Wiley

Complexity

Volume 2025, Article ID 1970131, 8 pages
https://doi.org/10.1155/cplx/1970131

Research Article

W) Check for updates

WILEY

Text Classification of Multiple Datasets Based on

Multidimensional Information

Hui Du®),! Hengguang Li )2 Guanghao Jin ! Zhengchao Ding 2 JoonYoung Paik ©),

and Rize Jin

4

ISchool of Artificial Intelligence, Beijing Polytechnic, Beijing 100176, China

’Department of Mathematics, Wayne State University, Detroit 48202, Michigan, USA
*School of Software, Tiangong University, Tianjin 300387, China

*School of Computer Science and Technology, Tiangong University, Tianjin 300387, China

Correspondence should be addressed to Rize Jin; jinrize@tiangong.edu.cn

Received 28 August 2024; Revised 9 November 2025; Accepted 3 December 2025

Academic Editor: Pramita Mishra

Copyright © 2025 Hui Du et al. Complexity published by John Wiley & Sons Ltd. This is an open access article under the terms of
the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided the
original work is properly cited.

Multiple datasets enable a deep learning model to achieve a wide range of classifications, while the diversity of datasets reduces
classification accuracy. To solve this problem, a method based on multidimensional information is proposed. The first dimension
is the outputs of multiple models on different datasets. Through this information, we can predict the dataset that may contain the
testing samples. The second one is the outputs of multiple models on the same dataset, through which the labels of testing samples
can be classified. The third one is the distribution of labels on the same testing sample, which further increases accuracy.
Experimental results show that our method achieves the best performance compared to the existing methods while ensuring good

scalability.
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1. Introduction

When using deep learning models for classification, the
accuracy depends on the captured features [1-3]. Kim
proposed convolutional neural networks (CNNs) for
sentence-level classification and achieved remarkable per-
formance [4]. Wang and Shi proposed the enhanced rep-
resentation through knowledge integration (ERNIE) to
increase accuracy [5]. With the self-attention mechanism,
language models capture features and information from
long-distance dependencies, which are referred to as
transformer-based models [6]. Language models based on
bidirectional encoder representations from transformers
(BERT) can achieve high performance in text classification
[7, 8]. In order to obtain more features, the structure of the
model becomes larger and deeper, which is impossible for
some small devices.

Some applications may collect multiple datasets for
a wide range of classification, which increases the difficulty
of feature extraction. One solution is multidomain text
classification [9]. Bousmalis et al. proposed a sharing
strategy to reveal the knowledge and domain characteristics
to ensure high performance [10]. Wu et al. proposed a new
method that constructs two different shared latent spaces
[11]. Another solution is to apply a larger model to capture
all features of multiple domains, which increases the
complexity of the models [12].

The fusion methods are widely used in deep learning-
based classification. Parveen et al. applied a voting algorithm
to deep learning models, which aims to achieve high ac-
curacy [13]. Rasheed et al. employed multiple CNN models
with a voting approach [14]. A. Upadhyay proposed
a weighted ensemble of classifiers [15]. Aziz et al. proposed
an ensemble of classifiers with sentiment analysis [16]. These
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fusion methods combine multiple models to increase clas-
sification accuracy, while the performance depends on the
selection of trained models. In more detail, a trained model
can easily guarantee high accuracy on the corresponding
dataset. On the contrary, these models achieve low accuracy
on other datasets, which reduces classification performance.

Another solution is to use large language models (LLMs),
which require about 30 GB-50 GB of memory on devices
[17]. In many applications, computing resources are limited,
which makes it impossible to apply these models. On the
contrary, the total memory consumption of smaller models
(such as BERT) does not exceed 12 GB (GPU memory size)
[18]. Furthermore, there is a network connection time when
using APIs, which is bigger than that of the connection time
between the SSD and GPU. Our method can also be applied
to pretrained LLMs if they can be deployed in resource-
constrained environments. Different from these methods,
our method is to efficiently use multiple models to achieve
high accuracy while ensuring a wide range of classification.

