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Abstract

To address the issues of traditional partial least squares methods that only con-
sider the importance of individual features and suffer from redundancy and mul-
ticollinearity among features, statistical correlation among features is introduced
into conventional partial least squares analysis to construct a feature-correlation-
based partial least squares model. First, feature correlation is utilized to eval-
uate and pre-select feature subsets, which are then trained in the partial least
squares model to assess the acceptability of the feature subset. Combined with
a forward greedy search strategy, candidate features are evaluated sequentially,
and the candidate feature that minimizes the objective function is selected and
added to the set of selected features. The method was applied to analyze the
cough-suppressing and asthma-relieving effects of the monarch drug in Maxing
Shigan Decoction and UCI datasets, respectively. Experimental results demon-
strate that this feature selection method can effectively identify superior feature
subsets.
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Abstract: The traditional partial least squares method only considers the
importance of single features and suffers from redundancy and multicollinear-
ity among features. To address these issues, this paper introduces statistical
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correlation between features into traditional partial least squares analysis and
constructs a PLS feature selection model based on feature correlation. First,
feature relevance is used to evaluate and pre-select feature groups, which are
then trained in the partial least squares model to assess their suitability. Com-
bined with a forward greedy search strategy, candidate features are evaluated
sequentially, and the candidate that minimizes the objective function is added
to the selected features. Experiments were conducted using cough-relieving and
asthma-relieving data from the monarch drug of Maxing Shigan Decoction and
UCT datasets. The results demonstrate that this feature selection method can
effectively identify optimal feature groups.

Keywords: Traditional Chinese Medicine information; partial least squares;
feature correlation; feature selection

0 Introduction

With scientific advancement, the objects processed in data mining have become
increasingly complex, and their dimensionality has grown dramatically. High
dimensionality often leads to the “curse of dimensionality,” where computa-
tional complexity increases significantly while classifier performance deteriorates
sharply as dimensions increase. Consequently, dimensionality reduction is essen-
tial and can be achieved through two approaches: feature selection and feature
extraction. Feature selection refers to the process of selecting an optimal feature
subset from the original feature space that maximizes performance for a given
task. It is a critical preprocessing step in pattern recognition, machine learning,
and related fields. The primary goal is to select an optimal feature subset that
removes irrelevant or redundant features without significantly reducing classifi-
cation accuracy, thereby enhancing the discriminative power of the remaining
features.

Evaluation criteria represent a key component of feature selection algorithms,
encompassing distance measures, information measures, dependency measures,
and consistency measures. Based on these criteria, feature selection methods
can be categorized into three types: filter, wrapper, and embedded. Filter
methods require a scoring function to evaluate feature relevance and a thresh-
old to select the highest-scoring subset. While fast to train, they often exhibit
significant bias relative to the performance of subsequent learning algorithms.
Wrapper methods use the training accuracy of subsequent learning algorithms
to evaluate feature subsets, offering lower bias but requiring substantial com-
putational resources, making them unsuitable for large datasets. Embedded
methods were developed primarily to address the high reconstruction costs of
wrapper methods when processing different datasets. By integrating feature
selection with the learning process of classification models, embedded methods
achieve efficient spatiotemporal performance and good classification accuracy.

Partial Least Squares (PLS) is a multivariate regression modeling method pro-
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posed for situations with high correlations among independent variables, effec-
tively addressing multicollinearity issues. Leveraging this advantage, Li Jian-
geng et al. proposed a feature selection method based on stepwise extraction of
PLS principal components, repeatedly utilizing PLS to extract principal com-
ponents and select genes with larger weights. Li Sheng et al. introduced an im-
proved quantum genetic PLS feature selection method that assigns initial values
to the population and designs a novel fitness function combined with PLS for
feature selection. Nguyen et al. employed PLS as a dimensionality reduction
method and used Logistic Discrimination (LD) and Quadratic Discrimination
Analysis (QDA) algorithms to build classifiers for data classification.

Therefore, this paper proposes a PLS feature selection method based on feature
correlation. The method utilizes feature relevance to evaluate and pre-select
feature subsets, which are then trained in a PLS model to assess their suitabil-
ity. Combined with a forward greedy search strategy, candidate features are
evaluated sequentially, and the feature that minimizes the objective function is
added to the selected set. This approach not only offers fast training speed and
local optimality but also compensates for the drawbacks of wrapper methods,
such as high computational cost and unsuitability for large datasets, thereby
identifying superior feature subsets.

