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Abstract: This study presents an advanced hybrid approach for detecting near-duplicate
texts in the Kazakh language, addressing the specific challenges posed by its agglutina-
tive morphology. The proposed method combines statistical and semantic techniques,
including N-gram analysis, TF-IDF, LSH, LSA, and LDA, and is benchmarked against the
bert-base-multilingual-cased model. Experiments were conducted on the purpose-built
Arailym-aitu/KazakhTextDuplicates corpus, which contains over 25,000 manually modi-
fied text fragments using typical techniques, such as paraphrasing, word order changes,
synonym substitution, and morphological transformations. The results show that the hy-
brid model achieves a precision of 1.00, a recall of 0.73, and an F1-score of 0.84, significantly
outperforming traditional N-gram and TF-IDF approaches and demonstrating comparable
accuracy to the BERT model while requiring substantially lower computational resources.
The hybrid model proved highly effective in detecting various types of near-duplicate texts,
including paraphrased and structurally modified content, making it suitable for practical
applications in academic integrity verification, plagiarism detection, and intelligent text
analysis. Moreover, this study highlights the potential of lightweight hybrid architectures
as a practical alternative to large transformer-based models, particularly for languages with
limited annotated corpora and linguistic resources. It lays the foundation for future research
in cross-lingual duplicate detection and deep model adaptation for the Kazakh language.

Keywords: anti-plagiarism; Kazakh language; combined models; text data analysis; near
duplicates; semantic analysis; academic integrity; intelligent analysis system
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1. Introduction
In recent years, there has been a rapid increase in the volume of digital content, which

demands increasingly accurate and efficient methods for originality verification. As of
2023, approximately 30% of academic articles and student papers in universities world-
wide contain instances of borrowing, with 10% of these cases resulting from deliberate
plagiarism [1]. In the context of global digitalization, the task of detecting not only direct
copies but also near duplicates has become more relevant than ever. It is expected that by
2025, the global market for plagiarism detection software will exceed USD 2.5 billion, with
combined data analysis models used for detecting near duplicates constituting a significant
share. To protect intellectual property and maintain academic integrity, increasing attention
is being paid to methods for detecting duplicate and similar texts. However, in certain lan-
guages, particularly agglutinative ones like Kazakh, the application of standard approaches
may be less effective. Agglutination leads to the formation of long morphological chains,
complicating the task of identifying matches at the token level [2,3]. This necessitates the
investigation and comparison of various methods capable of accurately detecting near
duplicates in the Kazakh language.

Near duplicates are text fragments that partially match the original but have dif-
ferences such as paraphrasing, structural changes, or minor content modifications. For
instance, paraphrasing and structural modification of text are the most common plagiarism
techniques, accounting for up to 60% of all cases of borrowing [4]. Detecting such near
duplicates in the Kazakh language requires more complex algorithms than standard meth-
ods for finding identical fragments. This is because traditional anti-plagiarism systems,
based on simple text comparisons, often prove insufficiently effective at identifying subtle
changes and partial borrowing.

Agglutination in the Kazakh language complicates text processing, as a single word
can contain numerous suffixes and affixes that alter its lexical and grammatical function.
Methods focused solely on matching individual lexemes may overlook semantic similarity.
Hybrid approaches that account not only for statistical metrics (e.g., TF-IDF) but also for
semantic components (e.g., latent semantic analysis (LSA)) enable a more accurate consid-
eration of the diversity of morphological forms in the Kazakh language. Based on existing
research, it can be stated that text data analysis, particularly for agglutinative languages,
requires not only the application of standard methods but also their adaptation to the
language’s specific features. Previous studies demonstrate that traditional approaches,
such as statistical methods or frequency-based analysis, can be useful; however, they often
face limitations when processing texts with high morphological complexity. This highlights
the need for more flexible solutions that consider both surface-level and deep-level textual
similarity [5].

The main features of modern text data analysis systems that contribute to their pop-
ularity include accuracy and adaptability to various types of data. The use of advanced
analysis methods, such as locality-sensitive hashing and N-gram analysis, enables the de-
tection of text fragments with a high degree of similarity, even in the presence of significant
text modifications. Studies show that combined models, which integrate statistical and se-
mantic approaches can improve the accuracy of detecting near duplicates by 25% compared
to traditional algorithms [6]. These algorithms include text preprocessing and indexing,
which not only enhance accuracy but also significantly reduce analysis time—from several
hours to minutes for a standard academic document. These anti-plagiarism systems play
an important role not only in maintaining academic integrity but also in human resource
management, as they help create transparent and objective conditions for evaluating the
knowledge and skills of students and applicants. This helps educational institutions and
employers to build trust with candidates and conduct fair employee certification. In the
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context of education globalization, such systems contribute to uniform assessment stan-
dards, making educational programs more comparable at an international level. As a
result, workforce mobility increases, and diplomas and certifications obtained in different
countries become more interchangeable and recognized, facilitating the employment of
graduates in the global labor market.

Kazakh (ISO 639-3, kaz) is a Kipchak (Northwestern) Turkic language with approx-
imately ten million speakers [7,8]. While the majority of Kazakh speakers live in the
Republic of Kazakhstan, significant Kazakh-speaking populations exist throughout Central
Asia. Furthermore, it should be noted that text modeling and near-duplicate detection
in the Kazakh language have several distinctive features related to its morphological,
syntactic, and lexical characteristics. Specifically, Kazakh has agglutinative morphology,
meaning that words can be formed by attaching numerous affixes to the root. This results in
many word forms and challenges in tokenization, as standard text segmentation methods
may be ineffective. In Kazakh, grammatical relationships are determined by affixes rather
than word order, which complicates models based on word sequences (e.g., N-grams).
Additionally, lemmatization in Kazakh is challenging because standard algorithms may
fail to account for numerous suffixes. Stemming is also complicated, as it requires correctly
distinguishing between the root word and all possible affixes.