As shown in Figure 1, some small devices cannot use
LLMs due to memory size constraints. In this case, the
utilization of smaller models can be a solution. Each model
can run one by one in the memory of these small devices.
Then, we can fuse the outputs of these models to increase
accuracy. This paper proposes a multidataset classification
method based on multidimensional information. The in-
novation of this method is mainly reflected in the following
three aspects: the first one is that the dataset can be predicted
without additional information about the samples. In other
words, our method does not require additional information
such as the length, the content type, or the keywords of these
samples. The second one is that our method can further
increase accuracy based on different dimensions of in-
formation. The third one is that our method is suitable for
smaller devices compared to LLM-based methods.

This paper is divided into the following sections. Section
1 is the introduction. Section 2 introduces the related work.
Section 3 introduces the method and the framework. Section
4 introduces the experiment. Section 5 gives the conclusion
and future work.

2. Related Work

In this paper, we select some existing deep learning models
as the baseline for text classification. Chen et al. proposed
a new language model that generates word vectors based on
the BERT model [19]. Li et al. proposed a multilabel text
classification model based on CNN [20]. This method builds
the feature matrix fusion simultaneously from the global
granularity of words. Tezgider et al. introduced a bi-
directional transformer (BiTransformer) with two trans-
former encoder blocks [21]. Han et al. proposed a meta-
learning Siamese network [22]. Fu and Liu proposed two
improvement methods to the existing recurrent neural
network (RNN) model [23]. These methods can achieve high
accuracy on a single dataset.
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We select some of the latest fusion methods, which can
fuse the outputs of models on multiple datasets. Sood et al.
proposed a voting method on multiple text classification
datasets [24]. Miri et al. used the weighted voting method
[25]. These methods can fuse the outputs of the models but
cannot predict the datasets, which is important to the
multidomain text classification.

Domain adaptation is to transfer knowledge from
a source domain to a target domain. Wu et al. proposed
a domain adaption method that utilizes the margin dis-
crepancy, which is to capture the divergence between do-
mains [26]. This method derives an explicit generalization
bound, which is to solve multidomain text classification. On
the other hand, the diversity of domains may reduce the
performance of these methods.

3. Our Method

Before giving the details of our method, we first give the
following definitions. These definitions help to understand
our method.

3.1. Preliminaries. First, we define S, as a textual sample,
where 7 is the index of samples. We define D; as a dataset,
where j is the index of the dataset. We assume that a sample
only belongs to one dataset. We define L, ; as a label of the
samples of D ;, where k is the index of labels. We define M; as
a model, where i is the index of models. Then, we define
G(S,) as the ground truth of S,,.

We set M;; as a trained model on the dataset D; by
a deep learning model M;. We define the probability of
label L;; on a sample S, by the output of M;; as
P(M;;S,, L j)- Then, the classification result can be defined
as follows (1):

Lx’]- = argmaka)J_P(Mi’]-)Sn,Lk,]-), (1)

where x is the classified index of labels that belong to D;.
When there are multiple datasets {D j}, a classification
process should first predict which D, includes S,,. Then, on
the predicted dataset D, we should classify the label L, , on
S,. The labels of one dataset are different from those of
another dataset. Therefore, the classification result is correct
only when both the predicted dataset D), and the classified
label L, , are correct.

3.2. Our Framework. The framework of our method is
shown in Figure 2. It is divided into two parts: one is
preparation, and the other is utilization. Part 1 is the
preparation, which includes two steps (Step 1 and Step 2). In
Step 1, we train the models on the datasets. In Step 2, we
compute the parameters on the validation set such as the
weight of the fusion methods. Part 2 is the utilization, which
includes four steps (Step 3, Step 4, Step 5, and Step 6). In Step
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FiGure 1: The difference between the big model (such as LLM) and our solution.
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FiGure 2: The illustration of our framework.

3, we input a testing sample into the method. In Step 4, our  model M; is trained on its corresponding training set D; to
method predicts the dataset that may contain this sample. In
Step 5, our method classifies the label of this sample. In Step
6, our method further increases the accuracy of the classified

label based on the label distribution. 3.4. Step 2: Compute the Parameters on the Validation Sets.
After the training process of Step 1, we compute some
parameters on the validation set that include the distribution
of labels and the weights of fusion methods. Generally,
a validation set is used to simulate the corresponding testing
set. Otherwise, we can collect some testing samples and label
set 5]-, a validation set D ;» and a testing set D ;- Then, each  them to simulate the testing set. Therefore, we can assume

get a trained model set {Mi,j}.

