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Abstract

Predatory journals threaten academic integrity by offering publica-
tion without proper peer review. Indonesia ranked second globally,
with 16.73% of articles suspected to have been published in preda-
tory journals during 2015-2017. This study aims to develop a method
for classifying the web pages of predatory journals using a combi-
nation of Distributed Representations of Documents (Doc2Vec) and
Automated Machine Learning (AutoML) based on the structure of the
Document Object Model (DOM) tree. The dataset of predatory jour-
nals was collected from Kaggle, while non-predatory journals were
obtained from the Directory of Open Access Journals (DOAJ). The
main pages of journal websites were collected through web scraping
and converted into a DOM corpus using two traversal approaches:
Depth-First Search (DFS) and Breadth-First Search (BFS). The DOM
corpus was then vectorized using Doc2Vec and automatically classi-
fied with AutoML from Auto-Sklearn. The evaluation was conducted
using accuracy and macro avg Fl-score metrics for each traversal
method and training time configuration. AutoML training was tested
within a range of 15 to 120 minutes, in 15-minute intervals. The best
model for BFS was obtained at 15 minutes of training with a macro
avg Fl-score of 0.7812 and an accuracy of 0.9196. Meanwhile, the
best model for DFS was achieved at 90 minutes of training with a
macro avg Fl-score of 0.7853 and an accuracy of 0.9255. These re-
sults indicate that the traversal method used to construct the DOM
corpus influences the performance of the predatory journal classifica-
tion model. DFS tends to yield better performance than BFS in the
context of Doc2Vec and AutoML based on the DOM tree structure,
as reflected in both accuracy and macro avg F1-score.

Keywords: predatory journals; machine learning; classification;
automated machine learning; deep learning

1. Introduction

In recent decades, the advancement of digital technology and
the emergence of open access (OA) publishing have signif-
icantly transformed the academic publishing landscape [1].
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These developments have made scientific literature more ac-
cessible than ever before [2], removing barriers to knowledge
and enabling scholars worldwide particularly in developing
countries to access and contribute to the global research com-
munity without the paywalls of traditional publishing. Open
access, in principle, enhances transparency, reproducibility,
and equity in science by allowing anyone to read, download,
and distribute scholarly work without cost [3]. However, this
shift has not been without consequences. Alongside reputable
OA journals, a parallel and more insidious phenomenon has
emerged: predatory publishing.

Predatory journals are entities that exploit the open-access
model unethically [4], [5]. This phenomenon has intensified
alongside the rapid growth of open-access publishing over the
past two decades', during which increasing publication pres-
sure in academia has been systematically exploited by dubi-
ous publishers [6][7]. They charge publication fees to authors
without providing the essential academic services expected
of legitimate publishers, most notably rigorous peer review,
transparent editorial processes, and scholarly curation [1], [2].
These journals often mislead authors with fabricated impact
factors, inclusion in fake indexes, and promises of rapid pub-
lication, thus compromising the integrity of academic dissem-
ination. Despite attempts to mimic reputable journals, their
poor editorial standards and low-quality presentation often
raise doubts upon closer inspection [8]. While the problem
affects the global academic community, researchers in regions
with limited institutional support or strong publication pres-
sure such as Southeast Asia, South Asia, and parts of Africa
are particularly vulnerable.

Indonesia, in particular, has become a concerning hotspot in
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the global discussion around predatory publishing. A biblio-
metric study conducted by Machécek and Srholec [9] revealed
that from 2015 to 2017, approximately 16.73% of 164,000 ar-
ticles published by Indonesian scholars were likely published
in predatory journals placing Indonesia second globally in this
regard. These alarming numbers underline the urgency for
scalable and systematic solutions to combat academic fraud,
safeguard the reputation of legitimate scholars, and maintain
the credibility of Indonesia’s growing research output. Unfor-
tunately, the identification and detection of predatory journals
is a complex task, especially when done manually.

Traditional detection methods often rely on human judg-
ment, blacklists (such as Beall’s List), and community-
maintained whitelists. However, these approaches are suscep-
tible to several limitations: subjectivity, incomplete coverage,
infrequent updates, and potential bias against new but legit-
imate open-access journals [10, 11]. Moreover, the increas-
ing professionalization of predatory journal websites which
often mimic legitimate academic portals in layout, language,
and claims of peer review has rendered visual inspection and
conventional content-checking unreliable [12, 13]. As such,
there is a growing consensus among researchers that auto-
mated methods are required to ensure consistent, scalable, and
objective evaluation of journal credibility.