1 Correlation-Based Feature Selection

In 1999, Hall proposed the Correlation-based Feature Selection (CFS) method,
a typical filter-based approach that heuristically evaluates the contribution of
individual features to each class to obtain the final feature subset. CFS estimates
feature subsets and ranks them rather than individual features. Its core employs
a heuristic approach to evaluate the worth of feature subsets by calculating
correlations between features and between features and class labels. The goal is
to select features that are mutually uncorrelated yet highly correlated with the
class label. The CFS heuristic equation is:

k-7
k+k(k—1)7.;

Meritg =

where Meritg represents the ‘merit’ (class discriminative ability) of feature
subset S containing k features, 7.y denotes the average correlation coefficient
between class ¢ and features f (f € S), and 7, is the average inter-feature
correlation coefficient among features in S, with all variables requiring stan-
dardization. The numerator represents the class prediction capability of subset
S, while the denominator indicates redundancy within S. Thus, a larger nu-
merator signifies stronger class prediction ability, and a smaller denominator
indicates less redundancy.
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However, in CFS, features must be discrete random variables, and correlations
are computed using conditional entropy and mutual information. This makes it
difficult to handle continuous random variables. For continuous data, Pearson
correlation coefficients can be used to calculate correlations between features
and between features and class labels, where larger absolute values indicate
stronger correlations and values approaching zero indicate weaker correlations.

1.2 Searching Feature Subset Space

CF'S first computes feature-class and feature-feature correlation matrices from
the training set, then employs a forward selection search strategy (F'S) to explore
the feature subset space. Alternative search methods include Best First Search
(BFS) and Backward Elimination (BE). Forward selection starts with an empty
set and greedily adds one feature at a time until no suitable feature can be
added. Backward elimination begins with all features and greedily removes one
feature at a time until the merit estimate no longer decreases. Best-first search
is similar to the other two methods but can start from either an empty or full set.
Starting from an empty set, it begins with no features selected and generates
all possible single features, computes their merit values (represented by M),
and selects the feature with the largest M value to enter the subset S. It then
selects the second feature with the largest M value to enter S. If the M value
of these two features is smaller than the original M value, the second feature is
removed, and the process continues recursively to find the feature combination
that maximizes merit.

2 PLS Feature Selection Based on Feature Correlation
2.1 PLS Regression Modeling Concept

Partial Least Squares Regression (PLS) is a novel multivariate statistical anal-
ysis method. Unlike traditional least squares regression, PLS regression investi-
gates multivariate regression modeling of multiple dependent variables on multi-
ple independent variables, particularly when variables exhibit multicollinearity
or when sample size is smaller than the number of variables. Given independent
variable set X and dependent variable set Y, to best summarize the original
data information, the first component t; is extracted from X to maximize its
variance, and the first component u; is extracted from Y to maximize its vari-
ance while maximizing the correlation between ¢; and u;. Multivariate linear
regression is then performed on ¢; and u; to obtain residual vectors, and the
same method is applied iteratively. Cross-validation determines the number of
principal components to extract in PLS regression, after which iteration stops
and the PLS regression model is established.
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2.2 Forward Selection Search Strategy Algorithm Based on PLSCF

Feature selection aims to choose a set of features that form a subset highly cor-
related with the class but with minimal inter-feature correlation. Thus, larger
Meritg values indicate greater contribution of subset S to classification, repre-
senting a good feature subset. However, the CFS merit criterion only consid-
ers feature-class and feature-feature correlations without accounting for multi-
collinearity or incorporating model training effects. This paper proposes using
the CFS metric to measure class discriminative ability of corresponding feature
subsets and the Sum of Squares for Error (SSE) of the PLS regression model as
the evaluation criterion for feature subset selection, termed the PLSCF evalua-
tion criterion. The search strategy employs forward selection.

This algorithm combines the PLSCF feature evaluation criterion with forward
selection search strategy. It first adds the single feature with the strongest class
discriminative ability, then iteratively adds features that, when combined with
already selected features, provide the strongest class discriminative ability. A
floating component then determines whether to retain the added feature based
on whether the SSE of the PLS model corresponding to the updated feature
subset decreases. If SSE decreases after training on the current feature subset,
the added feature is retained; otherwise, it is removed. This process repeats until
all features have been tested. The features remaining in the subset constitute
the selected optimal feature subset. The pseudocode description is presented in
Algorithm 1.

Algorithm 1: PLSCF-Based Forward Selection Hybrid Feature Selec-
tion Algorithm

Input: Current training set and test set
Output: Feature subset C

Step 1: Preprocess the data

Step 2: Feature evaluation

Let F' be the set of all features, and C be the selected feature subset, initially
empty (C' = (). While S # ), compute the discriminative ability of each feature
on the training set and select the most important feature.

Step 3: Evaluate candidate features using forward selection search strategy
Train PLS using features in C' to obtain a PLS prediction model. Record the SSE
for training set (SSETrain) and test set (SSETest). If SSETrain preSSETrain,
then remove the feature; otherwise, retain it.

