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Abstract

Background: High-dimensional datasets with count responses present unique challenges in variable selection due
to the large number of predictors and potential collinearity. While significant work has been done on selecting
predictors from high-dimensional data with metrical covariates and Gaussian responses, there is a gap in
comparing the performances of SCAD (Smoothly Clipped Absolute Deviation) and MCP (Minimax Concave
Penalty) across different tuning parameters for count responses. Such comparisons, especially with k-fold cross-
validation, are rare, highlighting the need for this study. Aim: This study aims to compare the effectiveness of SCAD
and MCP in high-dimensional datasets where the response variable is a count, specifically for various tuning
parameters and cross-validation techniques. Method: A simulation study was conducted using datasets with 250
predictors and a sample size of 100 modelled by a Poisson distribution (without overdispersion). The performance
of SCAD and MCP was evaluated based on selection accuracy, cross-validation error, and computational
efficiency. Results: The results showed that SCAD's performance at tested tuning parameters was similar to the
standard tuning parameter (y = 3.7) at 10-fold cross-validation only. For MCP, the variable selection performance
at tuning parameters y = 4 and y = 5 was comparable to the standard (y = 3), while other values differed
significantly. Additionally, 10-fold cross-validation yielded the lowest cross-validation errors, and MCP selected
the fewest predictors. Conclusion: Non-convex variable selection methods, particularly SCAD and MCP, are
recommended for their robustness and accuracy in identifying relevant predictors and enhancing predictive
capabilities in high-dimensional datasets with count responses.
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1.

Introduction

Count data are non-negative integers representing the occurrence frequency of discrete events, such as the
number of children born to a woman or the daily accidents on a busy road (Cameron & Trivedi, 2013).
These data are crucial in various fields like medicine, agriculture, and social sciences, but their analysis
poses challenges like non-normality, heteroscedasticity, and an excess of zero values (Zhou et al., 2014).
High-dimensional data, where the number of predictors exceeds the number of observations (p > n), further
complicates analysis, necessitating techniques like penalized estimation to improve model accuracy and
manage predictor correlations (Xiong, Tan & Kumar, 2006; Shao & Deng, 2012).

In high-dimensional settings, selecting significant predictors is essential to avoid overfitting and enhance
model reliability (Mallick & Yi, 2013). Traditional methods like stepwise and best subset selection are
often computationally intensive and prone to ignoring stochastic errors (Li & Liang, 2008). Penalized
methods, with appropriate regularization parameters, address these issues by simultaneously estimating
coefficients and selecting predictors (Fan & Li, 2001). Cross-validation, especially k-fold, is used to
validate predictive models, ensuring robustness and replicability of results (Brimacombe, 2014). This study
focuses on comparing significant predictors for a count response variable using non-convex penalties across
diverse k-fold cross-validations and tuning parameter values (Li, 2015; Emmert-Streib & Dehmer, 2019;

Li & Yang, 2021).

Related Works

This research focuses on applying various variable selection criteria to high-dimensional data with count
data as the response variable. Count data, characterized by positive integers with a variance that increases
with the mean, pose unique analytical challenges (Emmert-Streib & Dehmer, 2019). Technological
advancements have facilitated the collection of extensive data with numerous features, prompting a need

for effective dimension reduction techniques to extract significant features and eliminate redundancy (Jia

184



Online ISSN: 1597-2216
[3 Ol SN 722
Kasu Journal of Computer Science Vol. 1 No. 2 [June, 2024], pp. 183-199 www.kjcs.edu.ng
https://doi.org//10.47514/kjcs/2024.1.2.004

et al., 2022). The selection of relevant variables is crucial in fields like machine learning, pattern
recognition, and data mining (Bonney, 2020; Idrees & Kamal, 2021).

LASSO and its extensions have been evaluated for their strengths and weaknesses as variable selection
criteria, with findings suggesting that dataset attributes significantly influence predictor selection (Emmert-
Streib & Dehmer, 2019). Studies have tested different regularization parameters to identify the best
penalties for sparse models (Idrees & Kamal, 2021). Comparative analyses have shown that SCAD and
MCP penalties perform well under various conditions, often yielding similar results (Bonney, 2020). These
insights underscore the importance of using cross-validation and appropriate penalties to enhance the
reliability and accuracy of high-dimensional data models (Jia et al., 2022).

