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Abstract— The rapid growth of scientific publications poses
challenges in grouping journal articles based on subject area,
especially when using metadata such as titles, abstracts, and
keywords. However, differences in feature representation and
classification algorithms often result in varying performance,
requiring comparative studies to determine the optimal model
combination. This study compares four combinations of subject
area classification models, namely TF-IDF + Naive Bayes, TF-
IDF + Support Vector Machine, Bag-of-Words + Support
Vector Machine, and Bag-of-Words + Naive Bayes. The research
process included text preprocessing, feature extraction, and
testing using an 80% training and 20% testing data split scheme
in five scenarios. The evaluation was performed using confusion
matrices, accuracy, precision, recall, and F1l-score. The
experimental results showed variations in performance between
models, with an average F1-score of 0.8103 for TF-IDF + Naive
Bayes, 0.8494 for TF-IDF + Support Vector Machine, 0.8297 for
Bag-of-Words + Support Vector Machine, and 0.8335 for Bag-
of-Words + Naive Bayes as the best performance. These findings
indicate that a word frequency-based approach combined with
Naive Bayes is effective for classifying journal article subject
areas based on metadata, although challenges remain in subject
areas with semantic proximity.

Keywords— Data Analysis, Feature Extraction, Performance
Evaluation, Scientific Document Classification, Supervised
Machine Learning

I. INTRODUCTION

Advances in science and technology have significantly
driven the growth of scientific publications in various
disciplines [1], [2]. Every year, the number of scientific
articles published through journals, proceedings, and
academic repositories continues to increase in line with the
development of research activities in universities and research
institutions [3], [4]. This situation poses new challenges in
scientific information management, particularly in ensuring
that every article can be found, accessed, and utilized
appropriately by the academic community.

In the scientific publication ecosystem, grouping articles
by subject area is fundamental. The subject area serves as the
scientific identity of an article, indicating the field of study
and the scope of research discussed [5]. Subject areca
classification serves as the basis for indexing systems that
organize scientific databases, support information retrieval,
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and facilitate the mapping of research developments across
various fields of science. Without accurate and consistent
classification, scientific articles may be difficult for relevant
readers to find, may not be optimally linked to other research
in the same field, and may be underutilized in data-driven
decision making.

Subject area classification also plays an important role in
evaluating research performance at the individual,
institutional, and national levels. Mapping publications by
scientific field serves as a basis for formulating research
policies, determining funding priorities, and analyzing
academic  productivity [6]. Errors in subject-area
classification can distort bibliometric analysis and lead to
inaccurate research policy formulation. However, the
growing volume of interdisciplinary scientific publications
has made manual classification by subject area increasingly
complex and ineffective. The manual process is time-
consuming, requires experts, and is prone to subjectivity and
inconsistency, especially in multidisciplinary articles. With
the increasing scale of scientific publication data,
conventional approaches are no longer adequate to ensure
speed, accuracy, and consistency of classification.

The metadata of a scientific article, consisting of the title,
abstract, and keywords, is a concise summary of the research
content and reflects the main focus of the article [7]. The
metadata can be used as a textual representation to
automatically build a subject-area classification system [8].
Text mining and machine learning approaches enable
scientific documents to be grouped based on linguistic
patterns and word characteristics that reflect their scientific
field. In this context, an automatic classification system is
urgently needed to support the management of modern
scientific publications. The development of an accurate and
reliable classification system is expected to assist in indexing,
literature searches, research mapping, and data-driven policy-
making [9]. Therefore, research is needed to examine
classification approaches based on scientific article metadata
to develop a model that effectively and efficiently groups
articles into subject areas.

Scientific article classification has become an important
research area for supporting literature management,
knowledge organization, research field mapping, and
publication recommendation systems. Numerous approaches
have been developed to address the growing volume of
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scientific publications, ranging from traditional machine
learning algorithms to advanced deep learning techniques and
large language models (LLMs). These methods aim to
improve classification accuracy, scalability, and efficiency in
processing large-scale scholarly datasets. Recent advances in
natural language processing have further enhanced the
capability of automated systems to identify, categorize, and
recommend scientific articles across diverse academic
disciplines.

