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Abstract
Objective: Due to the existence of numerous redundant terms unrelated to
classification in text data, a shuffled frog leaping algorithm is introduced to
optimize feature selection and improve classification accuracy. Method: 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 to
perform secondary optimization on the pre-selected feature sets. Each frog’s
position represents a feature selection rule, with classification accuracy serving
as the algorithm’s fitness function. SVM and KNN classifiers are utilized for
calculating classification accuracy in the experiments. Results: The improved
frog leaping algorithm achieves superior classification performance compared
to CHI and IG, with a maximum improvement reaching 12%. Limitations:
Overfitting occurs under a small subset of feature dimensions. Conclusion: The
feature selection optimization method combining feature term pre-selection with
the improved frog leaping algorithm can effectively eliminate interference from
noisy feature terms, thereby enhancing text classification accuracy.
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Abstract
[Objective] Due to the presence of numerous classification-irrelevant redundant
terms in text data, this paper introduces the shuffled frog leaping algorithm to
optimize feature selection and improve classification accuracy. [Methods] We
first used CHI and IG methods to pre-select feature sets of varying dimensions,
then applied an improved shuffled frog leaping algorithm to conduct secondary
optimization on these pre-selected feature collections. Each frog’s position rep-
resents a feature selection rule, with classification accuracy serving as the algo-
rithm’s fitness function. SVM and KNN classifiers were employed to calculate
classification accuracy in experiments. [Results] The improved frog leaping
algorithm achieved better classification performance than CHI and IG alone,
with a maximum improvement of 12%. [Limitations] Overfitting occurred in a
small portion of feature dimensions. [Conclusion] The combined approach of
feature term pre-selection and improved frog leaping algorithm can effectively
eliminate interference from noise features, thereby improving text classification
accuracy.

Keywords: Feature Selection; Text Classification; Shuffled Frog Leaping Algo-
rithm
Classification Number: TP391

In the field of text information processing, text classification has attracted con-
siderable scholarly attention as an important foundation for information mining,
natural language processing, and information retrieval. Text classification tech-
nology has evolved from traditional manual classification to machine learning-
based automatic classification, achieving significant improvements in both qual-
ity and efficiency. However, text data often exhibits characteristics of high
dimensionality, sparsity, and multi-labeling, which affect classification perfor-
mance to some extent, making text feature selection optimization a research
hotspot. In the Vector Space Model (VSM), not every feature term in the orig-
inal feature set is necessary for classification learning; some noise features not
only increase dimensionality but also impact 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 the text domain, and improves its encoding rules and
individual evolution mechanisms for application in text feature selection opti-
mization. Experimental results demonstrate the effectiveness of this approach.

2.1 Traditional Text Feature Selection Methods
The text classification process primarily includes text preprocessing and seg-
mentation, text representation, feature selection, weight calculation, and clas-
sification. Text representation mainly adopts the VSM model. After prepro-
cessing, the resulting feature set has extremely high dimensionality and sparse
distribution, with each text represented as a high-dimensional vector. Such
high-dimensional vectors impose significant computational burdens on classi-
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fiers, making feature selection crucial in text classification. Feature selection
yields a representative feature term collection that reduces the spatial dimen-
sionality of each text vector and improves classification efficiency and accuracy.
Currently, mainstream feature selection methods include Document Frequency
(DF), Chi-square test (CHI), Information Gain (IG), and Mutual Information
(MI). Experimental evidence shows that CHI offers good classification perfor-
mance but high computational overhead. In English text classification, CHI and
IG perform best, DF is basically comparable, while MI is relatively poor. In Chi-
nese text classification, CHI performs best, followed by IG, with MI relatively
poor and DF in the middle.

However, traditional methods like CHI and IG select feature sets with good
discriminative ability and text representativeness through mathematical mod-
els, without considering from a textual perspective the mutual influence among
feature terms or the overall impact of redundant terms on classification effec-
tiveness. Therefore, based on traditional feature selection methods, this paper
introduces an improved SFLA that leverages its strong optimization capabil-
ity to conduct secondary optimization on pre-selected feature sets, obtaining
relatively low-dimensional yet high-precision feature collections that ultimately
improve classification results.

