Automatic Measurement of Cohesion and Coherence in
Agglutinative Languages: A Cohesion and Coherence Formula for
Turkish

Muhittin Rahman Kalyoncu'™ @, Batur Alp Akdogan? @, Muhammet Memis® @,
Zehra Kamisli Ozturk®

! Hacettepe University, Graduate School of Educational Sciences, Ankara, Tiirkiye

2 Eskigehir Technical University, Graduate School, Eskisehir, Tiirkiye

3 Ondokuz Mayis University, Faculty of Education, Samsun, Tiirkiye

4 Eskisehir Technical University, Faculty of Engineering, Eskisehir, Tiirkiye

* Corresponding author’s email: mrahmankalyoncu25@hacettepe.edu.tr / mrkalyoncu@sinop.edu.tr

DOI: https://doi.org/10.53482/2026_61 435

ABSTRACT

Due to the absence of an objective methodology and empirical research on measuring cohesion and
coherence in Turkish, this study aims to establish a framework for the objective assessment of tex-
tual coherence and cohesion in this agglutinative language. To achieve this, the coherence, cohe-
sion, and comprehensibility of 25 texts were first evaluated by 60 experts in language education.
Next, structural text features, NLP-based similarity models, and large language models with poten-
tial to determine coherence and cohesion were identified and applied to the texts. The analyses
highlighted the factors that can be employed in evaluating coherence and cohesion, and regression
equations were constructed using these variables. Consequently, for the first time, objective and
empirical methodologies have been developed to assess the coherence and cohesion of Turkish

texts, while accounting for the structural characteristics of agglutinative languages.
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1 Introduction

Texts form the foundation of educational systems, academic scholarship, official practices, and every-
day social life, and they are regarded as phenomena that people turn to and interact with across nearly
all domains. The term text derives etymologically from the Latin fextus (fabric), meaning “to weave”
or “to knit”. This association reflects the idea that, just as fabric is woven from threads to create a whole,
a text emerges through the gradual and meaningful interconnection of its constituent elements. Accord-
ingly, for a sequence of symbols or sounds, whether long or short, oral or written, to be recognized as
a text, it must satisfy certain conditions, commonly referred to in the literature as the criteria of textu-

ality.
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In the first stage, the criteria of textuality, which are classified into text-centered and reader-centered
categories, consist of seven elements: cohesion, coherence, intentionality, informativity, situationality,
acceptability, and intertextuality (De Beaugrande and Dressler, 1981; Rahma et al., 2022). Among
these, cohesion and coherence are considered text-centered criteria, whereas the others are reader-cen-
tered. Thus, for a discourse or a collection of symbols to be accepted as a text, it must first satisfy the
criteria of cohesion and coherence, which constitute the integrity of a text (Aminovna, 2022; Diep and
Le, 2024). Indeed, cohesion and coherence are the most frequently examined and emphasized textuality
criteria compared to the others (McNamara et al., 2010; Jassim, 2023). Cohesion refers to the grammat-
ical and lexical connections between sentences at the microstructural level, which emerge when the
interpretation of certain elements in discourse depends on others (Halliday and Hasan, 1976; Dascalu
et al., 2015; Kouti, 2022). Coherence, by contrast, represents the relationships and patterns that should
exist among textual elements in terms of meaning and logical integrity (Davoodi and Kosseim, 2017;
Karatay, 2010; van Dijk, 1981). Accordingly, cohesion concerns the interpretation of the connections
among words, components, and conveyed ideas in a sociocultural context (McNamara et al., 2002),
whereas coherence reflects the psychological processes underlying the mental representations that in-
dividuals actively construct as they attempt to understand a text (Graesser et al., 2007; Sanders and
Maat, 2006). In this sense, cohesion can be described as surface-level linguistic relations, that is, the
micro level, while coherence pertains to the semantic integrity of a text, namely the macro level (De
Haas et al., 2000). Despite the complex and debated relationship between them (Thompson, 1994),
cohesion and coherence can be regarded as inseparable and mutually reinforcing (Bui et al., 2021; Lis-

may, 2020).

The levels of cohesion and coherence in texts directly affect their quality and, consequently, shape the
ways in which readers interact with them. Research in this area has shown that the degree of cohesion
and coherence influences text comprehension (Gasparintou and Grigoriadou, 2013; Graesser et
al., 2003; Hall et al., 2014; Ozuru et al., 2009; Reed and Kershaw-Herrera, 2016), text production
(Gomez Gonzélez, 2013), the strategies used in text comprehension (Follmer and Sperling, 2018), writ-
ing quality (Collins, 1998), the formation of mental representations (O'Reilly and McNamara, 2007),
as well as the persuasiveness of texts, readers’ attitudes toward them, and the retention of information
(Kaakinen et al., 2011). Moreover, examining the degree of cohesion makes it possible to distinguish
between texts written in a native language and those written in a foreign language (Azadnia et al., 2016;
Crossley and McNamara, 2009). To manage these wide-ranging effects of cohesion and coherence, it

1s essential to measure them first.

In the international literature, various methodologies have been developed to measure cohesion, and
several applications for its automatic assessment have been produced. The earliest approaches relied on
vector-based similarity models, most notably LSA (Foltz et al., 1998). Over time, methodological di-

versity increased as structural features of texts — such as connectives, synonyms, and pronouns — were
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incorporated into vector-based similarity models alongside natural language processing (NLP) tech-
niques such as TF-IDF, LDA, and BERT. For instance, Crossley et al. (2016) developed the first version
of the TAACO model using variables such as TTR, synonyms, connectives, and pronouns. They later
extended it to TAACO 2.0 by integrating NLP models such as LSA, LDA, and word2vec (Crossley et
al., 2019). Similarly, Dascalu et al. (2015) created cohesion measurement tools by combining structural
text features with NLP models. More recently, research on the automatic assessment of textual cohesion
and coherence (He et al., 2024; Ueda, 2021; Zhao et al., 2023) has advanced through the application of
increasingly diverse NLP methods. Nevertheless, because each language has unique characteristics,

these methodologies remain specific to the languages for which they were originally designed.

