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Abstract. Feature weighting is an important technique to improve the performance of
support vector machine (SVM), especially in high-dimensional and noisy data scenarios.
However, existing feature weighted SVM methods – most of which rely on information-
theoretic criteria – often suffer from some gaps such as high computational cost and
lack of adaptability. Even they tend to perform poorly when handling noisy or redundant
features. To address these limitations, this study proposes a covariance-based feature
weighted SVM (CFWSVM), which can effectively evaluate the importance of each fea-
ture and improve the performance of SVM. To evaluate its effectiveness, CFWSVM was
tested on 20 simulation and 15 real-world datasets, and compared with a traditional SVM
and three feature weighted SVM variants (IGFWSVM, IGRFWSVM and MIFWSVM),
as well as two recently published algorithms, 1D Convolutional Neural Network and Cost-
Sensitive Random Forest. Experimental results show that CFWSVM achieved the highest
accuracy and F1 score on most datasets, while maintaining strong AUC and runtime per-
formance. Finally, CFWSVM was applied to gene expression classification tasks, where
it also demonstrated outstanding performance. These findings indicate that CFWSVM
can obtain a decision boundary with good linearity. The well adaptability, high classifica-
tion accuracy and computational efficiency of CFWSVM make it a good candidate when
facing complex, high-dimensional and noisy data.
Keywords: Covariance, Feature weighted, Support vector machine, High-dimensional
data, Noisy data

1. Introduction. A support vector machine (SVM) is a classical algorithm in the field
of artificial intelligence (AI), which has undergone decades of continuous development and
research since its introduction by Vapnik [1]. SVM is widely used across many fields due
to its high interpretability and excellent performance in small-sample learning. However,
the advent of AI has ushered in an era of high-dimensional data across scientific fields
[2], including natural language processing [3], computer vision [4], machine learning [5]
and bioinformatics [6]. These domains often encounter complex data characterized by nu-
merous features but limited samples, presenting challenges for traditional SVM modeling.
In the scenario of high-dimensional small sample data, a traditional SVM usually relies
on dimensionality reduction or feature selection to reduce data complexity, or use sample
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weighted support vector machine (WSVM) [7,8] to enhance samples by assigning different
weights to samples of each class. However, dimensionality reduction and feature selection
methods suffer from drawbacks such as information loss, requiring manual intervention
and lacking interpretability. Both traditional SVM and WSVM models assume implicitly
that the contributions from all features towards classification are the same. In real world,
however, different features may vary in their contribution when constructing the classi-
fication hyperplane, potentially compromising classification performance. To address the
issue, one of the promising approaches is feature weighted. The earliest feature weight-
ed support vector machine (FWSVM) model was proposed by Wang et al. [9]. The core
framework of the model is to assign a weight to each feature to reflect its contribution to
the classification. Initially, this model used information gain to weigh the features. Sub-
sequently, more feature weighted algorithms were proposed, such as mutual information
[10] and information gain ratio [11].
However, existing feature weighted methods for SVM, such as the information gain fea-

ture weighted support vector machine (IGFWSVM), mutual information feature weighted
support vector machine (MIFWSVM) and information gain ratio feature weighted support
vector machine (IGRFWSVM), are almost all based on information theory. IGFWSVM
determines the feature weights by measuring the improvement in purity brought by the
features. MIFWSVM quantifies the feature importance by the mutual information be-
tween the features and the class labels. And IGRFWSVM addresses the bias of IGFWSVM
towards multi-valued features. Although these information-theoretic weighted methods
are effective, they have several limitations. Firstly, information-theoretic methods may
lack intuitiveness and involve high computational complexity. For example, concepts like
information entropy [12] and mutual information [13], while mathematically sound, could
be less intuitive for most users. These methods can indicate the degree of contribution
to the classification but do not explicitly show whether a feature is positively or nega-
tively correlated with the class labels. Secondly, these methods often require substantial
computational resources, particularly when dealing with a large number of features. The
highly computational complexity can lead to longer training times, which is especially for
large-scale datasets. In contrast, statistical methods for feature weighting are usually eas-
ier to understand and may offer more straightforward interpretability. They can provide
clearer insights into the positive or negative correlations of features with the class labels
and typically demand fewer computational resources, making them more attractive for
large-scale data.
To address the aforementioned challenges, this study introduces a novel feature weighted

support vector machine by employing the covariance between the features and labels,
termed CFWSVM. Two main steps are involved in CFWSVM model. One is to quantify
the relationships between features and labels by a covariance matrix. The other is to
weigh the features via the quantified relationships. This approach effectively captures
the associations between the features and labels, thereby enhancing the accuracy of the
feature contributions to the classification. The experimental results demonstrate that
CFWSVM model exhibits significantly superior generalization performance compared to
the traditional SVM model, particularly in datasets with more redundant features. This
is approved by the validation experiments across 15 UCI and ASU datasets. Notably, in
high-dimensional datasets, CFWSVM achieves an average accuracy improvement of up
to 70.96% compared to the existing FWSVM algorithm. Furthermore, CFWSVM reduces
the runtime by up to 65.22% compared to its predecessor, FWSVM algorithm.
The rest of this paper is organized as follows. Section 2 introduces the foundation-

al FWSVM model, and Section 3 presents the proposed CFWSVM model. We report
experimental results of the comparisons with existing methods on both simulated and
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real-world datasets in Section 4. Section 5 demonstrates the application of CFWSVM to
gene expression datasets. Finally, in Section 6 the paper was concluded and the directions
for future research were outlined.