2.2 Feature Selection Optimization with Swarm Intelligence
Algorithms
In recent years, scholars have increasingly applied swarm intelligence algorithms
to text feature selection with notable results. The general approaches fall into
two categories: (1) Directly using swarm intelligence algorithms for text fea-
ture selection without traditional methods. Representative research includes
Tabakhi et al.’s UFSACO method, which introduces Ant Colony Optimiza-
tion (ACO) into unsupervised feature selection, considering feature correlations
to remove redundant terms and achieve dimensionality reduction, demonstrat-
ing better performance than traditional methods. Liu Yanan applied genetic
algorithm (GA)-based feature selection to KNN classification with dynamic K-
value acquisition. Liu Kui constructed a text feature selection model based
on invasive weed optimization, which gives low-weight terms opportunities for
selection while preserving advantages for high-weight terms, improving compre-
hensiveness and accuracy. (2) Combining swarm intelligence algorithms with
traditional feature selection methods, where traditional methods first produce
pre-selected feature sets that are then refined by swarm intelligence algorithms
to obtain high-precision collections and improve classification. Representative
work includes Uguz’s use of IG with GA and Principal Component Analysis
(PCA) for secondary selection and extraction to remove irrelevant terms. Javed
et al. used BNS and IG for pre-selection followed by Markov Blanket Filter
(MBF) for secondary screening. Lu et al. used CHI for pre-selection and six im-
proved particle swarm optimization (PSO) algorithms for refinement, showing
asynchronous improved PSO achieved the best results.
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This paper combines SFLA with traditional feature selection methods, first con-
ducting feature term pre-selection, then introducing an improved binary SFLA
for feature refinement to obtain high-precision feature collections and ultimately
improve text classification performance.

2.3 Shuffled Frog Leaping Algorithm
The shuffled frog leaping algorithm, proposed by Eusuff et al., is a collaborative
search swarm intelligence algorithm that combines characteristics of memetic
algorithms (MA) and particle swarm optimization, featuring both genetic prop-
erties of MA and social information sharing of PSO. The algorithm has a simple
and reasonable flow, few parameters, fast convergence, and strong global opti-
mization capability.

SFLA was originally inspired by frog foraging behavior. A frog population P of
N frogs searches for limited and optimal food sources in an S-dimensional con-
strained space. Each frog i’s position is represented by 𝑋𝑖 = (𝑥𝑖1, 𝑥𝑖2, ..., 𝑥𝑖𝑆),
where S represents the spatial dimension. In optimization problems, 𝑋𝑖 repre-
sents a feasible solution vector. The fitness 𝐹(𝑋𝑖) of each frog’s current position
is calculated, and frogs are sorted in descending order by fitness while recording
the global best position 𝑋𝑔. The entire population is divided into n memes,
each containing m frogs, following the grouping rule: frog 1 to meme 1, frog 2
to meme 2, ⋯, frog m to meme m, frog m+1 to meme 1, and so on. Each meme’
s local best solution 𝑋𝑏 and worst solution 𝑋𝑤 are recorded. Each meme then
undergoes internal evolution according to:

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 represents the position after jumping:

𝑋′
𝑤 = 𝑋𝑤 + 𝐷 (2)

The new position 𝑋′
𝑤 is calculated using formulas (1) and (2). If the fitness

𝐹(𝑋′
𝑤) of 𝑋′

𝑤 is better than 𝐹(𝑋𝑤), 𝑋′
𝑤 replaces 𝑋𝑤 for the next internal

evolution. Otherwise, 𝑋𝑔 replaces 𝑋𝑏 in formula (1) to recalculate 𝑋′
𝑤. If

𝐹(𝑋′
𝑤) is still not better than 𝐹(𝑋𝑤), a random 𝑋′

𝑤 is generated to replace
𝑋𝑤. When all memes reach the maximum internal evolution count 𝐿, all frogs
are remixed, re-sorted by fitness, the global best solution 𝑋𝑔 is updated, and
the next generation population is constructed until reaching maximum total
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 models, and speech recognition. However, literature
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shows limited research on SFLA in text information processing. Xu Fang im-
proved traditional SFLA and combined it with K-means and FCM for text
clustering, improving Web text clustering precision. Wei Jianxing et al. also
combined SFLA with K-means to improve clustering performance. In text clas-
sification, Sun et al. used SFLA directly as a classification algorithm with LDA
for feature selection, improving Web text classification accuracy. To date, SFLA
has seen limited application in text information processing. This paper attempts
to improve SFLA and combine it with traditional feature selection methods, ver-
ifying its effectiveness and feasibility through experiments.

3. Text Feature Selection Optimization Based on Shuffled
Frog Leaping Algorithm
3.1 Algorithm Improvements

(1) Encoding Rules
Since text feature selection optimization is essentially a combinatorial optimiza-
tion problem, SFLA is improved with binary encoding rules. 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). Each solution
vector (frog position) can be represented as 𝑋𝑖 = {𝑥𝑖1, 𝑥𝑖2, ..., 𝑥𝑖𝑆} ∈ {0, 1}𝑆,
where 𝑥𝑖𝑗 represents the j-th component of the i-th solution vector, taking only
0 or 1. If 𝑥𝑖𝑗 = 1, the j-th feature term is selected; if 𝑥𝑖𝑗 = 0, it is not selected.