Classic machine learning approaches are still widely used
due to their efficiency and ease of implementation. The
combination of Bag-of-Words (BoW) and TF-IDF-based text
representation, combined with algorithms such as Naive
Bayes and Support Vector Machine (SVM), has been shown
to deliver competitive performance across various scientific
article classification scenarios [10], [11], [12]. Several studies
show that SVMs are stable on high-dimensional data and can
achieve high accuracy, especially in multi-label classification
and large datasets [ 10]. However, the performance of classical
methods is strongly influenced by data characteristics, class
distributions, and feature schemes, so results are not
consistent across studies [13], [14].

To improve performance, several studies have proposed
ensemble and hybrid approaches that combine classical
methods with transformer-based representations. These
approaches have been shown to significantly improve
precision and recall in scientific article classification [15].
However, the complexity of the system and greater
computational requirements are major limitations in the
widespread application of ensemble methods.

With the development of deep learning, transformer-
based models such as BERT and its variants are widely used
for scientific text classification. Several studies report that
transformer models, especially those trained in a domain-
specific manner, can outperform classical methods [16], [17],
[18]. However, other studies show that this advantage is not
always consistent, and under certain conditions, classical
methods such as SVM with TF-IDF can still deliver
comparable or better performance, especially on limited
datasets and complex label structures [19], [20].

Based on this study, there is no clear conclusion regarding
the most effective method for classifying scientific articles. In
addition, there is still limited research directly comparing TF-
IDF+Naive Bayes and BoW+SVM using the same
experimental setup and evaluation metrics, especially for the
classification of journal articles based on metadata.
Therefore, this study aims to fill this gap by structurally
comparing the two classical machine learning approaches.
This study focuses on the development and evaluation of a
metadata-based scientific article field classification system by
comparing the performance of various combinations of
feature representations and algorithms, namely BoW with
SVM, BoW with Naive Bayes, TF-IDF with SVM, and TF-
IDF with Naive Bayes. The results of this study are expected
to contribute to the development of an efficient and relevant
scientific publication classification system to support
academic information management in the digital era.

II. METHODS

This study was conducted using an experimental approach
to compare the performance of two text classification
methods, namely TF-IDF + Naive Bayes and BoW + SVM,
in classifying journal articles based on subject area. The
research flow began with processing article metadata and

ended with evaluating the classification model's performance,
as shown in Fig. 1.
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Fig. 1. Flowchart of the process of classifying journal article subject
areas based on metadata with four combinations of TF-IDF and BoW models
using Naive Bayes and SVM

This research began with the processing of journal article
metadata, such as titles, abstracts, and keywords, through the
stages of text preprocessing, feature extraction using BoW
and TF-IDF, data division with a ratio of 80% training data
and 20% test data, as well as 5-fold cross validation,
application of the Naive Bayes and SVM algorithms, to
evaluating model performance using a confusion matrix and
accuracy, precision, recall, and F1-score metrics to determine
the best method for classifying articles based on subject area.

A. Article Metadata

The data used in this study consisted of journal article
metadata, including article titles, abstracts, and keywords.
This metadata was selected because it effectively represents
the content and main topics of the articles in a concise and
informative manner. The class labels in this study correspond
to the scientific fields of each journal article, namely
Education, Social, Science, Health, Economics, and
Engineering.

The data collection stage involved retrieving journal
articles from the SINTA 1 portal and storing the metadata in
CSV format for computational processing. To ensure data
consistency, inclusion criteria were applied, namely articles
indexed in SINTA 1, classified within the predefined subject
areas (Education, Social, Science, Health, Economics, and
Engineering), and containing complete metadata (title,
abstract, and keywords). Meanwhile, exclusion -criteria
included articles outside SINTA 1, records with missing or
incomplete metadata, and entries that did not match the
defined subject categories or contained ambiguous labels.
The inclusion and exclusion criteria applied in this study are
summarized in Table I.

The final dataset consisted of 1,750 journal articles. An
overview of the dataset distribution across subject areas is
presented in Table II. The dataset was then split into training
and test sets using an 80:20 ratio. To improve the reliability
of the evaluation, a 5-fold cross-validation was applied to the
training data, where each fold alternately served as training
and a validation set.

TABLE I. INCLUSION AND EXCLUSION CRITERIA
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Criteria Description

Type

Inclusion Journal articles indexed in SINTA 1, classified into
predefined subject areas (Education, Social, Science,
Health, Economics, Engineering), and containing
complete metadata (title, abstract, and keywords).

Exclusion Articles not indexed in SINTA 1, records with incomplete
metadata, and entries with ambiguous or incorrect subject
labels.

