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ARTICLE INFO ABSTRACT

Keywords: Scientific papers have become the primary means for disseminating scientific research, and thus, the ability to
Machine learning classify research papers based on different aspects has become essential. Therefore, many works have developed
Classification classification approaches; however, they focused solely on research topic-based classification. In addition, no

Applied research methods
Extreme Gradient Boosting
Large language models

solution has been developed to classify papers based on the applied methodology, and finally, the accuracy
of the existing paper classification methods is not satisfactory. In this study, a novel automated classification
methodology using a refined Extreme Gradient boosting (XGBoost) model is presented to classify the research
methods employed in scientific papers. Three article sets, including quantitative and qualitative research
methods, were collected from the topics of tourism, medical science and information systems, consisting of
229, 557 and 787 papers, respectively. The classification problem was considered a binary classification task
to maintain interpretability. The developed model was trained and tested on article set 1 (tourism) and 2
(medical science), and then, the proposed model was applied to article set 3, (information systems and tourism).
The high accuracy achieved in different research fields (90%-95% accuracies on average) indicates that the
proposed classification model is generalizable because it can be successfully applied in many disciplines. The
automated classifier enables the rapid acquisition of vital information and the identification of significant
differences among the applied methodologies in various research domains. A future development direction
will be to increase the scalability of the proposed model to achieve efficient operations on large volumes of
research papers.

1. Introduction Thus, automatic research paper classification has become increasingly
important (Shu et al., 2020), and the classification of research papers
Academic papers have become the primary means for disseminating on the basis of different characteristics is essential in valid academic

scientific research (Harzing and Adler, 2016; Zhang et al., 2021). The analyses and research assessments (Zhang et al., 2022) and effectively
large number of research papers published in the last decade highlights supports developing research fields (Rivest et al., 2021).

the need for a quick and reliable overview of the field, which is The process of manually classifying research papers is extremely
fundamental for preparing a valid and novel academic study (Atkin- time-consuming and often involves unnecessary human errors (Chowd-
son, 2024; Zhang et al.,, 2022). Moreover, researchers must spend hury and Schoen, 2020). Furthermore, the long processing time re-
considerable time finding appropriate publications that support their quired for manual classification leads to significant delays when dis-

research (Chowdhury and Schoen, 2020; Wolfswinkel et al., 2013). seminating valuable scientific results (Har.zing and Afiler, 2016). The.re-
fore, an automated method for processing, assessing and analyzing
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many research papers so that they can be quickly and accurately
classified is critical (Kim and Gil, 2019).

Automatic research paper classification is performed via unsu-
pervised and supervised methods (Mendoza et al., 2022). Some re-
searchers have attempted to categorize research papers with unsuper-
vised methods, for example, by categorizing them through semantic
analyses (Hanyurwimfura et al., 2014; Salatino et al., 2022), keyword
co-occurrence structures (Kim and Gil, 2019), citation relations (Van
Eck and Waltman, 2017), or word embedding-based community de-
tection techniques (Giindogan and Kaya, 2020). The algorithms used
in these studies include k-means, Louvain community detection, the
Girvan-Newman method, and latent Dirichlet allocation (LDA).

Numerous studies have aimed to classify research papers on the
basis of their topics via supervised learning methods. For example,
Taheriyan (2011) proposed a graph-based supervised classification
method to measure the similarity between research papers and to
categorize them on the basis of their subjects. Waltman and Van
Eck (2012) proposed a subject area-based classification method for
research papers by using the information obtained from their citation
structures. Eykens et al. (2021) developed a naive Bayes multilabel
classifier to assign subdisciplines to research papers on the basis of their
abstracts and titles. Although these studies presented promising results,
the accuracies achieved by these models were not satisfactory, as stated
by Daradkeh et al. (2022).

To overcome this issue, more accurate paper classification models
have been developed using Deep Learning (DL) methods that classify
research papers based on their topics. For example, Rivest et al. (2021)
and Daradkeh et al. (2022) proposed convolutional neural network
(CNN)- based paper classification methods, whereas Hoppe et al. (2021)
suggested the use of recurrent neural network (RNN) models operating
on knowledge graphs to classify scientific works. Similarly, Kandimalla
et al. (2021) applied a bidirectional RNNs model; however, in their
solution, an attention layer followed the two preceding RNNs lay-
ers. Transformer-based methods have also been used because of their
fast calculation times and outstanding classification performance (Al
Fahoum, 2023); however, the related studies focused mainly on au-
tomated academic writing (Golan et al., 2023; Hutson, 2022; de la
Torre-Lépez et al., 2023) and news classification (Shushkevich et al.,
2023). In the realm of transformer-based models, Bidirectional Encoder
Representations from Transformers (BERT) has proven to be more
effective for classification tasks than Generative Pre-trained Trans-
formers (GPT) (Lukito et al., 2024; De Santis et al., 2025). This is
due mainly to the bidirectional nature of BERT, which allows one to
fully understand the contextual relationships between the words in a
given text. This has resulted in BERT-based solutions being commonly
chosen for scientific article classification tasks, as GPT models, owing
to their structures, excel more in text generation and one-shot or
few-shot learning tasks (De Santis et al., 2025). For example, models
based on BERT were used to improve the performance achieved in a
literature review task (Khadhraoui et al., 2022), in a research field
classification study (Wolff et al., 2024), and in an analysis of categories
and trends (Raja et al., 2024). One limitation of transformer-based
models in scientific article classification applications is their depen-
dency on large, well-annotated datasets, which can be challenging
to obtain in niche research domains, potentially leading to biased
or inaccurate classifications in underrepresented fields. On the other
hand, transformer-based models, such as BERT and GPT, offer excellent
scalability for large-scale text processing tasks but require substantial
computational resources, including high memory capacities and the
use of specialized hardware (such as graphics processors or tensor
processing units) for acceleration, making their deployment and fine-
tuning steps computationally expensive. Table 1 summarizes the studies
that have addressed research paper classification.

All the previously mentioned studies focused on the classification of
research papers based on their fields or topics; however, no research
paper classification method that categorizes papers based on other
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features, such as their research methodologies, has been developed. In
addition, during a scientometric analysis, the classification process is
only partially supported or automated since the support can be utilized
only for classifying papers according to their topics or fields. Finally,
in prior studies, only the titles, keywords, or abstracts of the examined
papers were considered, and no works have investigated whether the
classification performance could be improved if the entire text were
preprocessed and considered (see Table 1). Furthermore, as Table 1
shows, during the evaluation phase, either one specific research topic
was selected or the papers were collected initially from mixed topics;
however, no study has analyzed how the proposed methods performed
in different research fields, i.e., the generalizability of the proposed
classification methods.

On the basis of the challenges described in the state-of-the-art
literature, we synthesized Fig. 1 to present the main problem addressed
in this paper.

Fig. 1 shows the context of the research gaps at three levels: (1) the
main cause, (2) the resulting problems, and (3) the consequences of
these problems. The cause of these problems is that no comprehensive
automatic classification models are available since the existing models
focus only on classifying papers by their fields or research topics (cause
(CA),). Notably, research topic-based classification is important; how-
ever, doing so does not provide information about the other features
of the examined papers, such as the research methodologies used.
Nevertheless, important features such as the applied research method-
ologies are extremely important since changes, trends, or milestones in
terms of how the studies were conducted cannot be determined without
these features. However, scientometric analyses focus solely on topic
classification, and the research method applied in each paper must
be identified manually due to the lack of comprehensive classification
models, which is a very time-consuming process (problem (PR),). Fur-
thermore, manually classifying features other than research topics leads
to the problem that only a limited number of papers can be processed
due to human work capacity limitations (PR,). The results of manual
classification are subjective since they are distorted by the decision
maker’s knowledge and intuitions, weakening the reproducibility of
these results (PR3). In addition, the existing models have only been
tested in specific research fields, or test data were collected initially
from mixed research fields. The previous studies did not analyze how
these models performed depending on the context of the corpus (the
research field of the papers to be classified); therefore, their generaliz-
ability was not guaranteed (PR,). Finally, the existing methods do not
use the full body of each paper, which leads to information losses (PRs).

As a consequence of the aforementioned problems, researchers can-
not perform comprehensive scientometric analyses on large datasets
since only topic classification is supported by the existing approaches
(consequence (CO),). Although comprehensive scientometric analysis
techniques have been developed, the dissemination of such techniques
takes a long time because of delays caused by human work capacity
limitations (CO,). Furthermore, owing to the lack of an automatic
research method classifier, the current scientometric analyses are not
extensive because they do not focus on both research topic and meth-
ods (CO;). Finally, subjective human judgments can lead to distorted
or not completely valid results, weakening the reproducibility of the
classification results (CO,).