When it comes to Turkish, no empirical study has examined the statistical factors influencing the cohe-
sion of texts, and no objective methodology has been proposed for its automatic measurement. Although
many studies in Turkish literature address cohesion and coherence, they generally rely on rubric-based

scoring keys or checklist-type scales, and in some cases, texts are evaluated intuitively.

2 Current study

Given the reasons outlined above, it is essential to measure the cohesion and coherence of texts, which
serve as key evaluation criteria in academic, daily, and social contexts, in an objective and practical
way for Turkish and to develop a methodology for this purpose. In this study, a set of texts with varying
levels of cohesion and coherence was first presented to experts in language education, who provided
objective evaluations of their cohesion and coherence. Following this stage, structural features with the
potential to affect cohesion and coherence, together with NLP-based similarity models widely used in

the international literature, were examined and applied to each text in the sample.

Following the described procedures, the structural features and NLP models associated with the cohe-
sion and coherence levels of the texts were identified through correlation analysis, and regression anal-
yses were conducted using these variables. In this way, a methodology for measuring cohesion and
coherence in Turkish was developed. In addition, the study examined the performance of rapidly evolv-
ing artificial intelligence tools and large language models in determining the coherence and cohesion

of Turkish texts.

The findings obtained in this process are expected not only to contribute to the development of a meth-
odology for Turkish but also to support studies in other agglutinative languages. This is because the
structural characteristics of agglutinative languages set them apart from other language types and re-
quire specific preprocessing steps in analyses. In this context, the methodology developed for Turkish
as an agglutinative language is anticipated to offer significant advantages for research conducted in

other agglutinative languages.
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Accordingly, the present study aimed to develop an objective and practical methodology for Turkish
that accounts for the structural characteristics of agglutinative languages and to examine the function-
ality of existing resources in determining the levels of coherence and cohesion in texts. In line with this

aim, the following research questions were addressed:
1. Which structural text features influence the cohesion and coherence of texts?

1.1. According to the participants in the study group, what are the coherence and cohesion values of

the texts in the sample?
1.2. What structural text features may be related to the coherence and cohesion of texts?

1.3. What is the status of the structural text features that may affect the cohesion and coherence of

texts for the texts included in the sample?

1.4. What is the relationship between structural text features and the coherence/cohesion of texts?
2. Can NLP-based text similarity models be used to measure the coherence and cohesion of texts?

2.1. Which NLP-based text similarity models can be used to measure text coherence and cohesion?

2.2. What are the values obtained from NLP-based text similarity models for the texts in the sample?

2.3. What is the relationship between the values obtained from NLP-based text similarity models

and the coherence and cohesion of the texts in the sample?

3. What are the forms of the regression equations to be constructed with the variables related to text

coherence/cohesion?

4. Do artificial intelligence models provide valid results in determining text coherence/cohesion?

3 Methodology

3.1 Research design

This study employed a mixed-methods approach, combining both qualitative and quantitative research
methods, and utilized the convergent design, which is one type of this approach. The purpose of the
convergent design is to integrate the results obtained from the analysis of qualitative and quantitative
data. Such integration provides different perspectives on both types of data, enabling the problem to be
defined from both quantitative and qualitative dimensions and allowing it to be examined from multiple

viewpoints through the merging of these data (Creswell, 2017).

The qualitative phase of this research involved examining the texts in the sample in terms of their struc-
tural features and evaluating them through various software tools, while the quantitative phase consisted
of collecting the opinions of a study group of 60 participants regarding the texts in the sample. The

integration phase entailed combining the qualitative evaluations and quantitative data on the texts and

Glottometrics 61, 2026 4



Kalyoncu, Akdogan, Memis & Kamisli Ozturk Automatic Measurement of Cohesion and Coherence

analyzing them through correlation and regression analyses. These processes are summarized in Figure

1 below.

Qualitative Data
Sources

Quantitative Data
Sources

Participants Texts

Quantitative Data Qualitative Data

-Participants’

. -Textual Features
Ratings

Quantitative Data
Collection
Instruments

Qualitative Data
Collection
Instruments

Integration of
Quantitative and
Qualitative Data

Examining the Relationship Between
Participants’ Ratings, Textual
Features, and NLP Models

Conducting Regression Analyses with
Variables Affecting the Cohesion and
Coherence Levels of Texts

Figure 1: Research design

In addition to the activities summarized in the diagram above, the study also aimed to evaluate the
effectiveness of artificial intelligence tools in detecting the cohesion and coherence of texts. For this
purpose, the texts were also presented to Al tools, and the correlation between the values obtained and
the assessments of the study group was examined. These procedures constituted the second phase of

the research and reflected the characteristics of a correlational study.

3.2 Sample/study group

This research utilized two different data sources: texts and participants. The sample of the study con-
sisted of 25 texts selected or created through the extreme case sampling method. The reason for choos-
ing extreme case sampling in the selection/creation process was the assumption that phenomena with
opposing characteristics would provide a clearer opportunity to observe variability (Biiyiikoztiirk et al.,
2023). In this context, 25 texts with differing levels of cohesion and coherence and distinct structural

features were selected or constructed by the researchers.
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In designing the sample, three approaches were employed: directly using existing texts, disrupting the
coherence and cohesion of existing texts, and producing incoherent, non-cohesive texts. Accordingly,
10 of the texts in the sample were directly taken from various sources, 9 were taken from different
sources and then had their coherence and cohesion deliberately disrupted, and 6 were constructed to be
inherently lacking in coherence and cohesion. In the processes of disrupting textual coherence and co-
hesion and generating incoherent, non-cohesive texts, the researchers received support from the O3
model of the ChatGPT Al tool. First, the Al tool was instructed to disrupt the cohesion of the original
texts, and appropriate levels of cohesion and coherence were achieved by revising the outputs by the
researchers. No control mechanism was implemented in this process; the texts were structured based on

the researchers’ intuition and experience.