2. Feature Weighted Support Vector Machine. SVM is a supervised learning mod-
el, and used for classification and regression. In classification, SVMmaps the training data
to a higher-dimensional space and finds the hyperplane that can separate the data from
different classes as distinctly as possible. However, it overlooks the feature importance to
the classification. To more comprehensively reflect the nature of the data, especially giv-
en that different features have varying importance in the real world, considering feature
weights and extending SVM model to FWSVM becomes essential [9].

For a given training dataset T = {(x1, y1), (x2, y2), . . . , (xi, yi), . . . , (xm, ym)}, where
xi = [xi1, xi2, . . . , xij, . . . , xin]

T (n is the number of features) and yi are the ith sample
and its label respectively, xij is the feature value of the jth feature in the ith sample.
FWSVM multiplies the input matrix by the feature weighted diagonal matrix P of size
n× n, denoted as ϕ(X,P ). Then the optimal separating hyperplane can be obtained by
solving the following optimization problem.

minw,b,ξ

(
1

2
∥w∥2 + C

m∑
i=1

ξi

)

s.t.

{
yi(w · ϕ(xi,P ) + b) ≥ 1− ξi

ξi ≥ 0, (i = 1, 2, . . . ,m)

(1)

where ξi is the error, and C is the penalty coefficient. This equation includes two purposes:
a) finding the minimum 2-norm value of ∥w∥2 to ensure the minimum margin, and b)
minimizing

∑m
i=1 ξi to reduce the classification error.

The Lagrangian of Equation (1) can be constructed via introducing the non-negative
Lagrange multipliers αi of sample xi and the corresponding constraints µi of slack vari-
ables:

Lp(w, β, ξ, α, µ) =
1

2
∥w∥2+C

N∑
i=1

ξi−
N∑
i=1

αi [yi(w · ϕ(xi,P ) + b)− 1 + ξi]−
N∑
i=1

µiξi (2)

In this way, we can transform the optimization problem into its dual problem, and then
calculate the Karush-Kuhn-Tucker (KKT) conditions of the original problem.

∂Lp(w, b, ξ, α, µ)

∂w
= w −

N∑
i=1

αiyiϕ(xi,P ) = 0 (3)

∂Lp(w, b, ξ, α, µ)

∂b
= −

N∑
i=1

αiyi = 0 (4)

∂Lp(w, b, ξ, α, µ)

∂ξi
= C − αi − µi = 0 (5)

αi ≥ 0, µi ≥ 0 (6)

αi [yi(w · ϕ(xi,P ) + b)− 1 + ξi] = 0 (7)

µiξi = 0 (8)

yi(w · ϕ(xi,P ) + b)− 1 + ξi ≥ 0, ξi ≥ 0, i = 1, 2, . . . , N (9)

Thus, the original optimization problem (1) can be transformed into its dual problem
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max
α

(
m∑
i=1

αi −
1

2

m∑
i=1

m∑
j=1

αiαjyiyjϕ(xi,P )ϕ(xj,P )

)

s.t.


m∑
i=1

αiyi = 0

0 ≤ αi ≤ C, (i = 1, . . . ,m)

(10)

The decision function of the algorithm is

f(x) = sign

(
N∑
i=1

αiyiϕ(xi,P ) · ϕ(x,P ) + b

)
(11)

We introduce a feature weighting kernel function

KP (xi,xj) = ϕ(xi,P ) · ϕ(xj,P ) = K
(
xT
i P ,xT

j P
)

(12)

Then, the non-linear classification decision function can be denoted as

f(x) = sign

(
N∑
i=1

αiyiK
(
xT
i P ,xTP

)
+ b

)
(13)

In this study, the most suitable Gaussian kernel function

KP (xi,xj) = exp

(
−γ

∥xT
i P − xT

j P ∥2

2σ2

)

= exp

(
−γ

(xi − xj)PP T (xi − xj)
T

2σ2

)
, (γ > 0) (14)

is used.

3. Covariance-Based Feature Weighted Support Vector Machine. The matrix P
influences significantly the performance and computational efficiency for a feature weight-
ed method. Existing methods for acquiring P are primarily based on information theory,
encompassing techniques such as information gain, mutual information and information
gain ratio. These methods aim to assess the importance of features in classification by
quantifying the information between the features and labels.
The information gain method draws on the information gain calculation idea of decision

tree ID3. For the training dataset T , it first calculates its information entropy Ent(T ),
and then calculates the information gain of the feature set F = {f1,f2, . . . ,fi, . . . ,fn} to
T to obtain the diagonal elements of P :

pii = Gain(fi) = Ent(T )−
∑

j∈Values fi

(
p
(
f

(j)
i

)
∗ Ent

(
f

(j)
i

))
, i = 1, . . . , n (15)

where Values fi represents all possible values of the feature fi, p
(
f

(j)
i

)
denotes the pro-

portion of samples with the jth value of fi, and Ent
(
f

(j)
i

)
indicates the entropy associ-

ated with the jth value of fi.
The mutual information method [14] calculates the mutual information Info(y;fi) be-

tween each feature fi and the class label y , which is used as the diagonal element of
P :

pii = Info (y;fi) = Ent(y)− Ent(y|fi), i = 1, . . . , n (16)

where Ent(y) is the information entropy of y , and Ent(y|fi) is the conditional entropy
of y given fi.