(2) Individual Evolution Mechanism Improvement
Since this paper uses binary-encoded SFLA, the standard evolution mechanism
(formulas (1) and (2)) is no longer applicable. Therefore, we improve the in-
dividual evolution mechanism as follows to better suit text feature selection
optimization. The improved process is shown in Figure 1 [Figure 1: see original
paper].

First, we calculate the intersection 𝐺 of selected feature terms between the
best solution 𝑋𝑏 and worst solution 𝑋𝑤 in a meme (i.e., for the j-th compo-
nent/feature term, all dimensions where both 𝑋𝑏 and 𝑋𝑤 equal 1). Treating 𝑋𝑏
and 𝑋𝑤 as sets, 𝐺 is their intersection:

𝐺 = 𝑋𝑏 ∩ 𝑋𝑤 (3)

Then we calculate each frog’s jumping step size 𝐷𝑛𝑒𝑤 using:

𝐷𝑛𝑒𝑤 = 𝑅1 ∪ 𝑅2 (4)

where (𝑋𝑏 − 𝑋𝑤) and (𝑋𝑤 − 𝑋𝑏) represent set difference operations. 𝑟1 and 𝑟2
are random integers between 0 and 100. 𝑅1 takes the top 𝑟1 percent of feature
elements from (𝑋𝑏 − 𝑋𝑤), while 𝑅2 takes the top 𝑟2 percent from (𝑋𝑤 − 𝑋𝑏).
The union of 𝑅1 and 𝑅2 forms set 𝐷𝑛𝑒𝑤, representing a frog’s jumping step
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size. For example, when 𝑟1 = 20, 𝑟2 = 40, (𝑋𝑏 − 𝑋𝑤) has 100 elements, and
(𝑋𝑤 − 𝑋𝑏) has 200 elements, we take 100 × 20% = 20 features from the first set
and 200×40% = 80 from the second, forming 𝐷𝑛𝑒𝑤 with 20+80 = 100 features.
The position update after a frog’s jump within a meme is:

𝑋′
𝑤 = 𝐺 ∪ 𝐷𝑛𝑒𝑤 (5)

This improvement is based on the following rationale: First, we find intersection
𝐺 between 𝑋𝑏 and 𝑋𝑤 to preserve their“common features,”allowing new indi-
viduals to “inherit”these common features while continuing to evolve toward
better positions. When calculating the jumping step, we select top features from
each solution’s “unique”features to form 𝐷𝑛𝑒𝑤. This allows new individuals
to randomly“inherit”certain proportions of unique features from both 𝑋𝑏 and
𝑋𝑤, enabling evolution in certain directions. Moreover, since candidate feature
sets are pre-selected by CHI or IG and sorted by their scores (higher scores
indicating better representativeness), we select top-ranked features.

(3) Maximum Step Size 𝐷𝑚𝑎𝑥 Improvement
With the improved step size calculation for binary SFLA, we must also redefine
the maximum step size 𝐷𝑚𝑎𝑥_𝑛𝑒𝑤.

We first define a new variable: difference degree (𝑑𝑖𝑓𝑓), representing the pro-
portion of differing solution components between the new individual 𝑋′

𝑤 and
original 𝑋𝑤 across corresponding dimensions. 𝐷𝑚𝑎𝑥_𝑛𝑒𝑤 refers to the maxi-
mum allowed 𝑑𝑖𝑓𝑓 between 𝑋′

𝑤 and 𝑋𝑤. For example, 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 variable 𝑑𝑖𝑓𝑓 is introduced to calculate the difference propor-
tion between binary-encoded frog individuals, equivalent to step size in standard
SFLA. However, since the step size calculation formula is modified, step size no
longer represents the difference degree. Therefore, 𝐷𝑚𝑎𝑥_𝑛𝑒𝑤 in the improved
algorithm refers to the maximum allowed difference degree between the new
individual 𝑋′

𝑤 and original 𝑋𝑤.

3.2 Parameter Settings

The improved binary SFLA requires five parameters: frog population size 𝑁 ,
number of memes 𝑛, maximum step size 𝐷𝑚𝑎𝑥, internal evolution count 𝐿, and
total iterations 𝑇 . Parameter settings significantly impact algorithm perfor-
mance.

