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Abstract
Objective: As text data contains numerous redundant terms unrelated to clas-
sification, the shuffled frog leaping algorithm is introduced to optimize feature
selection and improve classification accuracy.

Methods: CHI and IG are respectively employed to pre-select feature sets of
varying dimensions, followed by the introduction of an improved shuffled frog
leaping algorithm for secondary optimization of the pre-selected feature sets.
Each frog’s position represents a feature selection rule, with classification accu-
racy serving as the algorithm’s fitness function. SVM and KNN classifiers are
utilized for calculating classification accuracy in the experiments.

Results: The introduced improved frog leaping algorithm achieves superior clas-
sification performance compared to CHI and IG, with a maximum improvement
of 12%.

Limitations: Overfitting occurs under a few feature dimensions.

Conclusion: The feature selection optimization method combining feature term
pre-selection and improved frog leaping algorithm can effectively eliminate inter-
ference from noisy feature terms, thereby enhancing text classification accuracy.
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Abstract:
[Objective] Due to the presence of numerous irrelevant redundant terms in tex-
tual data, this paper introduces the Shuffled Frog Leaping Algorithm (SFLA)
to optimize feature selection and improve classification accuracy. [Methods]
We first used CHI and IG methods to pre-select feature sets of varying dimen-
sions, then applied an improved SFLA to perform secondary optimization on
these preselected feature collections. Each frog’s position represents a feature
selection rule, with classification accuracy serving as the algorithm’s fitness func-
tion. Both SVM and KNN classifiers were employed to calculate classification
accuracy in the experiments. [Results] The improved SFLA achieved better
classification performance than CHI and IG alone, with a maximum improve-
ment of 12%. [Limitations] Overfitting occurred in a small number of feature
dimensions. [Conclusions] The proposed method combining feature term pre-
selection with the improved SFLA can effectively eliminate interference from
noisy feature terms, thereby enhancing text classification accuracy.

Keywords: Feature Selection; Text Classification; Shuffled Frog Leaping Algo-
rithm

Text classification serves as a fundamental technology for information mining,
natural language processing, and information retrieval, attracting considerable
scholarly attention. The technology has evolved from manual classification to
machine learning-based automatic classification, significantly improving both
quality and efficiency. However, textual data often exhibits high dimension-
ality, sparsity, and multi-label characteristics that affect classification perfor-
mance, making text feature selection optimization a research focus. In the Vec-
tor Space Model (VSM), not all features in the original feature set are necessary
for classification learning; some noisy features not only increase dimensionality
but also degrade overall classification effectiveness. Therefore, dimensionality
reduction of the feature set is essential.

This paper employs the Shuffled Frog Leaping Algorithm (SFLA), which has
seen limited application in text processing, and improves its encoding rules and
individual evolution mechanisms for text feature selection optimization. Exper-
imental results demonstrate the effectiveness of this approach.

2.1 Traditional Text Feature Selection Methods

The text classification process primarily includes text preprocessing and segmen-
tation, text representation, feature selection, weight calculation, and classifica-
tion. Text representation mainly adopts the VSM model, where preprocessed
texts yield extremely high-dimensional feature sets with sparse distributions,
representing each document as a high-dimensional vector. This imposes signif-
icant computational burdens on classifiers, making feature selection crucial for
reducing vector space dimensionality while improving classification efficiency
and accuracy. Current feature selection methods include Document Frequency
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(DF), Chi-square test (CHI), Information Gain (IG), and Mutual Information
(MI). Experimental evidence indicates that CHI offers good classification per-
formance but high computational overhead. In English text classification, CHI
and IG perform best, with DF being comparable, while MI performs relatively
poorly. In Chinese text classification, CHI performs best, followed by IG, with
MI performing poorly and DF achieving moderate results.

However, traditional methods like CHI and IG select features through mathemat-
ical models that identify terms with good discriminative power and representa-
tiveness, without considering inter-feature relationships or the overall impact of
redundant terms from a textual perspective. Therefore, this paper introduces
an improved SFLA to perform secondary optimization on preselected feature
sets, leveraging the algorithm’s strong search capabilities to obtain relatively
low-dimensional yet high-precision feature collections that ultimately improve
classification results.