After the texts were created, a study group was formed to objectively determine their levels of coherence
and cohesion. For this process, purposive sampling was employed to recruit participants with specific
expertise in Turkish language education who could provide the most accurate evaluations of the texts’
coherence and cohesion. Based on this requirement, a study group of 60 volunteers was assembled,
representing different stakeholders in Turkish language education. The group included 2 academics
working in the field, 2 Turkish language teachers, 10 graduate students specializing in Turkish language

education, and 46 undergraduate students enrolled in a Turkish language teaching program.

3.3 Data collection instruments

Different data collection instruments were employed in this study. First, a form was developed by the
researchers to gather the opinions of the participants in the study group regarding the texts in the sample.
This form required participants to make judgments about the cohesion and coherence of the texts. Spe-
cifically, each participant was asked to answer four questions for each text. These questions involved
the categorical assessment of text coherence, as well as the numerical evaluation of coherence, compre-

hensibility, and cohesion on a scale from 1 to 10. The questions are presented below:

"1 — Categorical assessment of the text’s coherence

A — Completely Coherent B — Coherent C — Incoherent D — Completely Incoherent

2 — Numerical evaluation of the text’s coherence on a scale from 1 to 10

(1 = Completely Incoherent, 10 = Completely Coherent)

3 — Numerical evaluation of the text’s comprehensibility on a scale from 1 to 10

(1 = Completely Incomprehensible, 10 = Completely Comprehensible)
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4 — Numerical evaluation of the text’s cohesion on a scale from 1 to 10

(1 = Completely Non-cohesive, 10 = Completely Cohesive)"

The above questions were repeated for each text in the form, and accordingly, participants answered
them 25 times. Following the development of the form to be administered to the study group, the “Co-
herence and Cohesion Elements Form” was designed by the researchers to identify the structural fea-
tures of the texts in the sample. In the process of creating this form, the potential factors affecting text
coherence and cohesion were first determined by the researchers, with reference to the literature, as
TTR, reference ratio, proportion of cohesive devices, proportion of conjunctions, pronoun ratio, demon-
strative adjective ratio, and preposition ratio. A form was then created to detect these structural features

in the texts.

After identifying the structural features that may influence the cohesion and coherence of texts, NLP-
based text similarity models that could be used to determine cohesion and coherence were considered.
In this context, it was considered that the prominent vector-based similarity approaches in the field, TF-
IDF, MiniLM, BERTurk, and FastText, were functional in assessing text cohesion and coherence. The

characteristics of these NLP-based text similarity models are explained below:
TF-IDF

TF-IDF is a statistical measure that quantifies the relative importance of a word within a document. It
is based on the product of the term frequency (TF) of a word in the document and the inverse document
frequency (IDF), which indicates how distinctive the word is across the entire collection. In this study,
each sentence was treated as an independent “document,” TF-IDF vectors of the sentences were ex-
tracted, and the average cosine similarity between consecutive sentences was calculated to obtain the

coherence score.
Multilingual BERT

Multilingual BERT is a context-sensitive language model pre-trained on more than one hundred lan-
guages. It evaluates words not only in isolation but also in relation to their interactions with other words
in the sentence. In practice, a semantic vector (embedding) was generated for each sentence, and the

average cosine similarity between adjacent sentence vectors was used as the coherence score of the text.
BERTurk

BERTurk is a BERT model specifically trained on a large and diverse Turkish corpus. Due to its sensi-

tivity to the morphological characteristics of Turkish, it is expected to perform effectively in Turkish
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text-related tasks. In this study, sentences were converted into vectors using BERTurk, and the average

cosine similarity between consecutive sentence pairs was calculated to obtain the coherence value.
FastText

FastText is a library designed for learning word representations, and it vectorizes words based on char-
acter n-grams. For sentence representation, a single sentence vector is obtained by averaging the word
vectors that constitute the sentence. Using these vectors, the average cosine similarity between adjacent

sentences was calculated, and the coherence of the texts was measured in this way.

After identifying the software used for text similarity detection that could be functional in measuring
text coherence and cohesion, artificial intelligence tools that could be included in the study were con-
sidered in order to evaluate their performance in this task. In this context, globally prominent Al tools
such as ChatGPT, DeepSeek, Grok, Gemini, and Perplexity were employed. During the research pro-
cess, the O3 model was used within ChatGPT, the 2.0 Flash model within Gemini, the Grok 3 model
within Grok, the V3 model within DeepSeek, and the Claude 3 Sonnet model within Perplexity. All
evaluations were conducted via publicly accessible web interfaces rather than API access; therefore, no
control over model configuration or sampling hyperparameters was possible, and all outputs were gen-

erated using the default settings implemented by each platform.

3.4 Data collection and analysis

In the data collection process, the texts in the sample were first presented to the participants in the study
group through the form developed by the researchers. The data were collected in 2025 using Google
Forms. After gathering the participants’ evaluations, document analysis was conducted to determine the
structural features of the texts, and the demonstrative adjective, pronoun, conjunction, preposition, ref-
erence, cohesive device, and TTR values of the texts in the sample were identified. In addition to these
values, two new variables were created during the process: “ratio of demonstrative adjectives to pro-
nouns” and “ratio of conjunctions to pronouns”. For the calculation of these variables, the number of
the relevant items was divided by the total number of words. However, in determining TTR ratios for
agglutinative languages, lemmatization was applied prior to the calculation of the respective values.
Moreover, since the texts in the sample were generally similar in length and none exceeded 500 words,
MATTR (Covington and McFall, 2010), a more recent approach that compensates for the disadvantages
of TTR, was not employed. In future studies involving longer texts, the use of MATTR would be more

appropriate.