TABLE II. RESEARCH OBJECT
Subject Number of
Arjea Data Sets Journal Name

Jurnal Pendidikan IPA Indonesia (Indonesian
Journal of Science Education), Jurnal Ilmiah
IImu Terapan Universitas Jambi, Jurnal
Pendidikan Islam, EduLearn, IJERE

Ahkam, Al-'Adalah, Syariah Jurnal Hukum
dan Pemikiran, IJoLE, Jurnal Ilmiah Islam
Futura, Al-Risalah, Mazahib Jurnal
Pemikiran Hukum Islam, JAS, Jurnal Ilmiah
Peuradeun, LAW REFORM, Jurnal Ilmu
Sosial dan Ilmu Politik, Journal of Law,
Journal of Legal Studies

Education 250

Social 500

Indonesian Journal of Science and
Technology, International Journal of
Electrical and Computer Engineering, AJSE,
Makara Journal of Science, Journal of the
Indonesian Tropical Animal Agriculture

Psikohumaniora, JHCLS, Bali Medical
Journal, International Journal of Public
Health Science, Belitung Nursing Journal

Science 250

Health 250

Gadjah Mada International Journal of
Business, Journal of Indonesian Economy
and Business, ETIKONOMI, Economic
Journal of Emerging Markets, al-Uqud,

Economic 250 Jurnal Akuntansi dan Keuangan

Engineering 250 TAES, JOIV, IJAIN, IJASEIT, JOIN

Total 1750

B. Text Preprocessing

The text preprocessing stage aims to clean and normalize
text data in order to improve the quality of the features
produced [21]. The preprocessing steps applied include:

1. Case Folding, which converts all text to lowercase
letters.

2. Tokenization, which breaks text into word units
(tokens).

3. Stopword Removal, which removes common words
that have no discriminatory meaning for classes,
such as conjunctions and prepositions.

4. Stemming, which converts words to their base form
by removing affixes.

All preprocessing steps are applied to the text metadata
before the feature extraction.

C. Text Feature Extraction

After going through the preprocessing stage, the text data
is converted into numerical representations using two feature
extraction methods, namely:

1) Bag-of-Words (BoW)

The BoW model is an approach for representing text by
using word frequencies in a document [22]. This model
consists of two main components: a dictionary containing a
collection of identified words and frequency values indicating
how often each word appears in the document [23]. The BoW

method represents documents as vectors of word frequencies,
disregarding word order [24]. This approach produces high-
dimensional features and is suitable for use with the SVM
algorithm.

2) Term Frequency—Inverse Document Frequency (TF-
IDF)

TF-IDF is used to assign weights to each word based on
its frequency of occurrence in a document and the frequency
of that word across the entire document collection [25]. This
method can suppress the influence of common words and
highlight words that are more informative. Equation (1)
defines term frequency (TF), Equation (2) describes inverse
document frequency (IDF), and Equation (3) calculates the
TF-IDF value based on the occurrence of a word in a
document.

TF(t,d) 1)
_ Number of occurrences of the word t in document d

Total number of words in the document

IDF(E) = 1 ( Total number of documents ) o)
=9 Number of documents containing the word t

TF — IDF(t,d) = TF(td) x IDF(t) A3)

D. Classification Algorithm

1) Naive Bayes

Naive Bayes is a probabilistic classification algorithm that
uses Bayes' theorem with the assumption of independence
between features [26]. This algorithm is widely used in text
classification because it is efficient in handling high-
dimensional data and has stable performance in frequency-
based feature representation [27]. In this study, Naive Bayes
is combined with TF-IDF feature representation and
implemented using Multinomial Naive Bayes, which is
suitable for word-weight-based text data. The parameter used
in this model is alpha = 1.0 for Laplace smoothing, the default
value in the scikit-learn library. This study does not apply
hyperparameter tuning to Naive Bayes because the focus is
on comparing the performance of two commonly used text
classification approaches, not on model parameter
optimization.

2) Support Vector Machine (SVM)

SVM is a classification algorithm that finds the optimal
hyperplane to separate data into different classes. SVMs are
known to be effective for handling high-dimensional data and
multi-class classification problems [28]. In this study, SVM
was implemented using LinearSVC with a linear kernel and
combined with BoW feature representation. The C parameter
was selected via GridSearchCV using a stratified 5-fold
cross-validation scheme based on the best F1-macro score.

