Fig. 2.

This study examines the moisture content in black pepper will be observed as the dependent variable, while 
the independent variables include solar radiation, ambient temperature, ambient relative humidity, collector 
temperature, chamber temperature and chamber relative humidity. The data consists of 1924 observations with 
29 independent variables and one dependent variable. Interaction variables up to second order will also be 
considered. For instance, T1T5 indicates the interaction between T1 and T5. As a result, the data includes 29 

Fig. 2.  MHSD simulation diagram.
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main variables and 406 interaction variables, making an overall count of 435 independent variables that impact 
the moisture content removal of black pepper.

Multiple linear regression (MLR)
MLR model serves as a statistical method for analysing how a dependent variable yi relates to multiple 
explanatory variables xi = (xi1, xi2, · · · , xip) where p represents the explanatory variables. Consider an MLR 
with n observations:

	 y = Xβ + ε� (2)

where y is a n × 1 vector representing the dependent variables, while X  is the n × p design matrix. The 
unknown parameters are represented by β, a p × 1 vector and ε is the n × 1 error term, which is normally 
distributed with a mean of zero, consisting of uncorrelated errors and homoscedastic38.

Ordinary Least Squares (OLS) is a regression analysis technique for estimating β by minimizing the sum 
of squared differences between the observed and the predicted values of the dependent variable y17. According 
to39,40, the OLS estimator of β is obtained by minimizing εε′ as follows:

	 εε′ = (y − Xβ) ′ (y − Xβ) = y′y − 2β′X′y + β′X′Xβ

	 ∂
(
εε′) / (∂β) = −2X ′y + 2X′Xβ = 0

	 X′Xβ = X ′y

	 β̂ = (X′X)−1
X ′y� (3)

From Eq.  2, if yi represents the outcome, then xi = (xi1, xi2, · · · , xip)T  denotes the predictor vector for 
the ith case. In MLR model, parameter estimation is performed using the OLS method, where the coefficients 
β = (β0, β1, β2, · · · , βp)T  are determined to achieve the best fit by minimizing the sum of squared residuals 
(SSR)41–43. The SSR is expressed as:

	
SSR =

n∑
i=1

(
yi − β0 −

p∑
j=1

βjxij

)2

� (4)

Heterogeneity identification
As mentioned by16,17,22, the following multiple linear regression model is considered:

	 Yi = β0 + β1Ti,1 + β2Ti,2 + . . . + αj + εi� (5)

Here, Yi  for i = 1,2, …, n corresponds to the observed moisture content for the ith case, estimates β′s denote 
the regression coefficients for the predictor variables (which refer to the drying parameters, T′s), αj  represents 
the parameters exhibiting heterogeneity for j = 1,2, …, f and ε is random error. Omitting an important variable 
from the regression equation can result in inaccurate and biased estimates of β. Additionally, there is a risk that 
variables may correlate with the error term, leading to a violation of regression assumptions. VIF is the most 
commonly used and simplest method to detect the presence of multicollinearity26. Stronger linear relationships 
between variables result in higher R2 values and subsequently lead to increased V IFi

44. A higher V IF  indicates 
more serious multicollinearity among variables, with values exceeding 10 indicating its presence. VIF is defined 
as:

	
V IF = 1

1 − R2 � (6)

hence, R2 = 1 − 1
V IF .

Hybrid sparse and robust regression techniques
This study uses sparse regression models as the variable selection approach to select significant factors affecting 
the moisture ratio removal of black pepper. Robust regression models are employed to detect outliers effectively. 
Robust regression offers a more effective approach than traditional regression techniques, particularly for 
datasets containing outliers and heteroscedasticity, enabling more precise and efficient parameter estimation20. 
However, for sparse regression, standardizing both the independent and dependent variables before the 
estimation process is essential, ensuring they have a zero mean and unit variance. This way, the results do 
not depend on the measurement scale, ensuring that independent variables have equal consideration and 
are on a comparable scale45. The focus on standardization is on sparse regression because of its effectiveness 
in addressing multicollinearity due to the interaction of variables. Therefore, combining sparse and robust 
regression techniques can further improve forecasting and enhance black pepper moisture removal prediction 
by addressing multicollinearity and outliers.
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Sparse regression models
Ridge regression
Ridge, referred to as L2 regularization, is commonly used in statistics and machine learning, as it works by 
regularizing the estimated coefficients and is particularly effective in handling multicollinearity issues in 
the data46. By shrinking the coefficients towards zero, Ridge regression helps reduce overfitting, though the 
coefficients will never reach exactly zero. This improves prediction accuracy, but at the cost of a slight increase 
in bias47.

According to20,22, the ridge regression coefficients estimate β̂RR minimize:

	
LRR (β) =

n∑
i=1

(
yi − β0 −

p∑
j=1

βjxij

)2

+ λ

p∑
j=1

β2
j = SSR + λ

p∑
j=1

β2
j � (7)

where λ ≥ 0 serves as the regularization parameter that controls the shrinkage effect and L2 penalty is the second 
term. Ridge regression determines the coefficient estimates that minimize the SSR while ensuring a good fit to 

the data. The term  λ
p∑

j=1
β2

j  serves as the shrinkage penalty. One advantage of ridge regression is its ability to 

minimize bias in large datasets. By constraining the coefficient estimates, ridge regression reduces the estimator’s 
variance, introducing some bias as a trade-off. However, ridge regression applies continuous shrinkage to 
coefficients without setting any to zero, leading to a less interpretable model while retaining all predictors.