Recent advancements in variable selection for high-dimensional data continue to focus on improving the
accuracy and efficiency of model selection techniques. Key areas of exploration include penalization
methods, machine learning algorithms, and robust cross-validation approaches. Penalization methods
remain a cornerstone in variable selection for high-dimensional data. The LASSO (Least Absolute
Shrinkage and Selection Operator) and its variants, such as Elastic Net, SCAD (Smoothly Clipped Absolute
Deviation), and MCP (Minimax Concave Penalty), have been extensively studied for their ability to handle
sparsity and multicollinearity. Emmert-Streib and Dehmer (2019) highlighted the strengths and limitations
of LASSO-based models, emphasizing the importance of dataset characteristics in influencing predictor
selection. Recent work by Bonney (2020) and Idrees and Kamal (2021) explored the comparative
performance of these methods, finding that SCAD and MCP often provide better model stability and
prediction accuracy under certain conditions.

Cross-validation remains a critical component in validating the robustness of predictive models. Recent
studies emphasize the importance of selecting appropriate cross-validation methods to mitigate overfitting
and ensure replicability. Idrees and Kamal (2021) demonstrated the effectiveness of k-fold cross-validation

in evaluating the predictive performance of different penalization techniques. Their findings suggest that
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10-fold cross-validation offers a consistent and reliable measure for variable selection, especially in the
presence of high-dimensional data.

In summary, majority of the previous research works on dimensionality reduction of high-dimensional data
focused on Gaussian/Non-Gaussian responses with continuous covariates. However, in most real-life
situations, a greater number of categorical predictors have influence on the response variable. Therefore,
this research work compares the variable selection ability of non-convex criteria with count responses at
different values of tuning parameters.

Methodology

Data Simulation Process

Data for this study (response, metrical and categorical) variable were simulated. The metrical predictors
were simulated using normal, uniform, and Poisson distributions. Examples of such metrical predictors in
real-life data include age, birth intervals, number of births in the last five years, income, body mass index,
weight, etc.

Similarly, categorical predictors were simulated as factor variables with two to six categories. Examples of
such categorical variables in real-life data might include level of education, occupation, marital status,
gender, residence, wealth index, etc. The categorical predictors were converted into dummy variables using
one-hot encoding. One-hot encoding, also known as dummy encoding, is a technique for representing
categorical variables as binary vectors in machine learning. It is applied when categorical variables need to
be included in a model that only accepts numerical inputs.

Lastly, the response variable was simulated as a function of the predictors assuming Poisson distribution

with parameter A; = e(Bo+Lits Bixi) Examples of such response variable in the health and environmental
sectors are the number of people that contacted COVID-19, number of children ever born, number of people

diagnosed of typhoid fever in a country, etc.
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3.2

(@)

Variable selection

According to Desboulets (2018), the determination of parsimonious set of variables can be achieved through

test-based, screening-based or penalty-based procedure. However, penalty-based procedures that have

oracle properties (i. e. has ability to identify the true non-zero coefficients) were used in this study. They

are SCAD and MCP.

The SCAD Method

This method proposed by Fan and Li (2001) sets a boundary for the penalty function to reduce bias (Li,

2015). The estimate of model parameters for a count response variable, assuming Poisson distribution is

given by:
®=-) (yl- log(4) = 2 + Y (i, A))
i=1 i=1
where:
I( ABil, if 1Bl =2
YAIB| — (B +22)
p(Biy, ) = 2y — 1) A< Bl = vA iy >2
A2 1
GAR N E 7

J(B) = SCAD estimate of f3;

v is a tuning parameter that controls the shape of the penalty function ;
y; = observed count for the i*" data point

A; = predicted count for the it" data point based on the fitted model

B;= value of the coefficient for a specific predictor or feature.

) = regularization parameter controlling the strength of the regularization terms

p(Bi, v, ) has the following conditions:

- When |B;| < A, the penalty term is proportional to |fi.