In response to this need, recent studies have proposed
a variety of machine learning (ML) and natural language
processing (NLP) techniques to automatically detect predatory
journals based on different data sources. Some approaches
focus on textual and metadata features, such as journal titles,
publisher names, editorial board members, submission-to-
publication time, and declared policies. For instance, Chen
et al. [14] used TF-IDF and Bag-of-Words (BoW) features
with a Random Forest classifier and achieved an F1-score of
0.98. Adnan et al. [15] built a model based on heuristics-
based indicators, including impact factor inconsistencies and
scope mismatches, and achieved up to 0.98 accuracy using
Support Vector Machines (SVMs). These studies suggest that
metadata-based features can offer strong signals, especially
when curated and standardized.

Advancements in deep learning have also introduced the
use of neural networks for this task. Ateeq and Al-Khalifa
[16] developed an intelligent framework using Convolutional
Neural Networks (CNNs) on text-based inputs, obtaining
Fl-scores up to 0.96. Another work by Sharma et al.
[17] proposed a big-data—driven AI system that combines
journal and publisher information from multiple legitimate
and illegitimate databases. The system employs LSTM-based
text classification together with graph-informed features to
categorize venues as predatory, suspicious, or non-predatory.
Experiments on approximately 50,000 records reported an
accuracy of 94%. However, the approach requires substantial
computational resources and is sensitive to data quality and
labeling consistency, which may limit its scalability.

Transformer-based models like ALBERT and LSTM archi-
tectures have also been explored to handle complex semantic
representations of journal descriptions. However, these mod-
els typically require large, labeled datasets and are highly de-
pendent on the availability and quality of the input data. More-
over, metadata is not always reliable, and in many cases, it is
manipulated or fabricated by predatory publishers to deceive
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detection systems. Another concern with these methods is in-
terpretability and reliability. Systems such as the Academic
Journal Predatory Checking (AJPC) tool have come under
scrutiny for high false-positive rates and lack of transparency.
Teixeira da Silva [18] criticized such systems for misclassify-
ing over 17,000 journals, many of which were actually legiti-
mate, thereby questioning the reliability of black-box machine
learning tools. To counter this, newer studies have adopted in-
terpretable ML frameworks, such as SHAP (SHapley Additive
exPlanations), to explain classification decisions and increase
trust in automated systems [19].

Despite the sophistication of these approaches, a common
dependency among them is their reliance on accessible, struc-
tured, and accurate metadata or textual content, a requirement
that is often unmet in the wild. This creates a gap for meth-
ods that can operate independently of content semantics, and
instead, focus on alternative cues such as page layout, struc-
ture, and organization. This is where Document Object Model
(DOM) analysis becomes relevant.

The DOM is the structured representation of an HTML doc-
ument, often modeled as a tree where each node represents an
element in the web page. DOM analysis has shown promise in
other domains such as phishing detection, where researchers
have used DOM traversal and structural embedding to distin-
guish between benign and malicious web pages [20]. How-
ever, its application in identifying predatory journal websites
remains limited.

This study aims to address this gap by introducing a
novel method to classify predatory journals using DOM-based
structural analysis. Specifically, we apply two well-known
traversal algorithms, namely Depth-First Search (DFS) and
Breadth-First Search (BFS) to linearize the DOM tree of
each journal homepage into a textual sequence of HTML
tags. This sequence, referred to as the DOM corpus, is
then vectorized using Doc2Vec, a neural model that captures
semantic similarities between sequences of tokens [21]. The
resulting vectors are used as input for an automated machine
learning (AutoML) process using Auto-Sklearn [11], which
automates model selection, hyperparameter optimization, and
validation.

The main objective of this study is to evaluate the effec-
tiveness of DOM traversal methods (DFS and BFS) in ex-
tracting structural features for classifying journal websites as
predatory or non-predatory. We hypothesize that while content
can be faked, structure often reveals underlying patterns, such
as excessive use of <div> tags, repetitive submission buttons,
or shallow hierarchy depth, that are more difficult to mask.
DOM-based methods are also language-agnostic, universally
applicable to HTML websites, and resilient to textual obfus-
cation, making them highly suitable for this task.

