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Abstract - The use of machine learning (ML) in the humanities
has given a chance of enhancing the research and learning
process, particularly in comparative philology. This paper looks
into the implementation, effects, and issues that surround the
use of ML-enabled information tools in the modern graduate
curriculum. The study targets the major tools, including digital
corpora, text analysis systems, Al chatbots, and automated
translation platforms, that aid the linguistic analysis, semantic
exploration, and content generation. Data on the use of tools,
perceived benefits, and barriers to adoption were assessed in a
systematic analytical method using postgraduate students and
faculty members with philology and linguistics programs. The
results display a strong rate of use of the ML tools, with the most
commonly used being the digital corpora (81.2) and text analysis
tools (78.5). The findings also show a great positive change in the
academic performance, where the efficiency of research and
learning improvement has been found to be the most eminent
advantage. Nonetheless, other obstacles that have slowed down
successful implementation include poor technical skills (62.4%)
and insufficient training (58.7%). To demonstrate the effect of
the introduction of the ML, a comparison between traditional
and ML-based methods was performed, which revealed an
overall improvement of all the assessed parameters. These
results underscore the potential transformative nature of ML
tools in enhancing research productivity and learning.
According to the findings, the research suggests a theoretical
framework of the incorporation of ML-based tools into
comparative philology based on a curriculum feedback strategy,
which allows further academic enhancement. The research adds
to the emerging body of digital humanities by offering empirical
data and practical suggestions on how to integrate ML
technologies in the process of teaching and research in
philological education.
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I. INTRODUCTION

The fast development of digital technologies has greatly
changed the way research is conducted in all fields, including
the traditionally text-based sphere of comparative philology.
Digital philology is a subfield of digital humanities and the
contemporary study of philology is increasingly relying on
computational techniques to examine and analyze volumes of
textual data, establish linguistic regularities, and trace the
evolution of semantics across languages. Machine learning
(ML) has emerged as a powerful facilitator in this respect,
offering scalable and effective text processing, text
classification, and text semantics analysis (Graziosi et al.,
2023; Luo, 2021). The recent changes confirm the greater
applicability of the approaches of ML in linguistic and textual
research. Automation of text analysis and text coding
techniques have proven to be a huge advantage over manual
techniques in the speed, scaling, and consistency (Nelson et
al., 2021; Grimmer et al., 2021). Moreover, the creation of
semantic modeling, in particular word embeddings, has
enabled scholars to model intricate linguistic connections and
semantic changes between corpora across time (Wevers &
Koolen, 2020). These processes have demonstrated a shift to
more data-driven and computer-based approaches to
philology and more qualitative approaches alone. At the same
time, the application of artificial intelligence technologies to
higher education as a field has become the matter of increased
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attention. Al-driven applications, inclusive of conversational
agents and intelligent learning systems have been proved to
enhance student engagement, contribute to content creation,
and enhance learning (Pellas, 2025; Sapci & Sapci, 2020). In
addition, the rising demand in artificial intelligence and
machine learning skills in academic and career backgrounds
highlights the concept of imparting such skills at graduate
levels (Verma et al., 2022; Chen et al., 2025). In addition,
previous research shows the increased ML in the educational
systems, which can include student performance
predictability, retention, and the use of a personalized
learning environment (Prenkaj et al., 2020; Guu et al., 2017;
Cardona et al., 2023). These papers highlight the
opportunities of ML-powered information systems, which
can help make better decisions and achieve better academic
performance. Likewise, translation research and scholarly
recommender systems application show how ML can be used
to support knowledge discovery and interdisciplinary studies
(Massey & Ehrensberger-Dow, 2017; Samin & Azim, 2019).
Regardless of these improvements, there is still a large gap in
terms of systematic introduction of machine learning tools
into comparative philology programs. The current literature
is mostly dedicated to technical applications or more specific
applications, and little focus is directed towards the
appropriate use of ML-enabled information tools in the field
of humanities education (Ocak et al., 2025). Moreover, the
issues of technical expertise, lack of training, resource
availability, and ethical considerations still impede the
universal adoption (Bogina et al., 2022). Thus, this paper
seeks to discuss the use, effects, and issues of machine
learning tools in comparative philology as part of the modern
graduate course. The paper examines the level of the ML
tools application, their perceived advantages, and the major
obstacles of successful application. It also suggests a
theoretical framework to facilitate the assimilation of ML
tools in philological studies. The major aim of this research
is to explore how information tools based on machine
learning can be used to develop comparative philology in the
modern graduate curriculum.