LASSO regression
LASSO regression or Least Absolute Shrinkage and Selection Operator regression, also known as L1 regularization, 
is a regression analysis method that combines parameter shrinkage with variable selection48,49. Unlike Ridge 
regression, LASSO regression has the ability to shrink some coefficients to zero when the regularization 
parameter, λ is large50. In other words, it shrinks certain regression coefficients while completely eliminating 
others if they are insignificant, effectively performing variable selection51. As a result, LASSO produces a 
simpler, more efficient model by removing irrelevant data and reducing the number of parameters. This makes 
it particularly useful for handling multicollinearity and preventing overfitting47.

The LASSO coefficient regression estimate β̂LASSO , minimize52:

	
LLR (β) =

n∑
i=1

(
yi − β0 −

p∑
j=1

βjxij

)2

+ λ

p∑
j=1

|βj | = SSR + λ

p∑
j=1

|βj |� (8)

Here, λ  represents a positive regularization parameter and the second term corresponds to the L1 penalty53. 
LASSO regression stands out as a versatile and effective method for handling complex datasets and improving 
predictive modelling outcomes51. Nevertheless, the L1 penalty term in LASSO applies the same penalty to all 
coefficients, which can introduce bias, especially for large coefficients. This approach can sometimes exclude 
important variables if they have relatively smaller coefficients.

In this study, the optimal tuning parameters (λ₁ for Lasso and λ₂ for Ridge regression) were selected using 
five-fold cross-validation implemented through the cv.glmnet() function in R. According to54, the λ₂ penalty is 
first evaluated over a predefined grid of values, and for each λ₂ value, the Elastic Net solution path is obtained. 
The selected λ₂ is the value that produces the lowest cross-validation error. The second tuning parameter, λ₁, is 
then selected through five-fold cross-validation. Cross-validation is one of the most effective and widely used 
approaches for selecting tuning parameters, as it directly estimates prediction error. Five-fold cross-validation 
is adopeted due to computational efficiency, while maintaining relatively low bias and varianc. This process 
ensures a balanced trade-off between bias and variance, thereby improving predictive accuracy and model 
generalization55.

Elastic net
Elastic Net regression was introduced to address the instability of LASSO when predictors are highly correlated, 
making it a robust solution for analysing high-dimensional data56. Elastic Net regression integrates the properties 
of Ridge (L2) and Lasso (L1) norms as a regularization technique. By integrating both penalties, it balances 
feature selection with coefficient stability, making it effective for handling datasets with highly correlated 
features. Moreover, it effectively addresses multicollinearity among predictor variables57.

According to54, the coefficient of the Elastic Net regression estimate β̂ENR minimize:

	

LENR (β) =
n∑

i=1

(
yi − β0 −

p∑
j=1

βjxij

)2

+ λ1

p∑
j=1

|βj | + λ2

p∑
j=1

β2
j

= SSR + λ1

p∑
j=1

|βj | + λ2

p∑
j=1

β2
j

� (9)

where the parameter λ1 represents L1 regularization parameter, which determines the strength of the Lasso 
penalty, while λ2 corresponds to the L2 regularization parameter, managing the effect of the Ridge penalty. 
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The Elastic Net offers the advantage of enforcing sparsity while allowing flexibility in selecting variables58. 
Additionally, it also encourages grouping among highly correlated variables. However, one concern with this 
approach is the risk of double shrinkage in naive elastic nets, requiring careful consideration when applying it17.

Robust regression estimations
M estimation
According to24,33,59, M-estimation builds on the maximum likelihood estimation method while also providing a 
more robust approach. The M-estimator minimizes the function ρ(∙), which operates on the residuals. It is given 
by:

	
β̂ME = argmin

β

n∑
i=1

ρ (ei (β))� (10)

The function ρ represents a ρ− type M-estimator. Assuming σ is known, the residuals for β are estimated as 
ei = yi − βT xi. In M-estimation, β will minimize the objective function:

	

n∑
i=1

ρ

{
ei (β)

σ

}
� (11)

The σ is estimated in a robust way, and the scale of σ̃ME  in M-estimator has a defined solution:

	

1
n

n∑
i=1

ρ
(

ei

σ

)
= 1

n

n∑
i=1

ρ

(
yi − βT xi

σ

)
= k� (12)

where β is the p × 1 parameter vector, and the function ψ yields:

	

∑
i

ψ (ei)
∂ei

∂βi
for i = 1, 2, . . . , p� (13)

The derivative  ψ (e) = ∂ρ(e)
∂(e)  impacts the function. The weight function is expressed as :

	
w (e) = ψ (e)

e
� (14)

where the function ψ (e) is defined as:∑
i

w (ei) ei
∂ei
∂βi

= 0, for i = 1, 2, . . . , p.
The objective is to solve the iterated re-weighted least square equation as follow:

	
min

∑
i

w
(

e
(k−1)
i

)
e2

i � (15)

where k represents the iteration number.
The M robust regression is divided into M-Bi- Square Tukey, M-Huber and M-Hampel. Table 1 provides a 

summary of the three types of M-robust regression methods.