INT. J. INNOV. COMPUT. INF. CONTROL, VOL.22, NO.1, 2026 179

The information gain ratio feature weighted method [11], proposed by Huang et al. in
2023, is based on the principles of the C4.5 decision tree algorithm. The method calculates
firstly the information gain Gain(fi) of a feature fi, and then divides the gain by the
intrinsic value [15] Intrinsic Value(fi) of fi to reduce the influence of the multi-valued
features:

pii = IGR(fi) = Gain(fi)/Intrinsic Value(fi), i = 1, . . . , n (17)

For a dataset with m samples, n features and k classes, according to Equations (15) to
(17), the time complexities of the information gain and the information gain ratio method
are O(mnk), while that of the mutual information method is O(m2n).

A covariance is frequently employed in feature engineering [16] and data preprocessing
[17], which aids in identifying feature subsets highly correlated with the target variable.
By constructing the covariance matrix among features, it may discern inter-feature corre-
lations better. Thus, it is possible to select important features and reduce dimensionality
by the covariance among the features. In this study, we employed covariance analysis to
assess the importance of features on classification, to avoid computing information en-
tropy and then reduce computational complexity. Furthermore, the approach keeps away
from the bias towards the features having large numbers of values.

For the training dataset T , we define fi = [x1i, x2i, . . . , xmi] as the values of all samples
for the ith feature in the feature set F . The covariance between fi and the class label y
is defined as follows:

cov(fi,y) =
1

m− 1

m∑
j=1

(
xji − fi

)
(yj − y) (18)

where fi is the mean of fi, and y is the mean of y . We utilize the covariance cov(fi,y)
as the weighted factor to effectively capture the contribution of feature fi to sample
classification and serve as the measure of feature importance. A larger absolute value of
the covariance indicates a stronger influence of the corresponding feature. Consequently,
the feature weighted matrix P is constructed as a diagonal n × n matrix, as shown in
Equation (19).

P =



cov(f1,y) 0 · · · 0 · · · 0
0 cov(f2,y) · · · 0 · · · 0
...

...
. . .

...
...

...
0 0 · · · cov(fi,y) · · · 0
...

...
...

...
. . .

...
0 0 . . . 0 · · · cov(fn,y)


(19)

It is not difficult to calculate that the time complexity of the covariance feature weighted
matrix P is O(mn) which is smaller than that of the existing information theory-based
methods.

CFWSVM can explicitly capture the correlation between the features and class labels
through the covariance-based weighting matrix P having lower runtime cost, reducing ef-
fectively the computational complexity and the inherent distributional bias in information-
theoretic approaches. The pseudocode of CFWSVM is presented in Algorithm 1, which
directly corresponds to the theoretical derivation discussed above.

4. Experimental Results and Discussions. To verify the effectiveness and efficiency
of our method, two types of datasets of simulated and real datasets were employed to
evaluate its performance by compared to four/six benchmark methods (see Sections 4.1
and 4.3). We firstly compared the methods in the simulation datasets, and then in the real
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Algorithm 1: Covariance-based Feature Weighted Support Vector Machine
Input: Dataset D = {(x1, y1), . . . , (xm, ym)}
Output: Optimal parameters, accuracies, support vectors, evaluation metrics
1: Normalize the features using z-score
2: Compute covariance between each feature and the labels
3: Construct feature weight vector w
4: Apply element-wise multiplication: X ⊙w
5: Perform grid search for (C, γ) using 10-fold CV to optimize the parameters of SVM
6: Train SVM with the optimized parameters
7: Evaluate accuracy and extract performance metrics

Table 1. Summary of ASU Dataset

Dataset Sample Feature Label Remark
Madelon 2600 500 2 NIPS 2003 Feature Selection Competition
Yale 165 1024 15 Face Image Data
ORL 400 1024 40 Face Image Data

COIL20 1440 1024 20 Face Image Data
Colon 62 2000 2 Biological Data

warpPIE10P 210 2420 10 Face Image Data
Lung 203 3312 5 Biological Data

Prostate 102 5966 2 Biological Data
SMK CAN 187 87 19993 2 Biological Data

Table 2. Summary of UCI Dataset

Dataset Sample Feature Label Remark
Iris 150 4 3 Iris Classification

Crayo 90 6 2 Cryotherapy
Car 1728 6 4 Car Evaluation

Amphibians 189 15 2 Amphibian Classification
Wdbc 569 30 2 Breast Cancer Data

Parkinson 756 754 2 Parkinson’s Detection

datasets. The real datasets include eight high-dimensional and one non-high-dimensional
datasets from the ASU Feature Selection Database [18] (Table 1), as well as six non-high-
dimensional datasets from the UCI Machine Learning Repository [19] (Table 2). This
strategic selection aimed to examine our method’s performance in both high- and non-
high-dimensional scenarios. The fifteen datasets we employed cover a broad field, and are
involved in several data types and classification tasks. See Section 4.2 for the generation
of the simulation datasets.

4.1. Experimental setting. Four methods, namely SVM, IGFWSVM, MIFWSVM and
IGRFWSVM, were employed here as benchmark methods in our experiments, where the
last three methods are commonly used feature weighted methods. All methods were im-
plemented by the Python package of Scikit-learn [20]. The experiments were conducted
on Windows 11 Home Edition running on an Intel(R) Core (TM) i5-8300H CPU at 2.30
GHz. The datasets were partitioned into training and test sets with an 8 : 2 ratio. For the
reliability of the experimental findings, several different sets of SVM parameters of (C, γ)
were set for the comparison by the optimal combination of (C, γ). That is, the regular-
ization parameter C is {0.01, 0.1, 1, 10, 100, 1000, 10000, 100000} and the kernel coefficient
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γ is across {0.01, 0.1, 1, 10, 100}, allowing for a meticulous exploration of the parameter
space. The metrics are the classification accuracy and algorithm runtime.