After obtaining the study group’s evaluations of the texts and identifying their structural features, NLP-
based text similarity models were employed, and the similarity values of the texts were determined
using the Python programming language. In the analysis process, the extent to which a text progressed
coherently at the sentence level was evaluated through a numerical approach. The texts were first seg-

mented into sentences, a vector representation was generated for each sentence, and the similarities
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between consecutive sentence pairs were calculated. The average of these similarities was then inter-
preted as the coherence score of the text. Explanations of this process were presented in paragraphs

consistent with the flow of the code.

Sentence segmentation and preprocessing

Sentence boundaries were determined using Zemberek’s TurkishSentenceExtractor component, which
is sensitive to the rules of Turkish. Access to Zemberek from Python was provided through JPypel. In

the preprocessing stage, four versions of each text were prepared:

1. In the raw version, no intervention was made to the text, and the models’ responses to noisy data

were observed.

2. In the stemmed version, stemming was applied with Zemberek’s TurkishMorphology component,

lemmatization was applied, and morphological diversity was reduced.

3. In the cleaned raw version, elements such as punctuation and numbers were removed with simple
regular expressions, and frequently occurring functional words were eliminated using NLTK’s Turkish

stopword list.
4. The cleaned stemmed version combined both the stemming and cleaning steps.

These variants allow for a comparison of the sensitivity of the following representation methods to

morphology and textual noise.
Vectorization with TF-IDF

As a statistical baseline, TF-IDF was implemented using scikit-learn’s TfidfVectorizer class. Tokeniza-
tion was carried out at the word level, and the Turkish stopword list was activated through the
stop_words parameter when necessary. Each sentence was treated as an independent document, term
weights were calculated, and sentence vectors were obtained. The method was applied to each of the

preprocessing versions 1—4.

BERTurk

The Turkish-specific BERTurk model (dbmdz/bert-base-turkish-cased) was implemented using the
transformers and torch frameworks. For input preparation, the tokenizer was automatically loaded with
AutoTokenizer.from_pretrained(...), and WordPiece rules were applied. Sentence representations were
obtained using the output vector corresponding to the [CLS] token; in this process, no additional mean
pooling step was included. Since the [CLS] vector is expected to capture the holistic meaning of the

sentence, this representation was directly used as the embedding.

Multilingual MiniLM
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For multilingual scenarios, a MiniLM-based model (e.g., paraphrase-multilingual-MiniLM-L12-v2)
within the sentence-transformers framework was employed. In this setup, the tokenizer was automati-
cally loaded by Hugging Face’s AutoTokenizer, taking into account the subword rules used by the un-
derlying model. Since the framework manages tokenization and vector generation end-to-end, sentence
embeddings were obtained directly. As no additional pooling configuration was specified, the sentence
vectors returned by the model were used as is. The lightweight architecture and multilingual pretraining

of MiniLM provide fast and reliable representations across different language inputs.

FastText

In the FastText approach, words are vectorized based on character n-gram components. This feature
enables the generation of consistent vectors even for out-of-vocabulary words. Tokenization was per-
formed using simple whitespace-based word splitting, with light regex cleaning applied when neces-
sary. Sentence representations were created by calculating the arithmetic mean of the word vectors
within each sentence. The same procedure was repeated for all four preprocessing versions: in the raw
versions, natural noise was preserved, while in the cleaned and/or stemmed versions, noise and mor-

phological variation were reduced, resulting in more balanced averages.
Similarity measurement and scoring

In this study, coherence calculation was based on measuring the semantic similarity between adjacent
sentences. Previous English-focused studies have reported that text coherence can be assessed using
cosine similarity between consecutive sentence vectors. This approach was adapted to Turkish in part
of the study, where sentence representations were generated using pre-trained language models and

methods such as TF-IDF.

In this study, cosine similarity was used as the numerical measure of text coherence and cohesion.
Cosine similarity considers the orientation of vectors and is independent of their magnitude. Its value
ranges between —1 and 1; however, for representations without negative components, such as TF-IDF,

it is practically limited to the range of 0 to 1. For two sentence vectors A and B, it is calculated as cos(0)

lall 18I

Similarity calculations were performed using this formula. For each text, the computa-

tion was carried out on consecutive sentence pairs (v;, ;1 ); cosine values were obtained for all pairs,
and their arithmetic mean was reported as the coherence score of the text. These scores take values

between 0 and 1.
Summary of library roles

In the process, Zemberek and JPypel were used for sentence segmentation and stemming; NLTK for
providing the Turkish stopword list; scikit-learn for TF-IDF vectorization and cosine similarity calcu-
lation; transformers and torch for running the BERTurk model and its tokenizer (AutoTokenizer); sen-

tence-transformers for generating MiniLM-based sentence embeddings; FastText for providing word
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vectors and applying the sentence-level averaging approach; and NumPy and Pandas for data handling
and numerical operations. This structure enabled the seamless integration of steps within the code flow

and ensured the reliable generation of coherence scores.

After obtaining the similarity values of the texts, their cohesion and coherence were also evaluated
using artificial intelligence tools. In this process, all tools were provided with a fixed instruction, after
which they were asked to evaluate the texts presented to them according to this instruction. Indeed, on
April 29, 2025, the content of the command given to all Al tools was identical to the questions included

in the form administered to the participants of the study group.

After completing the processes described above, the analysis phase was initiated. In this phase, the
mean values of the numerical evaluations made by the study group on the texts were first calculated to
determine the levels of cohesion and coherence. Subsequently, correlation analysis was employed to
examine the relationships between text coherence levels and the other variables under consideration.
This procedure was carried out separately for each data group: first, the relationship between the struc-
tural features of the texts and their coherence; then, the correlation between NLP-based text similarity
models and coherence; and finally, the correlation between the assessments of Al tools and those of the

study group.