Key Objectives are:

* To examine the level of application of ML-based tools
in the research and learning of comparative philology.

* To assess the perceived advantages of ML tools with
regard to research efficiency and learning improvement.

e To recognize the main issues related to the
implementation of ML tools in philological research.

* To understand how to incorporate ML tools into
graduate-level education.

To achieve the objectives above, the research questions that
will guide the study include:

RQ1: What is the level of usage of machine learning—enabled
tools in comparative philology among graduate students and
faculty?
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RQ2: What is the impact of ML-based tools on research
efficiency and learning outcomes in the field of philology?

RQ3: What are the key issues of using ML tools in the study
of comparative philology?

RQ4: How could machine learning technologies be
successfully incorporated into the graduate curriculum in
philology? The rest of the paper is organized as follows.
Section 2 presents the literature review. Section 3 describes
the methodology. Section 4 discusses the results and findings.
Section 5 concludes the study.

II. LITERATURE REVIEW

Machine learning (ML) has been used more and more in
digital humanities and comparative philology to aid
large-scale text analysis and linguistic research. Text
classification, clustering and semantic modeling techniques
allow large textual corpora to be processed efficiently,
making the analysis more accurate and scaling better than the
manual methods used previously (Graziosi et al., 2023; Athey
& Imbens, 2019). Specifically, semantic methods like word
embeddings have been used to aid in the exploration of
language change and contextual meaning over historical texts
(Wevers & Koolen, 2020). Artificial intelligence (Al)
systems, such as chatbots and intelligent learning systems,
have shown that demonstrated the ability to improve
engagement, content creation, and learning among students
in the educational field (Pellas, 2025; Sapci & Sapci, 2020)
(Alaqlobi et al., 2024). Moreover, ML use in education,
including student performance forecasting and retention,
evidences the importance of data-driven systems to enhance
academic performance and decision-making. The increasing
popularity of the Al-associated skills also attests to the
necessity of including the ML tools in the higher education
programs (Verma et al., 2022; Hassan et al., 2024). The use
of ML has also been extensive in interdisciplinary studies,
especially in the field of text analysis, translation studies and
recommender systems, where better knowledge can be
discovered and cross-linguistic analysis can be performed
(Massey & Ehrensberger-Dow, 2017; Samin & Azim, 2019).

These developments illustrate the growing use of ML as an
information resource in the academic fields. Nevertheless,
technical skills, resource availability, and ethical issues are
other challenges that act as major barriers to adoption.
Although the amount of research is increasing, there is little
emphasis on the systematic implementation of ML-enabled
information tools in the curriculum of comparative philology,
especially through the lens of an educational and information
systems perspective. The current literature mainly focuses on
technical applications, and there is a lack of focus on the
following aspects: user adoption, perceived benefits, and
implementation difficulties in academic environments.
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II.METHODOLOGY

The following section provides a description of the research
design, the context of the study, data collection processes,
and analysis methods that were used to study the role of
machine learning (ML)-supported information tools in
comparative philology in graduate education. The
methodological strategy will be oriented at providing a
comprehensive perspective of the usage habits, perceived
advantages, and issues of the adoption of the ML tools in
humanities-oriented academic setting.

Research Design

The study design in this paper is a mixed-method study which
involves a quantitative analysis and interpretation by
applying qualitative methods to understand the application of
ML tools to comparative philology. The mixed-method
approach will enable a more holistic view of not only the
measurable trends but also the context data on technology
adoption. The study is mostly descriptive and analytical in
nature, with the emphasis put on the usage patterns of
information, the perceived effectiveness, and the problems of
adoption of ML-enabled systems as opposed to technical and
algorithmic performance. This approach is particularly
suitable with the aim to discern the pragmatic implication of
ML tools within the academic context. Moreover, the paper
discusses the way digital technologies facilitate the processes
of philological research, such as text analysis, semantic
exploration and content generation, thus, connecting the
traditional practices of the humanities with contemporary
computational methods.