The goal of our research is to examine whether the automatic
classification of scientific articles on the basis of their research method-
ologies can be achieved via classic ML algorithms. The reason for
preferring classic machine learning algorithms over transformer models
is simple. Transformer models require a large amount of training data
to accurately capture the contextual relationships within articles, and
this also comes with significant computational demands. Our proposed
research goal focuses on the methodological classification of the re-
search methods used in scientific articles, which does not require
comprehensive processing and understanding of each entire article.
Instead, it is sufficient to extract only the relevant details that pertain to
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Table 1
Studies that have addressed scientific paper classification.
Type®  Reference Method"” Data® Topic Domain?
TT KW AB AU FT

S Taheriyan (2011) Relationship graphs ACM mixed v v
Waltman and Van Eck (2012)  Hierarchical classification =~ WoS astronomy v
Eykens et al. (2021) Naive Bayes ProQuest sociology v v
Rivest et al. (2021) CNN Scopus mixed v v 4 v
Daradkeh et al. (2022) CNN Scopus, ProQuest, EBSCOhost mixed v v v v
Hoppe et al. (2021) RNN ArXiv computer vision, mathematics v v 4
Kandimalla et al. (2021) RNN CiteSeerX mixed v
Khadhraoui et al. (2022) BERT PubMed virology v
Wolff et al. (2024) BERT ORKG, ArXiv, Semantic Scholar = mixed v v
Raja et al. (2024) BERT PubMed, WoS ocular diseases v

U Hanyurwimfura et al. (2014) K-means SCIRP publisher computer science v o/
Yohan et al. (2014) NER TeluguWiki mixed v
Salatino et al. (2022) CSO MAG data mining v o/ v v
Van Eck and Waltman (2017)  Community detection WoS astronomy 4
Kim and Gil (2019) LDA FGCS journal computer science v v v
Giindogan and Kaya (2020) Community detection ArXiv mixed v v

a S=Supervised, U=Unsupervised.
b NER=Named Entity Recognition, CSO=Computer Science Ontology.

¢ ACM=Association for Computing Machinery, WoS=Web of Science, EBSCOhost=Elton B. Stephens Company dataset, ORKG=0pen Research Knowledge Graph, PubMed=Public Medical,
SCIRP=Scientific Research Publishing, TeluguWiki = Telugu Wikipedia, MAG=Microsoft Academic Graph, FGCS=Future Generation Computer Systems.

4 TI=Title, KW=Keywords, AB=Abstract, AU=Authors, CI=Citation, FT=Full text.
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Fig. 1. Problem description.

the applied methodology. These objectives can likely be achieved using
simpler machine learning models, which require less training data and
significantly lower computational resources than transformer models
do. In this paper, we consider the problem to be a binary classifica-
tion problem in which each research methodology is quantitative or
qualitative. There are two main reasons for this decision. First, by con-
centrating exclusively on qualitative and quantitative research, we can
delineate distinct categories that enhance the interpretation and analy-
sis processes. This clarity is essential, particularly for extensive analyses
where subtle classifications may result in ambiguity. Second, when
classification problems are structured to differentiate between only
two categories, machine learning models frequently exhibit superior
performance due to the decreased complexity of the resulting feature
space. The complexities and subtleties of mixed-method classification
might hinder the learning process; thus, models can be more efficiently
optimized when focused on differentiating between two methodologies.
In our work on developing an article classification model based on the
applied research methodologies, we investigate the following research
questions (RQs).

RQ,; Can the process of classifying the research methods employed in
articles be automated via classic machine learning methods? If
so, which classic machine learning algorithm is most efficient for
classifying the research methodologies used in scientific articles,
and what level of accuracy can be achieved?

RQ, Can article classification be performed solely on the basis of ab-
stracts, or is it necessary to process the entire text of the articles
for classification purposes? Furthermore, what text preprocess-
ing steps should be performed before conducting classification?

RQ; Should corpus-dependent models be created for specific research
fields, or is the developed classification model generalizable?

The associated contributions (Cs) of the paper are as follows.

C, We propose an automated research method classification model
that supports scientometric analyses.

C, We compare the classification performance of abstract-based
and full-text-based models and determine the text preprocess-
ing tasks that are necessary prior to applying the developed
classification model.
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Fig. 2. Research framework.

C; We investigate whether the proposed model can be generalized
across different fields.

The development of an automated research method classification
model (C,;) is beneficial from various perspectives. Scholars can clas-
sify large sets of papers, the dissemination time required for new
approaches decreases because less manual work is needed, and more
comprehensive analyses can be performed while also considering the
research methodologies of the papers, not just their topics. Identifying
which sections of the papers should be used for classification and
determining the appropriate preprocessing methods (C,) facilitates the
development of more effective classification models, thereby enhancing
the validity of the obtained scientometric analysis results. Moreover,
determining whether the proposed model is generalizable across differ-
ent fields is important in terms of model development (Cs) since, with
this knowledge, research classification models can be better designed
in diverse research fields.

Compared with the existing models, the proposed model grants new
opportunities since it enables the classification of papers on the basis
of not only their research methods but also their topics, considers
the entire content of each paper and not only its abstract and/or
title, is able to achieve higher classification accuracy and is highly
generalizable.

The remainder of this paper is organized as follows. The research
method is introduced in Section 2. Section 3 presents the results of the
study, and Section 4 presents a comprehensive case study as an example
of the proposed methodology and model. In Section 5, the results of
the study are discussed, and finally, in Section 6, a summary and the
conclusions of the paper are presented.

2. Methods
2.1. Research framework

For clarity, we introduce the research framework first, as shown in
Fig. 2.

To build an effective classification methodology and machine learn-
ing model, three article sets were used as input datasets (detailed
descriptions are provided in Section 2.2). The first two article sets
were used for training, validating, and testing the classification model

to be developed. The articles contained in these article sets had been
previously categorized into two classes on the basis of their applied
research methodologies: articles presenting quantitative or qualitative
research. In the third article set, the papers were not prelabeled on the
basis of their research methodologies.

To construct an effective classification model, different machine
learning algorithms were fine-tuned and tested. The performance of
different classification models was compared by conducting a quanti-
tative analysis on the classification results obtained from the first and
second article sets (a detailed description is provided in Section 2.3).
To demonstrate the applicability of the proposed model, Article Set
3 was classified using the developed model, and the classified papers
were further analyzed to identify the research tendencies and key topics
within each predicted class.

2.2. Data employed

In this research, three sets of articles were applied, and the goal
was to classify the included papers on the basis of the utilized method-
ology, i.e., quantitative or qualitative research. The first set of articles
(Article Set 1) was used to develop the classification process, including
determining the necessary text preprocessing steps, fine-tuning and
comparing the effectiveness of different machine learning algorithms,
and testing the resulting machine learning models. As a result, we es-
tablished a methodology for classifying scientific articles and developed
a classifier that was effective at classifying the articles contained in the
first set.

To answer the third research question (RQ5), a second set of articles
(Article Set 2) was also considered. These articles were used to test
the effectiveness of the developed methodology and machine learning
models in terms of classifying articles with different subjects. The
success achieved when classifying this set of articles indicated the
universal applicability of the developed methodology and models.

The first two sets of articles were used to develop, validate, and
evaluate the usability of the model. To achieve these goals, it was
necessary to know the classifications (class labels) of the articles. As
the model was developed to classify scientific articles according to the
research methodology used, we first determined whether a qualitative
or quantitative methodology was applied in each study. This classifi-
cation step was performed manually by individually examining each
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Table 2

Main characteristics of the article sets used in this research. The N/R designation indicates values that were not relevant to the study.
Characteristic Article set 1 Article set 2 Article set 3
Number of papers 229 557 787
Number of papers using quantitative research methods 149 546 N/R
Number of papers using qualitative research methods 80 11 N/R
Median article length (number of words) 9,404 5,970 12,297
Median article lengths (number of characters) 63,694 39,718 85,368
Length of the shortest article (number of words) 2,583 124 77
Length of the shortest article (number of characters) 17,993 934 605
Length of the longest article (number of words) 30,519 73,823 57,671
Length of the longest article (number of characters) 213,481 513,739 399,433
Number of papers with abstracts 223 N/R N/R
Number of abstracts in papers using quantitative research methods 145 N/R N/R
Number of abstracts in papers using qualitative research methods 78 N/R N/R
Median abstract length (number of words) 187 N/R N/R
Median abstract length (number of characters) 1,298 N/R N/R

article. This information served as class labels for the machine learning
algorithms during the training, validation, and testing phases.