After the correlation analyses were completed, variables closely associated with text coherence and
cohesion were identified, and multiple linear regression analyses were conducted with the appropriate
ones. With the completion of the regression analyses, the data analysis process was concluded. SPSS
25 was used for all normality, correlation, and multiple linear regression analyses. Validity and relia-

bility studies related to this process are presented in the following section.

3.5 Validity and reliability

Within the scope of validity and reliability studies conducted during the research process, normality
analyses were first performed. Examination of the results revealed that the comprehensibility evaluation
scores of the texts provided by ChatGPT and the pronoun ratios in the texts exceeded the + 2 threshold.
On the other hand, all remaining data fell within the + 2 range and exhibited a normal distribution
(George and Mallery, 2010). To ensure the integrity of the research process, data that did not display a

normal distribution were excluded from the study, and analyses were continued with the data that did.

After calculating the normality values for the correlation analyses, the correlations among the variables
to be included together in the regression analysis were examined. As is well known, another requirement
for a valid and reliable regression analysis is that there should not be high correlations among the inde-
pendent variables (Can, 2020). In this context, when correlations at the level of 0.80—0.90 are observed
between variables, multicollinearity can be said to exist, and such variables should not be included in
the analysis together (Biiyiikoztiirk, 2005; Can, 2020). Accordingly, the correlations among the varia-

bles to be jointly considered in the regression analyses are presented in Table 1 below:
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Table 1: Correlations among variables to be used in regression analyses.

\4 Mean Std. Dev. 1 2
1 TF-IDF* 0.07 0.05 1
2 BERTurk? 0.83 0.10 -0.616™ 1
3 Conjunction and Pronoun Ratio 0.06 0.03 0.456" —0.498"

N = 25; **%p < 0.01; *p < 0.05

An examination of Table 1 shows that none of the variables included in the multiple regression analyses
had correlations higher than 0.8. In this regard, it can be stated that the simultaneous use of these vari-

ables would not cause any multicollinearity problems.

In multiple regression analyses, while it is necessary that the variables included in the analysis do not
exhibit high correlations, it is also important that certain values obtained as a result of the analysis fall

within acceptable ranges. Information regarding these values is presented in Table 2 below:

Table 2: Analyses related to the reliability of the regression analysis.

Regressions Cooks Std. Res. Durbin v Collinearity Statistics
Min Max Min Max Tolerance VIF

TF-IDF* 0.591 1.693

1 0.00 0.151 -1.613 1.894 2.292 BERT3 0.561 1.782
Conj. and Pron. R. 0.716 1.396

TF-IDF 0.620 1.612

2 0.00 0.307 -1478 1.579 1.479 BERT 0620 1612

An examination of Table 2 shows that the results of the analyses conducted in the study are presented.
First, regarding the Variation Inflation Factor (VIF), it was found that all variables had values below 2.
Since a VIF value lower than 5 indicates the absence of a multicollinearity problem in regression anal-
ysis (Craney and Surles, 2002; Giiglii, 2020; Ringle et al., 2015), this criterion was satisfied. Similarly,
the “Tolerance” value should be greater than 0.2 (Gujarati, 2004), and all tolerance values in the Table
2 were within the acceptable range. In addition, the Durbin-Watson coefficient, which tests for auto-
correlation (Durbin and Watson, 1971), takes values between 0 and 4, with values close to 2 being
desirable (Erséz and Ersoz, 2019). Furthermore, the “Cook’s” statistic in the Table 2 relates to outliers,
and the fact that none of the values exceeded 1 indicates that there was no outlier problem (Cook and
Weisberg, 1982). In this regard, it can be stated that the analyses carried out did not reveal any issues

related to multicollinearity or outliers.

In addition to the analyses conducted in the study, the reliability of the data collected from the partici-
pants was also examined. In this context, an intraclass correlation analysis was performed to determine

the degree of consistency and reliability of the ratings assigned by the expert participants for the
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dimensions of coherence, cohesion, and comprehensibility of the texts. Detailed results of this analysis

are presented in Table 3 below:

Table 3: Consistency of the expert group’s ratings.

\% N Model Type Measure ICC 95% CI Interpretation

Two-W Absolut High

Coherence 25 wo-Way solute Average Measures  0.991 [0.98, 0.99] . 1g. .
Random  Agreement Reliability

Two- Absolut High

Cohesion 25 wo-Way bsolute Average Measures  0.978  [0.96, 0.98] . 1g. .
Random  Agreement Reliability

o Two-Way  Absolute High

h 1 2 A M . . . L
Comprehensibility 25 Random  Agreement verage Measures 0.985 [0.97,0.99] Reliability

Two-Way  Absolute High

Total A M . . .

otal 75 Random  Agreement verage Measures  0.985 [0.98, 0.99] Reliability

Examination of Table 3 indicates a high level of consistency among the experts’ ratings across all eval-
uated dimensions. In this regard, it can be concluded that the ratings provided by the participants com-

prising the expert group in the study are reliable.

3.6 Ethics committee approval

The data collection procedure defined within the scope of this research and the data collected were
confirmed to present no ethical issues and were approved by the Ethics Committee of Social and Human
Sciences at Sinop University on May 9, 2025, with decision number 209-310. Participation in the study
was entirely voluntary, no personal data were collected from the participants, informed consent was
obtained, participants were informed that they could withdraw from the study at any time without any

consequences, and all ethical principles were adhered to throughout the research process.

4 Results!

In the research process, the cohesion, coherence, and comprehensibility values of the texts in the sample
were first determined based on the evaluations of the study group, and subsequent analyses were carried
out regarding these assessments. The findings obtained from this analysis are presented in Table 4 be-

low:

Table 4: Relationships among the coherence, cohesion, and comprehensibility of the texts in the sample.

v M Std. Dev. 1 2
1 Coherence 6.09 2.54 1
2 Comprehensibility 6.51 2.26 0.975™ 1
3 Cohesion 6.56 1.99 0.950™ 0.976™

N = 25; *% < 0.01

! Analyses related to research questions 1.1, 1.3, and 2.2 are available at the link provided in the Data Availability Statement
section.
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An examination of Table 4 indicates that the expert group’s evaluations of the texts’ coherence, cohe-
sion, and comprehensibility were highly consistent and similar. In this regard, it can be stated that these
elements almost point to the same phenomena. Accordingly, in the subsequent stages of the research

process, the concepts of coherence and cohesion were considered together in the evaluations.