Study Area

The research was done in the context of graduate-level
programs in philology and linguistics in higher education
institutions in India. This learning environment is a
transitional period, as traditional approaches in philology are
being replaced more and more by digital humanities tools and
machine learning applications. The chosen field of study has
a number of features. To begin with, Al-driven information
systems are gradually integrated into the academic
curriculum and research practices. Second, the existence of
digital corpora and text analysis tools allows conducting
linguistic analysis on a larger and more efficient level. Third,
the use of technology-aided research and learning is
becoming more common and is indicative of the general
trends in higher education. This background offers an
appropriate and helpful framework to assess the feasibility,
efficiency, and constraints of ML tools in academic processes
that are humanities-focused.

Participants and Sampling

The sample size of the study was 102 individuals, including
postgraduate students and the faculty members undertaking
philology and linguistics courses, as depicted in table 1. In
particular, 78 postgraduate students and 24 faculty members
having experience in language research and teaching were
included in the sample. A purposive method of sampling was

used to make sure that the participants have prior exposure to
digital tools or ML-assisted platforms. This will give the
findings more reliability as the respondents targeted are those
who have been exposed to the use of technology in
academics. This mixture of students and faculty has given a
moderated perspective, as it addresses the view of both
learning and teaching sides of the adoption of an ML tool.
The respondents were chosen according to certain inclusion
criteria, such as enrollment or affiliation to graduate-level
programs in philology or linguistics, and prior experience
with digital or ML-enabled tools that are used in an academic
context. Those who lacked the relevant academic
backgrounds or were not familiar with such tools were not
included in the study to guarantee the wvalidity and
consistency of the data gathered.

TABLE I PARTICIPANT PROFILE

Category Group | Count | Percentage (%)
Role Students 78 76.5
Faculty 24 23.5
Gender Male 54 52.9
Female 48 47.1
Experience | <2 years 34 333
2-5 years 46 45.1
>5 years 22 21.6

Data Collection

The study data were gathered by use of the structured
questionnaire that was constructed on a 5-point Likert scale,
which was complemented with self-reported data regarding
the use of the tools. The questionnaire was also very well
constructed to cover different areas of adoption of ML tools
in an academic institution. The instrument was divided into
three parts. The initial part was devoted to the way of ML
tools application in academic work, their frequency, and type
of utilization. The second segment has discussed the
perceived benefits of these tools on making research more
efficient and improving learning outcomes. The third part
discussed the difficulties and constraints of their adoption.
Frequency of tool use, research efficiency, learning
improvement, accessibility and usability, technical and
institutional barriers are the important variables measured
during the study. This systematic approach will ensure the
overall evaluation of the positive and negative aspects of ML
integration.

ML Tools Considered

This study focuses on a set of widely used ML-based
information tools that can be used in comparative philology.
These tools mark the convergence of machine learning
technologies and information services in the humanities
education. The tools chosen are text analysis systems, which
aid in corpus-based linguistic analysis; Al chatbots, which
aid in content generation and interactive learning; digital
corpora, which help to compare texts in multiple languages;
and automated translation systems, which help in
cross-linguistic interpretation. The study explores a wide
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range of applications, which demonstrates the current trends
in digital humanities and academic research practices by
analyzing these tools.

Data Analysis Techniques

After data collection, the answers were processed with the
help of descriptive statistical methods to determine the
patterns and trends of using the ML tools. Analysis will
involve percentage-based analysis of tool usage and
challenges and mean score analysis of perceived benefits.
Moreover, a comparative analysis was performed to analyze

differences in various variables and groups of participants.
The findings are formatted in tables and graphical format and
thus can be visibly and clearly interpreted. The intended
analysis method will make sure that the research is kept
within a practical scope and practical implications, which is
in line with the aims of the research.

Conceptual Framework

The conceptual framework shows how the ML tools are
integrated into comparative philology and points to the shift
of sources of data to educational results.