In summary, this study contributes to the field by (1) apply-
ing DOM tree traversal for predatory journal detection which
is ararely explored area, (2) integrating Doc2Vec and AutoML
for scalable and automated classification, and (3) benchmark-
ing the effectiveness of structural-based approaches against
conventional expectations. This approach offers a comple-
mentary pathway to traditional metadata analysis and en-
hances the robustness of automated journal screening systems.
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2. Related Works

Research on the automatic classification and detection of
predatory journals has gained increasing attention over the
past decade as the threat posed by such journals becomes more
prominent in global academic discourse. The fundamental
goal of these studies is to develop reliable systems that can
distinguish legitimate academic journals from predatory ones,
using various features extracted from websites or related meta-
data. The growing number of submissions to questionable
journals, along with the sophistication of predatory publish-
ing practices, has made traditional manual detection methods
insufficient, thereby motivating the adoption of machine learn-
ing (ML) and data-driven approaches.

In the early phases of this research field, most studies em-
ployed traditional machine learning algorithms trained on tex-
tual features derived from journal websites. These features of-
ten included data extracted from journal descriptions, aims and
scope sections, editorial board listings, and author guidelines.
The text data was vectorized using classic techniques such as
Term Frequency-Inverse Document Frequency (TF-IDF) and
Bag-of-Words (BoW), both of which transform natural lan-
guage into structured numeric input for algorithms like Naive
Bayes, Logistic Regression, and Random Forests. Chen et al.
[14], for example, used a Random Forest classifier trained on
TF-IDF vectors to classify journals as predatory or legitimate,
reporting an Fl-score as high as 0.98. These approaches were
favored for their simplicity, interpretability, and relatively low
computational cost.

However, reliance on textual content introduces inherent
limitations. Textual information found on journal websites can
vary significantly in quality, language, and format, especially
in the context of international journals. Furthermore, preda-
tory publishers are known to deliberately copy legitimate text
from reputable journals, further diminishing the discrimina-
tive power of surface-level content analysis. The effectiveness
of such models is also constrained by the necessity for well-
structured and clean datasets, which are difficult to obtain in
real-world settings where websites are poorly maintained or
dynamically generated. These drawbacks pushed researchers
to explore alternative features beyond surface text.

Subsequent studies began incorporating heuristic-based
features hand-crafted indicators reflecting behavioral and
structural patterns of predatory journals. Such heuristics
include the time interval between manuscript submission and
acceptance (often unrealistically short in predatory journals),
frequency of publication, number of published volumes,
editorial board completeness, fake indexing claims, and even
the lexical patterns in editor email domains. Adnan et al. [15]
demonstrated the potential of such indicators by developing a
Support Vector Machine (SVM) classifier trained on metadata
and heuristics, achieving an accuracy of 0.98. These features,
while more robust than raw text, still require careful domain
knowledge and extensive preprocessing. Additionally, they
may be inconsistently available or deliberately obscured by
predatory publishers.

To address the limitations of manual feature engineering,
researchers turned toward deep learning techniques. These
models, particularly Convolutional Neural Networks (CNN5s)
and recurrent neural networks like Long Short-Term Mem-
ory (LSTM), offer the ability to learn high-dimensional rep-
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resentations directly from raw data. Ateeq and Al-Khalifa
[16] applied CNNs to journal metadata and achieved an F1-
score of 0.96, showing improved robustness and generaliza-
tion compared to classical models. Transformer-based archi-
tectures such as ALBERT have also been employed for mod-
eling contextual dependencies within longer pieces of journal
text. Deep learning models eliminate the need for manual fea-
ture extraction but require large volumes of labeled data and
are computationally intensive. Moreover, their black-box na-
ture makes them challenging to interpret, especially when de-
ployed in sensitive academic or policy environments where ex-
planations for decisions are necessary.

Parallel to the performance advancements in classification
accuracy, concerns have arisen regarding the interpretability
and transparency of these systems. Tools like the Academic
Journal Predatory Checking (AJPC) system have been criti-
cized for misclassifying reputable journals as predatory, rais-
ing ethical concerns about false positives and damage to the
reputation of legitimate publishers. Teixeira da Silva [18] em-
phasized the risk of relying on opaque systems that cannot ex-
plain their decisions or be independently audited. This critique
has led to the adoption of explainable Al (XAI) techniques in
recent works. Wu et al. [19], for example, incorporated SHap-
ley Additive exPlanations (SHAP) into an ensemble learning
model to reveal which features influenced each classification
outcome. The ability to provide transparent decision-making
is crucial for gaining the trust of researchers, institutions, and
journal editors who rely on such systems.