The third set of articles (Article Set 3) differs from the previous two
sets in several ways. First, the topic of this set of articles differs from
the topics of the first two sets. Second, no manual classification process
was carried out on these articles. We used the third group of articles
to provide examples of how researchers can apply the methodologies
and models developed in their work. After the classification task was
performed, 100 randomly chosen articles were manually checked.

To test the generalizability of the proposed method, the three groups
of articles were obtained from different scientific fields. The first group
of articles collected by Sulyok et al. (2023) contains articles that
were published in the field of tourism concerning coronavirus disease
(COVID)-19 and classified on the basis of their research methodolo-
gies and other factors, such as the data source, target group, and
focus/destination of each article. The second group of articles, which
was also manually classified by Churruca et al. (2021), contains articles
that were published primarily in health and medical science. These
articles focus on safety in hospitals. The third group of articles contains
all the articles published by the International Journal of Information
Management and Tourism Management from 2017-2023. The main
characteristics of the three article sets are summarized in Table 2. It in-
cludes details such as the number of papers, the research methodology
(quantitative or qualitative), the median article and abstract lengths (in
words and characters), and the shortest and longest articles in each set.

The Article Sets are freely accessible on the Figshare platform (Ka-
tona et al., 2025).

2.3. Methods employed

In this work, a binary classification methodology was developed,
and a classification model was designed and tested. The goal of the
developed methodology and model was to distinguish whether the pub-
lished articles employ a quantitative or qualitative research methodol-
ogy. The articles employing quantitative research methods were con-
sidered the negative class and were assigned the label "0", whereas
the articles utilizing qualitative methods were classified as the positive
class and were assigned the label “1”.

2.3.1. Investigated machine learning algorithms

To address the first question (RQ,), we tested and evaluated the fol-
lowing machine learning algorithms: Logistic regression (LR), Support
vector machine (SVM), Random forest (RF), Extreme Gradient Boosting
(XGBoost), and artifical neural network (ANN).

Logistic regression is a statistical method that is used mainly for
binary classification. This method can be used to predict the probability
of an observation belonging to a particular category. The relationships
between the independent variables and the binary outcome are mod-
eled by using the logistic function, ensuring that the predictions fall
within the range of 0-1, which represents the probability of belonging

to the positive class. During the learning process, the coefficients of
the logistic function are estimated by optimizing the fit between the
expected outputs (classifications) and the predicted probabilities of
belonging to a particular class.

Support vector machines are also statistical machine learning algo-
rithms. The aim of the SVM algorithm is to find a hyperplane in
a high-dimensional space that best separates the given data points
into different classes. The optimal decision boundary (hyperplane) is
identified by selecting support vectors that include the data points that
are closest to the decision boundary. An SVM is particularly efficient
in terms of handling high-dimensional data, which is one of the main
features of our input dataset.

The random forest and XGBoost are both ensemble learning algo-
rithms that are based on decision trees and utilize tree structures
for prediction purposes. The RF model is an ensemble method that
combines multiple decision trees (weak learners) and uses their average
or a majority vote to determine the output class or value. During
the process of constructing a classification model (a forest of decision
trees), the decision trees are built independently, and random sampling
is applied to the training samples and input features. XGBoost is also
an ensemble method that uses decision trees for classification, but in
contrast with the RF algorithm, XGBoost is a boosting algorithm that
aims to correct the errors induced by the previous models.

Artificial neural networks are machine learning models inspired by
the structure and functioning of the human brain. They consist of in-
terconnected nodes (neurons) that are organized in layers. The learning
algorithm of a neural networks aim to learn the strengths of the connec-
tions between the neurons and the bias values of the neurons. Neural
networks are capable of learning intricate patterns and relationships in
data, making them suitable for complex classification tasks. However,
these methods are black-box models, making it challenging to interpret
them.

2.3.2. Classification model development methodology

The same approach for preprocessing the articles was used for all
the machine learning algorithms. The articles were converted from
their original PDF formats to plain text files. According to research
question RQ,, when only the abstracts were utilized for the classifi-
cation process, only the text of the abstracts was converted to plain
text; otherwise, the whole content of each article was converted to
plain text. To develop the most appropriate classification methodol-
ogy, several additional text preprocessing steps were also performed.
First, the text was converted to lowercase. As an optional text pre-
processing step aimed at improving the accuracy of the classification
model, we also performed text lemmatization and analyzed its effect
on the resulting classification accuracy. Lemmatization is the process
of transforming text by breaking words down into their root meanings.
Examining the impact of lemmatization is crucial for the development
of a classifier model for scientific articles, as it helps normalize word
variations, reduce vocabulary sizes, and improve the ability of the
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model to recognize key terms and conceptual relationships, ultimately
enhancing the attained classification accuracy. The next preprocessing
step in all cases involved tokenizing the transformed text, which, in
this case, meant breaking the text into words. As the last prepro-
cessing step, a document-term matrix was created to generate the
appropriate structured input for the machine learning algorithms. Each
row in the matrix represented one article, and the columns defined
predetermined terms (words or sequences of words). The matrix val-
ues represented the absolute frequencies of the given terms occurring
in the respective documents. The terms used in the columns of the
document-term matrix were manually defined by collecting 307 terms
that were considered representative in the classification task. The list
of terms was created by merging the following glossaries. We used the
Colorado State University glossary file of qualitative and quantitative
research (Colorado State University, 2024). This glossary provides def-
initions of many of the terms used in guides for conducting qualitative
and quantitative research. We also included Tennessee Tech Univer-
sity’s vocabulary (Tennessee Tech University, 2024) and the Content
Authority lists of words for quantitative (The Content Authority, 2024)
and qualitative research (The Content Authority, 2024). We merged
these glossaries by excluding duplicates. In this way, we obtained 307
terms related to qualitative and quantitative research. The list of terms
is provided in Appendix A. Notably, to ensure correct processing, the
word list presented in Appendix A was also converted to lowercase
when the document-term matrix was created.

To develop classification models, Article Set 1 was randomly divided
into training and test sets stratifying the class label attributes. Eighty
percent of the available articles were used for training the algorithms,
and the remaining 20% were used for testing. To address the imbalance
in Article Set 1, random oversampling was applied to the training set to
adjust the ratio between the minority and majority classes.

During the model development procedure, all machine learning al-
gorithms were fine-tuned if needed. As the logistic regression algorithm
did not require hyperparameter tuning, hyperparameter tuning was
not performed for this algorithm. In addition, for this algorithm, the
maximum number of iterations for the learning process was set to 1000.
The SVM method was tested only as a linear classification method, so
no kernel was applied. To tune the RF and XGBoost algorithms and
find the most appropriate neural network model, the hyperparameters
presented in Table 3 were fine-tuned, along with their respective search
spaces, which are also displayed in the table. The fine-tuning step
was carried out by performing a grid search on the search spaces and
optimizing the area under the receiver operating characteristic curve
(AUC) values. The neural network was trained for a maximum of 50
epochs. To prevent overfitting, early stopping regularization with a
patience level of 5 epochs was applied.

The complete workflow of the article classification model develop-
ment process is summarized in Fig. 3.

2.3.3. Evaluation methods for the developed classification models

During the model development phase, the performance of the classi-
fication models was evaluated on test sets derived from Article Set 1. To
reduce the bias induced by randomly generated test sets, the efficiency
of the machine learning algorithms was determined on the basis of
multiple evaluations. Specifically, for each machine learning algorithm,
we performed 1000 random splits to divide the article set into training
and test datasets. Across these 1000 splits, 1000 models were created,
and the performance of each model was evaluated on the basis of the
test set. The final evaluation metrics were determined as the averages
calculated from these 1000 evaluations.

The model evaluations were performed using the following quality
measures: accuracy, sensitivity (recall), specificity, the F1 score, the
average F1 score, and the AUC. The values of the first four evaluation

metrics were computed as follows (Tasci et al., 2024):
TP+TN

accuracy = (@D)]
TP+TN+ FP+FN
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Fig. 3. Workflow of the development process of the article classification model.
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where true positive (TP) represents the number of samples that were
correctly classified as belonging to the positive class (qualitative class),
true negative (TN) represents the number of samples that were cor-
rectly classified as belonging to the negative class (quantitative class),
false positive (FP) represents the number of samples belonging to the
negative class that were classified by the model as belonging to the
positive class, and false negative (FN) represents the number of samples
belonging to the positive class that were classified by the model as
belonging to the negative class.