E. Performance Evaluation

Performance evaluation of the classification model was
conducted to measure the model's ability to classify journal
articles based on subject area [29]. The evaluation process
began with the creation of a confusion matrix, which
represents the number of correct and incorrect predictions in
each class. Based on the confusion matrix, several key
evaluation metrics were calculated, namely accuracy,
precision, recall, and F1-score. The values of these evaluation
metrics are then summarized in a classification report, which
serves as a basis for comparing the performance of the two
classification methods tested: TF-IDF + Naive Bayes and
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BoW + SVM. The calculation of each evaluation metric is
based on Equations (4)—(7).

) X, TP(C) @
ceuracy = =n— _—

TP(C, 3

Precision(C,) = W .

Recall(C;) = e ”

TP(C,) + FN(C))

Precision(C;) x Recall(C;) (7)
Precision(C;) + Recall(C;)

F1 — Score((;) =2 X

N is the number of classes, TP(C,), FP(C;),FN(C;) are true
positive, false positive, and false negative for class (¢),
respectively, while ¢;; is the number of actual instances of
class i that are predicted as class j.

III. RESULT AND DISCUSSSION

A. Data Collection
The data in this study was collected through a manual
crawling process by taking scientific article metadata

information and subject areas from the official Science
and Technology Index (SINTA) website. The metadata
collected in this study included journal names, article titles,
abstracts, keywords, volumes, and publication years. The
subject areas available on the SINTA platform were used as
class labels in the scientific article classification process.
SINTA was chosen as the data source based on its role as a
national index that provides standardized journal and
scientific article information in Indonesia, ensuring that the
data obtained is credible and relevant to the research
objectives. One of the data sets from the research is shown in
Table III, which displays the scientific article metadata along
with the subject areca labels used as classes in the
classification process.

TABLE III. DATASET SAMPLE

Jomarell - b Article titles Abstracts Keyword i ation Volume
Names Area years
Jurnal Education Comparison of The Soil and Water Assessment Tool (SWAT) are an ecohydrological model DEM; 2024 Vol 13
Pendidikan SWAT-based  widely applied to assess water quality and watershed management. This tool =~ Google
IPA Ecohydrological also has the advantage of building watershed models even with limited Earth
Indonesia Modeling in the monitoring data availability. The essential data required by this tool includes  Engine;

Rawa Pening digital elevation models (DEM), land use maps, climate data, and soil data. land use;

Catchment Nonetheless, the availability of spatial data is still often a challenge in SWAT;

Area, Indonesia developing hydrological models, especially in developing countries such as  streamflow

Indonesia. This research will compare the accuracy of freely available data in
Indonesia in facilitating the development of hydrological models from SWAT
in the Rawa Pening catchment area. This research is crucial since Rawa
Pening Lake is a priority lake for revitalization, so the research results will
help provide suggestions regarding presenting data in SWAT modeling. This
research compares SWAT models built from different land use and DEM
(Digital Elevation Models) data. The land use data being compared is the
result of processing from the Google Earth Engine (GEE) platform using
machine learning with land use data from government agencies, namely the
Ministry of Environment and Forestry, while the DEM data being compared
is SRTM and DEMNAS data. The validation results using R, R2, RMSE, and
NSE show that, in general, the model built from land use from GEE is the
best compared to the other models. In modeling SWAT in Indonesia, we
recommend using good-quality land-use data. Utilizing supervised
classification through Random Forest (RF) algorithms within GEE can
facilitate the acquisition of this data. To reduce computation time, the DEM
can be SRTM with a small sacrifice of accuracy.

B. Preprocessing

Case folding is performed to standardize all text to
lowercase letters, so that differences between uppercase and
lowercase letters do not affect text analysis. This process is

important so that words that are the same but have variations
in capitalization are still considered identical in subsequent
processing stages. The results of applying case folding to the
dataset are shown in Table IV.

TABLE IV.CASE FOLDING

Doc Title Case folding results Abstract Abstract of case Keyword Keywords

title folding results resulting from
case folding

0 Comparison of comparison of The Soil and Water  the soil and water DEM; Google dem google earth
SWAT-based swatbased Assessment Tool assessment tool Earth Engine; land engine land use
Ecohydrological ecohydrological (SWAT) is a... swat is an ... use; SWAT; stre... swat streamflow
Model... modeli...