Despite the evolution of these methodologies, a common
limitation persists: the dependence on accurate and accessi-
ble metadata or well-structured text content, which is often
unavailable or manipulated. Predatory journals frequently fal-
sify their editorial boards, misrepresent indexing status, and
use legitimate-sounding names to deceive readers. The dy-
namic and deceptive nature of these journals makes metadata-
and content-based approaches vulnerable. Additionally, not
all journal platforms provide structured metadata through stan-
dardized formats such as DOAJ APIs or CrossRef endpoints,
hindering scalability.

In light of these challenges, a relatively underexplored di-
rection is the use of structural features of the web page itself.
This approach shifts the focus from what is being said (text
content) to how it is presented (HTML structure). Web pages
are structured using the Document Object Model (DOM),
which represents the hierarchical layout of elements such as
<div>, <p>, <a>, and <table>. While often disregarded in
natural language processing tasks, this structure can encode
implicit cues about the quality and intent of a website. For
example, legitimate journals tend to follow standard publish-
ing layouts with clear navigation, identifiable editorial infor-
mation, and distinct article sections. In contrast, predatory
journals may exhibit inconsistent structure, excessive use of
hyperlinks, poor nesting of tags, and duplicated layouts across
multiple journals.

A promising study by Feng et al. [20] explored DOM-
based analysis in a different domain: phishing detection. They
proposed a model that transformed the DOM tree of a phishing
web page into a sequence of tags using a traversal algorithm,
which was then vectorized using Doc2Vec, a method for
learning distributed representations of documents. Their
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results showed that even without textual content, the structure
of the web page alone could be used effectively to classify
malicious websites. This concept provides a compelling
foundation for adapting DOM-based methods to the detection
of predatory journals.

Building upon this idea, our research introduces a novel
approach that applies DOM tree traversal, Doc2Vec embed-
ding, and automated machine learning (AutoML) for classify-
ing journal websites. The core insight is that while surface-
level metadata and content can be forged, the underlying
HTML structure tends to reflect the quality and consistency
of the publisher’s technical implementation. To extract mean-
ingful patterns from this structure, we employ two traversal
strategies, Depth-First Search (DFS) and Breadth-First Search
(BFS) to flatten the DOM tree into a sequential representation.
This sequence, which we term the DOM corpus, captures the
hierarchical and syntactic layout of the journal homepage.

Each DOM corpus is embedded using Doc2Vec, which
creates vector representations that preserve semantic and
positional information between HTML tags. This process
enables the model to learn patterns such as excessive nesting,
repetition of submission links, absence of editorial layout, or
anomalies in content structure. The embedded vectors are
then classified using AutoSklearn, a leading AutoML library
that automates model selection, hyperparameter optimization,
and validation. This pipeline eliminates the need for manual
feature engineering and allows the system to adaptively find
the best model configuration based on the DOM-derived data.

The use of DOM-based analysis provides several significant
advantages. First, HTML structure is universally available
across websites and does not depend on linguistic content,
making the approach language-independent and applicable
globally. Second, the structure is harder to fake consistently
compared to textual content or metadata, especially when
websites are generated using cheap templates or lack technical
sophistication.  Third, DOM traversal avoids reliance on
external databases, blacklists, or API connections, ensuring
greater autonomy and scalability of the system.

In sum, while prior works have established strong founda-
tions for predatory journal detection using text, heuristics, and
deep learning, they remain constrained by the accessibility, in-
tegrity, and stability of content and metadata. Our work intro-
duces a structural perspective that focuses on the presentation
layer of journal websites, an area that has remained largely un-
tapped. Through the integration of DOM traversal, Doc2Vec,
and AutoML, our approach offers a complementary and robust
method for automated classification of predatory journals, par-
ticularly in scenarios where conventional signals are unreliable
or unavailable. This contribution not only advances the state
of the art but also opens new avenues for research into the
structural analysis of deceptive digital platforms.