When performing binary classification with a heavily imbalanced
test set, the traditional F1 score might not adequately reflect the
performance of the tested model, as this metric tends to be overly
influenced by the majority class. In contrast, to compute the average
F1 score, F1 scores are calculated separately for each class, and then
these scores are averaged on the basis of the frequencies of the classes;
thus, the average F1 score enables a more balanced evaluation. This
is particularly advantageous in scenarios with imbalanced data, as this
metric is useful for evaluating the effectiveness of a model across both
positive and negative classes, offering a more comprehensive measure
of its classification performance.

AUC represents the overall performance of the model in terms of
distinguishing between positive and negative classes across different
thresholds. In the receiver operating characteristic curve (ROC) curve,
the true-positive rate (sensitivity) was plotted against the false-positive
rate, illustrating the tradeoff between sensitivity and specificity. The
AUC is the area under the ROC curve, and this value ranges from 0-1.
In an ideal classification scenario, the AUC value would be 1, indicating
perfect discrimination between positive and negative instances. The
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Table 3
The tuned hyperparameters of the machine learning algorithms and the search ranges applied during the tuning process.
Algorithm Hyperparameter Values
RF Number of estimators 20, 30, 40, 50, 75, 100, 120
Splitting criterion gini, entropy
Max tree depth 10, 12, 14, 16, 18, 20, 25
Minimum number of samples 2,3, 4
required to split an internal node
Minimum number of samples 1,2, 3,4
required to be at a leaf node
XGBoost Number of estimators 20, 30, 40, 50, 75, 100, 120
Max tree depth 10, 12, 14, 16, 18, 20, 25
Learning rate 0.01, 0.05, 0.1, 0.2
Subsample ratio of columns 0.25, 0.5, 0.75, 1
when constructing trees
Subsample ratio of the training 0.25, 0.5, 0.75, 1
instances
ANN Number of hidden layers 1,2,3,4,5

Number of neurons in the hidden
layers

(independently from each other)
Activation function in the hidden

from 5 to 50 with steps of 5

sigmoid, tanh, linear, ReLU

layers
Dropout rate

0, 0.1, 0.2, 0.3, 0.4, 0.5

lower the AUC value is, the worse the performance of the classifica-
tion algorithm in the assigned task. Since the AUC value effectively
represents the performance of various machine learning algorithms,
hyperparameter tuning was conducted on the basis of this metric.

The performance achieved by the developed models on Article Set
2 was assessed using these six quality indicators. The results suggest
that the effectiveness of classifying the two article groups was compa-
rable among the different models; thus, the overall applicability of the
developed model could be assessed.

3. Results

In this section, we present the results obtained during the processes
of developing and evaluating the classification models. The research
findings outlined in Section 3.1 were used to determine whether sci-
entific articles could be classified on the basis of their abstracts or
whether the entire text needed to be processed. In Section 3.2, the ef-
ficiencies of the different machine learning algorithms were compared.
In Section 3.2, the impacts of different text preprocessing steps on
the classification results were evaluated. In Section 3.3, we evaluated
how well the proposed model performed when classifying a set of
articles, which contained articles with a completely different topic than
those of the articles in the training set used to develop the model.
Finally, in Section 3.4, we provide a detailed overview of our proposed
methodology and model for classifying scientific articles.

3.1. Determination of the classification input (RQ,)

With the second research question (RQ,), we aimed to determine
whether article classification could be achieved solely by processing
abstracts or whether the entire text needed to be processed. To answer
this question, Article Set 1 was classified in two ways: (i) by using only
the abstracts for classification and (ii) by using the full texts of the arti-
cles as classification inputs. For a fair comparison, the hyperparameters
of the machine learning algorithms were separately fine-tuned in both
cases. The results of the two classification tasks are shown in Table 4.

As shown in Table 4, the tuned machine learning algorithms per-
formed significantly worse when the classification process was based
solely on the abstracts of the articles. The difference between the AUC
values obtained from classifications based on abstracts and full-text
classifications was examined using the Wilcoxon signed rank test. For
all the analyzed machine learning algorithms, we observed a significant
difference (p < 0.0001) between the abstract-based and full-text-based

classifications. This difference may have arisen from the fact that
abstracts, while providing concise summaries of studies, often lack the
necessary methodological depth. In contrast, methodological informa-
tion is embedded throughout the full text, particularly in sections such
as “Methods” or “Materials and Methods”, where researchers explicitly
describe their approaches. Many of the distinguishing features between
quantitative and qualitative research, such as statistical analyses and
data collection techniques, are described in these sections, making them
critical for classification. Additionally, the terminology contained in
abstracts can be ambiguous, with some phrases applicable to both
research paradigms, requiring additional context from the full text to
ensure accurate classification results.

Since the metrics clearly indicated that a better automatic classi-
fier could be developed when the research methods used in articles,
i.e., whether quantitative or qualitative approaches were used, were
classified by processing the entire text of the articles, we focused
exclusively on developing machine learning models that received the
full texts of the articles as their inputs.

3.2. Examining the effectiveness of the investigated machine learning algo-

rithms (RQ,)

Since the input dataset was determined by comparing the perfor-
mance of fine-tuned machine learning models, the resulting metrics
allowed us to compare the effectiveness of the tested machine learning
algorithms.

The bottom half of Table 4 shows that the models built with the
logistic regression and support vector machine classifiers yielded the
least-favorable results. An exception to this was the sensitivity value
produced by the SVM classifier, but we propose two explanations for
this value. Although the results indicate that the SVM model was indeed
better at categorizing qualitative articles than the other approaches
were, owing to the low occurrence of positive samples in the test set,
the fact that this model classified only a few articles differently than the
other models did resulted in a significant improvement in this metric.

In addition, the RF and XGBoost algorithms performed slightly
better than the logistic regression and SVM models did. Since the
RF and XGBoost algorithms both involve tree-based learning models,
we conclude that the performance of tree-based models surpasses the
performance of statistical models in this particular task. This obser-
vation is in line with the results obtained by Eykens et al. (2021),
who noted that a tree-based method (with gradient boosting) achieved
more accurate and stable predictions related to the paper classification
problem. However, they stated similar conclusions with respect to the
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Comparison between the performances of different ML algorithms in terms of whether they received the abstracts or the full text of articles as their inputs.

Article set 1 - Abstract

Algorithm Accuracy Specificity Sensitivity F1 score Weighted F1 AUC

LR 0.5668 (+0.1303) 0.3836 (+0.0986) 0.9088 (+0.0532) 0.5625 (+0.1188) 0.5528 (+0.1330) 0.6412 (+0.0859)
SVM 0.5940 (+0.1749) 0.4879 (+0.1810) 0.7863 (+0.0742) 0.5915 (+0.1141) 0.5952 (+0.1199) 0.6371 (+0.1017)
RF 0.5572 (+0.1342) 0.3613 (+0.1014) 0.9124 (+0.0683) 0.5513 (+0.1206) 0.5387 (+0.1064) 0.6368 (+0.1093)
XGBoost 0.5343 (+0.1438) 0.5077 (+0.1507) 0.5824 (+0.1526) 0.4428 (+0.0989) 0.4580 (+0.1076) 0.5451 (+0.1252)
ANN 0.6689 (+0.0955) 0.8855 (+0.0518) 0.4763 (+0.0861) 0.5515 (+0.1102) 0.6138 (+0.1151) 0.5809 (+0.1038)
Article Set 1 - Full text

Algorithm Accuracy Specificity Sensitivity F1 score Weighted F1 AUC

LR 0.8355 (+0.0487) 0.8430 (+0.0660) 0.8216 (+0.0954) 0.8228 (+0.0517) 0.8369 (+0.0480) 0.8323 (+0.0522)
SVM 0.8135 (+0.0532) 0.7574 (+0.0785) 0.9186 (+0.0664) 0.8076 (+0.0526) 0.8172 (+0.0520) 0.8380 (+0.0478)
RF 0.8581 (+0.0491) 0.8625 (+0.0675) 0.8498 (+0.0899) 0.8469 (+0.0517) 0.8592 (+0.0484) 0.8562 (+0.0511)
XGBoost 0.8523 (+0.0499) 0.8528 (+0.0684) 0.8513 (+0.0878) 0.8414 (+0.0523) 0.8537 (+0.0490) 0.8521 (+0.0512)
ANN 0.9007 (+0.0353) 0.9203 (+0.0412) 0.8638 (+0.0772) 0.8903 (+0.0396) 0.9004 (+0.0357) 0.8920 (+0.0412)

Table 5

Comparison between the performances of ML algorithms with or without using lemmatization during the preprocessing phase.