1749 SENTIMENT sentiment analysis of The COVID-19 the covid pandemic ~ COVID-19, covid inflation
ANALYSIS OF postcovid inflation pandemic caused a caused a crisis in Inflation, K- knearest neighbor
POST-COVID-19 base... crisis in globa... global e... Nearest Neighbor, sentiment an...
INFLATION ... Senti...
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structure and frequency of words in a document. The results
of applying tokenization to the dataset are shown in Table V.

Tokenization is the process of breaking text into units of
words or tokens, so that each word can be analyzed
separately. This stage allows the model to understand the

TABLE V. TOKENIZATION

Doc Case folding results title Tokenization result Abstract of case Abstract of Keywords Tokenized
title folding results tokenization resulting from keyword
results case folding
0 comparison of swatbased [comparison, of, the soil and water [the, soil, and, dem google earth [dem, google,

ecohydrological modeli...

swatbased,

assessment tool

water,

engine land use

earth, engine,

ecohydrological, m... swat is an ... assessment, tool, swat streamflow land, use,
swat... swat, ...
1749 sentiment analysis of [sentiment, analysis, the covid pandemic  [the, covid, covid inflation [covid,
postcovid inflation base... of, postcovid, caused a crisis in pandemic, knearest neighbor inflation,
inflation... global e... caused, a, crisis, sentiment an... knearest,
in, ... neighbor,
sentime...

Stopword removal is performed to remove common
words that have no discriminatory meaning in the analysis,
such as “and,” “or,” “which,” and so on. This process helps

to focus on words that are more relevant for document
classification. The results of applying stopword removal to
the dataset are presented in Table VI.

TABLE VI. STOPWORD REMOVAL

Doc Tokenization result Title after stopword Abstract of Abstract of Tokenized Keywords after
title removal tokenization stopword keyword stopword removal
results removal results
0 [comparison, of, [comparison, swatbased, [the, soil, and, [soil, water, [dem, google, [dem, google, earth,
swatbased, ecohydrological, water, assessment, assessment, tool, earth, engine, engine, land, use,
ecohydrological, m... model... tool, swat... swat, ecohydro... land, use, swat,  swat, ...
1749 [sentiment, analysis, of, [sentiment, analysis, [the, covid, [covid, pandemic,  [covid, [covid, inflation,
postcovid, inflation... postcovid, inflation, tw...  pandemic, caused, caused, crisis, inflation, knearest, neighbor,
a, crisis, in, ... global, econ... knearest, sentime...
neighbor,
sentime...

Stemming is a text processing stage that aims to convert
each word to its root form. This process is important to
simplify the variations of words that appear in the dataset so
that each word can be analyzed consistently and reduce

information redundancy. With the application of stemming,
the classification model can focus on root words that have the
main meaning. The results of applying stemming to the
dataset are shown in Table VII.

TABLE VI. STEMMING

Doc Title after stopword Title of stemming Abstract of Abstract of Keywords after Stemming
removal results stopword stemming results stopword removal results keyword
removal results
0 [comparison, [comparison, swatbas, [soil, water, [soil, water, assess, [dem, google, earth, [dem, googl,
swatbased, ecohydrolog, model, assessment, tool,  tool, swat, engine, land, use, earth, engin,
ecohydrological, rawa... swat, ecohydro...  ecohydrolog,... swat, ... land, use, swat,
model... st...
1749 [sentiment, analysis, [sentiment, analysi, [covid, [covid, pandem, [covid, inflation, [covid, inflat,
postcovid, inflation, postcovid, inflat, twitte...  pandemic, caus, crisi, global, knearest, neighbor, knearest,
tw... caused, crisis, econom, g... sentime... neighbor,
global, econ... sentiment,...
1) TF IDF

C. Feature Extraction

After the preprocessing stage is complete, the four
metadata components of the article, such as title, abstract,
keywords, and subject field as class labels, are combined into
a single text document for each article. This combination aims
to maximize the use of all contextual information from the
article in the classification process, so that the model can
utilize all relevant text representations to determine the
subject field class. The processed text documents are then
used to build TF-IDF and BoW features.