3.3. Step 1: Train Models on the Training Sets. Before
training, we first collect the models {M;} and the datasets

{D j}. We select each dataset D; and divide it into a training
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that the label distribution of a validation set is the same as
that of the corresponding testing set. We compute the
distribution of label L, ; on the validation set D j»as shown in
the following equation:

Zs eD;,G(S,)=L 1
- _ n J? n k,j
Pl D) ==
n€Ej

where Ly ; is a label and G(S,) is the ground truth of the
sample S, which are defined by (1). On the validation set, we

can obtain the weights {W,») j} that are used for the fusion
methods, as shown in the following equation:

/(1 - P(L; =G(S,), S, € D))

W, = —
! 1/(21')].1/(1 - P(Ly; =G(S,) S, € D)) ®

) (2)

[~ M| = ZIPOL

where W, . and W}, ; are the weights that are computed using
(3). We select M ; that achieves the highest accuracy on the

validation set D ;- Then, we can predict the dataset of S, using
the following equation:

= argmmJ Z"M Mu]“ (5)

where we define a testing set Ey as the predicted dataset that
may contain the sample S,

3.7. Step 5: Classify the Labels by Our Method. After our
method predicted the dataset D ,, that may include S, by Step

4, our method tries to classify the label of this sample. Our
method classifies the label of S,, using the following equation:

L, = argmmele X P(M,y,Sn,Lk)y), (6)

where W;
P(M

is the weight that is introduced in (3),

,y,Sn,ka) is introduced in (1).

3.8. Step 6: Further Increase the Accuracy of Our Method.
After our method predicted the label L, , of the sample S, by
Step5, our method further increases the accuracy in Step 6.
In the case when the score of L, , is low, our method assumse
this may lead to a wrong result. We can set the threshold
based on the validation set and then select these kinds of
results. For example, we set a default threshold (set it as
0.5xmax score) and change it by small values (such as

S Lij) X W, ;-
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where P(Lk] =G(S,), S, € D, ) is defined as the accuracy of
the trained model M; ; on D

After the preparatlon of Step 1 and Step 2, we can input
the testing samples into our method to predict the datasets
that may include these samples and further classify the labels
of these samples, which are introduced from Step 3 to Step 6.

3.5. Step 3: Input the Testing Samples Into Our Method.
We randomly input S, € {D jf into each trained model to
output P(M;;S,, L ;) that is introduced in (1)

3.6. Step 4: Predict the Dataset by Our Method. For a testing
sample S,, our method first predicts the dataset that may
contain this sample. We define the model difference between
M;; with M;;; (ii is also the index of trained models) on
a sample S, as follows:

P(M Sy Lij) X Wi, @)

+0.01 x max score) following the direction that increases the
accuracy. For these results, we further increase the accuracy
using the following equation:

L, = argmlnkZle X P(M,y,S ’Lk,y) +wx P(Lk,y,f)y),

(7)

where P (Lk’y, DY) is introduced in (2). We also compute the
hyperparameter w on the validation set as follows. For ex-
ample, we set a random w (the range is from 0 to 1) and
change it by Aw (like +0.01) following the direction that
increases the accuracy.

3.9. The Pseudocode of Our Method. Table 1 explains the
process of our method by pseudocode.

4. Experiment

4.1. Experimental Setup. To evaluate the methods, we se-
lected three public text classification datasets: THUCNews
[8], SogouNews [27], and SogouminiNews [27]. THUCNews
has 830,749 samples in 14 labels, with an average of 19 words
in the title and 892 words in the text. SogouNews has
2,909,551 samples in five labels, with an average title length
of 17 words and an average text length of 494 words.
SogouminiNews is a smaller version of SogouNews, which
has 101,000 samples. Due to computational limitations, we
first randomly select three subsets from each dataset. Each
subset contains 20,000 training samples, 500 validation
samples, and 5000 testing samples.
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TaBLE 1: Pseudocode of our method.