Kazakh exhibits strong polysemy and synonyms, meaning that words can have mul-
tiple meanings depending on the context, and many concepts can be expressed using
different words, making text classification and near-duplicate detection more difficult. The
official and scientific styles in Kazakh often contain long and complex sentences, requiring
specialized approaches to syntactic analysis and complicating text normalization. Moreover,
an additional challenge is that Kazakh is a low-resource language. All these factors must
be considered when developing and implementing hybrid methods for near-duplicate
detection in text documents. The development of such methods for low-resource agglutina-
tive languages has significant theoretical importance for the advancement of applied and
corpus linguistics.

Additionally, the creation and implementation of these methods have substantial prac-
tical significance, particularly for the academic community in Kazakhstan. The experience
gained from implementing hybrid near-duplicate detection methods is valuable not only
for Kazakh linguistics but also for other Turkic languages (e.g., Kyrgyz, Turkish, Azerbai-
jani, Uzbek), Mongolic languages, Uralic languages (e.g., Finnish, Estonian, Hungarian),
as well as Korean and Japanese, which feature agglutinative morphology and complex
affix/postfix systems.

Thus, the development of combined models for text data analysis opens up new
opportunities for enhancing academic integrity and preventing plagiarism. It is forecasted
that the implementation of such methods will improve verification reliability by 30% and
reduce cases of unintentional borrowing in academic articles and dissertations by more
than 40% [9]. Thus, the development of hybrid methods for identifying near duplicates,
considering the characteristics of agglutinative and low-resource languages, including
Kazakh, is highly relevant.

2. Literature Review
The analysis of the theoretical aspects of detecting near duplicates and combating pla-

giarism shows that this task requires comprehensive and multi-level approaches. In recent
years, researchers have proposed numerous methods and models aimed at improving the
accuracy and reliability of text analysis in the context of ever-increasing volumes of digital
content in the Kazakh language. Modern studies focus on creating flexible models that can
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effectively recognize both complete and near duplicates, which is especially important in
the academic environment, where maintaining standards of academic integrity is crucial.

Hybrid approaches combining syntactic and semantic analysis have improved detec-
tion accuracy. Locality-sensitive hashing and N-gram analysis are effective for identifying
similarities in modified text fragments [10–13]. In particular, the methods for identifying
near duplicates in scientific papers, which include the content of the same type, such as
text data, mathematical formulas, and numerical data, are described in the article [14]. For
text data, the method of locally sensitive hashing, which involves the finding of Hamming
distance between the elements of indices of scientific papers was formalized. For numerical
data, subsequences for each scientific work are formed, and the proximity between the
papers is determined as the Euclidian distance between the vectors consisting of the num-
bers of these subsequences. To compare mathematical formulas, the method of comparing
sample formulas is used and the names of variables are compared. Two directions are sepa-
rated: finding key points in the image and applying locally sensitive hashing for individual
pixels of the image to identify near duplicates in graphic information. Lizunov et al. [12]
describe the application of detecting near duplicates in tables using the locality-sensitive
hashing method and the nearest neighbor method. However, it should be noted that these
studies largely depend on the collected database and do not consider the peculiarities of
agglutinative languages, particularly the Kazakh language.

LSA and probabilistic topic models enhance thematic similarity analysis and support
the assessment of academic work, particularly in dissertations and theses [14–19]. Detect-
ing near duplicates in scientific papers is a complex task, as research materials contain
various types of data, including text, mathematical formulas, images, diagrams, charts,
and numerical data. For the practical application of near-duplicate detection methods, it is
necessary to identify the scientific subject spaces to which the research materials belong.
This can be achieved using LSA, as described in [14]. Based on these methods, information
systems can be developed to identify near duplicates in scientific texts and documents.
Biloshchytskyi et al. [19] present a conceptual model for building such a system, which
considers the detection of near duplicates across various data types. However, this model
does not consider the specific challenges of detecting near duplicates in agglutinative and
low-resource languages.

Studies of Kazakh texts show that combining statistical methods with structural analy-
sis improves phrase extraction accuracy. For instance, bigrams and trigrams help identify
candidate phrases, while rule-based methods achieve higher accuracy for basic noun
groups [20]. Similarly, classification tasks for Kazakh social media texts, such as identifying
extremist content, benefit from TF-IDF, N-gram methods, and LSTM models, demonstrating
high classification efficiency [21]. Bakiyev proposes an extension of the TF-IDF method
for the Kazakh language, which considers synonyms when determining the similarity of
textual documents [22]. This method improves the accuracy of document similarity mea-
surement, which is crucial for plagiarism detection and text clustering tasks. Considering
the linguistic features of the Kazakh language is an important aspect of ensuring the accu-
racy of near-duplicate identification. Specifically, Akanova et al. [23] develop a keyword
search algorithm for a corpus of Kazakh texts, incorporating the language’s morphological
characteristics and utilizing neural networks to enhance search accuracy. Rakhimova et al.
propose a hybrid approach to semantic text analysis in the Kazakh language, combining sta-
tistical and linguistic methods [5]. This allows consideration of the agglutinative nature of
Kazakh and improves the accuracy of text analysis. Kosyak and Tyers [24] examine various
segmentation methods to improve language modeling and text prediction for low-resource
and agglutinative languages, including Kazakh. However, from the perspective of applied
linguistics, developing hybrid methods for near-duplicate detection that account for the
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specific features of the Kazakh language remains an important and promising direction. It
is important to recognize that, in addition to text, documents can contain a variety of data
types, including images, mathematical formulas, numerical data organized into tables, and
more. The detection of multimedia borrowings, such as images and diagrams, requires
specialized methods. Techniques such as keypoint-based algorithms (SIFT, SURF) and
perceptual hashing enable the identification of modified visuals [25–27]. Deep learning
models, including CNNs and RNNs, further enhance plagiarism detection by analyzing
complex textual and graphical data [28].