TF-IDF is a text feature representation method that
assigns weights to each word based on two components: the
frequency of the word's appearance in a document (Term
Frequency, TF) and how unique the word is in the entire
document collection (Inverse Document Frequency, IDF). In
this way, words that appear frequently in one document but
rarely appear in other documents will have a higher weight,
thereby improving the model's ability to distinguish between
classes. The feature extraction process using TF-IDF on the
dataset is shown in Fig 3.
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== Preview Top-18 TF-IOF terms per doc (max 12) ==

: land(@.427), model(@.355), data(8.337), compar(8.202), hydrolog(@.281), avall(@.184), use data(@.16@), built(@.159), use(8.154), s0il(@.152)

: commun skil1(@.445), skil1(8.391), wear(8.382), model integr(8.231), stcenturi(®.238), commun(@8.219), biolog(@.181), prospect(@.148), control group(@.134), teacher(8.132)

: student(B.416), engin(@8.488), classroom(8.265), farm(8.258), experi(8.227), design(8.219), evid(8.218), reason(2.199), evidencebas(8.167), argument(8.156)

: scienc teacher(@.448), teacher(D.325), compet(8.311), scienc(8.297), leadership(@.284), learn(8.273), profession(®.255), profession compet(B.228), teacher compet(.206), model(8.164)

: stem(@.724), learn(@.374), student(8.178), merdeka(8.174), scienc teacher(8.166), teacher(8.164), scienc(8.147), literaci(@.116), west java(9.189), school(8.893)

: stem(@.617), vietnam(.338), northern(8.259), teacher(8.252), compet(@.229), teach(8.227), school teacher(8.193), primari school(®.187), school(®.132), integr(®.125)

: scienc(.272), virtual(8.225), realiti(8.216), intent(8.218), factor influenc(8.199), classrooa(8.198), learn(8.173), preservic teacher(@.172), preservic(8.162), scienc learn(@.158)

: ar(@.443), scienc(@.388), sclenc process(@.295), process skill(8.288), masteri(8.218), augment realiti(e.21B), student(8.288), learn(@8.191), augment(@.183), realiti(e.177)

: environment awar(8.452), critic think(8.342), think(e.318), skill(e.3e1), collabor(8.289), environment(@.288), awar(8.278), critic(8.217), projectbas(@.164), scienc learn(8.152)

18: worksheet(8.461), digit(8.414), digit literaci(8.384), problembas(®.263), literaci(8.286), teach materi(@.176), overcom(®.146), school student(e.138), test(8.136), conceptu(®.135)

Fig. 2. TF-IDF Feature Extraction

2) Bag of Word

BoW is a text feature representation method that
represents documents as a collection of unique words and
their frequencies, without regard to word order. This method

Preview Top-18 BoW terms per doc (max 12) ===

allows models to understand the distribution of words in
documents and distinguish between classes based on the
occurrence of certain words. The feature extraction process
using BoW on the dataset is shown in Fig 4.

81: data(14), model(12), land(6), use(6), compar(S), indonesia(4), research(4), result(3), tool(3), develop(3)

82: skill(12), research(9), commun(8), commun skill(7), wear(6), model{6), integr(S), learn(4), teacher(4), stcenturi(4)

@83: student(11), engin(6), design(6), experi(S), classroom(4), evid(4), reason(3), farm(3), evidencebas(2), daili(2)

84: learn(13), teacher(11), compet(9), sclenc(9), model(9), sclenc teacher(9), profession(7), leadership(7), research(6), develop(s)

@5: learn(16), stem(15), student(7), teacher(S), scienc(4), implement(3), literaci(3), observ(3), scienc teacher(3), merdeka(3)

86: stem(15), teacher(9), teach(8), vietnan(7), compet(7), integr(6), educ(6), northern(5), school(S), research(S)

: model(S), learn(S), scienc(S), influenc(4), educ(4), factor influenc(3), virtual(3), realiti(3), technolog(3), classroom(3)

: learn(9), scienc(9), student(9), use(B8), ar(8), sclenc process(5), process(5), skill(S), process skill(5), masteri(s)

: skill(13), collabor(1l), environment(11), think(il), aswar(18), critic think{18), critic(18), environment awar(18), learn(5), research(s)

: digit(12), worksheet(7), literaci(S), test(S), student(5), digit literaci(S), valid(4), understand(4), problembas(4), high(3)

Fig. 3. Bow Feature Extraction

D. Evaluation

After feature extraction using TF-IDF and BoW, the next
step is to build and test the classification model. The four
model combinations used are TF-IDF + Naive Bayes, TF-IDF
+ SVM, BoW + Naive Bayes, and BoW + SVM. The
evaluation was performed using 5-fold cross-validation with
an 80:20 data split, and each model was tested five times with
different random states. The metric values from the five
experiments were then averaged to obtain the average
performance of each model, making it easier to compare
performance and determine the best model.