4.2. Simulation experimental results and discussions. We conducted a simulation
experiment to firstly verify the effectiveness and robustness of our method. The ways of
generating simulation data are inspired by [21], which allows for changing relation between
features and labels to simulate real-world data under various conditions. Two sets of 20
simulation datasets were generated, one without redundant features and the other with.
The procedure of generation for each pair of datasets is as follows.

For the dataset without redundant features, the number of classes is five, each com-
prising 100 instances. The degree of overlap among the classes was set to 1. Without
loss of generality, the first three classes are labeled as 0, while the last two are assigned
label 1. The number of features is 1000, where the first 10 are influential features and
the others are noise features. The 10 influential features are independent each other. The
data distribution of class c is normal, with the mean and covariance defined by Equations
(20) and (21), respectively. Besides, two redundant features are added to the dataset as
a simulation dataset with redundant features. The approach is to randomly select three
features (named f ∗

1 ∼ f ∗
3 here) from the 10 influential features, and then to generate two

redundant features by using equations af ∗
1 + bf ∗

2 + c (a, b, c ∈ [0, 1) are random numbers
with uniform distribution) and ef

∗
3 , respectively. Finally, after sampling, the training in-

stances of 400 will be produced for each simulation dataset. A stratified sampling method
was used here to reduce the sample bias. Thus, the numbers of samples labeled 0 and 1
are 240 and 160, respectively. The rest instances of 100 will be employed as test samples.

ac = (ac, . . . , ac︸ ︷︷ ︸
10

, 0, . . . , 0︸ ︷︷ ︸
990

) (20)

∑
=

( ∑∗

10×10
010×990

0990×10 1990×990

)
(21)

where a is the degree of overlap,
∑∗ represents the covariance matrix with the diagonal

elements of 1 and the off-diagonal elements of ρ. The ρ is the correlation coefficient among
the first 10 features, and is set to 0 in this study.

Table 3 shows the results on the 20 simulation datasets, where 10 independent runs
were conducted for each set.

Table 3. Simulation results∗

Algorithm Average accuracy Average runtime (s)
SVM 94.5%/94.3%(3.4%/3.4%) 15.2/16.0(21.5%/21.2%)

IGFWSVM 95.4%/95.6%(2.5%/2.0%) 123.5/121.4(90.3%/89.6%)
MIFWSVM 97.2%/97.2%(0.5%/0.4%) 12.3/13.0(2.8%/3.2%)
IGRFWSVM 96.8%/96.7%(1.0%/0.9%) 17.4/17.9(31.4%/29.9%)
CFWSVM 97.8%/97.6%(–/–) 12.0/12.6(–/–)

∗The percentages improvement of CFWSVM to the benchmarks are shown in the
parentheses. The values on the left of “/” represent the results without redundant
features, while the values on the right are the results with redundant features.

The results in Table 3 show that the average accuracy of each method with or without
redundant features is almost the same, as well as the average runtime is also almost
the same. This reflects the good performance of SVM in resisting redundant features.
Furthermore, the average accuracy of SVM is as high as 94.5%/94.3%, meaning that SVM
can efficiently remove pure noise features. However, all feature weighted methods have
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higher accuracy than the traditional SVM, indicating the effectiveness of such methods.
Among them, CFWSVM has the best performance, achieving the highest accuracy and
shortest runtime, with an average improvement of 3.4% and 21.4% compared to the
traditional SVM, and an average improvement of 1.2% and 41.2% compared to the three
weighted benchmarks. This highlights the effectiveness and robustness of the covariance
weighted method of CFWSVM.

4.3. Real data experimental results and discussions. To further verify the effec-
tiveness and robustness of our method, a real experiment was conducted on real datasets
from ASU and UCI. Tables 4 and 5 delineate the average accuracy and runtime on 10
experimental repeats. These metrics offer a thorough assessment of the algorithm’s per-
formance regarding classification precision and efficiency. Further, two recently published

Table 4. Accuracy

Dataset SVM IGFWSVM MIFWSVM IGRFWSVM 1D-CNN CSRF CFWSVM

H
igh

d
im

en
sion

ality

Yale 16.8% 5.6% 67.1% 66.8% 70.3% 63.8% 71.5%
ORL 40.7% 0.0% 85.9% 91.1% 90.1% 84.4% 95.4%

COIL20 91.1% 51.6% 94.9% 97.4% 97.0% 98.6% 99.7%
Colon 59.2% 80.0% 76.9% 76.9% 76.9% 73.9% 85.4%

warpPIE10P 91.9% 62.8% 98.1% 97.7% 99.1% 93.3% 98.6%
Lung 89.5% 88.5% 88.5% 89.0% 92.9% 89.0% 90.5%

Prostate 44.8% 69.1% 91.9% 88.6% 58.1% 91.4% 91.4%
SMK CAN 187 46.3% 47.4% 70.3% 66.6% 61.1% 60.8% 71.3%

N
on

-h
igh

d
im

en
sion

ality

Iris 93.7% 94.3% 95.0% 94.0% 93.3% 94.7% 97.0%
Crayo 83.9% 89.4% 87.2% 84.4% 92.2% 83.9% 91.1%
Car 98.4% 96.2% 95.7% 96.3% 96.4% 97.2% 98.0%

Amphibians 72.4% 71.1% 72.4% 70.8% 63.9% 69.0% 75.5%
Wdbc 98.0% 97.5% 97.1% 96.6% 97.0% 94.9% 98.3%

Madelon 51.8% 66.1% 63.5% 61.1% 57.1% 66.1% 72.6%
Parkinson 74.8% 88.8% 91.6% 88.6% 84.4% 83.8% 94.1%

Average 70.2% 67.2% 85.1% 84.4% 82.0% 83.0% 88.7%
Improvement∗ 26.3% 31.9% 4.3% 5.1% 8.0% 6.8% –

∗It indicates the percentage increase in average for CFWSVM to the benchmarks.