Hybrid methods that integrate TF-IDF with semantic understanding, such as the
TSWT structure and HowNet database, outperform traditional algorithms in text similarity
tasks, improving precision and recall [29]. Advanced anti-plagiarism systems also assess
citation quality and originality levels, guiding researchers and students to produce higher-
quality, original work [30]. It is particularly interesting to explore the performance of hybrid
methods for near-duplicate identification in agglutinative and low-resource languages.
Based on a review of well-known methods, a comparative analysis was conducted, and
the main advantages and disadvantages of the near-duplicate detection methods were
identified; they are presented in Table 1.

Table 1. Main advantages and disadvantages of the near-duplicate detection methods.

Method Description Advantages Disadvantages

N-gram

Comparison of
overlapping N-grams
(typically using cosine
similarity)

Very simple and
fast computation

Sensitive to word
order and
synonyms

TF-IDF
Document–term
vectorization + cosine
similarity

Captures statistical
similarity

High number of
false positives

Hybrid
N-gram Jaccard + LSA
+ LDA, weighted
combination

Balance of
statistical and
semantic features,
flexible tuning

Requires multiple
processing stages,
more complex

BERT
bert-base-multilingual-
cased with cosine
similarity

Acceptable
semantic accuracy

Difficult to set up;
resource-intensive
(GPU/CPU)

Kazakh is an agglutinative Turkic language where grammatical meanings are ex-
pressed via sequences of suffixes. This leads to a large number of word forms. By some
estimates, there are over 750 affixes [31], which complicates morphological analysis and
hinders direct comparison of texts. Semantically equivalent words may appear in different
surface forms, which can reduce the accuracy of lexical matching. Kazakh has a relatively
free word order (default SOV) thanks to rich case morphology, which marks syntactic
roles [32]. This creates challenges for methods based on word order, as similar texts may
differ in word sequence.

Additionally, Kazakh lacks grammatical gender and articles; definiteness is marked
contextually or via case endings. Verbs are inflected for tense, mood, person, and number,
often eliminating the need for personal pronouns. In contrast, English relies on a fixed
word order and auxiliary words (articles, prepositions, etc.) [33]. Lexically, Kazakh exhibits
high synonymy and polysemy, featuring numerous loanwords alongside native terms.
As a result, semantic analysis requires vector-based models that can recognize meaning
equivalence across different word choices. Overall, effective comparison of Kazakh texts
requires a hybrid approach: morphological normalization, syntactic parsing, and semantic
models resilient to paraphrasing and lexical variability.
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Let us consider an example that illustrates the difference. In Kazakh, the sentence
““Студент университетте кітапты оқыды” ” is equivalent to the sentence “The student read
the book at the university” in English. In Kazakh, case endings allow flexible word order
““Кітапты студент университетте оқыды” ” without altering the meaning. In English,
word order is crucial; reordering the words as “The book the student at the university
read” results in an ungrammatical sentence. Table 2 describes the features of the Kazakh
language in comparison with English.

Table 2. The features of the Kazakh language in comparison with English.

Parameter Kazakh Language English Language

Language type Agglutinative Analytic

Morphology Rich suffix-based inflection Limited inflectional
morphology

Word order Flexible (SOV) Fixed (SVO)

Articles and gender No articles or grammatical
gender

Articles present, gender in
pronouns

Verb system Complex affixation Analytic tense/aspect
forms

Lexical features High synonymy and
polysemy

More standardized
vocabulary

The analysis of theoretical aspects and approaches to detecting plagiarism and near
duplicates in Kazakh texts demonstrates that this issue holds significant importance for edu-
cation and human resource management. Thus, the research highlights various approaches
to text similarity analysis, including statistical, semantic, and their combinations. Integrat-
ing structural and semantic information helps to improve accuracy and adapt methods to
the specific features of languages and tasks. Considering semantics and optimizing features,
selection proves beneficial when working with texts in morphologically complex languages
such as Kazakh. These methods can be applied to tasks such as detecting borrowings, text
classification, and semantic analysis.

The literature review indicates the need to address the scientific gap related to the
lack of effective and linguistically adapted methods for detecting near duplicates in low-
resource agglutinative languages, such as Kazakh, by developing and validating a hybrid
model that combines statistical and semantic analysis. Thus, the goal of this study is to
develop a hybrid model for near-duplicate detection and to conduct a comparative analysis
of four approaches to identifying textual similarities: N-gram, TF-IDF, BERT, and a hybrid
model combining statistical and semantic analysis. The objectives include describing and
formalizing near-duplicate identification according to the hybrid model, creating a Kazakh
language corpus for conducting experiments, and evaluating the effectiveness of the hybrid
model for near-duplicate detection, as well as the N-gram, BERT, and TF-IDF methods, for
the Kazakh language case study.