Step 4: Repeat until termination conditions are met.
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3 Experimental Results and Analysis
3.1 Experimental Data Description

The experimental data primarily consists of cough-relieving data (MXZK)
and asthma-relieving data (MXPC) for Maxing Shigan Decoction from
the Key Laboratory of Jiangxi University of Traditional Chinese Medicine,
along with UCI datasets including Air Quality, CASP, Slump, Housing, and
CCPP__Foldsbx2_ pp. The basic information for these datasets is shown in
Table 1 .

3.2 Experimental Results and Analysis

To validate the feasibility and effectiveness of the proposed PLSCF feature se-
lection method, experiments were conducted on seven datasets using Support
Vector Machine (SVM), Correlation-based Feature Selection (CFS), and the
proposed Partial Least Squares Feature Selection based on Feature Correlation
(PLSCF), all employing forward selection search strategy. Data was randomly
partitioned in a 7:3 ratio, with 70% used for training and 30% for testing. To ob-
tain statistically meaningful results, model parameters were adjusted to achieve
optimal performance, and the three algorithms were compared under the same
training conditions.

The evaluation metrics included Sum of Squares for Error of training set (SSE-
Train) and Sum of Squares for Error of test set (SSETest). The experimental
results are presented in Table 2 .

According to Table 2, across the seven datasets, the SSETrain and SSETest
values obtained by SVM and CFS algorithms with forward selection search
strategy are similar, indicating comparable feature selection performance for
these data types. For example, on the CCPP dataset, the training and test SSE
values for both algorithms are 100.3872 and 112.4920, and 4.2302 and 6.5398,
respectively. In contrast, the proposed PLSCF method with forward selection
search strategy achieves significantly lower SSE values for both training and test
sets. For instance, on the AQ dataset, the three algorithms yield test SSE values
of 4.6118, 3.7188, and 0.2328, and training SSE values of 0.0385, 0.0894, and
0.0106, respectively. Similar improvements are observed on CASP, Housing,
and CCPP datasets. However, on MXZK, MXPC, and Slump datasets, the
differences are less pronounced. Notably, on the Slump dataset, CFS achieves a
lower training SSE than PLSCF (0.3049 vs. 0.3091) but a higher test SSE (0.0312
vs. 0.03041). This variation arises because different datasets produce different
experimental effects, and the selected feature subsets are not guaranteed to be
globally optimal but rather near-optimal. SVM and CFS generally have shorter
runtime than PLSCF because the PLSCF feature selection algorithm requires
PLS during each feature evaluation, increasing computational time.

For more intuitive visualization, Figures 1 [Figure 1: see original paper| and
2 [Figure 2: see original paper] illustrate the fluctuations in SSETrain and
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SSETest. Since different datasets have different magnitudes, the SSE values
were centralized to [0,1] for comparison. The centralization formula is applied
to both training and test SSE values to facilitate comparison across datasets at
the same scale.

As shown in Figures 1 and 2, on the Slump dataset, PLSCF’ s training SSE is
higher than CFS but lower than SVM, indicating suboptimal performance com-
pared to CFS. Its test SSE is much higher than SVM, suggesting slightly worse
performance than SVM. However, except for the Slump dataset where improve-
ment is less significant, PLSCF demonstrates clear performance enhancements
across all other metrics, outperforming both SVM and CFS. This is because dif-
ferent datasets yield different experimental results, and feature selection subsets
exhibit some randomness, preventing guaranteed global optimality but achiev-
ing near-optimal solutions. The results indicate that due to variations in ex-
perimental data, algorithm effectiveness differs accordingly. Nonetheless, the
training and test SSE values for PLSCF show clear downward trends in other
experimental datasets.

In summary, across the seven experimental datasets, the PLSCF method signif-
icantly outperforms SVM and CFS, though the improvement is less pronounced
for certain datasets. This occurs because while the feature correlation-based
PLS evaluation criterion selects representative feature subsets, different exper-
imental data produce varying effects, suggesting that the selected subsets may
not be globally optimal but are near-optimal solutions.

4 Conclusion

This paper addresses the limitations of traditional partial least squares methods
that only consider single feature importance and suffer from redundancy and
multicollinearity among features. By introducing statistical correlation between
features into traditional PLS analysis, we propose a feature selection method
based on feature-correlation partial least squares. This approach fully leverages
the discriminative ability of feature subsets and combines it with PLS regression,
which can model effectively with small samples while maximizing relationships
between independent and dependent variables. Experimental comparisons on
Traditional Chinese Medicine data and UCI datasets demonstrate that the pro-
posed PLSCF method selects more representative feature subsets compared to
SVM and CFS algorithms.
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