S-estimation
Based on the discussion by59,60, S-estimators which is proposed by Rousseeuw and Yohai derives from the 
residual scale used in M- estimation. The main limitation of M-estimation is that it does not account for the 
overall data distribution since it relies only on the median as the weighted value, making it less representative of 

Methods Objective function Weight function

Bi-Square ρBS =

{
k2
6

{
1 −

[
1 −

(
e
k

)2
]3}

for |e| ≤ k

k2
6 for |e| > k

wBS =

{ [
1 −

(
e
k

)2
]2

for |e| ≤ k

0for |e| > k

Huber ρHuber =
{

1
2 e2for |e| ≤ k

k |e| − 1
2 k2for |e| > k

wHub =
{

1for |e| ≤ k
k

|e| for |e| < k

Hampel ρHam =

{
e2
2 , 0 < |e| < a

a |e| − e2
2 , b < |e| ≤ c

−a
2(c−b) (c − e)2 + a

2 (b + c − a) , b < |e| ≤ c

wHam =

{ 1for0 < |e| < a
a

|e| forb < |e| ≤ c

a
c

|e| −1

c−b forb < |e| ≤ c

Table 1.  Description of M-estimation robust regression.
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the entire dataset. To overcome this, the method incorporates the residual standard deviation. The S-estimator 
is defined by:

	 β̂S = minβ σ̂sd (e1, e2,e3, . . . ., en)

with identifying the minimum robust scale estimator σ̂S  and ensuring

	
min

n∑
i=1

ρ

(
yi −

∑k

j=0 xijβ

σ̂sd

)
� (16)

where

	

σ̂sd =

√√√√ 1
nK

n∑
i=1

wie2
i � (17)

K = 0.199, wi = wσ(ui)=
ρ(ui)

u2
i

 and the initial estimate is:

	
σ̂s = median |ei − median (ei)|

0.6745
� (18)

The solution is determined by taking the derivative with respect to β:

	

n∑
i=1

xijψ

(
yi −

∑k

j=0 xijβ

σ̂sd

)
= 0, i = 0, 1, 2, . . . , k� (19)

ψ is the function as derivatives of ρ:

	
ψ (ui) = ρ′ (ui)

{
ui

[
1 −

(
ui
c

)2
]2

, |ui| ≤ c

0, |ui| > c
� (20)

S-estimators are known to be more robust than M-estimators because they have lower asymptotic bias and 
variance, especially when dealing with contaminated data.

MM-estimation
MM-estimation integrates S-estimation, which has a high breakdown point, with M-estimation61. A study by60 
compared the S, M and MM methods and found that MM was the most effective, as it had the smallest bias and 
mean square error (MSE). According to59, the MM estimation process consists of two steps. First, S-estimation 
estimates the regression coefficients by minimizing residual scale from M-estimation, followed by the application 
of M-estimation. MM estimator can be described as:

	

n∑
i=1

ρ′
1 (ui) Xij = 0 or

n∑
i=1

ρ′
1

(
Yi −

∑k

j=0 Xij β̂j

SDMM

)
Xij = 0� (21)

Here, SDMM  refers to the standard deviation determined based S estimation residuals and ρ represents Tukey’s 
biweight function, given by:
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u2

i
2 − u4

i
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i
6c2 , −c ≤ ui ≤ c
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6 , ui ⟨−corui⟩ c.
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Model evaluation
Assessing a model’s precision is essential in regression analysis. This study evaluates model performance using 
SSE, MSE, MAPE and R-squared as evaluation metrics. These indicators facilitate the comparison of how well 
each regression model predicts moisture content removal. In general, lower MSE, SSE, and MAPE values indicate 
higher prediction accuracy, while a greater R-squared signifies stronger model fit to the data.

Each of these metrics serves a distinct purpose in evaluating model performance. MSE serves as a widely 
used performance indicator that evaluates the average squared deviation between actual and predicted values 
in the dataset. It is particularly useful for models that predict a continuous variable due to its connection to the 
principle of cross-entropy from information theory62. SSE quantifies the difference between the observed data 
and a predictive model, with lower SSE values indicating that the model can more accurately explain the data63. 
MAPE is frequently used as a performance metric for regression models due to its straightforward interpretation 
in relation to relative error. It represents the average absolute error expressed as a percentage over a sample64. 
A MAPE value below 10 indicates a highly accurate forecast, while values exceeding 50 suggest an inaccurate 
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forecast65. Meanwhile, R-squared shows the proportion of variance in the dependent variable that is explained 
by the variation in the independent variables66.

According to17,67, this study will apply the R-squared value ranges outlined in Table 2, to assess regression 
model quality:

Table 3 presents the formulas for the evaluation metrics, where yi denote the actual observations, ŷi denote 
the predicted values, y signifies the average of all observations, and n refers to the total count of observations.

Eight selection criteria
In the next step, the best model from each group is identified using the Eight Selection Criteria (8SC). Based 
on27,68 and69, the 8SC consists of Akaike Information Criterion (AIC), Final Prediction Error (FPE), Generalized 
Cross-Validation (GCV), Hannan-Quinn information criterion (HQ), Risk Inflation Criterion Estimate (RICE), 
SCHWARZ, SGMASQ, and SHIBATA. The optimal model is determined by selecting the one that yields the 
highest number of minimum values across these criteria.

The formulas for 8SC are presented in Table  4. Here, SSE represents the sum of squared errors, k + 1 
corresponds to the number of estimated parameters, and n denotes the sample size. As noted by70, these criteria 
can be applied only when the condition 2 (k + 1) < n is satisfied.

Results and discussion
Table 5 highlights that parameters T7 and T11 exhibit heterogeneity, as their R-squared values fall below the 
benchmark, which is the average R-squared of 0.8372. Moreover, the VIF values are notably high, with the 
highest reaching 76,050.9483, indicating a high level of multicollinearity.

Additionally, the box plot serves as supporting evidence for detecting heterogeneity within the drying 
parameters. It is particularly useful for analyzing symmetry, variability, and identifying potential outliers. The 
boxplot also helps visualize data distribution by showing the median and quartiles for location and using the 
interquartile range to capture variability79. Figure 3 illustrates the variability in the 29 primary drying parameters 
of black pepper. Each box plot corresponds to a specific drying parameter of black pepper, providing insight into 
the variability among the key parameters19. The box plot reveals that the variables T7, T11, H1, H5 and PY show 
variation. Notably, the patterns observed for T7 and T11 align with the earlier R-squared results, confirming 
their heterogeneity. However, while H1, H5 and PY appear heterogeneous in the box plot, their R-squared values 
exceed the benchmark of 0.4843, suggesting that they do not show heterogeneity based on the previous findings.