3. Materials and Methods
The methodology of this study focuses on the development and testing of combined

models for text data analysis aimed at detecting near duplicates in academic and scientific
documents written in Kazakh language. The primary emphasis is on creating a hybrid
system that integrates several approaches, including N-gram analysis, locality-sensitive
hashing (LSH), LSA, and probabilistic topic models. The first stage of the research involved
collecting data from various sources, including scientific articles, theses, term papers, and
dissertations, all of which are available in open-access databases in the Kazakh language.
The dataset included both original documents and works with partially modified sections.
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The combined model developed for text analysis incorporates several key components.
N-gram analysis was used to identify matches at the phrase level and detect paraphrased
text fragments, with bigrams and trigrams tested for optimal accuracy. LSH was employed
for the rapid detection of similar text fragments, allowing the identification of partially
modified sections and significantly speeding up data processing. LSA was applied for the
semantic comparison of texts, identifying conceptual similarity between fragments, which
is useful for detecting hidden plagiarism. The probabilistic topic model (PTM) facilitated
the analysis of the thematic structure of the text and the evaluation of the completeness
of topic representation in publications, which is particularly important for assessing the
thematic alignment of scientific publications.

The model was trained on the collected data, including both original and borrowed
texts. Although the term cross-validation is used here in a broad sense, we did not apply a
classical k-fold cross-validation procedure, since LSA and LDA do not require iterative opti-
mization via gradient descent. Instead, the corpus was randomly split into an 80% training
set and a 20% test set. From the training set, an additional 20% hold-out subset was used for
tuning threshold hyperparameters. The final evaluation of model performance (precision,
recall, F1-score) was conducted on the independent test set. Performance evaluation was
conducted using precision, recall, and F1-score metrics, enabling an objective assessment
of the model’s effectiveness in detecting near duplicates. Various parameters were tested
for each method, including the N-gram size and the number of topics, to optimize model
settings and improve accuracy. Model validation included comparisons with N-gram,
TF-IDF, analysis of false positives, and assessment of processing time, which ultimately
refined and enhanced the quality of the combined model’s performance.

The results of testing the models on prepared datasets enabled a comparative analysis
of their performance and revealed the specific features of each method when applied
to Kazakh language texts. The proposed approach ensures the adaptation of existing
methods to the linguistic characteristics of the language, making them more suitable for
text similarity analysis tasks.

It is known that documents can contain data of various types: text, images, tables,
mathematical formulas, diagrams, and charts. For each of these data types, specialized
analysis methods need to be applied. Image analysis in documents can be outperformed
using both standard software applications and additional custom modules. To improve
recognition quality, additional processing methods may be required, such as restoring
blurred images, analyzing shape and texture, extracting image fragments, and matching
two images based on key points, among others. Most image recognition methods are based
on keypoint detection, image hashing, stochastic geometry, Markov chains, perceptual
hashing methods, and others. These methods are highly effective in identifying near-image
duplicates. All image recognition methods can be categorized: methods based on key point
extraction and methods based on pixel-level image analysis.

Before applying recognition methods, it is necessary to filter graphical data, which
simplifies and increases the sensitivity of analysis methods for detecting similarities in
these data. The characteristic feature of filtering methods is that they allow the extraction of
specific characteristics of local image regions. Filtering involves applying transformations
to the entire image, such as binarization with a given threshold, high-frequency filtering
(Gabor filter), low-frequency filtering (Gaussian filter), Fourier filtering, and more. A
specific type of image filtering involves identifying elementary mathematical functions
within the image (such as lines, parabolas, circles, etc.). Filters of this type include Hough,
Radon, and other filters. In the case of complex images with many fragments, it is often
sufficient to analyze not the entire image but only its contours.
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To formally cover all possible cases and data types for identifying near duplicates, the
table format will be considered. Since tables may contain textual information, numerical
data, mathematical formulas, and images, if only some of these data types need to be
analyzed, the other types are simply disregarded.

Let B be some input table, and B =
{

B1, B2, . . . , Bp
}

be a set of tables extracted from
the text and stored in a common table database, where p is the number of tables in the
database. The task is to identify a set of tables B̃ =

{
B̃1, B̃2, . . . , B̃l

}
where B̃ ⊂ B, l < p,

for which the condition holds: F
(

B, B̃i

)
< λ, i = 1, l, where λ is threshold value, and

F is the distance between the tables. Distance as a metric must satisfy the properties of
non-negativity, the identity of indiscernible factors, symmetry, and triangle inequality.
The presence in the database of at least one table from the set B, for which the condition
F
(

B, B̃i

)
< λ is satisfied, indicates that table B is borrowed [12].

A cell Kij of some table B is an element of the table that is formed at the intersection
of the i-th row and the j-th column of this table. The cell content Kij of table B is the value
(numeric, text, date type, etc.) corresponding to this cell. Let us denote the content of cell Kij

as C
(
Kij
)
, where i = 1, r1, j = 1, r2 where r1 is the number of rows of table B, and r2 is the

number of columns of table B. As previously defined, the content of cells may include the
following types: numeric, text, date, image, formula, combined data. If the table contains
images and formulas, they are allocated for separate analysis. The content of the “date”
type after conversion to a single format may be considered as a regular text string.