(1)

(2)

- When A< |B;] £ yA, the penalty term increases in a convex, smoothly clipped manner,

encouraging sparsity by softly shrinking coefficients.
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- When [B;] > yA4, the penalty term remains constant, effectively setting the coefficient to zero.
(b) MCP Method
Introduced by Zhang (2010), MCP criterion aimed at obtaining a sparse model with less biased regression

parameters in which the penalty function varies with the amount of the covariate coefficient. The MCP

estimate of /8 for a count response variable with Poisson distribution is given by:

IGEEDY (;vi log(4) = 24 + Y p(Bi ¥, A)) ©)
i=1 i=1
where:

( 0, if 1Bl < yA
1Bil = A + 181> .

p(b’i.y,/'l)={ 2gi—n  UrA<lBl=4 oy>1 4
I 1
| 20 g a

J(B) = MCP estimate of j;
Y, Vi, Ai, Bi, A are as defined above
p(Bi, v, ) is explained as follows:
- When |B;] < yA, the penalty term is zero, meaning that no penalty is applied.
- When yA < |B;] < A, the penalty term increases in a concave, minimax manner, encouraging
sparsity by smoothly shrinking coefficients.
- When |B;| > A is greater than A, the penalty term remains constant, effectively setting the
coefficient to zero.
In this study, we compared the variable selection performance of SCAD for tuning parameters y = 3, 4, 5,
10, 15, 20, 30, 50, and 100 with its performance for the standard value of tuning parameter y = 3.7 (Zhang,
2010). Similarly, we compared the variable selection performance of MCP at for tuning parameters y = 3,
4, 5, 10, 15, 20, 30, 50, and 100 with its performance for the standard value of tuning parameter y = 3
(Zhang, 2010). The values were combined evaluated at k = 4, 5 and 10 folds cross-validation.
3.3 Performance metric of variable selection criteria
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The number of variables selected, the cross-validation error (CVE) and the value of shrinkage parameter
(lambda) were used to assess the variable selection performances of SCAD and MCP criteria. The CVE is

the error averaged across the cross-validation folds. For k = n folds, cross-validation performs the fitting

process n times, with each fit being performed on ("T_l X 100) % of the data set selected randomly, while

the remaining (% X 100)% was used as the test set for validation. This is repeated n times to obtain the

estimate of the prediction errors E;; i = 1, ..., n at each iteration. The average cross-validation error (CVE),

also regarded as deviance is:

n
1
CVEy folas = ;Z E; ()
i=1

A lower cross-validation error indicates a better fit, implying that the model explained the data well.
Lambda is the value of the shrinkage parameter at the minimum CVE. Analyses are done with ncvreg
version 3.13.0 in the R statistical software.
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4, Results and discussion

Table 1. Comparison of variable selection performances of different tuning parameters y with SCAD standard
tuning parameter (Source: Author’s computation, 2024)

y k=4 k=5 k=10
ps 6 10 11
3 CVE 0.96 0.94 0.93
Amin 0.2104 0.1864 0.1808
ps 14 0 11
3.7 CVE 094 1.01 0.94
(Standard) Amin 0.1602 0.3025 0.1754
ps 6 10 11
4 CVE 0.96 0.94 0.93
Amin 0.2104 0.1864 0.1808
ps 6 10 11
5 CVE 0.96 0.94 0.93
Amin 0.2104 0.1864 0.1808
ps 6 10 11
10 CVE 0.96 0.94 0.93
Amin 0.2104 0.1864 0.1808
ps 6 10 11
15 CVE 0.96 0.94 0.93
Amin 0.2104 0.1864 0.1808
ps 6 10 11
20 CVE 0.96 0.94 0.93
Amin 0.2104 0.1864 0.1808
ps 6 10 11
30 CVE 0.96 0.94 0.93
Amin 0.2104 0.1864 0.1808
ps 6 10 11
50 CVE 0.96 0.94 0.93
Amin 0.2104 0.1864 0.1808
ps 6 10 11
100 CVE 0.96 0.94 0.93

Amin 0.2104 0.1864 0.1808
ps=predictors selected, CVE = cross-validation error, Amin = lambda at min. CVE, stdd=standard, y=tuning
parameter
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Table 2. Comparison of variable selection performances of different tuning parameters y with MCP standard
tuning parameter (Source: Author’s computation, 2024)