Population size 𝑁 refers to the total number of frogs, representing the number
of initial solution vectors for combinatorial optimization problems. Generally,
𝑁 relates to problem complexity, but due to high computational overhead in
fitness calculation, we set 𝑁 = 20. The number of memes 𝑛 depends on the size
𝑚 of each meme; we set 𝑛 = 5, resulting in 4 frogs per meme. The maximum
step size 𝐷𝑚𝑎𝑥 controls global search capability. We set 𝐷𝑚𝑎𝑥 = 45, meaning
the difference degree between new and original individuals cannot exceed 45%.

chinarxiv.org/items/chinaxiv-201711.02112 Machine Translation

https://chinarxiv.org/items/chinaxiv-201711.02112


Parameter 𝐿 determines internal evolution times within memes, while total
iterations 𝑇 relates to problem complexity (higher complexity requires larger 𝑇
to increase optimal solution probability). Due to computational costs, we set
𝐿 = 10 and 𝑇 = 10.

3.3 Fitness Function

The fitness function in swarm intelligence algorithms calculates individual fit-
ness based on optimization objectives. This paper introduces SFLA for feature
selection optimization, aiming to reduce feature set dimensionality while im-
proving classification accuracy. Therefore, we use text classification accuracy
to measure each frog’s position quality, guiding frogs to “leap”toward higher
accuracy positions:

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

3.4 Algorithm Design

The text feature selection optimization algorithm based on improved SFLA
proceeds as follows:

Input: Training text set 𝑇 𝑅, test text set 𝐴, pre-selected feature word count
(feature space dimension) 𝑆 to be obtained through CHI or IG, initialized frog
count 𝑁 , meme count 𝑛, maximum step size 𝐷𝑚𝑎𝑥, maximum internal evolution
count 𝐿, total iterations 𝑇 .

Output: Feature set after SFLA secondary optimization.

1. Segment training set 𝑇 𝑅 using segmentation software, then apply CHI
and IG for feature pre-selection to obtain candidate feature sets.

2. Randomly assign values from {0, 1} to each dimension of every frog’s
position. A value of 1 selects the corresponding feature term, while 0
deselects it, serving as initial positions.

3. Calculate each frog’s fitness (classification accuracy). Use features with
value 1 to construct test set 𝐴’s feature vectors, then calculate classification
accuracy using a classifier as the fitness value.

4. Follow the improved SFLA process until iterations reach 𝑇 or other termi-
nation conditions are met. Output the optimal solution 𝑋𝑔 and features
with value 1 in 𝑋𝑔 as the secondary-optimized feature set.

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

4. Experiments
4.1 Experimental Design

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

In the direct classification process using CHI or IG, the dataset comprises train-
ing set 𝑇 𝑅 and test set 𝐵 to calculate classification accuracy for original feature
sets. In the SFLA optimization process, since fitness (classification accuracy)
must be calculated, the dataset requires both training and test sets, so 𝑇 𝑅 and
test set 𝐴 serve as the training set for model building. After obtaining high-
precision feature sets, test set 𝐵 evaluates their performance to verify whether
they generalize well to other test sets. Additionally, since SFLA requires mul-
tiple accuracy calculations, using a large test set would increase time overhead,
so test set 𝐴 is smaller, composed by randomly extracting 15% of texts from
each category of test set 𝐵.

To demonstrate algorithm effectiveness, experiments use both English and Chi-
nese datasets. Experiment 1 uses a subset of the Reuters-21578 corpus; Ex-
periment 2 uses a subset of the Intelligent Information Processing Laboratory
corpus at Sun Yat-sen University’s School of Information Management (referred
to as the Laboratory corpus).

The experimental environment was 32-bit Windows 10, 4GB RAM, i5-2400 pro-
cessor, with Java programming. Text preprocessing used the Lucene open-source
package; segmentation used the Institute of Computing Technology, Chinese
Academy of Sciences’ICTCLAS system. CHI and IG were used for pre-selection;
TF-IDF for feature weighting; SVM and KNN for classification.

Specific steps: 1. Use 𝑇 𝑅 and test set 𝐵 with CHI to pre-select 12 feature
sets of dimensions 100-1200 (CHI_{100}-CHI_{1200}), calculating accuracies
𝑃𝐶𝐻𝐼 . 2. Apply improved binary SFLA for secondary optimization on these
12 sets. Use 𝑇 𝑅 and test set 𝐴 as training data to calculate fitness (accuracy).
Output SFLA’s optimal solutions: high-precision feature sets after secondary
optimization. 3. Calculate accuracies 𝑃𝐶𝐻𝐼_𝑆𝐹𝐿𝐴 for these optimized sets using
𝑇 𝑅 and test set 𝐵. 4. Repeat steps 1-3 using IG method to obtain 𝑃𝐼𝐺 and
𝑃𝐼𝐺_𝑆𝐹𝐿𝐴. 5. Compare 𝑃𝐶𝐻𝐼 , 𝑃𝐼𝐺 with 𝑃𝐶𝐻𝐼_𝑆𝐹𝐿𝐴, 𝑃𝐼𝐺_𝑆𝐹𝐿𝐴 across 12
dimensions. 6. Conduct paired sample T-test on all accuracy data divided into
𝑃𝑜𝑙𝑑 (before SFLA) and 𝑃𝑛𝑒𝑤 (after SFLA) groups.