Let I = {1, 2, . . . , r1} be a set of table row numbers, and J = {1, 2, . . . , r2} be a set of
column numbers of a table B. We iterate through all the cells of the table and determine their
data type. Thus, simplifying the possible variants of cell content types, we can consider
that the content of the table is presented as B =

〈
N, S

〉
. If the data in a cell belongs to the

numeric type, then the corresponding content is presented as an element of the set N; if to
the text type, then it is added to the set S according to the following rule:

N =
{

k|k ∈ C
(
Kij
)
, k ∈ R, i ∈ I, j ∈ J

}
, (1)

S =
{

k|k ∈ C
(
Kij
)
, k ∈ T, i ∈ I, j ∈ J

}
, (2)

where set T is a set of symbols, L = card(T),

T = {t1, t2, . . . , tL}, (3)

ti is a separate symbol, ti ∈ A, A is the set of symbols.
We represent sets N and S in the form of a numerical sequence and a sequence of

strings, respectively, of length v and w. Thus, N = {n1, n2, . . . , nv} is the sequence of
numeric values of the cell content, v = card(N), S = {s1, s2, . . . , sw} is the sequence
of cell content rows, and w = card(S). Let us define separately the representation of
these sequences in a form convenient for applying models of similarity identification and
searching for near duplicates.

Define the sequence S = {s1, s2, . . . , sw}. Each of its elements contains text, which can
consist of one or more words. By sequentially viewing all the elements of the sequence
from s1 to sw, let us select words from them. The word of an arbitrary element—a unigram
of the sequence S—is given as a sequence:

Sβn = {t1, t2, . . . , tβ}, (4)
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where n ∈ N is an ordinal number of a word, β is word length, and tj ∈ A, tj /∈ C, j = 1,β,
C = {“_”, “, ”, “.”, “ ”, “ − ”, “ : ”, “; ”, “#”, . . .} are all non-letter characters of the sequence
elements, Sβn ∈ sj, j ∈ {1, 2, . . . , w}.

A new unigram is defined consisting of all words from the original unigram of strings
S, after removing the so-called stop words. The list of stop words is specified as a set
M = {“and”, “or”, “but”, “in”, “on”, “at”, “with”, . . .} or the same words. Then the new
sequence of words has the following form:

W =
{

Sβ1
1 , Sβ2

2 , . . . , Sβm
m

}
, (5)

where βj, j = 1, m are the word lengths, and m is their number. The elements of such a
sequence are words in canonical form.

Using the sliding window method, we construct a set of sequences:

E1 =
{

Sβ1
1 , Sβ2

2 , . . . , Sβh
h

}
,

E2 =
{

Sβ2
2 , Sβ3

3 , . . . , Sβh+1
h+1

}
,

. . .

Em−h+1 =
{

Sβm−h+1
m−h+1 , Sβm−h+2

m−h+2 , . . . , Sβm−1
m−1 , Sβm

m

}
,

(6)

where h is the window size or number of elements of constructed sequences E1, E2, . . . , Em−h+1.
Next, using the locality-sensitive hashing method, we represent the set of sequences

F(W) = (E1, E2, . . . , Em−h+1) in the form of bit strings:

∆(W) = (I(E1), I(E2), . . . , I(Em−h+1)), (7)

where I(Ek) is the index element that specifies a bit string that uniquely corresponds to a
sequence Ek, k = 1, m − h + 1. Thus

I(Ek) = {δk1, δk2, . . . , δkc}, (8)

where δkx ∈ {0, 1}, k = 1, m − h + 1, x = 1, c, and c is the number of bits that make up a
bit sequence.

Let us consider the numerical sequence N = {n1, n2, . . . , nv} of input table B and
construct a set of subsequences for it using the sliding window method:

K1 =
{

n1, n2, . . . , ng
}

,
K2 =

{
n2, n3, . . . , ng+1

}
,

. . .
Kv−g+1 =

{
nv−g+1, nv−g+2, . . . , nv−1, nv

}
,

(9)

where v is the number of elements in a sequence N, and g is the window size or number
of elements in subsequences K1, K2, . . . , Kv−g+1. Since the elements of the constructed
subsequences are real numbers, ni ∈ R, i = 1, v, then these subsequences can be considered
as g-dimensional vectors. If we assume that the space is given Rg with a Euclidean
structure, then we can define a metric on this space ρ between any two vectors of space
a ∈ Rg and b ∈ Rg: ρ(a, b). In this case, this metric will satisfy the axioms of identity, that
is, ρ(a, b) = 0 ⇔ a = b, axiom of symmetry: ρ(a, b) = ρ(b, a) and the triangle axiom for
some vector c ∈ Rg: ρ(a, c) ≤ ρ(a, b) + ρ(b, c).

Such a distance or similarity measure between the vectors representing the numerical
values of the content of the tables is a component that determines the degree of similarity
of these tables.
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In accordance with the statement of the problem, let B be the input table, and
B1, B2, . . . , Bp be the tables that are selected and stored in a common table base, where
p is the number of tables in the base. The task is to identify those tables from the base
for which the condition F

(
B, B̃i

)
< λ, i = 1, l is satisfied. Let a sequence of text data be

constructed, S = {s1, s2, . . . , sw}, and a sequence of numerical values N = {n1, n2, . . . , nv}
for the table B. Since the base of the tables is already known, it is obvious that each such
table is indexed. Thus, for each of the tables B1, B2, . . . , Bp there are known sequences of
text data Sy =

{
sy

1 , sy
2 , . . . , sy

w
}

and sequences of numerical data Ny =
{

ny
1 , ny

2 , . . . , ny
v
}

,
y = 1, p.