Article set 1 - Full text - No lemmatization

Algorithm Accuracy Specificity Sensitivity F1 score Weighted F1 AUC

LR 0.8355 (+0.0487) 0.8430 (+0.0660) 0.8216 (+0.0954) 0.8228 (+0.0517) 0.8369 (+0.0480) 0.8323 (+0.0522)
SVM 0.8135 (+0.0532) 0.7574 (+0.0785) 0.9186 (+0.0664) 0.8076 (+0.0526) 0.8172 (+0.0520) 0.8380 (+0.0478)
RF 0.8581 (+0.0491) 0.8625 (+0.0675) 0.8498 (+0.0899) 0.8469 (+0.0517) 0.8592 (+0.0484) 0.8562 (+0.0511)
XGBoost 0.8523 (+0.0499) 0.8528 (+0.0684) 0.8513 (+0.0878) 0.8414 (+0.0523) 0.8537 (+0.0490) 0.8521 (+0.0512)
ANN 0.9007 (+0.0353) 0.9203 (+0.0412) 0.8638 (+0.0772) 0.8903 (+0.0396) 0.9004 (+0.0357) 0.8920 (+0.0412)
Article Set 1 - Full text - Using lemmatization

Algorithm Accuracy Specificity Sensitivity F1 score Weighted F1 AUC

LR 0.8332 (+0.0511) 0.8442 (+0.0676) 0.8124 (+0.0970) 0.8198 (+0.0541) 0.8343 (+0.0504) 0.8283 (+0.0546)
SVM 0.8287 (+0.0494) 0.7750 (+0.0721) 0.9295 (+0.0640) 0.8229 (+0.0493) 0.8322 (+0.0483) 0.8522 (+0.0451)
RF 0.8693 (+0.0478) 0.8702 (+0.0621) 0.8677 (+0.0885) 0.8591 (+0.0511) 0.8704 (+0.0473) 0.8689 (+0.0509)
XGBoost 0.8715 (+0.0478) 0.8714 (+0.0629) 0.8718 (+0.0877) 0.8616 (+0.0506) 0.8726 (+0.0471) 0.8716 (+0.0505)
ANN 0.9511 (+0.0394) 0.9550 (+0.0565) 0.9438 (+0.0674) 0.9465 (+0.0422) 0.9512 (+0.0391) 0.9494 (+£0.0414)

models, and importantly, that research aimed to classify papers based
on their research topics and not their research methodologies. Our
results highlight that tree-based methods are generally more effective
in paper classification tasks not only in topic prediction cases but
also when the aim is to perform categorization based on research
methodologies.

Moreover, the fine-tuned neural network model consistently outper-
formed the models generated by other machine learning algorithms,
except in terms of the sensitivity value of the SVM algorithm. The
achieved quality metrics exceeding 0.9 are notably promising. Since
the machine learning algorithms yielded particularly good classification
results during the model development phase, we next investigated
how the effectiveness of the developed models could be improved by
applying some text preprocessing steps.

Examining the impact of text preprocessing (RQ;)

Text preprocessing steps generally have significant impacts on the
effectiveness of classification models. Since certain terminologies con-
tained in various articles may differ in terms of their usage of lowercase
or uppercase, converting text to lowercase can only improve the ob-
tained classification results. Accordingly, the texts of the given articles
were consistently converted to lowercase. However, an interesting
research question is whether lemmatization improves or impairs the
effectiveness of classification models. Lemmatization allows for the
unification of various conjugated forms of a word, so we expected this
preprocessing step to improve the resulting classification performance.
To address this question, we developed two models on the basis of
Article Set 1. For the first model, the texts were lemmatized before
performing tokenization; for the second model, the original words were
tokenized without conducting lemmatization. The effectiveness of these
two ML models is compared in Table 5.

For the SVM, RF, XGBoost, and neural network models, the models
developed based on lemmatized text performed better in terms of every
metric than did the models developed on the basis of nonlemmatized

text. The efficiencies of the logistic regression models developed based
on the lemmatized and nonlemmatized texts were similar. The most
significant improvement was observed for the neural network model,
where the specificity and sensitivity of the model developed based on
lemmatized text were 0.9550 and 0.9438, respectively, indicating very
high accuracy in terms of classifying both qualitative and quantitative
research-based articles. This observation is supported by the AUC value
of 0.9494 yielded by the neural network, demonstrating the good
performance of the applied methodology in this task. To assess whether
the AUC values differed significantly among the models, we conducted
a Wilcoxon signed-rank test. The test revealed significant differences
between the AUC values obtained for the lemmatized and nonlemma-
tized datasets by all classifiers (LR: p = 5.79¢-4, SVM: p = 2.71e-11,
RF: p = 3.15¢-09, XGBoost: p = 1.30e-16, and ANN: p = 3.78¢-88).
The Wilcoxon signed-rank test conducted on the weighted F1 scores
yielded results similar to those obtained for the AUC values, confirming
significant differences between the lemmatized and nonlemmatized
datasets for most classifiers (LR: p = 0.0025, SVM: p = 7.76e-12, RF:
p =7.42e-10, XGBoost: p = 2.03e-16, and ANN: p = 1.27¢-92).

On the basis of the results, we can conclude that by applying
appropriate text preprocessing steps, a highly accurate classification
model could be developed for the defined task. However, how corpus-
specific the developed models are, i.e., whether they can be generally
applied to other text corpora, remains an important question. In the
next subsection, we examine this question.

3.3. The application of the proposed model to another corpus (RQ;)

The ML models fine-tuned based on Article Set 1 were saved and
then applied to classify the articles contained in Article Set 2. The
classification results obtained by the models trained on the lemmatized
and nonlemmatized versions of Article Set 2 are presented in Table 6.
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Table 6
Evaluation of the performance achieved by ML algorithms based on different corpora.
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Article Set 2 - Full text - No lemmatization

F1 score

Weighted F1

AUC

0.7712 (+0.0567)
0.8293 (+0.0308)
0.8075 (+0.0833)
0.8025 (+0.0574)

Algorithm Accuracy Specificity Sensitivity
LR 0.9055 (+0.0379) 0.9082 (+0.0388)
SVM 0.8904 (+0.0153) 0.8916 (+0.0156)
RF 0.9284 (+0.0133) 0.9309 (+0.0140)
XGBoost 0.9357 (+0.0105) 0.9384 (+0.0110)
ANN 0.8988 (+0.0189) 0.9001 (+0.0198)

0.8336 (+0.0674)

0.6059 (+0.0427)
0.5868 (+0.0169)
0.6373 (+0.0230)
0.6499 (+0.0209)
0.5996 (+0.0209)

0.9356 (+0.0228)
0.9269 (+0.0090)
0.9494 (+0.0078)
0.9537 (+0.0062)
0.9318 (+0.0111)

0.8397 (+0.0318)
0.8604 (+0.0172)
0.8692 (+0.0397)
0.8704 (+0.0276)
0.8669 (+0.0304)

Article Set 2 - Full text - Using lemmatization

F1 score

Weighted F1

AUC

0.7428 (+0.0431)
0.8656 (+0.0550)
0.8294 (+0.0885)
0.8601 (+0.0624)

Algorithm Accuracy Specificity Sensitivity
LR 0.9184 (+0.0264) 0.9220 (+0.0270)
SVM 0.8705 (+0.0200) 0.8706 (+0.0207)
RF 0.9205 (+0.0478) 0.9223 (+0.0621)
XGBoost 0.9221 (+0.0134) 0.9234 (+0.0138)
ANN 0.9205 (+0.0138) 0.9233 (+0.0141)

0.7782 (+0.0178)

0.6166 (+0.0342)
0.5702 (+0.0165)
0.6267 (+0.0510)
0.6330 (+0.0215)
0.6230 (+0.0233)

0.9432 (+0.0156)
0.9151 (+0.0120)
0.9447 (+0.0473)
0.9458 (+0.0079)
0.9446 (+0.0082)

0.8324 (+0.0233)
0.8681 (+0.0240)
0.8758 (+0.0509)
0.8917 (+0.0307)
0.8508 (+0.0113)

As shown in Table 6, the accuracy, specificity, and AUC values of the
LR, SVM, RF, and XGBoost models improved when classification was
performed on the basis of Article Set 2. This trend could be observed
in the classification results produced by both articles preprocessed
with lemmatization and those without lemmatization preprocessing.
Thus, the developed models exhibited good generalizability and did not
overfit Article Set 1. However, we observed significant decreases in the
sensitivity values of all the models. This decrease can be attributed to
the fact that out of the 557 articles contained in Article Set 2, only 11
belong to the qualitative research category. If a model misclassified a
qualitative article, this metric significantly decreased. This effect was
also reflected in the F1 score values.