Table 5. Runtime (s)

Dataset SVM IGFWSVM MIFWSVM IGRFWSVM 1D-CNN CSRF CFWSVM

H
igh

d
im

en
sion

ality

Yale 5.7 6.4 41.0 11.9 28.0 40.1 4.2
ORL 30.4 28.1 151.6 26.2 62.4 241.3 23.9

COIL20 283.5 299.5 294.9 258.1 212.6 395.5 215.3
Colon 3.6 1.7 10.7 2.9 24.6 9.9 1.3

warpPIE10P 18.5 18.7 36.5 31.2 81.1 83.8 14.0
Lung 19.0 57.5 39.4 44.7 110.7 84.5 11.7

Prostate 5.8 10.9 15.3 14.4 108.9 42.6 7.5
SMK CAN 187 71.1 94.0 102.2 95.7 676.6 557.7 61.7

N
on

-h
igh

d
im

en
sion

ality

Iris 1.0 0.9 1.0 2.8 2.4 5.1 1.1
Crayo 0.9 1.0 1.1 2.2 6.4 9.3 0.9
Car 65.9 24.1 38.4 26.8 3.5 8.2 36.0

Amphibians 1.8 2.7 7.1 2.8 3.2 10.1 2.9
Wdbc 5.5 5.0 3.7 3.3 5.3 13.4 4.5

Madelon 469.6 491.9 844.6 881.5 183.6 1279.1 475.5
Parkinson 5.8 10.9 15.3 14.4 100.3 123.0 7.5

Average 65.9 70.2 106.8 94.6 107.3 193.6 57.9
Improvement∗ 12.1% 17.6% 45.8% 38.8% 46.0% 70.1% –

∗It refers to the average reduction percentage of CFWSVM to the benchmarks.
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methods, 1D-CNN [22] in deep learning and Cost-Sensitive Random Forest (CSRF) [23] in
machine learning, were employed as comparative models in this experimental evaluation.

Table 4 indicates that IGFWSVM achieves the lowest average accuracy, especially on
Yale, ORL, COIL20, warpPIE10P and Lung are the lowest as well as Iris and Car are
almost the lowest. On the seven datasets, except for Iris being slightly better than SVM,
IGFWSVM’s accuracies on the other six datasets are consistently lower than that of SVM.
However, on the rest eight datasets, IGFWSVM has higher or almost the same accura-
cy as SVM. Note that those seven datasets are multi-classification problems, while the
other eight are binary (Table 1). This implies that IGFWSVM may be more suitable for
binary classifications. Furthermore, compared to SVM, a significant decline in accuracy
is observed for IGFWSVM on face image datasets, particularly on ORL, where it shows
an accuracy of 0. This is likely due to face images being characterized by simple grayscale
with a small number of values. The information gain may favor the features with a large
number of values [15], potentially leading IGFWSVM to insufficient gain and misleading
weights on the face images. Conversely, the variant, IGRFWSVM, shows a marked im-
provement in accuracy compared to SVM, especially for face images, and less bias towards
binary classifications. This is probably due to the information gain ratio’s mitigation in
the inherent preference of information gain. Additionally, MIFWSVM demonstrates com-
parable accuracy to IGRFWSVM, with a slight advantage, and surpasses SVM on most
datasets. It means that MIFWSVM has a well improvement on SVM.

Notably, Table 4 demonstrates that the highest average accuracy is achieved by our
method. Compared to SVM and IGFWSVM, CFWSVM shows a significant improve-
ment. And, more improvements of CFWSVM can be seen on both the MIFWSVM and
IGRFWSVM. In the 15 datasets, superior accuracy is consistently exhibited by CFWSVM
compared to the benchmarks, except for Prostate and Car where CFWSVM is marginally
inferior to the first one. Specifically, only on Car dataset, the accuracy of CFWSVM is
slightly lower than that of SVM. The findings highlight the effectiveness of covariance-
based feature weighted in enhancing the accuracy.

It is interesting that SVM obtains the highest accuracy on Car dataset. The reason
may be that the distributions of the values of Car’s features are almost the same (Figure
1(k)). The few differences in features may lead the weights to being a type of additional
interference, potentially degrading the performance of a weighted method. As a compari-
son, Figure 1(i) shows that the Iris dataset has a larger difference in feature distributions,
resulting in SVM producing lower accuracy than the four weighted methods. The outliers
(or noise) are another factor being the influence on the performance of a weighted method.
For example, in seven datasets, including Colon, Crayo, Prostate, SMK CAN 187, Made-
lon and Parkinson (Figures 1(d), 1(j), 1(g), 1(h), 1(n), and 1(o)), all four weighted meth-
ods achieved higher accuracy than SVM. Even for the other six noisy datasets, except for
only two in the Lung dataset, all other datasets have three weighted methods with higher
accuracy than SVM. This indicates the robustness of weighted methods to noise.