It is also obvious that index elements are given for word sequences:

I
(

Ey
ky

)
=
{
δ

y
ky1, δy

ky2, . . . , δy
kyc

}
, (10)

where δ
y
kyx ∈ {0, 1}, ky = 1, my − h + 1, x = 1, c, c is the number of bits in a bit sequence,

and my is the number of words in the sequences:

Wy =

{
Sy,β1

1 , Sy,β2
2 , . . . , S

y,βmy
my

}
(11)

containing words S
y,βy
y in canonized form, where βy, j = 1, my is word lengths.

We construct a string sequence S = {s1, s2, . . . , sw} input table B unigram of words in
canonized form:

W =
{

Sβ1
1 , Sβ2

2 , . . . , Sβm
m

}
, (12)

where βj, j = 1, m is word lengths, and m is their number. Next, using the sliding window
method, we determine the sequences E1, E2, . . . , Em−h+1 and, using the locality-sensitive
hashing method, we construct the index elements:

I(Ek) = {δk1, δk2, . . . , δkc}, (13)

where δkx ∈ {0, 1}, k = 1, m − h + 1, x = 1, c, and c is the number of bits representing the
sequence.

We calculate the Hamming distances between the elements of each index of the input
table sequences and the elements of the indexes of the table sequences in the database using
the formula:

H
(

I(Ek), I
(

Ey
ky

))
=

1
c

c

∑
j=1

∣∣∣δkj − δkyj

∣∣∣, (14)

where k = 1, m − h + 1, ky = 1, my − h + 1, y = 1, p.
Given that

H
(

I(Ek), I
(

Ey
ky

))
< λH, (15)

where λH ∈ [0, 1] is a predetermined parameter value, with probability one; it can be stated
that the index element with number k is similar to an index element with a number ky

tables with number y. Consequently, the table with the number y can be similar to an input
table with a threshold λH, that is, it contains a near duplicate.

We construct a finite numerical sequence N = {n1, n2, . . . , nv} input table B set of
subsequences K1, K2, . . . , Kv−g+1. We also consider that for each of the tables B1, B2, . . . , Bp,
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based on their numerical data sequences Ny =
{

ny
1 , ny

2 , . . . , ny
v
}

, y = 1, p, subsequences are
constructed as Ky

1 , Ky
2 , . . . , Ky

v−g+1 by the sliding window method:

Ky
1 =

{
ny

1 , ny
2 , . . . , ny

g
}

,

Ky
2 =

{
ny

2 , ny
3 , . . . , ny

g+1

}
,

. . .

Ky
v−g+1 =

{
ny

v−g+1, ny
v−g+2, . . . , ny

v−1, ny
v

}
.

(16)

If we represent the constructed subsequences K1, K2, . . . , Kv−g+1 and Ky
1 , Ky

2 , . . . , Ky
v−g+1

in the form of tuples, then their similarity measures are determined based on the Euclidean
distance, the urban metric, or the Minkowski distance. Then for each table a distance matrix
will be:

ρ1
(
Ku, Ky

r
)
=

√√√√g+r−1

∑
j=r

(
nj+u−r − ny

j

)2
, (17)

ρ2
(
Ku, Ky

r
)
=

g+r−1

∑
j=r

∣∣∣nj+u−r − ny
j

∣∣∣, (18)

ρ3
(
Ku, Ky

r
)
=

(
g+r−1

∑
j=r

∣∣∣nj+u−r − ny
j

∣∣∣t)
1
t

, (19)

y = 1, p, u = 1, v − g + 1, r = 1, v − g + 1, t is the Minkowski distance parameter.
Then for each y = 1, p we find the minimum values for each row of matrices

ρτ
(
Ku, Ky

r
)
, and we get the distances:

ξτ
(
Ku, Ky

min
)
= min

r=1,v−g+1

{
ρτ
(
Ku, Ky

r
)}

, (20)

u = 1, v − g + 1 for fixed τ = 1, 3.
If the condition is met ξτ

(
Ku, Ky

min
)
< λp for a predetermined parameter value

λp ∈ [0, 1], then it can be asserted with probability one that the vector with number u is
similar to a vector of a table with a number y, that is, the table contains a near duplicate.
The larger the value λp, the more stringent requirements are imposed on the search for near
duplicates. The distance for y = 1, p, u = 1, v − g + 1 is normalized:

ξN
τ

(
Ku, Ky

min
)
=

ξτ
(
Ku, Ky

min
)
− min

u=1,v−g+1

{
ξτ
(
Ku, Ky

min
)}

max
u=1,v−g+1

{
ξτ
(
Ku, Ky

min
)}

− min
u=1,v−g+1

{
ξτ
(
Ku, Ky

min
)} . (21)

Figure 1 illustrates how the hybrid model works for detecting similar text fragments
and tables. First, the system receives input data. Then, it cleans the text by removing
unnecessary characters and words, splits it into parts, and extracts values from tables. After
that, the data is processed by different modules: one checks matches based on N-grams,
another evaluates semantic similarity, and a third analyzes numerical values in the tables.
All the results are then combined in a single module, where they are compared against a
threshold to determine whether the fragments are duplicates or not.
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Figure 1. Diagram of the hybrid method.

The described method allows the finding of near duplicates in tables considering the
text and numeric representation of data. Similarly, using this method, it is possible to index
numeric and text data if they are not in a table, but in the main content of a document. The
proposed hybrid method for detecting near duplicates in tables allows the identification
of similarities in text and numeric data and then the generalization of the results. For
text data, sequences are created in canonical form, which are converted into bit sequences
based on hashing. Similarity is calculated by the Hamming distance with a given threshold.
Similarity in numeric data is determined based on the nearest neighbor method, which
allows the identification of near duplicates relative to a set of tables selected from scientific
publications and dissertations. It should be noted that the method is designed to search for
near duplicates in tables containing only text and numeric data. In the case of images and
formulas, they are analyzed separately using specific methods.