In contrast with the other models, for the neural network model,
we observed that the performance metrics were consistently worse
when classifying Article Set 2 than when classifying Article Set 1. This
trend indicates that the generalizability of the ANN model was less
satisfactory than that of the other models and that the model overfitted
the classification task based on Article Set 1. To reduce the degree of
overfitting suffered by the ANN model, the performance of several less
complex models was also tested. Reducing the complexity of the neural
network model did not improve its generalizability, and the less com-
plex models achieved similar results when classifying articles in Article
Set 2, as did the fine-tuned original ANN model. Notably, augmenting
the training dataset could have improved the generalizability of the
model.

3.4. The proposed classification methodology and model for classifying
scientific articles on the basis of their research methods

Upon reviewing all the research results, we can conclude that
applying lemmatization as a text preprocessing operation improved
the achieved article classification accuracy. The model with the best
quality indicators and generalizability was the XGBoost model, which
contained 30 decision trees, each with a maximum depth of 14. The
XGBoost model achieved an accuracy of 0.8715 and an AUC of 0.8716
on the lemmatized Article Set 1. Applying the same model to Article Set 2
resulted in an accuracy of 0.9221 and an AUC of 0.8917. The Wilcoxon
rank-sum test revealed a statistically significant difference (p <« 0.0001)
when the AUC values of the XGBoost model were compared with those
of the logistic regression, support vector, and neural network models.
However, no significant difference was found between the AUC values
of the random forest and XGBoost models, with p = 0.515 and p = 0.516
for the classification results obtained on Article Set 1 and Article Set
2, respectively. However, when comparing the evaluation results of
the random forest and XGBoost models, we observed that the XGBoost
model exhibited slightly better performance and greater stability. On
this basis, we can determine that the developed XGBoost classifier
consistently achieves outstanding article classification results and that
the generalizability of the model is adequate. Additionally, XGBoost

does not require significant computational resources, as it is optimized
for efficiency through parallel processing and built-in regularization
techniques, making it well suited for large-scale datasets even when
hardware resources are limited.

3.5. Comparison between the proposed classification model and transformer-
based large language models

The proposed XGBoost model demonstrated good performance.
However, it is worth comparing its performance with that of multiple
Large Language Models (LLMs) as well. To address this question,
we compared the performance of our model with that of artifical
intelligence (AI) models, i.e., ScholarGPT (OpenAl, 2025) and Note-
bookLM (Google Research, 2025). In this comparison, the AI models
were tasked with determining whether the uploaded articles employed
quantitative or qualitative research methods. The analysis was con-
ducted on both Article Set 1 and Article Set 2. Owing to memory
limitations, both models were unable to process the entire analysis
at once. Consequently, we had to divide the article sets into chunks
containing 10 articles each and then aggregate the partial results. The
confusion matrices produced by the tested transformer models can be
found in Table 7.

As we can see, there were articles for which the Al models could
not clearly determine the research methodologies applied in the corre-
sponding study, and an ‘Uncertain’ category was introduced for these
cases. Comparing ScholarGPT and NotebookLM, we observe that this
issue occurred in a significant percentage of the articles, leading to
a substantial decline in model performance compared with that of
our developed classification model. The accuracies of ScholarGPT were
0.4018 on Article Set 1 and 0.5135 on Article Set 2, whereas its sensi-
tivity values were 0.3625 and 0.8182, and its specificity scores were
0.4228 and 0.5073 for Article Set 1 and Article Set 2, respectively.
In the case of NotebookLM, the corresponding values were accura-
cies of 0.6987 and 0.8456, sensitivities of 0.4500 and 0.1818, and
specificities of 0.8322 and 0.8590 for Article Set 1 and Article Set
2, respectively. These results clearly demonstrate that our fine-tuned
XGBoost-based classification model significantly outperformed the in-
vestigated AI models in terms of both predictive performance and
computational efficiency.

A possible reason is that Al models primarily consider citations
when categorizing research. First, if an Al model recognizes that a study
is built on quantitative methods, yet the authors cite a significant num-
ber of qualitative articles, it may be difficult to determine the proper
classification of the research (qualitative or quantitative). Second, if a
study is qualitative but cites an excessive number of sources where the
main text includes standalone years, year-page references, or numerical
citation formats, the Al may misinterpret it as quantitative research.
In our view, Al models recognize that the presence of numbers should
be considered when determining whether a study is quantitative. How-
ever, they are unable to distinguish between publication years, page
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Table 7
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The confusion matrices of the classification results provided by the ScholarGPT and NotebookML models.

ScholarGPT Article set 1 Article set 2
Predicted Predicted Uncertain Predicted Predicted Uncertain
quantitative qualitative quantitative qualitative
True Quantitative 63 8 78 277 241 28
True Qualitative 9 29 42 2 9 0
NotebookLM Article Set 1 Article Set 2
Predicted Predicted Uncertain Predicted Predicted Uncertain
Quantitative Qualitative Quantitative Qualitative
True Quantitative 124 3 22 469 1 76
True Qualitative 7 36 37 3 2 6
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Fig. 4. Overall and yearly ratios by research method. The proposed pretrained classifier was used for Article Set 3. Subfigures a and b show the yearly number of papers published
(bars) and the ratio of the research methods used (solid and dashed lines) for each topic. Pie charts represent the distribution of the research methods used for each research topic

(subfigures c and d).

numbers, and actual research results. As noted by Williams (2024), we
also emphasize that AI models’ interpretation of data in qualitative and
quantitative research should be approached with caution.

4. Application example

The proposed classifier was also tested on Article Set 3 to investigate
its generalizability and applicability to different research fields. All
the papers were classified by the model, and the two research fields
included in Article Set 3 were analyzed while considering their charac-
teristics in terms of the research methods used. Fig. 4(a) and Fig. 4(b)
show the yearly patterns of the ratios of the research methods used in
different types of papers. Fig. 4(c) and Fig. 4(c) show the overall ratios
for each research method.

In Figs. 4(a-b), the bars represent the frequencies of the papers pub-
lished by year, and the solid and dashed lines denote the ratios of the
numbers of qualitative and quantitative studies, respectively. The pie
charts (Figs. 4(c-d)) show the overall percentages of studies following
different research methods. After applying the developed classifier, it
was clear that the two research fields had different longitudinal pattern

10

ratios between quantitative and qualitative methods. In the informa-
tion management field, the quantitative and qualitative approaches
were applied in approximately equal numbers of papers (approxi-
mately 50%-50%);. However, in the tourism management field, the
applications of the two research methods considerably differed over
time (Figs. 4(a-b)). On the other hand, the articles published in the
two research fields did not significantly differ in terms of the overall
research methods used (Figs. 4(c-d)).

Additionally, the longitudinal patterns, the overall main topics in
each research field and the research method used to investigate each
main topic could all be analyzed with the developed classifier. Figs.
5(a-b) show the word co-occurrence networks produced for information
management papers in which quantitative (Fig. 5(a)) and qualita-
tive (Fig. 5(b)) approaches were used. Similarly, Fig. 5(c-d) illustrates
the word co-occurrence networks produced for tourism management
papers in which quantitative and qualitative approaches were used.

To construct the co-occurrence networks, the titles of the papers
were collected and preprocessed. The text preprocessing steps included
lowercase transformation, lemmatization, special character processing
and stop-word removal. Afterward, the co-occurrence values of the
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Fig. 5. Co-occurrence networks established from paper titles. The nodes represent the keywords, and the edges denote the frequencies of the keyword pairs occurring in the same
title. The colors represent the results of performing community detection via the Leiden algorithm. The titles were preprocessed using lowercase transformation, lemmatization,

special character removal, and stop-word removal.

words were calculated, where co-occurrence represents the frequency
with which the two words occurred in the same title. In other words,
the nodes of the networks represent the unique words occurring in
the corpus, and the weights of the edges indicate how many times the
two connected words occurred within the same paper title. After con-
structing the network, a community detection algorithm was applied
to cluster the words and detect the densely interconnected subgraphs,
i.e., topics. Figs. 5(a-b) show that in the case of the information
management papers, the quantitative papers mostly addressed social
networks, mobile applications, information systems, big data and digi-
tal footprints, whereas the qualitative studies mainly focused on smart
cities, business models, knowledge management, and Al In tourism
research (Figs. 5(c-d)), the main topics of the quantitative papers
were tourist perception, pandemic effects, destination management
and tourism marketing, whereas the qualitative studies addressed eco-
tourism, sustainable development, digital management and the tourist
experience.