3. Methods

The research began with problem identification and literature
review regarding DOM tree traversal, Doc2Vec, and AutoML
techniques. It proceeded with data collection from predatory
and non-predatory journal websites, followed by preprocess-
ing, vectorization, model training with AutoML, and evalua-
tion using performance metrics.
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3.1. Doc2Vec

Doc2Vec is an extension of Word2Vec designed to learn vector
representations not only for words, but also for larger text units
such as sentences, paragraphs, and documents [21]. Thus,
each document can be encoded as a fixed-length vector that
captures contextual and semantic information (or structural
patterns) beyond simple word-frequency statistics. In general,
Doc2Vec provides two main architectures: Distributed Mem-
ory (DM) and Distributed Bag of Words (DBOW) [21]. In this
study, the DM architecture is adopted because it leverages the
token-order context to produce more informative document
representations.

In the DM scheme, the model learns a document vector
(paragraph/document embedding) that is combined with the
vectors of words in the context of the surrounding context to
predict a target word within a sequence [21]. The document
vector acts as a “memory” that stores the global topic/context
of the document during training, allowing documents with
similar characteristics to be mapped to nearby regions in
the embedding space. With this mechanism, the resulting
representation captures not only the tokens that appear but also
the local context defined by a sliding window. An illustration
of the Distributed Memory mechanism is shown in Fig. 1.

Classifier

Average/Concatenate

mﬂ\m

Paragraph the cat
id

Paragraph Matrix----- >

Figure 1: Illustration of the Doc2Vec Distributed Memory [21].

In this work, each journal web page is represented as a DOM
corpus, i.e., a sequence of HTML tag tokens obtained from
traversing the page’s DOM structure (e.g., <div>, <p>, <a>,
etc.) extracted from the <body> element. This tag sequence
is treated as a “document” and is used to train Doc2Vec to
produce a document-level embedding as a numerical feature
vector.

3.2. Automated Machine Learning (AutoML): Auto-
Sklearn

Automated Machine Learning (AutoML) is an approach that
aims to automate key stages in the machine learning workflow,
so that model development does not rely entirely on manual al-
gorithm selection and hyperparameter tuning. In practice, Au-
toML searches for an appropriate pipeline configuration (e.g.,
preprocessing, model choice, and hyperparameter optimiza-
tion) based on the characteristics of the data, with the goal of
obtaining strong and reproducible performance efficiently.

In this study, we employ Auto-Sklearn [22][23], an Au-
toML framework built on top of Scikit-Learn. Auto-Sklearn
automatically selects suitable learning algorithms for a given
dataset and optimizes their hyperparameters, allowing practi-
tioners to focus more on problem formulation and result anal-
ysis rather than extensive trial-and-error configuration [11].
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Furthermore, Auto-Sklearn incorporates meta-learning to ac-
celerate the search process by leveraging knowledge from pre-
vious optimization runs on earlier datasets [11]. In this phase,
Auto-Sklearn extracts dataset meta-features (e.g., the number
of instances and features) and performs a warm-start using
high-performing configurations stored in its prior knowledge
base.

After meta-learning, Auto-Sklearn conducts model and hy-
perparameter optimization (commonly via Bayesian optimiza-
tion) to explore the configuration space more efficiently than
naive random search. The final output is not limited to a sin-
gle best model; instead, Auto-Sklearn can construct an en-
semble of multiple top-performing models. This ensemble
strategy combines predictions from several models to achieve
more stable and accurate results and to improve generaliza-
tion [11]. These properties make Auto-Sklearn well-suited for
this work, as it automates model selection and tuning for the
feature vectors produced by the document representation stage
(Doc2Vec).

3.3. Doc2Vec with AutoML for Predatory Journal Classi-
fication

The predatory journal classification approach is illustrated in

Figure 2. This study adopts the technique proposed by Feng

et al. [20], which transforms the DOM tree into a textual

corpus, followed by Doc2Vec representation learning and

classification.

First, we collected the raw HTML pages of both legitimate
and predatory journals and generated a corresponding corpus.
The method begins by traversing the DOM tree of each HTML
document to produce corpus text, enabling the Doc2Vec model
to learn meaningful representations of HTML tag structures.
Two traversal strategies were evaluated: Breadth-First Search
(BFS) and Depth-First Search (DFS). The Doc2Vec model
then learns from the transformed texts to capture informative
corpus representations.

Subsequently, the trained Doc2Vec model is used to obtain
vector representations, which serve as input for AutoML train-
ing. The AutoML framework automatically selects the most
suitable classification model to achieve optimal performance
in distinguishing between legitimate and predatory journals.