4. Case Study: The Dataset for Duplicate Detection in Kazakh
The Arailym-aitu/KazakhTextDuplicates corpus is designed to identify close duplicates

in Kazakh language texts and is based on the Arailym-tleubayeva/small_kazakh_corpus
dataset [34], which contains Kazakh Wikipedia articles. A total of 25,922 text fragments
are extracted from this set, providing a variety of topics and style variants. To simulate
real-life scenarios of partial borrowing, typical for student papers, scientific publications,
and internet content, a system of controlled modifications of source texts was used to obtain
pairs of texts with different types of similarity.

The set of transformations aimed at preserving the main semantic content while
changing the form of the text was used to generate duplicates. In particular, the following
methods were applied:
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1. Word and phrase rearrangement. The order of words in sentences was changed (e.g.,
rearranging homogeneous members or fragments of complex sentences) without
compromising grammatical correctness and meaning, thus mimicking a change in the
narrative order while preserving the content.

2. Synonym substitution. Keywords were replaced with synonymous equivalents using
external lexical resources (electronic thesauri and synonym dictionaries) and, where
necessary, manual analysis, considering part of speech and context, thus preserving
the original meaning.

3. Morphological changes. Changes in the grammatical form of words (number, tense,
case) were made without changing their lexical meaning, e.g., replacing the active
voice with the passive voice or converting direct speech into indirect speech, using
morphological analysis and synthesis tools to ensure correct agreement.

In addition, the technique of partial deletion or addition of textual fragments was
used to model partial duplicates, where individual sentences were either deleted from
the original paragraph or added with new sentences that did not alter the general subject
matter, thereby imitating situations of fragmentary borrowing.

Each pair of texts in the corpus was classified into four types of duplicates, depending
on the nature of the changes made and the degree of preservation of the original content:

1. Exact duplicate. The texts are virtually identical except for minor edits (e.g., case or
punctuation changes).

2. Partial duplicate. Only a significant portion of the text is the same, but the remainder
may be modified or supplemented.

3. Paraphrase duplicate. Texts express the same information through paraphrasing,
which involves replacing vocabulary with synonyms and modifying syntax, resulting
in varied wording while retaining the key meaning.

4. Contextual duplicate: texts do not explicitly match at the phrase level, but describe a
similar context, plot, or idea, which is characteristic of cases where borrowing occurs
at the level of an idea or narrative structure.

At the preprocessing stage, the texts were normalized, which included normalizing
all characters to lowercase and removing extra spaces and special characters, as well as
filtering stop words («және», «бiрaқ», «мен», «сен», «oжәне», «бірақ», «мен», «сен», «ол», «бұл», «соң», », «және», «бірақ», «мен», «сен», «ол», «бұл», «соң», », «сoң», etc.), the list of
which was generated based on common sets for information retrieval tasks and manually
adjusted to the specifics of the corpus. When generating paraphrases, stop words were not
replaced by synonyms, thus avoiding artificial increase in similarity between texts.

The KazakhTextDuplicates corpus covers a wide range of textual borrowing scenarios,
including direct copying to deep paraphrasing and hidden contextual paraphrasing. Being
based on the Arailym-tleubayeva/small_kazakh_corpus set, it represents a unique resource
for training and testing algorithms for automatic plagiarism detection, adapting existing
methods to consider the linguistic peculiarities of the Kazakh language and improving the
efficiency of anti-plagiarism systems under resource-limited conditions.

Main characteristics of the corpus (Table 3):

- Total size: 217 MB (before conversion);
- Size in Parquet format: 96.2 MB;
- Number of lines (text fragments): 25,922;
- Data formats: CSV, Parquet.

The texts were deliberately modified using the following methods: word rearrange-
ment, using synonyms, adding or removing morphological suffixes, and replacing colloca-
tions with similar constructions to form the test sample.
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Table 3. Dataset characteristics.

Type_Duplicate Count

exact 6597
partial 6468

paraphrase 6439
contextual 6418

The purpose of the corpus is to model real-world scenarios of partial borrowing, which
is an urgent task in the fields of text duplicate detection and anti-plagiarism. This approach
allows a comprehensive evaluation of the effectiveness of algorithms for detecting exact,
contextual, and partial duplicates in Kazakh language texts and contributes to the develop-
ment of methods for processing and analyzing textual data in low-resource languages.

5. Results
We conducted an experiment aimed at comparative evaluation of four approaches to

detecting close duplicates in Kazakh texts: N-gram analysis, the TF-IDF method, the base
BERT model, and the proposed hybrid model combining semantic and syntactic analysis.
The following key metrics were used to comprehensively evaluate the performance of each
method: precision (Precision), completeness (Recall), F1-measure, and processing time.

The dataset Arailym-aitu/KazakhTextDuplicates, formed based on Arailym-tleubayeva/
small_kazakh_corpusn [34], includes 25,922 text fragments covering a wide range of topics
and style variants, which ensures its representativeness for modeling real scenarios of
partial borrowing. The analysis shows that the system of controlled modifications, includ-
ing word rearrangements, replacement of key terms with synonyms and morphological
transformations, allows the efficient generation of pairs of texts classified into exact, par-
tial, paraphrase and contextual types, which reflects the diversity of ways of processing
the source material. The normalization of texts by lower-casing, removal of redundant
characters, and stop word filtering helps to reduce the impact of minor variations, which
improves the accuracy of the markup. The obtained dataset demonstrates high quality of
markup and homogeneity of data, which makes it a valuable resource for the development
and testing of plagiarism detection algorithms and the adaptation of existing methods to
the peculiarities of the agglutinative and low-resource Kazakh language.