While data visualization enhances decision-making by improving speed and quality80, it simplifies complex 
data into visual representation, which may lead to some loss of detail. On the other hand,81 highlighted that 
quantitative results from numerical operations and statistical analysis tend to ensure greater accuracy and 

Range of R2  Values Description References

Mean squared error (MSE) MSE = 1
n

n∑
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(yi − ŷi)2 . 33

Sum of squared error (SSE) SSE =
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(yi − ŷi)2 . 33

Mean absolute percentage error (MAPE) MAP E =
[

100
n

] n∑
i=1

∣∣∣ (yi−ŷi)
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Table 3.  Evaluation metrics formulas.

 

Range of R2  Values Description

85% ≤ R2 ≤ 100% Very good

70% ≤ R2 < 85% Good

50% ≤ R2 < 70% Reasonably good

30% ≤ R2 < 50% Reasonably bad

15% ≤ R2 < 30% Bad

0% ≤ R2 < 15% Very bad

Table 2.  Range of R2 values.
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reliability in predictions. Hence, the average R-squared value will be employed in this context to identify 
heterogeneity among the drying parameters, indicating that T7 and T11 exhibit heterogeneity. Once these two 
parameters contributing to heterogeneity and their second-order interaction are removed from the model, 378 
parameters remain for determining the moisture content removal of black pepper. However, note that the ridge 
model can only select significant parameters up to the 89 highest-ranking variables after removing heterogeneity 
parameters, as the remaining ones are insignificant.

Table 6 provides a summary of the analysis comparison based on evaluation metrics, showing the results before 
and after removing heterogeneity parameters. Tables 7 and 8 present the outcomes of the 8SC for the models 
before and after the removal of heterogeneity parameters respectively. Before accounting for heterogeneity, the 
Elastic Net model shows a downward trend in SSE, MSE and MAPE values, while R-squared values increases 
as more high-ranking variables are included. For instance, with the 25 highest-ranking variables, the MSE is 

Fig. 3.  Box plot for black pepper drying parameters.

 

Lowest VIF Highest VIF Lowest R2 Highest R2 Average R2 Parameters exhibiting heterogeneity

3.0711 76,050.9483 0.6744 0.9999 0.8372 T7, T11

Table 5.  Heterogeneity Identification.

 

Model selection criteria Description References

AIC
(

SSE
n

)
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Table 4.  Eight selection criteria formulas.
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62.7179 and the MAPE is 14.61765. When the number of high-ranking variables increases to 100, the MSE 
declines to 48.75784 and the MAPE drops to 12.90658. Meanwhile, the R-squared value increases from 0.8201 
for the 25 highest-ranking variables to 0.8602 for the 100 highest-ranking variables. A similar trend is observed 
in the LASSO and Ridge models, where SSE, MSE and MAPE consistently decrease, while R-squared values 
increase with the inclusion of more high-ranking variables before heterogeneity. In addition, the 8SC values 
also decrease across all criteria as the number of high-ranking variables increases. The 8SC further strengthen 
the evaluation by confirming which model captures the factors that influence the moisture removal in black 
pepper. Since drying efficiency depends on interactions among temperature, airflow and humidity, the model 
with the lowest 8SC values is more likely to represent these relationships accurately. This ensures that the selected 
model not only minimizes error metrics but also provides a reliable representation of the moisture reduction 
process. Overall, adding more variables consistently improves model performance, as indicated by lower error 
metrics, higher R-squared values and decreased 8SC values. After addressing heterogeneity, this pattern remains 
consistent across all three models. Generally, selecting a larger number of high-ranking variables improves 
predictive accuracy, which confirms the findings of19,33.

The Elastic Net model consistently performs better than the Ridge and LASSO models for the 25, 35, 45, 55 
and achieves its best results for 100 highest ranking variables before the removal of heterogeneity parameters. 
This advantage is evident from the Elastic Net model’s lower SSE, MSE and MAPE, along with its higher 
R-squared values. The higher R-squared values indicate that the model explains a greater percentage of variation 
in moisture content removal for black pepper compared to Ridge and LASSO. For example, achieving an 
R-squared value of 0.8602 for the 100 highest important variables, the Elastic Net model accounts for 86.02% 

Machine learning models Highest Important Variables AIC FPE GCV HQ RICE SCHWARZ SGMASQ SHIBATA

Elastic Net

25 64.43607 64.43618 64.44795 66.24278 64.46004 69.46604 63.57703 64.41296

35 58.35419 58.35444 58.37488 60.63182 58.39611 64.75461 57.28263 58.31433

45 54.83302 54.83352 54.86488 60.29664 54.89782 62.63196 53.55314 54.77229

55 54.15528 54.16052 54.31018 57.58240 54.47740 62.51839 52.45918 53.87690

100 53.94150 53.94238 53.98812 57.25186 54.03668 63.42084 51.41674 53.85357

Ridge

25 100.0249 100.0250 100.0433 102.8294 100.0621 107.83293 98.69136 99.98898

35 62.76986 62.77013 62.79212 65.21984 62.81496 69.6546 61.61721 62.72699

45 60.55568 60.55623 60.59086 63.59199 60.62724 69.16855 59.14223 60.48862

55 59.24027 59.24125 59.29148 62.87582 59.34481 69.65079 57.56574 59.14371

100 57.12154 57.12706 57.28492 63.59928 57.46130 76.49045 54.27776 56.82792

LASSO

25 64.91212 64.91223 64.92409 66.73218 64.93627 69.97925 64.04673 64.88884

35 61.09099 61.09126 61.11265 63.47544 61.13488 67.79159 59.96917 61.04927

45 55.33281 55.33331 55.36496 58.10725 55.39820 63.20283 54.04127 55.27153

55 54.98971 54.99062 55.03724 58.36440 55.08675 64.65326 53.43533 54.90008

100 54.33572 54.34096 54.49113 60.49753 54.65890 72.76000 51.63063 54.05641

Table 7.  The 8SC for models before removing heterogeneity parameters.