By and large, our method has significantly better noise resistance than the three weight-
ed benchmarks as well as SVM. On the 13 datasets with noisy features (excluding Figures
1(j) and 1(k)), the average accuracy of CFWSVM is 14.3% higher than that of the three
benchmarks. The reason is that the average operation of the product of the covariance’s
deviations (Equation (18)) to some extent smooths the noise, thus reducing the impact of
noise on weighting. However, covariance’s smoothing may decrease the sensitivity to fea-
ture variances. For instance, as mentioned earlier, CFWSVM does not obtain the highest
accuracy on Car. Moreover, on Prostate dataset, CFWSVM’s accuracy is not the highest,
which is 0.5 percentage points lower than MIFWSVM. This difference can be attributed
to the severe skewed distributions of Prostate’s features, where each feature deviates by
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(a) Yale (b) ORL (c) COIL20 (d) Colon

(e) warpPIE10P (f) Lung (g) Prostate (h) SMK CAN 187

(i) Iris (j) Crayo (k) Car (l) Amphibians

(m) Wdbc (n) Madelon (o) Parkinson

The horizontal and vertical axes represent the features and normalized feature values, respective-

ly. The yellow curves mark the maximum and minimum envelope curves of the feature values. The

“blank” features in Figures 1(c), 1(m) and 1(o) are resulted from their value ranges being almost

zero, causing their box plots to degrade as points.

Figure 1. Distributions of feature values normalized by Z-score (box plot)

+10 from the median (Figure 1(g)). The skews make the positive deviations “drown” the
negative ones when calculating the covariance for CFWSVM, thus reducing CFWSVM’s
ability to discern feature differences. Unlike CFWSVM, MIFWSVM is less affected by
such deviations because it counts a feature value as 1, even if the value deviates signifi-
cantly from the median. This approach provides a stable way for MIFWSVM to identify
feature differences when facing severely skewed features.
For the two recently released algorithms, 1D-CNN and CSRF, only 1D-CNN achieved

slightly higher accuracy than CFWSVM in three datasets and ranked the first. And, their
average accuracies are all lower than the weighted methods except for IGFWSVM. Espe-
cially, they are on average 6.2 percentage points lower than our method. These reflect that
although the deep learning and novel machine learning methods have higher algorithm
complexity (as shown in Table 5, they have the highest runtime), they cannot guarantee
better classification accuracy than feature weighted methods.
The comparative experiments above suggest that CFWSVM obtains the highest av-

erage accuracy and demonstrates good robustness. However, runtime is another impor-
tant consideration for assessing method performance, especially for large-scale datasets
or real-time applications. Table 5 shows that compared to SVM in terms of runtime,
IGFWSVM, MIFWSVM, IGRFWSVM, 1D-CNN and CSRF improved 33.3%, 13.3%,
33.3%, 26.7% and 6.7% of the datasets, respectively, while CFWSVM improved up to
60%. In terms of average runtime, only CFWSVM shows an improvement of 12.1% com-
pared to SVM, while the other weighted methods all deteriorates, especially MIFWSVM,
which decreased by as much as 62.2%. Compared to the weighted methods, the two new
algorithms decreased more, with CSRF even decreasing by nearly 200%. The superior
runtime of CFWSVM is due to its ability to accurately determine feature weights, which
speeds up the algorithm convergence and then compensates for the additional time used
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for weighting. In contrast, the other weighted methods fail to produce optimal weights,
resulting in negligible improvements in convergence speed. This issue is especially severe
for MIFWSVM, where the high computational complexity of mutual information leads to
the most significant reduction in speed. The reason for the longer runtime of the two new
methods is their higher algorithm complexities.

The experimental results on several datasets discussed earlier, show that the weight-
ed methods demonstrated significantly differences in performance when processing data
characterized by noise and uneven distribution of the feature values. These disparities are
manifested not only in accuracy, but also in the training durations and computational
complexities of the models. Such discussion is instrumental for us to understand the ef-
ficiency and utility of the methods in real-world scenarios. To clear the decision-making
processes of the models, the decision boundary (Figure 2) was examined for each method
by employing Colon dataset as a representative.

(a) SVM (b) IGFWSVM (c) MIFWSVM (d) IGRFWSVM

(e) CFWSVM (f) CNN (g) CSRF

Figure 2. Decision boundary on Colon

The classification performance of a model is closely related to the position and contour
of its decision boundary. More complex models are usually more susceptible to overfitting
when compared to their more parsimonious counterparts [24]. A linear decision bound-
ary provides more fault tolerance to training samples, and thus improving the model’s
generalization. As depicted in Figure 2, the closest linear decision boundary is CFWSVM
(Figure 2(e)). It is approved by Table 4, which shows CFWSVM demonstrating the high-
est accuracy Colon dataset. Following CFWSVM, IGFWSVM exhibits a commendable
linearity (Figure 2(b)). Its accuracy on the dataset ranks the second in Table 4. Simi-
larly, SVM has the lowest accuracy in Table 4, and shows the highest curvature of the
decision boundary (Figure 2(a)). The two new methods, however, gave the most complex
boundaries, which suggest that they may be trapped into an over-fitting easily.