After determining the levels of cohesion and coherence, the texts in the sample were analyzed in terms
of their structural features to address the question, “What is the relationship between structural text
features and the coherence/cohesion of texts?” In this process, the relationship between the structural
features of the texts and the evaluations of the study group participants was examined, and the analysis

was carried out. The relevant findings are presented in Table 5 below:

Table 5: Relationship between the structural features of texts and their coherence.

\Y% Mean IS)Z(:, 1 2 3 4 5 6 7 8
1 Coherence 6.09 2.54 1
2 Conjunctive Cohesion ~ 0.01  0.01  0.480" 1
3 Conjunction Ratio 0.05 0.03 0.621™ 0.693™ 1
4 Reference Ratio 0.01 0.02 0.679" 0.533" 0.379 1
5 Preposition Ratio 0.01 0.01 0.124 -0.028  0.005 —0.039 1
6  Conj. and Pron. Ratio 0.06 0.03 0.694™ 0.519™ 0.908™ 0.480° —0.043 1
7 TTR 045 0.13 -0.537"" —0.416" -0.426" -0384 0.112 -0.366 1
8 Dem. Adj. R. 0.01 0.01 0.664** 0.680** 0.549** 0.893** 0.131 0.585** —0.398* 1
9

Dem. Adj. and Pron. R.  0.02  0.02 0.646**  0.273 0.373  0.743** 0.137 0.646** —0.245 0.779**

N =25; %% < 0.01; *p < 0.05

An examination of Table 5 shows that, with the exception of the preposition ratio, all of the structural
features considered in this study had a significant relationship with the coherence of the texts. The

strength of these relationships was at a moderate level.

After determining the relationship between the structural features of the texts and their coherence/co-
hesion, the texts in the sample were analyzed using NLP-based text similarity models to address the
question, “To what extent are NLP-based text similarity models related to the coherence and cohesion

of texts?”” The findings of this analysis are presented in Table 6 below.

An examination of Table 6 shows that the methodologies employed in applying the models influenced
the relationship between the models and text coherence/cohesion. Specifically, for the MiniLM model,
the highest correlation was obtained in the analysis conducted with the raw text (r = 0.733); for the
BERTurk model, the highest correlation was achieved in the analysis where the words in the text were
stemmed (r = 0.722); and for the TF-IDF model, the highest correlation was observed when the words
were stemmed and punctuation marks were removed (r = 0.764). It is also noteworthy that all three of

these models exhibited strong correlations with text coherence/cohesion. On the other hand, analyses
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conducted with the FastText model did not yield correlations as high as those obtained from the other

models.

After determining the relationship between text similarity software, structural features, and the coher-

ence/cohesion of texts, the question “What are the forms of the regression equations constructed with
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the variables related to text coherence/cohesion?” was addressed, and analyses were carried out. In this
process, potential combinations were first considered, and the most meaningful and functional model
was sought by taking into account the correlations among variables, their ease of calculation, and their
joint variance explanation rates. Accordingly, two different combinations were identified, and analyses

were conducted on this basis. The first analysis performed in this context is presented in Table 7 below:

Table 7: First regression analysis.

95% CI

% b SE 77 UL t p

Constant 8.489 3.175 1.887 15.091 2.674 0.014
TF-IDF* 21.124 6.586 7.429 34.820 3.208 0.004
BERTurk? ~6.654 3.275 ~13.465 0.157 -2.032 0.055

Conj. and Pronoun Ratio 23.801 8.045 7.070 40.533 2.958 0.008

R2=0.78 F-21»=24560 p<0.001 N=25

Table 7 presents the first regression analysis conducted in the research process. In this analysis, cosine
similarity results calculated using the TF-IDF4 and BER Turk3 models, which did not show high corre-
lations with each other, were employed, and the ratios of conjunctions and pronouns were also included
as variables. Examination of the results shows that the model explained 78% of the variance in text
coherence/cohesion. In addition, the model was found to be significant as a result of the regression
analysis (F[3 —21]=24.560, p < 0.01). Accordingly, the regression equation that can be established for

text coherence/cohesion is as follows:
Text Coherence/Cohesion = (8.489) + (21.124[X;]) + (-6.654[X,]) + (23.801[X3])
X;=TF-IDF*  X,=BERTurk® X3;= Conj. and Pronoun Ratio

After establishing the first regression equation, a second analysis was conducted in which only vector-
based similarity models were used as variables, with the aim of enabling the direct assessment of text
cohesion/coherence without the need for any prior structural examination of the text. The details of this

analysis are presented below:

Table 8: Second regression analysis

95% CI
% b SE % T p
LL UL
Constant 12.318 3.371 5.326 19.309 3.654 0.001
TF-IDF* 25.386 7473 9.888 40.884 3.397 0.003
BERTurk? -9.651 3.622 ~17.162 ~2.139 ~2.664 0.014

R?=0.69 F-22-24.005 p<0.001 N=25

In the analysis detailed in Table 8, only NLP-based similarity models were used. Accordingly, it can be
stated that this equation allows for the evaluation of text coherence/cohesion without conducting any
additional structural examination or analysis of the text. This analysis explained 69% of the variance in

text coherence/cohesion. Furthermore, the model was found to be significant as a result of the regression

Glottometrics 61, 2026 17



Kalyoncu, Akdogan, Memis & Kamisli Ozturk Automatic Measurement of Cohesion and Coherence

analysis (F[2 —22] =24.005, p <0.01). The regression equation for text coherence/cohesion is presented

below:
Text Coherence/Cohesion = (12.318) + (25.386[Xi]) + (-9.651[X2])
X,= TF-IDF* X,= BERTurk?