 

Machine Learning Models Highest Important Variables

Evaluation Metrics before heterogeneity Evaluation Metrics after heterogeneity

SSE MSE MAPE R2 SSE MSE MAPE R2

Elastic Net

25 120,669.2 62.71790 14.61765 0.8201228 131,564.8 68.38090 14.56960 0.8038811

35 108,149.6 56.21083 13.67150 0.8387853 116,171.3 60.38012 13.73545 0.8268276

45 100,572.8 52.27275 13.07322 0.8400798 114,426.0 59.47298 13.75388 0.8294293

55 97,914.47 50.89109 13.06336 0.8540425 114,021.0 59.26248 13.71846 0.8300330

100 93,810.08 48.75784 12.90658 0.8601607 106,783.8 55.50094 13.32597 0.8408213

Ridge

25 187,316.2 97.35771 19.69328 0.7207745 145,198.8 75.46713 16.57897 0.7835575

35 116,333.3 60.46430 14.38491 0.8265862 127,026.6 66.02213 14.71922 0.8106461

45 111,069.1 57.72822 13.90969 0.8344334 118,844.8 61.76964 14.10132 0.8228424

55 107,532.8 55.89021 13.63337 0.8397048 118,427.9 61.55299 14.08642 0.8234638

100 98,948.36 51.42846 13.17582 0.8525013 110,705.2 57.53911 13.52590 0.8349757

LASSO

25 121,560.7 63.18123 14.68598 0.8187939 121,990.1 63.40441 14.37650 0.8181538

35 113,221.8 58.84711 13.94504 0.8312243 115,746.6 60.15934 13.90809 0.8274608

45 101,489.5 52.74919 13.28239 0.8487134 114,349.3 59.43310 13.69018 0.8295437

55 99,817.19 51.88004 13.15495 0.8512062 112,408.1 58.42416 13.66430 0.8324374

100/89 for after 94,122.63 48.92029 12.95327 0.8596948 107,155.0 55.69389 13.34491 0.8402679

Table 6.  Comparison before and after removing heterogeneity parameters.
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of the variation, demonstrating strong predictive ability. Since its R-squared values consistently exceed 80%, the 
model quality ranges from good to very good. Although all three models have MAPE values between 10 and 20, 
which suggests a good level of forecasting accuracy, the Elastic Net model maintains lower MAPE values across 
all sets of high-ranking variables, significantly outperforming Ridge and LASSO. In line with these findings, 
all 8SC also identify Elastic Net as the best model, as it consistently records the lowest values across all criteria 
and variable sets. This further confirms that Elastic Net provides the most reliable model fit before addressing 
heterogeneity. Generally, before the removal of heterogeneity parameters, the Elastic Net model which is a 
combination of L1 and L2 regularization proves to be the superior choice, as it maintains a balance between 
variable selection and model stability. This combination enables it to manage highly correlated predictors and 
handle multicollinearity effectively56.

After removing the heterogeneity parameters, the LASSO model shows better predictive performance with 
better accuracy and reduced error for the 25, 35, 45 and 55 highest-ranking variables compared to the other two 
models. Although the Elastic Net model, with 100 variables, records a slightly higher R-squared (0.8408) than 
LASSO with 89 variables (R2 = 0.8403), the difference is minimal. Consistent with these results, the 8SC show 
that LASSO achieves the lowest values for the 25, 35, 45, and 55 variable sets, confirming it as the best model 
in these cases. The 8SC also indicate that Elastic Net has the lowest values for the 100-variable set, although the 
improvement over LASSO with 89 variables is minimal. This suggests that while Elastic Net offers a slightly 
better fit at higher variable counts, LASSO remains the more efficient and stable option after heterogeneity is 
removed. Since LASSO reaches almost the same level of accuracy with fewer significant predictors, it proves 
to be more efficient and stable after the removal of heterogeneity parameters. Similarly to the analysis before 
excluding parameters exhibiting heterogeneity, all three models have MAPE values ranging between 10 and 20, 
suggesting a good level of forecasting accuracy. However, LASSO achieves the lowest MAPE values for the 25, 
35, 45 and 55 highest ranking variables, confirming it strong predictive ability. This also supports the view that 
LASSO works well with high-dimensional data by reducing redundancy, preventing overfitting, and improving 
interpretability47. Elastic Net, on the other hand, continues to perform well as the number of high-ranking 
variables increases due to its strength in managing multicollinearity.

Interestingly, the results indicate that the accuracy of the regression model is unexpectedly reduced by 
the removal of heterogeneity parameters. When parameters are removed from the model, it can lead to a 
loss of meaningful variability, causing the model to overlook important relationships among predictors. Such 
elimination can introduce specification bias in the model, as it may not adequately consider crucial factors 
that influence moisture content removal, ultimately affecting its predictive performance17. Overall, the superior 
performance of the Elastic Net before eliminating heterogeneity parameters implies that retaining this natural 
variability helps capture meaningful interactions among drying factors such as temperature, humidity, and 
airflow. Its minimal sensitivity to heterogeneity further explains why Elastic Net remains stable and reliable 
under varying conditions. Preserving these interdependencies allows the model to more accurately represent real 
drying conditions, leading to improved variable selection and more reliable parameter estimation. In practical 
terms, these findings highlight the importance of considering parameter relationships when optimizing drying 
systems to enhance efficiency and ensure consistent product quality.However, once heterogeneity parameters 
are removed, the data becomes cleaner and less correlated. Consequently, the LASSO model emerges as the 
better predictive model due to its strong regularization effect, which enables it to focus on the most important 
predictors while shrinking less relevant ones to zero. This may explain why LASSO slightly outperformes Elastic 
Net after accounting for heterogeneity.