The experimental results demonstrate that, overall, CFWSVM surpasses the bench-
marks in accuracy, runtime and decision boundary linearity. The experimental results
and the box plots of the feature values indicate that the distribution of feature values
impacts method performance significantly. For the datasets with few feature differences,
even value distributions, low noise and low dimensionality, a traditional SVM model is
preferable for its simplicity and efficiency. In these cases, SVM can effectively capture the
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essential characteristics of the data without an additional weighting strategy. Conversely,
for the high feature dimensionality, which upsurges the probability of redundant features,
or the high noise level, traditional SVM model may meet a large challenge. In such scenar-
ios, a weighted method, particularly the covariance-based weighted method, demonstrate
its advantages. By assigning different weights to features accurately, CFWSVM may more
effectively reduce the influence of noisy features and emphasize crucial ones for classifica-
tion.
The decision boundaries highlight a significant advantage of covariance-based weight-

ing is that, it could capture the relations between features and labels better, and thus
delineate the intrinsic data structure more effectively. This is especially critical for the
methods tasked with finding the optimal decision boundary in high-dimensional spaces,
such as SVM. A feature weighted method may focus well on the contribution to the model
for each feature. This makes the model emphasize further the most influential features,
consequently enhancing the model performance. As shown in Figure 2, a covariance-based
feature weighted method enables SVM to more accurately identify the difference in class-
es, reducing the misclassifications and thus exhibiting a more linear decision boundary.
This may be an important reason why CFWSVM achieves high classification accuracy
and low runtime overall, especially on high-dimensional datasets.

4.4. Evaluation based on more metrics. To further evaluate the performance of CF-
WSVM, we employed precision, recall, F1 score and AUC as the additional metrics. The
average values of these metrics are shown in Table 6.

Table 6. Evaluation results of more metrics

Metrics SVM IGFWSVM IGRFWSVM MIFWSVM 1D-CNN CSRF CFWSVM
Precision 76.4% 71.5% 86.8% 85.5% 80.2% 74.9% 89.9%
Recall 74.9% 69.8% 84.9% 83.9% 79.4% 73.4% 89.1%
F1 score 73.5% 69.0% 84.7% 83.7% 78.6% 73.0% 88.8%
AUC 0.905 0.878 0.920 0.906 0.922 0.913 0.959

Improvement∗ 15.4% 22.0% 4.4% 5.8% 10.1% 16.3% –
∗It indicates the percentage increase in average for CFWSVM to the benchmarks.

Table 6 shows that CFWSVM ranks first in all the four metrics and is significantly
better than the second, which suggests it has well classification performance further. Its
highest F1 score and AUC value are particularly commendable. The highest F1 score
indicates that CFWSVM can not only correctly identify more positive instances (high
recall) but also ensure that most of the identified instances are indeed positive (high
precision). The highest AUC of CFWSVM reflects its excellent discriminative ability in
classification, revealing that it can achieve high true positive rates while reducing false
positive rates.

4.5. Discussions on the weighted methods. To better understand the empirical per-
formance observed in Sections 4.2 and 4.3, we provide a theoretical discussion on the
advantages and limitations of the proposed covariance-based feature weighted method,
in comparison with traditional information-theoretic approaches such as IGFWSVM,
MIFWSVM and IGRFWSVM used as benchmarks in this study.
1) It has higher computational efficiency. The time complexity of the covariance-based

method is well reduced compared to the traditional methods. On the other hand, this
technique employs only the simple four arithmetic operations, while the traditional meth-
ods involve logarithmic operations after the probabilities calculated by counting the values
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for each feature. Furthermore, in the case of mutual information, the joint probability
distributions can escalate computational cost further.

2) It has no bias towards the features having large numbers of values. The traditional
methods need count the values for each feature. This is almost inevitably influenced by
the features having large numbers of values.

3) It has better sensitivity. Information theory-based methods calculate the informa-
tion entropy by the counts of future values, which might not accurately respond to the
changes in feature values on class labels. Conversely, covariance-based methods measure
the co-variability in feature values and labels, offering a more precise depiction of a fea-
ture’s influence on the classification. Usually, when the value of a feature with higher
importance changes, the change in its label value will also be more pronounced. As de-
picted in Equation (6), the product of the collaborative changes between feature values
and labels enlarges the importance of features. This makes covariance a more responsive
measure for assessing the contribution of features to the classification.

4) It has higher robustness. For a training dataset with noise, as we all know, its class
labels are unaffected by the noise. Information theory-based methods use frequency counts
like a histogram, and can smooth the noise well when the noise is small. Covariance-based
methods account for the co-variation between the features and labels; thus, it will lose the
enlarging nature mentioned early since the labels do not co-vary with the noise. That is,
our method could reduce the influence of noise. However, when the noise is big enough to
cause a change in the histogram, an information theory-based method might produce a
skewed model. Of course, in that case, a covariance method may be affected by the noise,
too. In fact, the noise not only causes fi to change, but also synchronizes fi, so that
the difference between them can still be limited to a small range. That is, the covariance
weighted methods can obtain a better classification model than the information theory-
based methods in the case of big noise. It is worth pointing out that although theoretically,
white noise does not affect fi when the dataset has enough samples, the real sample size
is far from this, causing fi to change synchronously with fi.

5) It might require more memory. The information theory-based methods primarily
require the memory of histograms, while covariance-based methods entail the retention of
the two entire vectors and their means, which lead the latter to more memory cost than
that of the former, especially for large vectors.

5. Real-World Applications.

5.1. Datasets. To evaluate the performance of the proposed method, we applied it in
some real-world datasets obtained from the Gene Expression Omnibus (GEO) [25] data-
base hosted by NCBI (National Center for Biotechnology Information). The identifications
of the datasets are GSE33459 [26], GDS2001 [27], GDS3001 [28] and GDS4999 [29], re-
spectively. These datasets covered a variety of biological and clinical contexts. GSE33459
contains gene expression profiles related to Citrus Greening Disease (HLB). GDS2001
is a gene expression profile of skeletal muscles of utrophin/dystrophin double knockout
(DKO) mutants and dystrophin-deficient mdx mutants. GDS3001 is another expression
profile of c-Jun N-terminal kinase (JNK) 1 depleted livers of diet-induced obese (DIO)
animals. And, GDS4999 is the expression profile of the lung from B6129SF2/J animals
depleted for very low-density lipoprotein receptor (VLDLR) and subjected to intranasal
challenge with house dust mite (HDM).