3.4. Dataset

The dataset was compiled by collecting links from both
predatory and non-predatory journal websites. For predatory
journals, the primary source was the Predatory Research
Journals Data from Kaggle [18], which contains a total of
2,210 entries. In contrast, links to non-predatory journals were
obtained from the Directory of Open Access Journals (DOAJ),
comprising 21,269 entries.

Afterwards, we performed data preprocessing aimed to
transform the HTML structure of journal websites into a
textual format known as the DOM corpus, which is a
sequential list of HTML tags derived from the <body> section
of each webpage. This corpus serves as the main input for
vectorization and model training. The entire process involved
several interdependent stages: dataset integration, duplicate
removal through URL normalization, web scraping, and DOM
traversal using Depth-First Search (DFS) and Breadth-First
Search (BFS) techniques.

Datasets of predatory and non-predatory journals shown by
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Table 1 were obtained from two different sources. These
were merged into a unified dataset to ensure consistency in
format and facilitate downstream analysis. The resulting
dataset contained 23,479 entries, including 2,210 predatory
and 21,269 non-predatory journals. Table 1 illustrates samples
of this merged dataset in a structured format.

To ensure data cleanliness, duplicate entries were removed
based on journal URLs. First, URL normalization was applied
by converting all characters to lowercase and removing trailing
slashes, enabling accurate comparison across entries. After
normalization, 780 duplicates were identified and eliminated.
The resulting dataset comprised 22,699 unique entries, with
1,919 predatory and 20,780 non-predatory journals.

The next phase involved extracting the main HTML content
from each journal website. Specifically, elements within the
<body> tag were targeted, as they represent the core structural
components of a webpage. Web scraping was automated by
sending HTTP requests to each journal URL and parsing the
returned content.

The extracted HTML content was stored in JSON format
for further processing. In cases of failure due to issues
such as invalid SSL certificates, HTTP errors (e.g., 404
Not Found, 403 Forbidden), DNS resolution failures, or
connection timeouts the URLs were logged separately. Out
of 22,699 entries, a total of 16,170 pages were successfully
scrapped, including 1,350 predatory and 14,820 non-predatory
journals. The remaining 6,529 entries failed due to the
aforementioned issues.

The final stage involved transforming each scraped HTML
page into its DOM representation. The structure of the DOM
tree was traversed using two standard algorithms: Depth-First
Search (DFS) and Breadth-First Search (BFS). Each traversal
produced an ordered sequence of HTML tags (e.g., <div>,
<p>, <a>) from the <body> section, effectively converting
each webpage into a textual sequence. These sequences
formed the DOM corpus, which was later used for feature
extraction and classification model training. By employing
both DFS and BFS methods, the study enabled comparative
analysis of traversal-based structural representations and their
impact on model performance.

3.5. Exprimental Settings

The experiment setup included configuration of hardware,
software, Doc2Vec parameters (vector size, epochs, etc.), and
data split (80% training, 20% testing). For training the word
vectors using Doc2Vec, a vector size of 100, a window size
of 5, and 20 epochs were employed. An epoch value of 20
was selected as a balanced setting to allow sufficient learning
of structural patterns in the DOM-tree traversal corpus while
maintaining computational efficiency.  Auto-Sklearn was
used to automate model selection and hyperparameter tuning.
To address class imbalance in the training set, SMOTENN
was employed by combining SMOTE for oversampling with
Edited Nearest Neighbours (ENN) for undersampling.

The complete source code used in this study, includ-
ing data preprocessing, DOM traversal, vectorization, and
model training, is publicly available at the following GitHub
repository: https://github.com/ersankarimi/
predatory-journal-classifier.
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Figure 2: The proposed method, inspired by Feng et al. [20], for predatory journal detection, consisting of three main stages: (1) DOM tree traversal using
breadth-first or depth-first search; (2) HTML tag corpus training; and (3) AutoML training using a Doc2Vec model.

Table 1: Example of Merged Dataset of Predatory and Non-Predatory Journals

journal_title

journal_url

is_predatory

Prolingua http://periodicos.ufpb.br/index.php/prolingua/index 0
World Scientific News http://www.worldscientificnews.com/ 1
Yangtze Medicine https://www.scirp.org/journal/ym 1

4. Results and Discussions

This study evaluates the impact of DOM traversal methods
which are Depth-First Search (DFS) and Breadth-First Search
(BFS) on the performance of a predatory journal classification
model using a combination of Doc2Vec and AutoML. The
evaluation focused on two metrics: accuracy and macro-
average F1-score.