Figures 4 and 5 present the standardized residual plots of the optimal Elastic Net, Ridge and LASSO models 
with the robust estimators, both before and after removing the heterogeneity parameters, respectively. Table 9 
compares the outlier counts and their corresponding percentages exceeding the 2-sigma and 3-sigma limits for 

Machine learning models Highest Important Variables AIC FPE GCV HQ RICE SCHWARZ SGMASQ SHIBATA

Elastic Net

25 70.25421 70.25432 70.26715 72.22405 70.28034 75.73834 69.31760 70.22900

35 62.68245 62.68272 62.70468 65.12901 62.72748 69.55760 61.53141 62.63964

45 62.38588 62.38645 62.42213 65.51397 62.45961 71.25907 60.92971 62.31679

55 62.81465 62.81568 62.86894 66.66956 62.92550 73.85331 61.03908 62.71226

100 61.64484 61.65079 61.82115 68.63553 62.01150 82.54751 58.57586 61.32796

Ridge

25 77.53462 77.53474 77.54891 79.70859 77.56346 83.58707 76.50095 77.50680

35 68.53964 68.53993 68.56394 71.21481 68.58888 76.05722 67.28104 68.49282

45 64.79505 64.79564 64.83270 68.04393 64.87162 74.01089 63.28264 64.72329

55 65.24243 65.24350 65.29882 69.24633 65.35756 76.70773 63.39823 65.13609

100 63.90861 63.91478 64.0914 71.15602 64.28873 85.57889 60.72693 63.58009

LASSO

25 65.14142 65.14153 65.15342 66.96790 65.16565 70.22644 64.27297 65.11805

35 62.45330 62.45357 62.47544 64.89091 62.49816 69.30331 61.30646 62.41064

45 62.34407 62.34463 62.38029 65.47005 62.41774 71.21130 60.88887 62.27502

55 61.92610 61.92712 61.97962 65.72647 62.03538 72.80860 60.17564 61.82516

89 61.85913 61.86510 62.03605 68.87412 62.22706 82.83446 58.77948 61.54114

Table 8.  The 8SC for models after removing heterogeneity parameters.
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Elastic Net, Ridge and LASSO, applying robust methods before and after addressing heterogeneity, for 25, 35, 45, 
55 and 100 highest-ranking variables. Figures 6, 7 and 8 depict the plots for showing the performance of elastic 
net before and after heterogeneity, ridge before and after heterogeneity and LASSO before and after heterogeneity, 
respectively. Before heterogeneity, the hybrid model shows significant improvements in reducing outliers across 
all three sparse regression models (Elastic Net, Ridge and LASSO). For Elastic Net, the S estimator performs best 
for the 100 highest ranking variables at the 2-sigma limits, reducing outliers from 113 in the original model to 19, 
with an 83% reduction. At the 3-sigma limits, the M Bi-Square estimator proves most effective, lowering outliers 
from 4 to 3 (a 25% reduction). In the Ridge model, the M Bi-Square estimator achieves the highest reduction of 
90% for the 25 highest-ranking variables at the 2-sigma limits, identifying only 14 outliers compared to 144 in 
the original model. Although the MM estimator with 100 variables also performs well with an 84% reduction, 
the improvement is slightly lower, suggesting that the Ridge M Bi-Square hybrid model works most efficiently 
with 25 variables at 2 sigma-limits. Meanwhile, at the 3-sigma limits, the hybrid model with the M Bi-Square 
estimator completely eliminates outliers, lowering the count from 5 to 0 for the 35 highest-ranking variables. 
For LASSO, the S estimator performs best for the 89 highest ranking variables at the 2-sigma limits, detecting 
15 outliers compared to 115 in the original (87% reduction). At the 3-sigma limit, M Bi-Square reduces outliers 
from 7 to 4 for the 25 highest-ranking variables, indicating a 42% decrease.

Following the removal of heterogeneity parameters, the hybrid models continue to show strong reductions 
in outliers. For Elastic Net, the MM and S estimators perform best at the 2-sigma limits, identifying 23 outliers 
among the 55 highest-ranking variables, approximately 85% reduction from the original 158 outliers. At the 
3-sigma limits, the S estimator eliminates all outliers for the 45 and 55 highest-ranking variables, while the 
original model reports 12 and 11 outliers, respectively. This suggests that heterogeneity is a major source of 
outliers, and its removal makes the data appear more normally distributed, reducing the number of detected 
outliers82. In the Ridge model, the S estimator proves to be the most effective for the 45 highest-ranking variables 
at the 2-sigma limits, reducing outliers from 164 to 21 (87% reduction). Similarly, at the 3-sigma limits, it 
remains the best estimator for the 55 high-ranking variables, decreasing outliers from 12 to 1, representing a 91% 
reduction. For LASSO, the S estimator again performs best at both 2-sigma and 3-sigma limits for the 45 highest-
ranking variables, reducing outliers from 163 to 16 (90% reduction) and 14 to 1, with roughly 92% decrease.