2.2 Feature Selection Optimization with Swarm Intelligence Algo-
rithms

Recent years have witnessed growing applications of swarm intelligence algo-
rithms in text feature selection with notable effectiveness. The general ap-
proaches fall into two categories:

First, using swarm intelligence algorithms directly for feature selection without
traditional methods. Representative work includes: Tabakhi et al.’s UFSACO
method, which introduces Ant Colony Optimization (ACO) into unsupervised
feature selection, considering feature correlations to remove redundant terms
and achieve dimensionality reduction with improved classification performance;
Liu Yanan’s application of Genetic Algorithm (GA)-based feature selection
in KNN classification with dynamic K-value acquisition; and Liu Kui’s text
feature selection model based on Invasive Weed Optimization, which provides
opportunities for low-weight terms while preserving advantages of high-weight
terms to comprehensively improve selection coverage and accuracy.

Second, combining swarm intelligence algorithms with traditional feature selec-
tion methods by first obtaining preselected feature sets through conventional
approaches, then applying swarm intelligence algorithms for refinement to ob-
tain high-precision collections. Representative studies include: Uguz’s two-stage
method using IG followed by GA or Principal Component Analysis (PCA) to
remove irrelevant terms; Javed et al.’s combination of BNS and IG preselec-
tion with Markov Blanket Filter (MBF) for secondary screening; and Lu et
al.’s use of CHI preselection with six improved Particle Swarm Optimization
(PSO) variants, demonstrating that asynchronous improved PSO achieved the
best classification performance.

This paper adopts the second approach, combining SFLA with traditional meth-
ods through feature term preselection followed by improved binary SFLA refine-
ment to obtain high-precision feature sets and ultimately improve classification
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effectiveness.

2.3 Shuffled Frog Leaping Algorithm

The Shuffled Frog Leaping Algorithm, proposed by Eusuff et al., is a collabora-
tive search swarm intelligence algorithm combining characteristics of Memetic
Algorithms (MA) and Particle Swarm Optimization. It inherits both the genetic
properties of MA and the social information sharing features of PSO, offering
simple and reasonable flow, few parameters, fast convergence, and strong global
optimization capabilities.

Inspired by frog foraging behavior, SFLA involves a population P of N frogs
searching for optimal food sources in an S-dimensional constrained space. Each
frog i’s position is represented as 𝑋𝑖 = (𝑥𝑖1, 𝑥𝑖2, ..., 𝑥𝑖𝑆), where S denotes spa-
tial dimensionality and 𝑋𝑖 represents a feasible solution vector for optimization
problems. The fitness 𝐹(𝑋𝑖) of each frog’s current position is calculated, fol-
lowed by descending sorting and recording of the global best position 𝑋𝑔. The
population is divided into n memplexes, each containing m frogs, using a round-
robin grouping rule. Each memplex records its local best solution 𝑋𝑏 and worst
solution 𝑋𝑤. Intra-memplex evolution proceeds as follows:

𝐷 = rand() × (𝑋𝑏 − 𝑋𝑤) (1)

where 𝐷 represents the step size for each jump, rand() is a random number
between 0 and 1, and 𝑋′

𝑤 denotes the position after jumping:

𝑋′
𝑤 = 𝑋𝑤 + 𝐷 (2)

If 𝑋′
𝑤’s fitness 𝐹(𝑋′

𝑤) is better than 𝑋𝑤’s fitness 𝐹(𝑋𝑤), 𝑋′
𝑤 replaces 𝑋𝑤 for

the next evolution; otherwise, 𝑋𝑔 replaces 𝑋𝑏 in equation (1) to recalculate 𝑋′
𝑤.

If 𝑋′
𝑤 improves upon 𝑋𝑤, it replaces 𝑋𝑤; otherwise, a random 𝑋′

𝑤 is generated
to replace 𝑋𝑤. When all memplexes reach the maximum evolution count L,
all frogs are reshuffled, re-sorted by fitness, and the global best solution 𝑋𝑔 is
updated to form the next generation until reaching maximum iterations T or
satisfying termination conditions.