Model performance was analyzed using accuracy,
precision, recall, and Fl-score metrics, which provide an
overview of each model's ability to classify articles into the
appropriate subject area. This approach allows for a clear
comparison between feature representations (TF-IDF vs.
BoW) and classification algorithms (NB vs. SVM), and helps
determine the most effective combination of models and
features.

The results of the evaluation of the four classification
models, namely TF-IDF + SVM, TF-IDF + Naive Bayes,

TABLE VIII. CLASSIFICATION REPORT TF-IDF + SVM

Eksperimen Accuracy  Precission Recall F1-Score
Ke-
1 0.8171 0.8184 0.8233 0.8175
2 0.8600 0.8549 0.8617 0.8574
3 0.8514 0.8581 0.8483 0.8514
4 0.8571 0.8579 0.8667 0.8605
5 0.8600 0.8705 0.8550 0.8603
Average 0.8491 0.8520 0.8510 0.8494

TABLE IX. CLASSIFICATION REPORT BOW + SVM

Eksperimen  Accuracy  Precission Recall F1-Score
Ke-
1 0.8086 0.8050 0.8150 0.8080
2 0.8486 0.8447 0.8517 0.8470
3 0.8200 0.8239 0.8250 0.8217
4 0.8571 0.8592 0.8650 0.8613
5 0.8086 0.8172 0.8067 0.8108
Average 0.8286 0.8285 0.8326 0.8297

TABLE X.CLASSIFICATION REPORT BOW + NAIVE BAYES

BoW + SVM, and BoW + Naive Bayes, are presente d in El:perlmen Accuracy  Precission Recall F1-Score
Table VIH, Table IX, Table X, and Table XI, respectively. 1 0.7886 0.8021 0.8017 0.7921
TABLE VII. CLASSIFICATION REPORT TF-IDF + NAIVE BAYES 2 0.8543 0.8538 0.8600 0.8536
3 0.8286 0.8399 0.8350 0.8310
Experiment Accuracy  Precission Recall F1-Score 4 0.8514 0.8582 0.8600 0.8549
No. 5 0.8286 0.8424 0.8433 0.8362
1 0.7828 0.7917 0.7933 0.7845 Average 0.8303 0.8392 0.8400 0.8335
2 0.8343 0.8288 0.8367 0.8315
3 0.7828 0.7978 0.7817 0.7825 Based on the experimental results shown in Tables 2 to 5,
4 0.8200 0.8468 0.8133 0.8266 the performance of each classification model combination can
5 0.8200 0.8468 0.8133 0.8266 be analyzed as follows:
Average 0.8080 0.8223 0.8076 0.8103
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1) Model Performance Based on Features and

Algorithms

The combination of TF-IDF + SVM showed the best
performance with an average F1-Score of 0.8494 (Table 9),
while BoW + SVM came next with an F1-Score of 0.8297
(Table 10). Naive Bayes-based models showed lower
performance, with TF-IDF + NB achieving an F1-Score of
0.8103 (Table 8) and BoW + NB achieving 0.8335 (Table 11).
These results show that TF-IDF feature representation is able
to highlight the most relevant words for each class, so that the
combination of TF-IDF and SVM provides the best
performance on the research dataset. Meanwhile, BoW
representation, which retains word frequency directly, still
provides good results, but the average is slightly lower than
TF-IDF + SVM.

2) Comparison of Feature Representations and
Algorithms

Further analysis shows that the SVM algorithm excels in
both feature representations, indicating good performance in
handling high-dimensional text and multi-class classification
(Table 9 and Table 10). Conversely, although Naive Bayes is
faster in training, it tends to be less stable when the
distribution of words between classes is uneven, resulting in
performance slightly below that of SVM (Table 8 and Table
11). This confirms that the right combination of algorithms
and features is an important factor in achieving optimal
classification performance.

3) Implications of Results

The results of this evaluation show that the combination
of TF-IDF + SVM is the most effective model and feature
representation for classifying scientific articles based on
subject area in this research dataset. These findings
emphasize the importance of selecting feature representations
that highlight relevant words and algorithms that are capable
of handling multi-class classification effectively. This
analysis provides a strong basis for the application of
classification models to scientific article datasets and can be
used as a reference for further research on similar datasets.