Fig. 4.  Standardized residual plots for the optimal model with robust method before heterogeneity.
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Overall, although outlier counts increase after removing heterogeneity parameters especially at 2-sigma 
limits, the number of outliers significantly declines from the 2-sigma to the 3-sigma limits across all models, 
with hybrid models demonstrating stronger performance compared to the original models. This is likely because 
the 3-sigma rule sets a high threshold for detecting outliers, making it less sensitive after applying the robust 
method80. Before removing heterogeneity parameters, the hybrid Ridge model with M Bi-Square estimator 
performs best at both 2-sigma and 3-sigma limits, completely eliminating outliers at the 3-sigma limit. After 
heterogeneity removal, the LASSO model combined with the S estimator is the best, achieving the highest 
reduction at both limits, particularly at the 3-sigma level. These findings confirm that hybrid models combining 
robust estimators with sparse regression can handle heterogeneity effectively both before and after its removal, 
maintaining strong performance across both conditions.

Conclusion
This study explores heterogeneity in the drying parameters of black pepper and proposes hybrid models that 
combine sparse and robust regression estimators to improve the accuracy of estimating moisture content 
removal. Elastic Net, Ridge and LASSO are applied for variable selection, followed by the development of hybrid 
models integrating these sparse regression techniques with robust regression estimators to detect and minimize 
the influence of outliers. Before heterogeneity removal, hybrid Ridge model with M Bi-Square demonstrates the 
best performance, whereas after removing heterogeneity, the hybrid LASSO model with S achieves the highest 
accuracy and stability, making it the most effective model. The consistent improvements observed at both 
2-sigma and 3-sigma limits highlight the robustness of these methods, with the 3-sigma limit proving especially 
effective in reducing outliers and improving prediction reliability. The findings confirm that hybrid sparse-
robust models are crucial for maintaining stable performance in the presence of heterogeneity. By improving 
predictive accuracy and reliability, these models offer valuable insights for optimizing sensor placement, drying 
conditions, and energy use in IoT-based solar drying systems. Ultimately, the proposed hybrid models enhance 
black pepper drying by incorporating significant parameters and their interactions, enabling farmers to produce 
high-quality dried pepper with uniform moisture content, improved yield, and shorter drying periods. This will 
boost efficiency and the income across the black pepper industry.

Fig. 5.  Standardized residual plots for the optimal model with robust method after heterogeneity.
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Machine learning models Robust methods Highest important variables

Before heterogeneity After heterogeneity

µ ± 2σ (%) µ ± 3σ (%) µ ± 2σ (%) µ ± 3σ (%)

Elastic Net

Original

25 142(7.42) 6(0.31) 161(8.41) 12(0.63)

35 125(6.53) 10(0.52) 167(8.73) 12(0.63)

45 120(6.27) 6(0.31) 163(8.52) 12(0.63)

55 117(6.11) 9(0.47) 158(8.25) 11(0.57)

100 113(5.90) 4(0.21) 163(8.52) 8(0.42)

M Bi-Square

25 44(2.30) 11(0.57) 57(2.97) 17(0.89)

35 51(2.66) 12(0.63) 49(2.56) 18(0.94)

45 44(2.30) 14(0.73) 52(2.72) 13(0.68)

55 26(1.36) 11(0.57) 58(3.03) 17(0.89)

100 26(1.36) 3(0.16) 49(2.56) 15(0.78)

M Hampel

25 44(2.30) 14(0.73) 60(3.13) 17(0.89)

35 58(3.03) 10(0.52) 53(2.77) 16(0.84)

45 54(2.82) 17(0.89) 50(2.61) 14(0.73)

55 34(1.78) 12(0.63) 58(3.03) 16(0.84)

100 33(1.72) 8(0.42) 49(2.56) 15(0.78)

M Huber

25 46(2.40) 13(0.68) 57(2.98) 17(0.89)

35 57(2.98) 10(0.52) 48(2.51) 16(0.84)

45 55(2.87) 16(0.84) 51(2.66) 16(0.84)

55 43(2.25) 11(0.57) 62(3.24) 15(0.78)

100 44(2.30) 10(0.52) 45(2.35) 15(0.78)

MM

25 42(2.19) 9(0.47) 60(3.13) 17(0.89)

35 33(1.72) 8(0.42) 47(2.46) 16(0.84)

45 46(2.40) 14(0.73) 56(2.93) 14(0.73)

55 41(2.14) 8(0.42) 23(1.20) 14(0.73)

100 20(1.04) 10(0.52) 39(2.04) 15(0.78)

S

25 27(1.41) 16(0.84) 40(2.09) 8(0.42)

35 45(2.35) 11(0.57) 38(1.99) 7(0.37)

45 37(1.93) 15(0.78) 36(1.88) 0(0)

55 27(1.41) 24(1.25) 23(1.20) 0(0)

100 19(0.99) 6(0.31) 50(2.61) 13(0.68)

Continued
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Machine learning models Robust methods Highest important variables

Before heterogeneity After heterogeneity

µ ± 2σ (%) µ ± 3σ (%) µ ± 2σ (%) µ ± 3σ (%)

Ridge

Original

25 144(7.52) 9(0.47) 148(7.73) 5(0.26)

35 133(6.95) 7(0.37) 152(7.94) 8(0.42)

45 135(7.05) 5(0.26) 162(8.46) 10(0.52)

55 135(7.05) 6(0.31) 164(8.57) 12(0.63)

100 121(6.32) 5(0.26) 168(8.78) 12(0.63)

M Bi-Square

25 14(0.73) 1(0.05) 40(2.09) 7(0.37)

35 23(1.20) 0(0) 53(2.77) 12(0.63)

45 24(1.25) 13(0.68) 51(2.66) 12(0.63)

55 24(1.25) 12(0.63) 46(2.40) 14(0.73)

100 25(1.31) 9(0.47) 34(1.78) 14(0.73)