5. Discussion

In this work, the results showed that an automated machine learning
model could be built and used to predict and classify the research
methods used in research papers (RQ,). In the presented practical ex-
ample, the specific approaches proved to be more effective and accurate
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than the generic approaches. The classification performance improved
only slightly when text lemmatization was used. Therefore, the results
suggest that while lemmatization can improve the results, selecting an
adequate model is more important. Surprisingly, with the lemmatized
corpus, the generic algorithms achieved better performance than the
specific algorithms did because of the cleaner corpus and simplified
structure. This also suggests that both specific and generic methods
can be applied to solve the defined problem. Nevertheless, manually
labeling the papers contained in the training and test data can bias the
resulting model performance; in this case, the proposed models still per-
formed well. These results are very usable by scholars since, as noted,
more effective and accurate scientometric analyses can be performed
by emphasizing the model selection process. The developed automatic
classifier also accelerates the scientometric analysis procedure, which
increases the motivation to conduct research paper classification-based
studies (CO;) and the speed at which new research results can be
disseminated (CO,). The use of the classifier also extends scientometric
analyses to include research method classification (CO;) and eliminates
subjective decision-making steps, which increases the validity and re-
producibility of the research (classification) results (CO,). This is very
important because a research method-based classification approach for
scientific papers was not previously available.

With respect to the adequacy of the input data for the proposed
classifier, the results showed that significantly better results could be
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achieved if not only the abstracts but also the entire bodies of the
papers were used as the corpus for training (RQ,). This suggests that
it is not worth considering only abstracts as a corpus when research
paper classifiers are developed; rather, the entire bodies of the papers
should be used to achieve better results. These results also indicate that
the state-of-the-art solutions might not use an adequate strategy during
the paper classification stage since they mostly rely on abstracts and
do not consider the full texts of the examined papers. The abstracts
might not precisely reflect the research methods used in the papers, so
researchers are encouraged to investigate the details of the papers to
determine which methods were used for their analyses.

Finally, the proposed model and vocabulary were applied to another
set containing tourism management articles, and the results showed
that the developed classifier performed well on data derived from
different research fields (RQ;). In addition to the overall good per-
formance, the differences in the sensitivity values indicate that the
proposed model can still be improved to more efficiently handle imbal-
anced datasets. Although the overall AUC was satisfactory, achieving
increased robustness in cases with imbalanced classes can be a direction
for future research. The proposed classifier could successfully identify
the main research topics within the two article sets, i.e., informa-
tion management and tourism research, and the topicwise differences
between qualitative- and quantitative-based papers were revealed. In
the case with information management papers, the quantitative papers
focused mostly on social networks, mobile applications, information
systems, big data and digital footprints, whereas the qualitative studies
focused mainly on smart cities, business models, knowledge manage-
ment, and artificial intelligence. After applying the same classifier to
the tourism dataset, we found that the quantitative papers mainly
addressed tourist perceptions, pandemic effects, destination manage-
ment and tourism marketing, whereas the qualitative studies focused
mainly on ecotourism, sustainable development, digital management
and the tourist experience. When the ratios of quantitative-qualitative
studies over time in both research fields were investigated, we found
considerable differences between the two fields. In information man-
agement, the numbers of quantitative and qualitative papers tended
to be approximately equal (approximately 50%); however, in tourism
management, a considerably different trend was observed (in 2023,
~80% of the papers were quantitative, whereas ~20% of the papers
were qualitative).

On the one hand, this application and analysis prove that the
proposed model and the predefined vocabulary are generalizable and
can be used in different research fields without modifications or ad-
justments. This result also highlights the notion that research papers
have common parts, such as their research methodologies, which are
independent of the research field, emphasizing the opportunity to
develop generalizable automatic classifiers. Compared with the existing
approaches, the proposed method is a significant contribution to the
field, since the previous works did not analyze how their models
performed depending on the context (research field) of the test corpus.
Nevertheless, it is worth mentioning that in future work, a comparison
between the document-term matrix approach and embedding tech-
niques would be valuable since this step could further decrease the level
of human involvement in the modeling process. On the other hand, the
application example demonstrates that the proposed automatic classi-
fier can be used to quickly obtain valuable information and important
differences in multiple research fields.

6. Summary and conclusion

In this paper, we propose an accurate and automatic classification
model for analyzing and predicting the research methodologies used in
scientific articles. The contributions and implications (Is) of this paper
are presented in Table 8.

In this paper, the results showed that the research methodology clas-
sification problem can be automated with machine learning algorithms,
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yielding satisfactory accuracy. The specific methods outperformed the
generic methods in terms of classification accuracy, achieving accura-
cies exceeding 90%. For the scientific community, the proposed model
can be used to automate scientometric analyses (C,). This is extremely
important because it provides the opportunity to analyze and validate
new research questions that cannot be analyzed without the proposed
model. For example, we can understand how the utilized research
methodologies evolve over time or what differences can be observed
among the research methodologies used by researchers in different
fields. In addition, the results imply that through automated methods,
the time needed to disseminate research results can be significantly
decreased (I;), which is valuable for researchers and policy makers.
Although the overall performance of the proposed model was satis-
factory, the process of manually labeling the training and testing sets
and making human decisions for vocabulary building introduced biases
to the analysis. It would be beneficial in future work to extend the
analysis with word embedding methods to decrease the level of human
involvement in the process.

In addition, the results showed that the model quality was signifi-
cantly higher when the entire text of the papers was used than when
only the abstracts were used. Thus, using only abstracts in scientometric
analyses is not suggested (C,). As an important implication for editors
and scholars, the results indicate that abstracts do not comprehensively
describe the key elements of papers, and considering only abstracts in
scientometric analyses may lead to false conclusions (I,). Moreover, the
results suggest that editors should review abstracts more carefully.

Finally, the proposed classification model is generalizable; however,
generic models exhibit more consistent performance than do neural
networks. We showed that the proposed model and vocabulary are
applicable to different research fields (C;). This contribution also indi-
cates that research papers have common parts, such as their employed
methodologies, that do not depend on the field. The parts that do not
depend on the field can be identified, and the corresponding classifica-
tion task can be automated using the proposed model. Nevertheless,
the results indicated that the proposed model might be sensitive to
imbalanced datasets; therefore, a possible future direction could be
improving the robustness of the model with respect to imbalanced
data. For the practical support of scholars, the code and vocabulary
of the developed model are made available as support material (I5).
As all the contributions and implications show, the results of this
work are beneficial for the scientific community since the proposed
method provides an opportunity to conduct not only topic-focused work
but also research method classification tasks that were not previously
available. Users can employ the best-performing model on the basis of
our results, alongside the provided glossary on any corpus derived from
many research fields. These benefits will improve the efficiency and
quality of future scientometric analyses.

7. Limitations and future work

While we have made significant progress in terms of automating the
research methodology classification process, some limitations should
be considered. One key limitation is the reliance on machine learning
algorithms, which may introduce biases or inaccuracies on the basis
of the provided training data. As a potential bias, the manual labeling
process related to the research methods used in the papers contained
within the training and test data can lead to model distortions when
fitting model predictions. Additionally, the effectiveness of the clas-
sification model may vary depending on the quality and quantity of
the input data, highlighting the need for robust data collection pro-
cesses. Another limitation is the generalizability of the model across
different research fields, as specific adaptations or additional features
may be required for models in certain fields to ensure the acquisition
of accurate classification results. However, the proposed model attained
satisfactory performance on different datasets, and the sensitivity value
differences suggest that the model was still sensitive to imbalanced
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Table 8

Summary of the results, contributions and implications.
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Research question

Research result

Contribution

Implication

RQ,: Can the process of classifying
the research methods employed in
articles be automated using machine
learning methods? If so, which
machine learning algorithm is most
efficient for classifying the research
methodologies used in scientific
articles, and what classification
accuracy can be achieved using
different machine learning
algorithms?

The research methodology
classification problem can be
automated by machine learning
algorithms. The fine-tuned XGBoost
model proved to be satisfactory in
terms of classifying research papers
based on their research
methodologies. This model achieved
better performance than other
machine learning algorithms did (the
quality metrics were all greater than
0.9).