Those datasets represent several biological scenarios, from disease diagnostics to func-
tional gene studies, providing a robust basis for verifying our method. By leveraging
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the datasets, it may demonstrate the generalizability and effectiveness of the method in
real-world problems.

5.2. Data preprocessing. Since the limited sample size of the datasets, for the samples
with missing values, the missing values were filled with zeros instead of removing the
samples. Similarly, the datasets were not split by a fixed ratio for training and testing.
Instead, an appropriate number of samples from each class were randomly chosen as the
testing set while the others as the training set. The partitioning results are presented in
Table 7.

Table 7. GEO datasets split

ID Training samples Testing samples Feature Labels
GDS2001 12 6 12488 6
GDS3001 9 5 22690 3
GDS4999 12 4 35557 4
GSE33459 6 4 30395 2

5.3. Results and discussions. The CFWSVM and the benchmarks were applied to
the classification tasks on the real-world datasets. Their accuracy and training time are
shown in Table 8.

Table 8. Real-world application results (Accuracy/Training time)

Dataset SVM IGFWSVM MIFWSVM IGRFWSVM 1D-CNN CSRF CFWSVM

GDS2001
33.3%/
10.1ms

33.3%/
10.9ms

33.3%/
6.3ms

33.3%/
9.6ms

66.7%/
4.9s

33.3%/
0.4s

83.3%/
2.0ms

GDS3001
60.0%/
153.9ms

60%/
15.0ms

60%/
9.0ms

60%/
13.0ms

60.0%/
10.3s

40.0%/
0.3s

80%/
2.0ms

GDS4999
75%/
19.9ms

75%/
18.0ms

75%/
14.0ms

75%/
17.9ms

75%/
19.1s

50%/
0.5s

100%/
2.0ms

GSE33459
50%/
11.0ms

50%/
18.7ms

50%/
7.0ms

50%/
12.5ms

50%/
8.1s

50%/
0.3s

75%/
1.6ms

Table 8 illustrates that CFWSVM outperforms significantly the benchmarks in terms of
both accuracy and computational efficiency. Compared to the weighted methods, its ac-
curacy increased by an average of 30 percentage points, while the training time decreased
by an average of 19.8ms. For the two new algorithms, the two numbers are 31.5% and
5485.6ms, respectively. The notable enhancement of the accuracy suggests that CFWSVM
can adeptly discern the important features in noisy. Furthermore, the training time of
CFWSVM across all datasets remains within 2.0ms, which outpaces significantly the
benchmarks and demonstrates extremely high computational efficiency, reflecting the sig-
nificant optimization of CFWSVM on running time.
By and large, CFWSVM not only improves accuracy significantly but also reduces

computational cost markedly. Its comprehensive dominance in classification accuracy and
running time demonstrate its effectiveness.

6. Conclusions. In this study, a covariance-based feature weighted approach was intro-
duced to SVM and, a new method, CFWSVM, was proposed based on the approach to
enhance SVM performance. CFWSVM can effectively and efficiently quantify the correla-
tion between features and labels by employing covariances as the weighting matrix, which
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makes the model more focused on the features having pivotal influence on the classifi-
cation, thus leading to a marked enhancement in SVM’s performance. In the simulation
experiment, CFWSVM achieved the highest accuracy and shortest runtime, with an av-
erage improvement of 3.4% and 21.4% compared to a traditional SVM, and an average
improvement of 1.2% and 41.2% compared to the three weighted benchmarks. Besides,
the experimental results on real datasets demonstrate that CFWSVM exhibits good per-
formance in high-dimensional, non-high-dimensional and noisy data. Its average accuracy
and runtime have improved by 26.3% and 12.1%, respectively compared to a traditional
SVM, and by an average of 13.8% and 34.1%, respectively compared to the three weighted
benchmarks. Furthermore, in the real-world applications, CFWSVM is significantly su-
perior to the benchmark methods in both accuracy and algorithm efficiency. Comparing
the results of simulation and real data experiments as well as the applications, it can be
seen that CFWSVM improves significantly on the real data with noisy features compared
to the simulation data without noisy features. These results reflect that the covariance-
based feature weighted method can better capture the correlation between features and
labels (especially for noisy features), thereby improving the accuracy and robustness of
the model, highlighting the value of this feature weighted in enhancing SVM performance.

The no-free-lunch theorem [30] for problem-solving algorithms posits that no single
method is optimal for all scenarios, each approach has its ideal conditions and merits.
Compared to the existing methods, CFWSVM has better adaptability. Its high classifi-
cation accuracy and computational efficiency make it an excellent candidate when facing
complex, high-dimensional and noisy data. In real-world applications, CFWSVM is a rec-
ommended and worthwhile alternative when data characteristics are complex and difficult
to be preprocessed.

However, CFWSVM focuses only on the correlation between features and labels, and as
the existing weighted methods, it does not consider the redundancy of features. This has
been validated in the simulation experiment, where all methods show a decrease in perfor-
mance on the datasets with redundant features. This limitation presents an opportunity
for future research efforts.
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