M Hampel

25 22(1.15) 2(0.10) 37(1.93) 7(0.37)

35 42(2.19) 7(0.37) 52(2.72) 15(0.78)

45 20(1.04) 12(0.63) 52(2.72) 12(0.63)

55 34(1.78) 10(0.52) 48(2.51) 14(0.73)

100 26(1.36) 11(0.57) 46(2.40) 17(0.89)

M Huber

25 16(0.84) 1(0.05) 39(2.04) 8(0.42)

35 37(1.93) 3(0.16) 48(2.51) 13(0.68)

45 28(1.46) 10(0.52) 50(2.61) 12(0.63)

55 43(2.25) 12(0.63) 45(2.35) 14(0.73)

100 39(2.04) 11(0.57) 40(2.09) 15(0.78)

MM

25 45(2.35) 10(0.52) 42(2.19) 8(0.42)

35 21(1.10) 1(0.05) 53(2.77) 12(0.63)

45 15(0.78) 1(0.05) 33(1.72) 12(0.63)

55 28(1.46) 23(1.20) 42(2.18) 12(0.63)

100 19(0.99) 6(0.31) 45(2.35) 14(0.73)

S

25 42(2.19) 11(0.57) 34(1.78) 6(0.31)

35 38(1.99) 26(1.36) 28(1.46) 2(0.10)

45 18(0.94) 1(0.05) 17(0.89) 5(0.26)

55 28(1.46) 17(0.89) 21(1.10) 1(0.05)

100 20(1.04) 8(0.42) 33(1.72) 13(0.68)
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This study has several limitations; for example, the sensors determine the variables to be captured, and 
some variables were not captured due to measurement errors. Additionally, the findings are based on specific 
environmental conditions, which may not represent all possible use cases for the dryer. Differences in sensor 
accuracy and placement may also affect the results. This study is also limited to the main effects of the drying 
parameters and second -order interaction due to the constraints related to time, feasibility, and complexity of 
the models. Hence, it can be inferred that the moisture content removal of black pepper is determined by a total 
of 435 independent variable models. In the context of big data, determining the precise number of significant 
variables to include in a model is challenging. While the proposed algorithms can indicate the relative importance 
of variables, they do not explicitly determine how many of these should be selected, as feature selection methods 
only provide a ranking rather than a definitive count of significant variables83. Therefore, the 25, 35, 45, 55 and 
100 highest-ranking variables are selected to determine the moisture content removal of black pepper. Future 
studies could explore other sparse regression models, such as adaptive LASSO, adaptive group LASSO, Minimax 
Concave Penalty and Smoothly Clipped Absolute Deviation (SCAD) for variable selection and the number of 
drying parameters chosen could also be expanded. Alternative robust estimators, like least median of squares 
(LMS) and least absolute deviations (LAD) could be applied to build a hybrid model. Hybrid model can also be 
explored to handle imbalanced data or missing values.

Machine learning models Robust methods Highest important variables

Before heterogeneity After heterogeneity

µ ± 2σ (%) µ ± 3σ (%) µ ± 2σ (%) µ ± 3σ (%)

LASSO

Original

25 150(7.84) 7(0.37) 167(8.73) 9(0.47)

35 143(7.47) 5(0.26) 162(8.46) 8(0.42)

45 136(7.11) 7(0.37) 163(8.52) 14(0.73)

55 131(6.84) 6(0.31) 158(8.25) 9(0.47)

100/89 for after 115(6.01) 6(0.31) 161(8.41) 8(0.42)

M Bi-Square

25 35(1.83) 4(0.21) 44(2.30) 10(0.52)

35 56(2.93) 17(0.89) 54(2.82) 16(0.84)

45 57(2.98) 20(1.04) 53(2.77) 14(0.73)

55 59(3.08) 14(0.73) 56(2.93) 19(0.99)

100/89 for after 24(1.25) 9(0.47) 52(2.72) 18(0.94)

M Hampel

25 41(2.14) 7(0.37) 42(2.19) 9(0.47)

35 54(2.82) 10(0.52) 57(2.98) 20(1.04)

45 55(2.87) 16(0.84) 53(2.77) 17(0.89)

55 56(2.93) 13(0.68) 52(2.72) 19(0.99)

100/89 for after 30(1.57) 7(0.37) 53(2.77) 15(0.78)

M Huber

25 39(2.04) 6(0.31) 46(2.40) 10(0.52)

35 55(2.87) 10(0.52) 55(2.87) 17(0.89)

45 54(2.82) 16(0.84) 52(2.72) 18(0.94)

55 56(2.93) 12(0.63) 55(2.87) 16(0.84)

100/89 for after 34(1.78) 8(0.42) 54(2.82) 14(0.73)

MM

25 31(1.62) 8(0.42) 43(2.25) 10(0.52)

35 45(2.35) 10(0.52) 56(2.93) 14(0.73)

45 32(1.67) 15(0.78) 54(2.82) 15(0.78)

55 28(1.46) 23(1.20) 28(1.46) 13(0.68)

100/89 for after 30(1.57) 23(1.20) 52(2.72) 18(0.94)

S

25 23(1.20) 12(0.63) 29(1.52) 9(0.47)

35 28(1.46) 14(0.73) 38(1.99) 2(0.10)

45 29(1.52) 23(1.20) 16(0.84) 1(0.05)

55 29(1.52) 24(1.25) 20(1.04) 9(0.47)

Table 9.  Comparison of outliers counts and percentages outside 2 and 3—sigma limits in original and hybrid 
models before and after addressing heterogeneity. Significant values are in bold.
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Fig. 6.  Plots showing the performance of elastic net for before and after heterogeneity.
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Fig. 7.  Plots showing the performance of ridge for before and after heterogeneity.
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