y k=4 k=5 k=10
ps 5 5 7

3 CVE 0.98 0.95 0.93

Standard) Amin 0.2304 0.2104 0.1921
ps 9 0 9

3.7 CVE 0.96 1.01 0.95
Amin 0.1808 0.3025 0.1864
ps 5 5 9

4 CVE 0.97 0.94 0.92
Amin  0.2304 0.2104 0.1864
ps 5 5 10

5 CVE 0.97 0.94 0.92
Amin  0.2168 0.2104 0.1808
ps 6 10 11

10 CVE 0.97 0.94 0.92
Amin  0.2104 0.1864 0.1808
ps 6 10 11

15 CVE 0.96 0.94 0.93
Amin  0.2104 0.1864 0.1808
ps 6 10 11

20 CVE 0.96 0.94 0.93
Amin  0.2104 0.1864 0.1808
ps 6 10 11

30 CVE 0.96 0.94 0.93
Amin  0.2104 0.1864 0.1808
ps 6 10 11

50 CVE 0.96 0.94 0.93
Amin 0.2104 0.1864 0.1808
ps 6 10 11

100 CVE 0.96 0.94 0.93

Amin  0.2104 0.1864 0.1808

ps=predictors selected, CVE = cross-validation error, Amin = lambda at min. CVE, stdd=standard, y=tuning
parameter
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Figure 1: 4-fold cross-validation errors at different values of shrinkage parameters for SCAD (left) and MCP

(right) (Source: Author’s computation,

2024)
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Figure 2: 5-fold cross-validation errors at different values of shrinkage parameters for SCAD (left) and MCP

(right) (Source: Author’s computation,
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Figure 3: 10-fold cross-validation errors at different values of shrinkage parameters for SCAD (left) and MCP

Table 3: Summary of 95% confidence intervals of the cross-validation errors (Source: Author’s computation,

(right) (Source: Author’s computation, 2024)

2024)
SCAD MCP

» | 4fold 5-fold 10-fold 4-fold 5-fold 10-fold

3 1.0<e<35 1.0<e<25 1.0<e<35 1.0<e<35 1.0<e<35* 1.0<e<35*
3.7 1.0<e<35 1.0<e<3.0%* 1.0<e<5.0%* 1.0<e<35 1.0<e<4.0* 1.0<e<40*
4 1.0<e<3.0 1.0<e<3.0%* 1.0<e<35 1.0<e<35 1.0<e<3.0 1.0<e<35*%
5 1.0<e<35 1.0<e<3.0* 1.0<e<35 1.0<e<3.0 1.0<e<3.0 1.0<e<35*%
10 1.0<e<4.0* 1.0<e<25 1.0<e<3.0 1.0<e<4.0* 1.0<e<25 1.0<e<25
15 1.0<e<3.0 1.0<e<2.0* 1.0<e<25 1.0<e<25 1.0<e<25 1.0<e<3.0
20 1.0<e<3.0 1.0<e<2.0* 1.0<e<25 1.0<e<3.0 1.0<e<2.0 1.0<e<25
30 1.0<e<2.5 0.8<e<2.0 1.0<e<2.0** 1.0<e<25 0.8<e<2.0 1.0<e<2.0**
50 0.8<e<25 0.8<e<1.8 0.8<e<2.0 0.8<e<2.0** 0.8<e<1.8 0.8<e<2.0
100 | 0.8<e<2.0** 0.8<e<1.6** 0.8<e<1.8%** 0.8<e<2.0** 0.8<e<1.6** 0.8<e<1.8**

*highest confidence intervals **lowest confidence intervals, Standard tuning parameter for SCAD = 3.7, Standard
tuning parameter for MCP = 3
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4.1

Discussion

The comparative analysis of variable selection performance between SCAD (Smoothly Clipped Absolute
Deviation) and MCP (Minimax Concave Penalty) is detailed in Table 1, showcasing the number of
predictors selected, cross-validation error (CVE), and shrinkage penalty at minimum CVE (Amin) for
various tuning parameters y. This data reveals critical insights into how each method performs under
different conditions. Specifically, SCAD and MCP exhibit distinct behaviors when it comes to the number
of predictors selected, the error rates, and the shrinkage penalties applied during model training, which are
pivotal for selecting the appropriate method in predictive modeling tasks.

For SCAD, when compared to the standard tuning parameter y = 3.7, the number of predictors selected was
notably lower for 4-fold cross-validation, higher for 5-fold, and equal for 10-fold cross-validation. This
indicates that the fold number in cross-validation significantly impacts the model's complexity, which is
reflected in the number of predictors SCAD selects. The lower selection of predictors at 4-fold suggests a
more conservative model, whereas the higher selection at 5-fold indicates a more complex model (Fan &
Li, 2001).

In terms of predictive accuracy, SCAD demonstrated lower CVE across all y values and k-folds. This
consistent reduction in CVE highlights SCAD's robustness in minimizing prediction errors, making it a
potentially more reliable choice for models where prediction accuracy is critical (Zou & Li, 2008).
Moreover, SCAD's shrinkage penalty Amin was lower for 4-fold and 10-fold cross-validation but higher for
5-fold, suggesting variability in the extent of penalization applied depending on the fold structure. This
variability in Amin highlights the importance of tuning cross-validation folds to optimize model
performance.