SFLA has been applied to water resource network optimization, bridge deck re-
pair, dynamic optimal power flow calculation in wind power systems, distributed
wind generator planning, and speech recognition. However, literature shows lim-
ited application in text information processing. Xu Fang improved traditional
SFLA and combined it with K-means and FCM for web text clustering, improv-
ing precision. Wei Jianxing et al. similarly combined SFLA with K-means to
enhance clustering performance. Sun et al. used SFLA directly as a classifica-
tion algorithm with LDA for feature selection, improving web text classification
accuracy. Overall, SFLA remains underutilized in text processing. This paper
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attempts to improve SFLA and combine it with traditional feature selection
methods, validating its effectiveness and feasibility through experiments.

3. Text Feature Selection Optimization Based on SFLA

3.1 Algorithm Improvements (1) Encoding Rules

Since text feature selection optimization is essentially a combinatorial optimiza-
tion problem, SFLA requires binary encoding modification. Each frog’s position
represents a feature selection rule, where each dimension corresponds to a feature
term with two possible outcomes: selected (1) or not selected (0). Thus, each
solution vector (frog position) can be represented as 𝑋𝑖 = {𝑥𝑖1, 𝑥𝑖2, ..., 𝑥𝑖𝑆} ∈
{0, 1}𝑆, where 𝑥𝑖𝑗 denotes the j-th component of the i-th solution vector, taking
values of 0 or 1. If 𝑥𝑖𝑗 = 1, the j-th feature term is selected; if 𝑥𝑖𝑗 = 0, it is not
selected.

(2) Individual Evolution Modification

Due to binary encoding, standard SFLA’s evolution mechanism (equations
(1) and (2)) becomes inapplicable. The following improvements enable better
suitability for text feature selection optimization, as illustrated in [Figure 1: see
original paper].

First, we identify the intersection G of selected feature terms between the mem-
plex’s best solution 𝑋𝑏 and worst solution 𝑋𝑤 (i.e., all components where both
𝑋𝑏 and 𝑋𝑤 equal 1). Treating 𝑋𝑏 and 𝑋𝑤 as sets:

𝐺 = 𝑋𝑏 ∩ 𝑋𝑤

Next, we calculate each frog’s jump step 𝐷𝑛𝑒𝑤:

𝐷𝑛𝑒𝑤 = 𝑅1 ∪ 𝑅2

where (𝑋𝑏 − 𝑋𝑤) and (𝑋𝑤 − 𝑋𝑏) represent set difference operations. 𝑟1 and
𝑟2 are random integers between 0 and 100. 𝑅1 contains the top 𝑟1% of feature
elements from (𝑋𝑏 − 𝑋𝑤), while 𝑅2 contains the top 𝑟2% from (𝑋𝑤 − 𝑋𝑏). The
union 𝐷𝑛𝑒𝑤 constitutes the step size for a frog’s jump. For example, when
𝑟1 = 20, 𝑟2 = 40, (𝑋𝑏 − 𝑋𝑤) contains 100 elements, and (𝑋𝑤 − 𝑋𝑏) contains
200 elements, 𝑅1 selects the top 100 × 20% = 20 features and 𝑅2 selects the
top 200 × 40% = 80 features, forming 𝐷𝑛𝑒𝑤 with 20 + 80 = 100 features. The
updated position after jumping becomes:

𝑋′
𝑤 = 𝐺 ∪ 𝐷𝑛𝑒𝑤

This modification is based on the following rationale: The intersection G pre-
serves “common features”between 𝑋𝑏 and 𝑋𝑤, allowing new individuals to
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“inherit”these shared features while continuing evolution toward better posi-
tions. The step size 𝐷𝑛𝑒𝑤 randomly“inherits”proportions of“unique”features
from both 𝑋𝑏 and 𝑋𝑤, enabling directional evolution. Since candidate feature
sets are pre-screened by CHI or IG and sorted by descending scores, selecting
top-ranked features ensures representativeness.