E. Confusion Matrix Analysis

The confusion matrix was employed to examine the
distribution of correct and incorrect predictions produced by
the classification models across different fields of study.
Unlike aggregate performance metrics such as accuracy,
precision, recall, and F1-score, the confusion matrix provides
detailed insights into how individual classes are classified and
where misclassifications occur. This analysis is important for
identifying specific patterns of classification errors, revealing
similarities between classes, and understanding the strengths
and weaknesses of each model. In this study, the confusion
matrix was generated by aggregating the results of five-fold
cross-validation experiments, thereby providing a more
reliable, stable, and representative assessment of model
performance.

The aggregated approach reduces the influence of random
variations that may arise from a single train—test split and
offers a comprehensive view of classification behavior.
Visual representations of the confusion matrices for the
evaluated model combinations are presented in Fig. 5 through
Fig. 8, illustrating the performance of the TF-IDF + SVM,
BoW + SVM, and BoW + Naive Bayes classification models.
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Fig. 6. Confusion Matrix Agregat BoW dan SVM
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Fig. 7. Confusion Matrix Agregat BoW dan Naive Bayes

Based on the results of the aggregate confusion matrices
shown in Fig. 6 (TF-IDF + Naive Bayes), Fig. 5 (TF-IDF +
SVM), Fig. 7 (BoW + SVM), and Fig. 8 (BoW + Naive
Bayes), it can be observed that all models are generally
capable of classifying journal articles effectively, particularly
in the dominant class, namely the social class. However,
misclassifications are still present, especially among classes
with high semantic similarity.

In the TF-IDF + Naive Bayes model (Fig. 6),
misclassification occurs relatively frequently in the Science
class, which is often predicted as Engineering, as well as
between Education and Social classes. This indicates that
Naive Bayes has limitations in capturing complex
dependencies between terms, particularly when dealing with
classes that exhibit overlapping vocabulary distributions.The
TF-IDF + SVM model (Fig. 5) shows an improvement in
classification performance across most classes, particularly
Health and Social. Nevertheless, misclassification patterns
remain evident, especially in the Science class, which is
frequently confused with Engineering and Education, as well
as in the social class, which is still misclassified as Education
and Economy.

For the BoW + SVM model (Fig. 7), the prediction
distribution appears more balanced, with a relatively lower
number of misclassifications compared to the TF-IDF-based
models. Correct predictions are more dominant in the Social
and Health classes, although some confusion between
Science and Engineering classes still occurs, albeit in smaller
proportions.

Meanwhile, the BoW + Naive Bayes model (Fig. 8)
achieves high correct classification rates in Education,
Engineering, and Health classes. However, misclassifications
remain prominent in the Science class, which is often
predicted as Engineering, and in the social class, which is
frequently classified as Education. This suggests that
although BoW representation improves Naive Bayes
performance, the assumption of feature independence still
limits its ability to distinguish closely related classes.

Overall, the confusion matrix analysis supports the
findings from the numerical evaluation reported in the
classification metrics. The observed error patterns indicate
that classes with semantic proximity or interdisciplinary
characteristics, such as Education—Social and Science—
Engineering, remain challenging to distinguish. These
findings are consistent with previous studies [14], [30], which

also report difficulties in classifying overlapping textual
categories.

In addition, a comparative analysis among models
highlights different strengths. The BoW + Naive Bayes model
achieves the highest average F1-score, indicating that simple
frequency-based representations are still highly effective in
capturing general patterns in textual metadata. On the other
hand, SVM-based models, particularly BoW + SVM and TF-
IDF + SVM, demonstrate more stable classification behavior
across classes and are more robust in reducing inter-class
misclassification. These complementary characteristics align
with previous findings [19], which suggest that no single
model is universally optimal across all textual classification
scenarios.

IV. CONCLUSION

Based on the experimental results, BoW + Naive Bayes
achieves the highest average F1-score (0.8335), followed by
TF-IDF + SVM (0.8494), BoW + SVM (0.8297), and TF-IDF
+ Naive Bayes (0.8103). These findings indicate that simpler
feature representations such as Bag-of-Words combined with
Naive Bayes can still perform competitively for journal
metadata classification. The results also highlight that model
effectiveness depends on the interaction between feature
representation and classifier characteristics. From a practical
perspective, lightweight models can be considered efficient
alternatives for text classification in resource-constrained
environments.
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