With the completion of the multiple linear regression analyses and the establishment of the cohesion/co-
herence equations, the regression analyses were concluded. However, in interpreting the results ob-
tained from these equations, specific reference ranges were required. To determine these ranges, the
relationship between the participants’ mean evaluations of the texts in the sample and their categorical
assessments was examined. Subsequently, the coherence/cohesion value of each text was calculated for
each regression equation. Based on participants’ evaluations, common interpretation ranges were then

established for all formulas. These reference ranges are presented in Table 9 below:

Table 9: Reference ranges for the interpretation of results

Coherence Result Interpretation
0-54 Incoherent
54-7.1 Partially Coherent (The coherence of the text should be reviewed)
7.1-10 Coherent

With the completion of the analyses described above and the attainment of the findings, methodologies
for determining coherence and cohesion that take into account the structural characteristics of aggluti-
native languages, and specifically Turkish as an agglutinative language, were established. At this stage,
the final research question, “Do artificial intelligence models provide valid results in determining the
coherence and cohesion of texts?” was addressed, and the performance of Al tools in identifying text

coherence and cohesion was examined. The findings of this analysis are presented in Table 10 below:

Table 10: Relationship between Al tools and text coherence

v M. Std. Dev. 1 2 3 4 5 6 7 8 9 10

Coherence 6.09 2.54 1

ChatGPT — Coherence 5.96  2.406  0.808"" 1

ChatGPT — Cohesion  6.16  1.772  0.864™" 0.969"" 1

Gemini — Coherence  5.68  3.391 0.817"" 0.953" 0.938" 1

Gemini — Cohesion 6 3416  0.805™ 0.948™ 0.929™ 0.992™ 1

6 Grok — Coherence 5.16 3.338 0.909™ 0.919" 0.918™ 0.940™ 0.917* 1

Grok — Cohesion 552 2.694  0.950™ 0.890" 0.898" 0.892" 0.878"" 0.973"** 1

8 Perplexity — Coherence 6.68  2.577  0.822% 0.945" 0.942" 0.952" 0.970"* 0.888*" 0.871" 1
Perplexity — Cohesion 6.36  2.691  0.853" 0.935*" 0.949* 0.935™ 0.952** 0.879*" 0.870™ 0.979™ 1

10 DecpSeck — Coherence 6.56  3.441  0.833" 0.894™ 0.887" 0.912"" 0.932"" 0.877"" 0.871" 0.956"" 0.936" 1

11 DeepSeek — Cohesion 6.64  3.067  0.854™ 0.890"™ 0.885™ 0.916™ 0.931" 0.901"" 0.891" 0.944* 0.930"" 0.991*"

B W R —

-~

N=25; *%p < 0.0]
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An examination of Table 10 shows that the evaluations of all Al tools from different perspectives ex-
hibited a very high correlation with the assessments of the expert group. In addition, it can be stated
that the coherence and cohesion evaluations made with the Grok Al tool measured almost at the same

level as the expert judgments.

5 Conclusion

This study aimed to develop methodologies for calculating cohesion and coherence in Turkish by con-
sidering the structural characteristics of agglutinative languages. In this context, the coherence and co-
hesion levels of 25 texts were determined with the assistance of an expert group, and their relationship
with the structural features of the texts was subsequently examined. The analyses revealed that the ratio
of conjunctions and pronouns (r = 0.694), reference ratio (r = 0.679), demonstrative adjective ratio
(r=10.664), ratio of demonstrative adjectives to pronouns (r = 0.646), conjunction ratio (r = 0.621),
cohesive device ratio (r = 0.480), and TTR ratio (r = —0.537) were associated with the coherence and
cohesion of texts. By contrast, the preposition ratio was not found to be related to text coherence and

cohesion (r = 0.124).

These findings are theoretically consistent with studies that identify cohesion elements such as conjunc-
tions, reference, pronouns, and demonstrative adjectives (Coskun, 2005; Halliday and Hasan, 1976; He
et al., 2025; Lv et al., 2024). However, they cannot be directly compared with previous results, since
no empirical research has been conducted to objectively measure the coherence and cohesion of Turkish
texts or to examine the factors influencing them. Although relevant studies exist in the international
literature, each language has distinct characteristics, making it impossible to directly compare the stand-
ards of one language with those of another (Kurudayioglu and Karadag, 2005). In this respect, just as
readability formulas lack validity beyond the languages for which they were developed (Cetinkaya,
2010; DuBay, 2004; Kalyoncu and Memis, 2024; Klare, 1984), statistical analyses of cohesion and

coherence will not produce valid results when compared across different languages.

In the research process, beyond examining the structural features of the texts, the relationship between
the results obtained from vector-based similarity models and text cohesion and coherence was analyzed.
The findings showed that the MiniLM, BERTurk, and TF-IDF models were strongly correlated with
cohesion and coherence. However, four different approaches were applied in using these models, and
each produced different outcomes. For example, in the regression equations, higher correlations were
achieved with BERTurk (r =—0.722) and TF-IDF (r = 0.764) when words were stemmed. This result is
meaningful in the context of agglutinative languages, since in Turkish the same word may occur in
multiple lemmatized forms depending on context, causing certain NLP models to treat these forms as
separate words (Kalyoncu, 2025). Therefore, stemming should be applied prior to using NLP models
that are insensitive to the structural characteristics of Turkish and other agglutinative languages, as it

leads to more accurate results. However, this approach did not yield valid results for all models. For
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instance, with the MiniLM model, the correlation decreased after stemming. Similarly, punctuation
cleaning increased the correlation in the TF-IDF model but reduced it in the BERTurk model. Therefore,
it is more appropriate to establish a methodology tailored to the characteristics of each model. In this
study, the highest correlations were obtained with raw text analysis for MiniLM, stemming-based text
analysis for BERTurk, and stemming combined with punctuation cleaning for TF-IDF. By contrast, the
FastText model did not perform as reliably as the other models in determining text cohesion and coher-
ence. Based on these findings, it can be concluded that NLP models intended for use in agglutinative

languages should be tested under different approaches to validate their effectiveness.