A 4

Machine Learning-Enabled Comparative Philology Processes Curriculum Feedback Loop
Information Tools
NLP-Based Models Comparative Text Analysis Educational Outcomes
) :> Student Assessment
Al-Based Text Analysis :> Linguistic Reconstruction
) ’ Curriculum Adaptation
Semantic Search Systems Etymological Analysis
Iterative Improvement
3 4
Curriculum Feedback Loop

Fig. 1. Conceptual Framework of ML Integration in Comparative Philology

Fig. 1 illustrates the conceptual framework of ML integration
in comparative philology. The framework shows how
machine learning tools support philological analysis and
learning outcomes, which in turn inform curriculum
improvement. The feedback loop represents the continuous
interaction between tool usage and academic development,
enabling iterative enhancement of both research and teaching
practices.

Questionnaire Structure

TABLE II STRUCTURE OF QUESTIONNAIRE

Section Focus Area Number | Measurement
of Items Type
A Demographic 5 Categorical
Information
B ML Tool 6 Percentage /
Usage Frequency
C Perceived 8 Likert Scale
Benefits (1-5)
D Challenges in 6 Multiple
Adoption Response

The questionnaire was carefully structured to capture various
aspects of adoption of machine learning tools in the field of
comparative philology. It is divided into four parts covering
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demographic information, usage patterns, perceived benefits
and adoption challenges. The structure of the questionnaire is
shown in table II.

Ethical Considerations

The ethical aspects were put into consideration when
conducting research. All participants were informed about
the purpose of the study and were not restricted from joining
the research. Prior to data collection, informed consent was
given. The respondents were also assured confidentiality and
anonymity and the information collected was used in a purely
academic way. These measures will ensure that the general
principles of ethics are followed when conducting research
involving human subjects.

IV.RESULTS AND DISCUSSION

Here, the results of the analysis of participant answers are
given. The results are explained in regard to the research
questions, such as the application of machine learning (ML)
instruments, perceived advantages, barriers to their adoption,
and consequences of curriculum integration in comparative
philology.
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Usage of ML Tools in Comparative Philology (RQ1)

The analysis shows that there is a high rate of usage of
ML-enabled information tools with differences among the
various categories.

As presented in table III, digital corpora (81.2%) and text
analysis tools (78.5%) are the most widely used tools among
participants, while Al chatbots and translation tools show
comparatively lower adoption levels.

Digital Corpora

Text Analysis Tools

Al Chatbots

Translation Tools

TABLE III USAGE OF ML TOOLS IN COMPARATIVE PHILOLOGY

Tool Type Usage (%)
Digital Corpora 81.2
Text Analysis Tools 78.5
Al Chatbots 72.3
Translation Tools 69.4

81.2%

78.5%

Usage (%)

Fig. 2 Comparative Usage of ML Tools in Comparative Philology

The graphical illustration in fig. 2 shows clearly the change
in the usage of tools with a significant drop in the usage of
core analytical tools to the supporting tools. The prevalence
of digital corpora means that that digital corpora are the core
of comparative philological studies, especially corpus-based
linguistic studies. The findings indicate that the adoption of
the ML tools is functional and the more the tools are directly
related to the core research activities, the more the adoption.
The comparatively less usage of chatbots and translation
devices signifies that these remain auxiliary instead of
fundamental in the academic processes.

Perceived Benefits of ML Tools (RQ2)
TABLE IV PERCEIVED BENEFITS OF ML TOOLS

Parameter Mean Interpretation
Score
Research Efficiency 4.32 Very High
Learning Enhancement 4.25 Very High
Data Analysis Capability 4.18 High
Accessibility 4.05 High

Participants reported strong positive perceptions regarding
the benefits of ML tools in enhancing both research and
learning outcomes.

459

Table IV shows that all the benefit indicators have a mean
score of above 4.0, which means that there is high agreement
among respondents. The most important benefits are research
efficiency (4.32) and learning enhancement (4.25). These
results indicate that ML tools can significantly enhance the
efficiency of analytics and learning, especially when it comes
to dealing with large and complex textual data. Accessibility
is the least rated of the parameters, but still indicates a high
degree of usability, which means that the adoption can be
improved with additional work on the infrastructure and
interface design.

Challenges in ML Adoption (RQ3)

Despite the observed benefits, several barriers limit the
effective implementation of ML tools in comparative
philology.