C,: Scientometric analyses can
be supported by the
automated research
methodology classification
method.

I,: The time required to
disseminate research based on
scientometric analyses can be
significantly decreased.

RQ,: Can article classification be
performed solely based on abstracts,
or is it necessary to process the
entire text of the examined articles
for classification purposes?
Furthermore, what text preprocessing

Significantly higher model quality
metrics were achieved when the
entire text of the papers was used for
classification. Converting the text of
each article to lowercase and then
lemmatizing it improved the

C,: We showed that using only
the abstracts for classification
was not sufficient, and the full
text should be used for
classification.

I,: Due to length constraints,
abstracts generally do not
provide sufficiently detailed
information regarding the
research objectives,
methodology, results, and

steps should be performed before
conducting classification?

accuracy of the model.

conclusions, thus failing to
give the reader a
comprehensive overview of
the content of an article.
Considering only the abstract
in such an analysis is
superficial, and important
information may be missed
with this approach.

The classification model is
generalizable. The generic models
exhibited more consistent
performance than the specific
methods did.

RQj;: Should corpus-dependent
models be created, and how
generalizable is the proposed
classification model?

C;: With the proposed model
and vocabulary, papers related
to different research fields
could be classified and
analyzed.

I;: The code and vocabulary
are available for interested
researchers.

datasets. Finally, the proposed model was trained and tested on various
datasets, including hundreds of papers, but the efficiency and computa-
tion time of the model were not analyzed for large databases. Therefore,
scaling of the model to efficiently handle large volumes of research
papers remains a challenge that needs to be addressed.

There are several directions for future research that can enhance
and expand upon our findings. One potential direction is to explore
the integration of natural language processing techniques for extracting
more nuanced information from research papers, allowing for a deeper
understanding of the methodologies employed. Additionally, investi-
gating the impacts of different feature selection methods and model
architectures on the resulting classification performance could provide
valuable insights for optimizing the classification process. In addition
to improvements with more efficient feature selection approaches, the
integration of transformer-based models and the application of domain
adaptation and modern embedding techniques in prediction tasks are
valuable future extensions of the proposed method. This could also
support further increasing the generalizability of the findings. The
applications of the model and explorations of new research methods are
also valuable opportunities for further analysis. Furthermore, conduct-
ing comparative studies with other automated classification models and
refining the proposed model on the basis of feedback and real-world
applications can help validate its effectiveness and reliability. Collab-
orating with domain experts to tailor the model to specific research
fields and continuously updating the model with new data to ensure its
relevance and accuracy are also crucial areas for future exploration.
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Table A.9

List of terms determined on the basis of expert knowledge.
Accuracy Distribution Meta-Analysis Replicability
Action Research Double-Barreled Question Micro-Ethnography Representativeness
Administrative Data Double-Barreled Question Missing Completely at Random Respondent

Affective Measure
Aggregate

Alpha Level

ANCOVA

Anonymity

ANOVA

Association

Attrition

Average

Axiom

Behavioral Categories
Bell-Shaped Curve
Benchmarking

Beta Level
Between-Subjects Design
Bias

Bootstrapping

Case Study
Categorical Data
Causal Analysis
Causal Inference
Causal Relationship
Causality

Ceiling

Census

Central Limit Theorem
Central Tendency
Chart

Chi Square

Chi Squared

Closed questions
Cluster Analysis
Coefficient

Cognitive Interviewing
Cohort

Comparability
Composite Reliability
Confidence
Confidentiality
Consistency

Constant
Contamination
Content Analysis
Context Conditionality
Context Sensitivity
Control Group
Controlled Experiment
Controlled Observation
Correlation
Correlational
Counterbalancing
Covariable

Covariance

Covariate

Coverage

Covert Observation

Critical Incident Technique

Cronbach’s Alpha
Cross-Sectional Data
Cross Tabulation
Crossover Design
Curvilinear
Dashboard

Data Analysis

Data Mining

Data Reduction
Deduction
Deductive Method
Degrees of Freedom
Delphi

Dendrogram
Deviation
Discriminant Analysis
Dispersion

Double-Blind

Duration Model

Effect Size

Endogeneity

Estimation

Ethnographic Decision Model
Ethnography

Evaluation Apprehension
Event History Analysis
Exogeneity

Experimental Control
Experimental Design
Expert Panel

Expert study
Explanatory Analysis
Exploratory Data Analysis
Exploratory Study
Extrapolation

Factor Analysis

Field experiment

Field Research

Focus Group

Focus Study

Forecasting

Friedman Test

Fuzzy

Game Theory
Generalized Linear Mixed Model
Generalized Linear Model
Grounded Theory
Hawthorne Effect
Heterogeneity
Heteroskedastic
Hierarchical Linear Modeling
Hierarchical Model
Histogram

Hypothesis

Imputed Response
In-depth Interviewing
Independent Group Design
Indicator

Indirect Effect

Inductive Method
Informed consent
Insiderness

Instrument Error

Intent to Treat
Inter-Observer Reliability
Interrater reliability
Interaction Effect
Intercept

Interval

Interview

Jackknife Technique
Kruskal Wallis Test
Kurtosis

Laboratory Experiment
Latent Growth Model
Least Squares

Likert Scale

Link Analysis

Log-Linear Analysis
Logit Model

Loglinear Analysis

Main Effect

Margin of Error

Markov Chain

Matched pairs
Maximum Likelihood
MDS

Mean

Measurement Error
Median

Meta-Analysis

Missing Data
Misspecification
Mixed Method
Mode

Monotonic Trend
Monte Carlo
Multidimensional
Multifactor
Multicollinearity
Multidimensional
Multinomial
Multivariate
Mutually Exclusive
Narrative Research
Natural Experiment
Naturalistic Observation
Negative Association
Nominal

Nonlinear
Nonparametric
Nonresponse Error
Nonsampling Error
Nonsignificant

Norm

Observed Value
Open Question
Order Effect

Ordinal

Outlier
Oversampling

Overt Observation

P Value

Paired Comparison
Panel Study
Participant Observation
PASTA Analysis
Path Analysis

PCA

Percentile
Phenomenology
Pilot Study

Point Estimate
Positively Associated
Power

Pretest

Precision
Presumptive Consent
Pretest

Primary data

Principal Component Analysis

Probability

Probit Model
Psychometric Property
Q Methodology
Qualitative
Quantile
Quantitative
Quartile
Quasiexperiment
Quasiexperimental
Questionnaire

R Squared
Random Effects Model
Random Error
Random Selection
Randomization
Randomization
Range

Rank Order

Rate

Rating Scale

Ratio

Regression
Repeated Measures

Response Categories
Retrospective Consent
Retrospective Look
Rigorous Research
Robustness

Sample

Sampling

Scaled Score

Scatter Plot
Scattergram
Scatterplot

Scenario Analysis
Scenario Planning
Secondary Data
Selective Observation
Semantic Differential Scale
Sensitivity Analysis
Sign Test

Significance
Simulation

Single Blind
Skewness

Slope

Social Desirability
Social Network
Sociogram

Spurious Relationship
Standard Error
Standardization
Standardized
Standardization
Standardized

Statistic

Statistical
Stratification
Structural Equation Modeling
Structural Model
Structured Observation
Subsample

Subsample

Survey Research

T Test

Test-Retest Reliability
Thematic Analysis
Time-Invariant

Time Series

Time Variant
Treatment Effect
Treatment offered
Treatment on the Treated
Triangulation
Two-Tailed

Type 1 Error

Type 2 Error

Type I Error

Type II Error
Typology

Unbiased
Unconditional Longitudinal Model
Unconditional Longitudinal Study
Undersampling
Unfolding Question
Unit of Analysis
Univariate
Unstructured Observation
Validity

Variable

Variance

Weighted Score
Weighting

xij

yij

Z Score

Z Test
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Appendix B. List of symbols and abbreviations

Glossary

Al artificial intelligence

ANN artificial neural network

AUC area under the receiver operating characteristic curve
BERT Bidirectional Encoder Representations from Transformers

C contribution

CA cause

CO consequence

COVID  coronavirus disease

CNN convolutional neural network

DL Deep Learning

FN false negative

FP false positive

GPT Generative Pre-trained Transformers

I implication

LDA latent Dirichlet allocation
LLM Large Language Model

LR logistic regression

ML machine learning

SVM support vector machine
PR problem

RF random forest

RQ research question

RNN recurrent neural network
ROC receiver operating characteristic curve
TN true negative

TP true positive

XGBoost Extreme Gradient Boosting

Data availability

Data will be made available on request.
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