Conversely, MCP showed different characteristics. The number of predictors selected by MCP was equal
to the standard y = 3 at y = 4 for 4-fold and y = 5 for 5-fold, but higher for other y values. This indicates
that MCP generally selects more predictors as the tuning parameter y increases, potentially leading to more

complex models (Zhang, 2010). However, the CVE for MCP was higher at the standard y for 4 and 5 folds,
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suggesting that MCP may not be as effective as SCAD in minimizing prediction error at these specific
settings. At 10-fold, the CVE remained stable across most y values, indicating a level of consistency in
predictive performance with increased folds.

A direct comparison between SCAD and MCP reveals that SCAD generally selected more predictors at
lower vy values (3, 4, and 5) across different folds, indicating SCAD's tendency to produce more complex
models under these conditions. For y values greater than 5, both methods converged, selecting the same
number of predictors. This suggests that at higher y values, the distinction between SCAD and MCP
diminishes in terms of model complexity (Breheny & Huang, 2011). SCAD's lower CVE at y =3, 4, and 5
for k =4 and at y = 3 for k = 5 indicates superior predictive performance under these settings. However, at
k =10, MCP outperformed SCAD in CVE for higher y values, highlighting specific scenarios where MCP
might be preferable.

The analysis of the shrinkage penalty Amin further differentiates the methods. SCAD had a lower Amin than
MCP at y = 3, 4, and 5 for both 4 and 5 folds, and at y = 3 and 4 for 10 folds, indicating a stronger
penalization effect, which can lead to more regularized models (Fan & Lv, 2010). MCP's higher Amin at
higher folds and y values suggests a less aggressive shrinkage, correlating with its tendency to select more
predictors and maintain model complexity. These findings underscore the necessity of carefully tuning both
the y parameter and the cross-validation fold to leverage the strengths of SCAD or MCP in different
modeling contexts.

In summary, while SCAD generally provides lower CVE and tends to select more predictors at lower y
values, MCP shows stability in higher y values and folds. The choice between SCAD and MCP should be
guided by specific modeling needs, particularly the desired balance between model complexity and
predictive accuracy. The variability in performance based on tuning parameters and cross-validation folds
suggests that no single method is universally superior; rather, the optimal choice depends on the specific

characteristics and requirements of the modeling task at hand (Hastie, Tibshirani, & Friedman, 2009).
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Figures 1-3 illustrate the cross-validation errors (CVE) for different A values, demonstrating that higher A
values lead to fewer predictors being selected and lower CVE. This trend aligns with the findings of Xiong
(2014), which indicate that increasing the regularization parameter can enhance model performance by
reducing overfitting. However, this observation contradicts the results presented by Lima et al. (2020),
likely due to differences in the response variables used in their study, highlighting the importance of context
in model performance outcomes.

In this study, 10-fold cross-validation provides the best results for minimizing error while MCP produced
the most parsimonious model, a finding that corroborates the conclusions of Idrees and Kamal (2021), who
emphasized MCP's efficiency in creating simpler models with fewer predictors without compromising
accuracy. These results underscore the necessity of choosing appropriate regularization techniques and

cross-validation methods to balance model simplicity and predictive performance effectively.

5. Conclusion

The comparative analysis of SCAD and MCP in high-dimensional datasets with count responses revealed
distinct performance patterns. SCAD generally selected more predictors than MCP at lower y values, and
its cross-validation error (CVE) was consistently lower for y = 3, 4, and 5 at 4-fold and 5-fold cross-
validation. However, at 10-fold cross-validation, MCP demonstrated superior performance in terms of
lower CVE for y =4, 5, and 10, while both methods showed similar performance for higher y values.

The Amin values indicated that SCAD required less shrinkage penalty than MCP at lower y values for 4-
fold and 5-fold cross-validation, but the penalties were comparable at higher y values. Figures 1-3
highlighted that higher A values led to fewer predictors selected and lower CVE, emphasizing the
importance of tuning parameters in model performance.

Overall, both SCAD and MCP demonstrated robust performance in variable selection for high-dimensional
count response data. SCAD's advantage lies in its lower CVE at specific y values, while MCP excels in
providing a more parsimonious model, making both methods valuable depending on the specific

requirements of the analysis.
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