TABLE V CHALLENGES IN ML TOOL ADOPTION

Challenge Percentage (%) | Rank
Lack of Technical Skills 62.4 1
Limited Training 58.7 2
Resource Constraints 49.3 3
Data Availability Issues 44.8 4

1JISS Vol.16 No.2 April-June 2026
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The greatest challenges among the participants as noted in
table V are lack of technical skills (62.4%), and limited
training (58.7%). The results demonstrate that human-related
obstacles are the most common and that the development of
skills and training programs are relevant. Although, the
underlying causes, i.e. infrastructural problems like resource
scarcity and data availability also contribute, these are
relatively minor.

Comparative Impact of ML Tools on Academic Outcomes
(RO2 & RO4)

Before ML values are estimates of the baselines of traditional
academic practices. Although the values are not obtained
through direct measurement, past research has unanimously
indicated that the combination of machine learning and
digital tools can greatly boost the efficiency of the research,
its ability to analyze, and its overall learning outcomes (Gray
& Perkins, 2019) (Cardona et al., 2023; Luo, 2021). Thus, the
comparative representation offers the conceptual insight into
the effect of the adoption of the ML tools.

2.95
Accessibility - @ @
4.05
3.00
Data Analysis 1 @ @

4.18

@ Before ML

® After ML

3.05
Learning Enhancement - @ L
4.25
3.10
Research Efficiency - O
4.32
T T T T T T T T
2.8 3.0 3.2 3.6 3.8 4.0 4.2 4.4

Mean Score

Fig. 3 Comparative Impact of ML Tools on Academic Outcomes

As seen in fig. 3, a definite and steady increase in all
parameters assessed after the implementation of ML tools is
observed. The figure shows the extent of the transformations
between conventional and ML-assisted methods. The
greatest improvement occurs in research efficiency which has
improved by 3.10 to 4.32 then learning and analysis
capability of the data. The accessibility also shows a
significant improvement, which means that functional
performance and usability are also provided with the help of
ML tools. The dumbbell chart can also be used efficiently to
demonstrate the differences between pre- and post-adoption
conditions with a focus on the transformational nature of the
ML tools in relation to academic practices. These results
support the use of ML to improve the productivity and the
quality of learning in comparative philology.

Implications for Curriculum Integration (RQ4)

The findings suggest that the application of ML tools can be
of great promise to improve research and learning in
comparative philology. Nevertheless, some differences in the
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trends of use and the existence of adoption issues indicate the
necessity to organize the curriculum integration. The results
indicate that successful integration involves:

+ Integration of ML tools into the academic curricula.

+ Making
programs.

specific training and skill development

+ Enhancing access to digital resources and analytical
tools. Moreover, fig 1 conceptual framework and the
idea of feedback-driven approach, according to which
the use of ML tools informs the curriculum change and
its constant improvement, teaching and learning
practices, etc., justify the idea that teaching and learning
practices are taught and learnt through feedback.

V. CONCLUSION

This paper has discussed the usage, effects, and issues of
machine learning (ML) tools in comparative philology in the
contemporary graduate curriculum. The results showed that
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there is a great acceptance of ML-enabled tools, with digital
corpora (81.2%), and text analysis systems (78.5%), playing
the most critical role in facilitating philological research. The
findings also show the dramatic gains in academic
performance, and research efficiency and learning
enhancement turned out to be the important gains of the ML
integration. Although these benefits are realized, a number of
challenges were also noted especially lack of technical skills
(62.4%), limited training (58.7%), among others that prevent
proper utilization. These findings demonstrate that despite
the potential of ML tools, the successful implementation of
the tools depends on the skills of the user and the contribution
of the institution. The paper is valuable as it offers a
systematic evaluation of the use of ML tools, as well as
suggests a theoretical framework to justify their role in
philological teaching. The results highlight the necessity of
incorporating ML tools into the educational curriculum, and
training courses in particular and more access to online
resources. This should be a curriculum plan grounded in
feedback in a way that ensures practice in teaching and
research is continually improved. However, the study is also
limited by the fact that it uses perceptual information and a
conceptual foundation on which to make comparative
analysis. The future research can also be carried out in the
form of empirical validation with longitudinal data and
sophisticated analytic models to evaluate further the effects
of ML tools in humanities education. In general, the paper
highlights the paradigm-shift character of ML that can
enhance the efficiency of research and effectiveness of
learning and its relevance to the future of comparative
philology.
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