As with the structural features of texts, the results obtained from the NLP models in this study cannot
be directly or objectively compared with the existing literature, since these models have not previously
been used to detect textual similarity and coherence in Turkish. However, a comparable model, LSA,
has been widely applied in measuring cohesion and coherence in English texts. For example,
Foltz et al. (1998) introduced LSA as a tool for assessing text coherence, and Graesser et al. (2004)
incorporated LSA into their Coh-Metrix tool as an indicator of semantic coherence. Beyond English,
studies conducted in other languages have employed models such as FastText and BERT. Research has
shown that FastText- and BERT-based metrics strongly correlate with human judgments (Gao et al.,
2020; Rei et al., 2020; Zhang et al., 2020). He et al. (2024) examined discourse coherence in patients
with psychosis using tools such as FastText and BERT, together with features such as pronoun usage,
TTR, and syntactic complexity, and found that these tools had different functions in reflecting discourse
coherence. Moreover, scholars have observed that while static similarity models are effective in cap-
turing surface-level coherence, context-sensitive models such as BERT yield more differentiated re-
sults. This issue has also been addressed in other studies (Corcoran et al., 2018; Morgan et al., 2021),
where discourse coherence was evaluated using NLP-based similarity models. On the other hand, some
researchers have argued that existing NLP-based models are insufficient for identifying coherence and
have proposed alternatives such as DiscoScore (Zhao et al., 2023). At the same time, Ueda (2021) found
that in Japanese, an agglutinative language, the BERT model outperformed traditional methods and was
closely related to textual cohesion. In this respect, Ueda’s findings align with the present study in the

broader context of agglutinative languages.

After examining the relationships between the structural features of the texts, the NLP-based similarity
models, and text cohesion and coherence, regression analyses were conducted, resulting in the devel-
opment of two equations. In the first equation, conjunction and pronoun ratios were incorporated along-
side the NLP models, whereas in the second equation only the NLP models were used. The relationship
between the results obtained from these equations and the expert evaluations is presented in Table 11

below.
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Table 11: Consistency of the formulas with expert evaluations

A% Mean Std. Dev. 1 2
1 Coherence 6.099333 2.540152 1
2 Equation 1 5.347539 2.256449 0.882™ 1
3 Equation 2 6.099309 2.094362 0.828™" 0.939"

An examination of Table 11 indicates that the formulas developed in this study showed a high correla-
tion with expert evaluations and produced measurements at a comparable level. In this respect, it can
be stated that the formulas generated in the study can be effectively used to determine the cohesion and
coherence of texts. Moreover, the methodologies proposed here demonstrated stronger consistency with

expert judgments than most large language models.

Beyond the variables employed to evaluate text cohesion and coherence, artificial intelligence tools
were also assessed. The analyses revealed that all Al tools correlated highly with expert judgments,
with cohesion-related scores generally producing more valid results. The performance ranking of these
tools, from most to least consistent with expert evaluations, was Grok > ChatGPT > DeepSeek > Per-
plexity > Gemini. Notably, the measurements obtained with Grok were even more consistent than those
produced by the formulas developed in this study (r = 0.950). This finding demonstrates that Al tools

are highly effective in determining the coherence and cohesion of texts.

It does not seem possible to compare the performance of large language models in measuring text co-
hesion and coherence with previous studies, since the literature review revealed no research in which
large language models were used to assess text coherence. However, the results of this study indicate
that large language models achieve a performance level close to that of domain experts in evaluating
the cohesion and coherence of texts. In this respect, the use of Al tools for such evaluations appears
feasible. Although the methodologies developed in this study performed below the Grok large language
model, they nonetheless hold promise for future automated tools specifically designed to assess cohe-

sion and readability.

In light of the findings presented, it can be concluded that the levels of cohesion and coherence in texts
are influenced by their structural features, that NLP-based similarity models can be applied to aggluti-
native languages when appropriate preprocessing steps are performed, that text coherence and cohesion
can be measured by combining conjunction and pronoun ratios with both static and contextual NLP
models, and that large language models are highly effective in assessing text coherence and cohesion.
Accordingly, it is recommended that educators and researchers employ the methodologies proposed in
this study together with large language models as an objective approach to measuring the cohesion and
coherence of Turkish texts. It is further recommended that preprocessing steps such as stemming and
punctuation cleaning be applied prior to the use of NLP models for Turkish and other agglutinative
languages, that broader and more comprehensive research be conducted on measuring cohesion and
coherence in Turkish and other agglutinative languages, and that the methodologies developed in this

study be integrated into Turkish readability formulas.
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Strengths and limitations of the study

The originality and strength of this research lie in the fact that no empirical or statistically grounded
study had previously been conducted to measure cohesion and coherence in Turkish or to identify the
factors influencing them. The methodologies developed in this study therefore represent the first attempt
to objectively and automatically measure cohesion and coherence in Turkish. Another strength of the
study is that the analyses were conducted in an integrated manner, examining cohesion and coherence
through structural features, NLP-based similarity models, and large language models. Nevertheless, the
study has certain limitations. It was conducted on a sample of only 25 texts, and some of the participants
defined as experts were undergraduate students whose expertise had not yet fully developed. These
factors represent weaknesses of the research. Another limitation concerns the use of Google Forms for
data collection and the non-randomized presentation of questions during this process, which may have
led to order effects. In addition, the methodologies developed in this study are not as comprehensive or
advanced as the standards of cohesion and coherence established for an international language such as

English.
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