Web pages from predatory and non-predatory journal
sources were collected, preprocessed, and converted into
DOM corpora using DFS and BFS strategies. These corpora
were then vectorized with Doc2Vec and classified via Au-
toSklearn. The training was conducted across varying time
durations (15-90 minutes) to observe model performance dy-
namics.

Accuracy Comparison
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Figure 3: Accuracy and Macro F1-score Across Training Durations

The experimental results (see Figure 3) reveal that DFS
generally outperforms BFS in both accuracy and macro F1-
score across most training durations. The DFS model achieved
its best performance at 90 minutes with an accuracy of 0.9255
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and a macro Fl-score of 0.7853. In contrast, BFS peaked
earlier at 15 minutes with a slightly lower F1-score of 0.7812
and accuracy of 0.9196, but it displayed more fluctuation
across training times.

Table 2: Precision and Recall Comparison between BFS and DFS Models

Class Matrix BES (15 Minutes)  DFS (90 Minutes)
Predator Precision 0.5128 0.5413
Recall 0.7444 0.7037
Non-Predator Precision 0.9757 0.9723
Recall 0.9356 0.9457
Macro Precision 0.7442 0.7568
Recall 0.8400 0.8247

Table 2 shows a detailed precision-recall comparison.
While BFS achieved a higher macro recall (0.8400), DFS
attained superior macro precision (0.7568), indicating more
accurate positive predictions. These results suggest that DFS
benefits more from longer training durations and yields more
stable performance, while BES is faster but less consistent.

Although the difference is not statistically significant, the
results highlight the potential of DFS in forming structurally
meaningful representations for complex web content. Both
traversal methods are viable, but DFS may be preferable
when training resources and time allow. DFS provides
higher performance than BFS, potentially because its traversal
strategy better preserves local semantic relationships among
neighboring DOM elements. For example, a tag such as <h2>
is more likely to remain closely associated with related tags
like <p> and <b> within the same subtree during corpus
generation.

To further validate the effectiveness of the proposed
Doc2Vec and AutoML pipeline, we compared it with a
clustering-based baseline using Hierarchical Clustering fol-
lowed by a Nearest Class Mean (NCM) classifier. This base-
line was inspired by previous work on DOM-based web page
classification, where DOM-derived document representations
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Figure 4: Overall performance comparison between Doc2Vec—AutoML
(DFS, 90 minutes) and the HC-NCM baseline.

are first grouped via hierarchical clustering and classification
is performed by assigning samples to the nearest class centroid
(Nearest Class Mean) [20].

Figure 4 summarizes the overall performance of both
approaches. The best Doc2Vec and AutoML model (DFS,
90 minutes) achieved an accuracy of 0.9255 and a macro avg
F1-score of 0.7853. The discrepancy between accuracy and
F1-score may be attributed to class imbalance in the testing
set. While accuracy is influenced by the dominant class, the
F1-score reflects classification performance on minority-class
samples based on the computation of the harmonic mean of
precision and recall.

In contrast, the baseline HC-NCM [20] obtained an accu-
racy of 0.8859 and a macro avg Fl-score of 0.7343. This
corresponds to an improvement of 0.0396 in accuracy and
0.0510 in macro F1-score, indicating that the AutoML-based
approach provides more robust classification performance un-
der the same DOM-derived representation.

S. Conclusion

The experimental results indicate that AutoML with Doc2Vec
can be a baseline for automatic predatory journal classification
based on the DOM structure. In constructing the similar text-
based data for Doc2Vec, both DFS and BFS traversal can be
utilized which influence the model’s performance. The best
DFS-based model was achieved with 90 minutes of training,
yielding an accuracy of 0.9255 and a macro average F1-score
of 0.7853. In contrast, the best BFS-based model was obtained
within 15 minutes, with an accuracy of 0.9196 and a macro
F1-score of 0.7812.

The limitation of this study is that the model only accounts
for the HTML of the homepage to detect predatory journals
and uses a two-stage approach consisting of corpus training
for HTML tag representation and AutoML for prediction.
Future studies should investigate beyond the homepage and
incorporate multi-modal data, as several pages may improve
the representation for the classification of predatory journals.
In addition, utilizing images and other web-based data could
potentially improve the performance.
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