4.2 Experimental Results

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

With the SVM classifier, secondary optimization results for CHI or IG pre-
selected feature sets are shown in Table 2 . Line charts for CHI and IG groups
are shown in Figures 4 [Figure 4: see original paper] and 5 [Figure 5: see original
paper], where the x-axis represents pre-selected feature counts. CHI_{SFLA}
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and IG_{SFLA} denote methods using CHI or IG pre-selection followed by
SFLA optimization. On Reuters-21578 with SVM, the improved SFLA sec-
ondary optimization clearly outperformed traditional CHI and IG, with accu-
racy improvements increasing with dimensionality.

With the KNN classifier, results are shown in Table 3 and Figures 6 [Figure
6: see original paper] and 7 [Figure 7: see original paper]. On Reuters-21578
with KNN, the improved SFLA achieved higher accuracy than CHI and IG in
most dimensions. At dimension 400, IG_{SFLA} matched IG’s accuracy but
with reduced dimensionality, indicating that IG’s 400-dimensional set contained
classification-irrelevant terms that could be removed.

Experiment 2: Laboratory Corpus
The Laboratory corpus, collected by Sun Yat-sen University’s Intelligent Infor-
mation Processing Laboratory, contains 13 categories. We selected 8 categories
with more texts: education, entertainment, event, finance, game, occultism,
sport, technology. From each category, 200 texts were randomly selected as
training set 𝑇 𝑅 (1,600 total), another 200 per category as test set 𝐵 (1,600
total), and 20 per category as test set 𝐴 (160 total). After preprocessing, seg-
mentation, deduplication, and stopword removal, the training set yielded 52,794
features.

With SVM classifier, results are shown in Table 4 and Figures 8 [Figure 8: see
original paper] and 9 [Figure 9: see original paper]. The improved SFLA sec-
ondary optimization outperformed CHI and IG, with both achieving highest
accuracy at 1,000 dimensions. CHI_{SFLA} improved about 7% over CHI at
400 dimensions, while IG_{SFLA} improved about 9% over IG at 300 dimen-
sions. The optimization effect was more pronounced when traditional methods
produced lower baseline accuracies.

With KNN classifier, results are shown in Table 5 and Figures 10 [Figure 10:
see original paper] and 11 [Figure 11: see original paper]. CHI_{SFLA} out-
performed CHI, though improvements were less significant at 100 and 1,000
dimensions while still achieving dimensionality reduction. IG_{SFLA} clearly
outperformed IG, with improvements reaching 12% at 1,000 and 1,100 dimen-
sions.

4.3 Paired Sample T-Test

All accuracy data were divided into two groups: 𝑃𝑜𝑙𝑑 (before SFLA) and 𝑃𝑛𝑒𝑤
(after SFLA). Paired sample T-test in SPSS yielded results shown in Table 6
. With Sig. = .000 < 0.01, at 99% significance level, 𝑃𝑜𝑙𝑑 and 𝑃𝑛𝑒𝑤 show
significant differences, confirming that SFLA feature optimization significantly
improves text classification accuracy.
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5. Conclusion
Both experiments demonstrate that the improved SFLA-based text feature se-
lection optimization algorithm achieves better classification performance than
traditional CHI and IG, validating its feasibility and effectiveness. Traditional
methods like CHI and IG select features through mathematical models from
a statistical perspective without considering feature interactions or redundant
terms’overall impact. Consequently, their candidate sets contain many noise
features that affect classifier performance. The improved SFLA conducts sec-
ondary optimization, leveraging its iterative optimization and good convergence
properties to retain discriminative features while removing noise terms, substan-
tially improving classification accuracy.

This paper introduces SFLA, rarely applied in text processing, to text feature
selection optimization from a holistic perspective. Comparative experiments
show the improved SFLA method achieves higher accuracy than CHI and IG by
removing noise features and reducing their impact. However, current parameter
settings were determined through small-scale tests. Future work will optimize
SFLA parameters to find optimal value ranges, yielding better high-precision
feature sets and classification performance.
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