//Step 1:

Separate the dataset D; into a training set Bj, a validation set D ;» and a testing set D ;

For Ej in {Ej}

For M; in {M;}
Train M; on Bj to get the trained model M; ;
//Step 2:

For Dj in {Dj}
For L ; in {L; ;}

Compute P(Lk’j,bj) by equation (2), which will be used in equations (4) and (7)

Compute W, ; by equation (3), which will be used in equations (4) and (6)

For S, € {Dj}
//Step 3:
For j from 0 to the number of datasets
For i from 0 to the number of models
Input S, to M, ;

Output P(M; ,S,, Ly ;) that is introduced in equation (1). This will be used in equation (4)

//Step 4:

Compute Zi||M,«)j—M“,j|| by equation (4), which will be used in equation (5)

Get Ey by equation (5)
/IStep 5:
Get L, , by equation (6)
//Step 6:
Get ix,y by equation (7)

4.2. The Evaluation of Trained Models on the Corresponding
Datasets (Step 1). This evaluation is relevant to Step 1 of our
method. We chose some existing models and public datasets.
We selected five existing models, namely, Chen-BERT [19],
Li-ALBERT [20], BiTransformer [21], meta-learning [22],
and Fu-RNN [23]. We selected these models based on
computing resources. We optimized the hyperparameters to
achieve the highest possible accuracy of these models. For
example, we set the epoch range from 10 to 100 and select
the trained model with the highest accuracy. Then, we
evaluate each trained model on the corresponding dataset.
As shown in Table 2, each trained model achieved high
accuracy on the dataset that was used to train this model. These
models achieved high or low accuracy, depending on the tuning
technique. Thus, our research focuses on how to organize these
models rather than the skills of tuning hyperparameters.

4.3. The Evaluation of Trained Model on the Other Datasets
(Step 3). This evaluation is relevant to Step 3 of our method.
We evaluate the performance of models on other datasets. In
more detail, we choose a model trained on one dataset and
then evaluate this model on the other datasets.

As shown in Table 3, the accuracy of the trained model is
low on other datasets because this model has not been
trained on these datasets. A trained model can effectively
obtain the features from the corresponding dataset. On the

other hand, a trained model cannot effectively capture the
characteristics of other datasets, especially when the datasets
are different from each other. Therefore, there should be
a dataset prediction step before label classification.

4.4. The Evaluation of Fusion Methods on Multiple Datasets
(Step 5). This evaluation is relevant to Step 5 of our method.
In this subsection, the testing set includes samples from
multiple datasets. Therefore, we should first predict the
dataset that may contain this sample. Then, the trained
models of the predicted dataset are used to classify the label
of this sample. Only when a result correctly predicts both the
dataset and label, we can define this result as correct. We use
the voting method [24] and the weighted voting method [25]
as the representatives of existing fusion methods.

As shown in Table 4, our method achieved higher accuracy
(1.02%, 12.51%, and 3.13%) than the existing methods. Our
dataset prediction can achieve higher accuracy because we
utilize the model differences introduced in (4).

4.5. The Evaluation of the Distribution of Labels (Step 6).
This evaluation is relevant to Step 6 of our method. We
applied random distribution (introduced in (2)) to the
validation sets and testing sets. If the validation set and the
testing set belong to the same dataset, we assume that their
distributions are the same.
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TaBLE 2: The accuracy of label classification.
Methods
Datasets . .
Chen-BERT (%) Li-ALBERT (%) BiTransformer (%) Meta-learning (%) Fu-RNN (%)
THUCNews 98.04 94.29 97.04 98.29 90.40
SogouNews 93.18 92.24 93.44 93.40 91.22
SogouminiNews 93.11 91.98 94.24 93.82 88.04
TaBLE 3: The accuracy of label classification in cross-examination.
Datasets
Methods ..
THUCNews SogouNews SogouminiNews
Chen-BERT — 9.42% 16.58%
Li-ALBERT — 9.36% 12.71%
BiTransformer — 16.44% 19.69%
Meta-learning — 9.47% 13.00%
Fu-RNN — 18.73% 16.93%
Chen-BERT 9.29% — 20.98%
Li-ALBERT 9.24% — 17.89%
BiTransformer 18.42% — 20.51%
Meta-learning 18.49% — 20.58%
Fu-RNN 12.04% — 20.80%
Chen-BERT 9.38% 15.22% —
Li-ALBERT 15.93% 15.51% —
BiTransformer 19.82% 25.38% —
Meta-learning 18.89% 22.84% —
Fu-RNN 19.58% 20.60% —
TaBLE 4: The accuracy of datasets’ prediction with label classification.
Datasets
Methods L.
THUCNews (%) SogouNews (%) SogouminiNews (%)
Voting method 91.04 79.33 83.42
Weighted voting method 91.60 79.41 86.42
Our method 92.62 91.92 89.55
TaBLE 5: The accuracy of datasets’ prediction with label classification, in a random distribution case.
Datasets
Methods ..
THUCNews (%) SogouNews (%) SogouminiNews (%)
Our method (without Step 6) 92.62 91.92 89.55
Our method (with Step 6) 94.99 93.00 91.23