(3) Maximum Step Size 𝐷𝑚𝑎𝑥 Modification

With the modified step size calculation, the maximum step size 𝐷𝑚𝑎𝑥_𝑛𝑒𝑤 must
also be redefined. We introduce a“difference degree”(diff) variable measuring the
proportion of differing components between the new individual 𝑋′

𝑤 and original
𝑋𝑤. 𝐷𝑚𝑎𝑥_𝑛𝑒𝑤 represents the maximum allowed difference degree. For instance,
if 𝑋′

𝑤 = {0, 1, 1, 1, 0, 0} and 𝑋𝑤 = {1, 0, 1, 1, 0, 1} differ at dimensions 1, 2, and
6, then diff = (3/6)×100% = 50%. The difference degree variable quantifies the
disparity proportion between binary-encoded frog individuals, analogous to step
size in standard SFLA, but adapted for the modified binary step calculation.

3.2 Parameter Settings The improved binary SFLA requires five parame-
ters: frog population size N, number of memplexes n, maximum step size 𝐷𝑚𝑎𝑥,
intra-memplex evolution count L, and total iterations T. Parameter settings
significantly impact performance.

Population size N refers to the total number of frogs (initial solution vectors).
While generally correlated with problem complexity, computational overhead
considerations led to setting N = 20. The number of memplexes n depends
on frogs per memplex (m); we set n = 5, yielding m = 4 frogs per memplex.
The maximum step size 𝐷𝑚𝑎𝑥 controls global search capability by limiting the
difference degree between new and original individuals; we set 𝐷𝑚𝑎𝑥 = 45%,
meaning component differences cannot exceed 45%. Intra-memplex evolution
count L determines evolution rounds per memplex, set to L = 10 due to com-
putational costs. Total iterations T correlates with problem complexity; we set
T = 10.

3.3 Fitness Function Swarm intelligence algorithms calculate individual fit-
ness based on optimization objectives. This paper aims to reduce feature set
dimensionality while improving classification accuracy. Therefore, classification
accuracy measures each frog’s position quality, guiding frogs to “leap”toward
higher accuracy:

Fitness = Number of correctly classified test texts
Total number of texts in test set

3.4 Algorithm Design The improved SFLA-based text feature selection op-
timization algorithm proceeds as follows:

Input: Training text set TR, test text set A, desired preselected feature count
S (feature space dimension), initial frog count N, memplex count n, maximum
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step size 𝐷𝑚𝑎𝑥, intra-memplex evolution limit L, total iterations T.

Output: Feature set after SFLA secondary optimization.

1. Preprocess training set TR, then apply CHI and IG for feature preselection
to obtain candidate feature sets.

2. Randomly initialize each frog’s position dimensions with {0,1} values,
where 1 indicates feature selection and 0 indicates exclusion.

3. Calculate each frog’s fitness (classification accuracy). Features with value
1 form the representation for test set A, constructing feature vectors for
accuracy calculation.

4. Execute the improved SFLA until iteration count reaches T or termina-
tion conditions are met, then output the global best solution 𝑋𝑔 and
corresponding selected features.

The algorithm flow is illustrated in [Figure 2: see original paper].

4. Experiments

The experiments comprise two parts: (1) Direct application of traditional CHI
or IG selected features for classification; (2) Introduction of SFLA for secondary
optimization to obtain high-precision feature sets for classification, as shown in
[Figure 3: see original paper].

In the direct application process, datasets TR and B are used to calculate clas-
sification accuracy for original feature sets. The SFLA optimization process
requires both training and test sets for fitness calculation, thus using TR and A
as the modeling dataset. After obtaining high-precision feature sets, test set B
evaluates performance to verify generalization. Using separate test sets prevents
overfitting to set A and reduces computational overhead during optimization (set
A is smaller, comprising 15% randomly sampled from each category of set B).

Experiments use both English and Chinese datasets: Reuters-21578 (Experi-
ment 1) and a corpus from the Intelligent Information Processing Laboratory of
Sun Yat-sen University’s School of Information Management (Experiment 2).

The experimental environment was 32-bit Windows 10, 4GB RAM, i5-2400
processor, with Java implementation. Text preprocessing used the Lucene pack-
age, and Chinese word segmentation employed ICTCLAS from the Institute of
Computing Technology, Chinese Academy of Sciences. CHI and IG performed
feature preselection, TF-IDF calculated weights, and SVM and KNN served as
classifiers.

4.1 Reuters-21578 Corpus Experiment Reuters-21578 contains 8 cate-
gories: acq, crude, earn, grain, interest, money-fx, ship, and trade. The large
test set and training set were split at a 1:2.5 ratio, with specific distributions
shown in .

Procedure: 1. Using TR and B, CHI preselected 12 feature sets (100-1200
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dimensions at 100-interval steps: CHI_{100}-CHI_{1200}), calculating accu-
racies 𝑃𝐶𝐻𝐼 . 2. Improved binary SFLA refined these 12 sets using TR and A
as the training dataset, outputting optimized high-precision sets. 3. Using TR
and B, accuracies 𝑃𝐶𝐻𝐼_𝑆𝐹𝐿𝐴 were calculated for optimized sets. 4. Steps 1-3
repeated using IG, yielding 𝑃𝐼𝐺 and 𝑃𝐼𝐺_𝑆𝐹𝐿𝐴. 5. Accuracies were compared
across 12 dimensions. 6. All accuracies were grouped into 𝑃𝑜𝑙𝑑 (without SFLA)
and 𝑃𝑛𝑒𝑤 (with SFLA) for paired sample t-testing.

SVM Classifier Results: shows classification accuracies. Figures [Figure 4:
see original paper] and [Figure 5: see original paper] plot CHI and IG results
respectively. With SVM on Reuters-21578, the improved SFLA secondary opti-
mization consistently outperformed traditional CHI and IG, with improvement
margins increasing with dimensionality.

KNN Classifier Results: shows accuracies, plotted in [Figure 6: see original
paper] and [Figure 7: see original paper]. With KNN, SFLA secondary opti-
mization generally outperformed CHI and IG. At 400 dimensions, IG_{SFLA}
matched IG accuracy but with reduced dimensionality, indicating IG’s 400-
dimensional set contained classifiable irrelevant terms.

4.2 Laboratory Corpus Experiment The laboratory corpus (collected by
Sun Yat-sen University’s Intelligent Information Processing Laboratory) con-
tains 13 categories. Eight categories with sufficient texts were selected: edu-
cation, entertainment, event, finance, game, occultism, sport, and technology.
Each category contributed 200 texts to training set TR (1,600 total) and 200
texts to test set B (1,600 total). An additional test set A contained 160 texts
(20 per category). After preprocessing, TR yielded 52,794 unique features.

SVM Classifier Results: shows accuracies, plotted in [Figure 8: see original
paper] and [Figure 9: see original paper]. The improved SFLA outperformed
CHI and IG, with both achieving peak accuracy at 1,000 dimensions. Improve-
ment margins reached approximately 7% for CHI_{SFLA} at 400 dimensions
and 9% for IG_{SFLA} at 300 dimensions. Optimization was particularly ef-
fective when traditional methods produced lower baseline accuracies.

KNN Classifier Results: and Figures [Figure 10: see original paper] and [Fig-
ure 11: see original paper] show that CHI_{SFLA} outperformed CHI (though
marginally at 100 and 1,000 dimensions), while IG_{SFLA} significantly out-
performed IG, achieving 12% improvement at 1,000 and 1,100 dimensions.

4.3 Paired Sample T-Test All accuracy data were grouped into 𝑃𝑜𝑙𝑑 (with-
out SFLA) and 𝑃𝑛𝑒𝑤 (with SFLA) for paired sample t-testing in SPSS. shows
Sig. = .000 < 0.01, indicating significant differences at the 99% confidence level.
SFLA-based feature optimization significantly improved text classification accu-
racy.
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5. Conclusion

Experiments on both corpora demonstrate that the improved SFLA-based text
feature selection optimization algorithm outperforms traditional CHI and IG
methods. The improvement stems from SFLA’s iterative optimization and con-
vergence properties, which remove noisy feature terms that traditional statistical
methods overlook, thereby enhancing classification accuracy.

This paper introduces SFLA—rarely applied in text processing—to feature se-
lection optimization. Comparative experiments show the proposed method
achieves higher accuracy by reducing noise term interference. However, param-
eter settings were determined through small-scale tests. Future work will opti-
mize SFLA parameters to approach optimal solutions more closely and achieve
even better feature sets and classification performance.
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