As shown in Table 5, our method (with Step 6) achieved
higher accuracy (2.37%, 1.08%, and 1.68%) than our method
(without Step 6), which indicates the effective use of label
distribution. When there are two labels with similar prob-
abilities, the distribution of labels plays an important role in
increasing accuracy.

4.6. The Evaluation of the Datasets by Random Selection.
Due to the limitations of computation, we randomly select
three subsets from each dataset. Each subset contains 21,000
training samples, 3000 validation samples, and 6000 testing
samples. We apply the approach of Step 6 to the existing
fusion methods.

Table 6 shows the accuracy of datasets’ prediction with
label classification. Due to the increased number of val-
idation samples and the approach from Step 6, the ac-
curacy of the fusion methods is increased (compared to
the existing methods in Table 4 and our method in Ta-
ble 5). Compared to the existing methods, the accuracy of
our method is increased by 2.32%, 11.67%, and 3.89%,
respectively.

4.7. The Comparison With the Latest Method on Full
Datasets. In this subsection, we compared the latest method
(MDAT [26]) on full datasets. Table 7 shows the accuracy of
dataset predictions with label classification. On full datasets,

35U8217 sUoOWIWOD aAIea.) 3|qeal|dde ayy Aq paulenob ale saiie YO ‘asn Jo Sajni 104 Aeiqi auluQ A3]1AA UO (SUOIPUOD-pUe-SLLLB)/WOD A | 1M A2eq 1 puUo//:SdNy) SUO}IPUOD pue SWwid | 8y} 89S “[G20z/ZT/TE] uo Ariqiauliuo /)M ¢ 17 BuenbueH Aq TETOL6T/XIAO/SSTT OT/I0p/W0D A8 | 1M AReiq 1 pul|uo//sdny wolj pepeojumod ‘T ‘S20Z ‘€0S8



Complexity 7
TaBLE 6: The accuracy of datasets prediction with label classification in random selection case.
Datasets
Methods L.
THUCNews (%) SogouNews (%) SogouminiNews (%)
Voting method (with Step 6) 92.01 81.31 85.09
Weighted voting method (with Step 6) 92.79 81.48 87.62
Our method (with Step 6) 95.11 93.15 91.51
TaBLE 7: The accuracy of datasets’ prediction with label classification on full datasets.
Datasets
Methods ..
THUCNews (%) SogouNews (%) SogouminiNews (%)
Voting method (with Step 6) 8.05 78.04 80.12
Weighted voting method (with Step 6) 89.13 79.38 83.18
MDAT [26] 91.91 87.36 85.67
Our method (with Step 6) 92.81 88.86 86.45

the number and diversity of training samples are increased,
which lowers the performance of trained models. MDAT is
based on transfer learning to solve the domain adaptation
problem. The diversity of samples reduces the accuracy of
this method across multiple domains. Compared to the latest
method (MDAT), the accuracy of our method is increased
by 0.9%, 1.5%, and 0.78%, respectively.

5. Conclusions

This paper proposes a multidataset text classification method
based on multidimensional information, which aims to
achieve high accuracy and good scalability. Our method does
not require information about the samples. In addition, this
method reduces dependence on computing resources. Ex-
perimental results show the effectiveness of our method.
In future work, we will study how the diversity of
samples affects the performance of the trained models in
order to further increase the accuracy of text classification.
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