Standard statistical metrics, such as precision, recall, F1-score, and processing time
are used to quantify the performance of algorithms for detecting textual duplicates in the
KazakhTextDuplicates dataset. Precision is defined as the proportion of correctly identified
duplicates in relation to the total number of detected duplicates, which allows us to assess
the propensity of the model to produce false positives; recall measures the proportion of
correctly found duplicates in relation to the total number of true borrowings, demonstrating
the ability of the algorithm to detect all relevant cases; F1-score, being a harmonic average of
precision and recall, serves to assess the balance of the model; processing time characterizes
the computational efficiency and applicability of the methods when working with large
datasets The complex analysis of these indicators allows us to objectively compare the
performance of different approaches (such as N-gram, TF-IDF, and the hybrid model) and
optimize their parameters in order to improve the accuracy and reliability of automatic
plagiarism detection systems in low-resource Kazakh.

At the preprocessing stage, all the texts were lower-cased and punctuation marks and
stop words were removed to reduce noise and ensure a uniform presentation of the data.

The results of the N-gram analysis depended significantly on the chosen value of n.
Unigrams achieved perfect accuracy (1.00) and completeness (1.00), but the lack of context
consideration limited the detection of paraphrased or partially modified texts. When mov-
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ing to bigrams and trigrams, there is a decrease in completeness to 0.51 while maintaining
accuracy at 1.00, resulting in an F1-measure of 0.67. At the same time processing time
increases from 14.81 s (bigrams) to 16.79 s (trigrams) (see Table 4 and Figure 2).

Table 4. Comparison of N-gram for different values of n.

N-gram (n) Precision Recall F1-Score Processing Time (s)

1 (Unigram) 1.00 1.00 1.00 19.55
2 (Bigram) 1.00 0.51 0.67 14.81
3 (Trigram) 1.00 0.51 0.67 16.79

Figure 2. N-gram comparison of metrics.

Thus, N-gram analysis effectively detects exact matches, but fails with paraphrased
or partially modified texts. The TF-IDF model showed an F1-measure of 0.67, which is
comparable to the N-gram approach, but with a different balancing of metrics: accuracy
was 0.51 and completeness was 1.00. The high completeness indicates the model’s ability
to detect most modified texts, but the reduced accuracy indicates a higher number of false
positives. The processing time of TF-IDF was the most efficient at 12.81 s.

The dataset was divided into training, validation, and test subsets. A small validation
subset (20% of the training data) was separated from the training corpus and used to tune
threshold values. The main part of the training set was used solely for training LSA, LDA,
and constructing MinHash representations, while the test set was used for final evaluation.
During the experiments, special attention was paid to ensuring that fragments from the
same source document did not appear in both training and test sets simultaneously. To
guarantee no overlap, a group-based split was used (GroupKFold by source document ID).

In the hybrid method using LSA, LDA, and MinHash, there is no classical “training”
phase involving gradient descent. However, there is a parameter-fitting stage (e.g., fitting
SVD for LSA, training LDA models, and generating hashes), which was carried out only
on the training data. The hybrid approach involved multiple threshold values (λ) that
affected the final decision: thresholds for Jaccard similarity (MinHash), for cosine similarity
in the LSA space, for cosine similarity in the LDA space, and a final aggregated threshold
λfused. Each of these thresholds was treated as a hyperparameter, as their values directly
influenced the model’s precision, recall, and ultimately the F1-score. A grid search over
combinations of these thresholds was conducted on the validation subset. As a result,
the optimal final threshold was determined to be λfused = 0.7, which provided the best
trade-off: precision ≈ 1.00 (no false positives), recall ≈ 0.73 (still a high detection rate),
F1-score ≈ 0.84.
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Setting a lower λfused value (e.g., 0.5) resulted in a drop in precision to ~0.50, which is
unacceptable for industrial systems, where each false positive requires manual review. On
the other hand, setting λfused ≥ 0.8 led to a recall below 0.65, indicating an unacceptably
low level of detection.

Below are Table 5 and Figure 3 summarizing the comparison of metrics for the N-
gram, TF-IDF, and hybrid models. Figure 3 presents a comparison of the models in terms
of execution time on the validation set.

Table 5. Comparison of metrics for N-gram, TF-IDF, base BERT, and hybrid models.

Model Precision Recall F1-Score Processing
Time (s)

N-gram (n = 3) 1.00 0.51 0.67 16.79
TF-IDF 0.51 1.00 0.67 12.81

Hybrid model 1.00 0.73 0.84 0.87
bert-base-

multilingual-cased 1.00 0.49 0.66 104.39

Figure 3. Comparison of precision, recall, F1-score.

As shown in Table 3, although all models yield a comparable F1-score of around 0.67,
they differ in terms of precision, recall, and processing time. The N-gram model offers high
precision but lower recall, whereas TF-IDF demonstrates high recall with lower precision.
The hybrid model maintains high recall that is similar to that of TF-IDF but at the expense
of significantly increased computational cost.

We conducted a series of experiments with the threshold value and confirmed that
increasing λfused to 0.7 completely eliminates false positives on the test set while main-
taining an acceptable detection level (Table 3). Thus, by accepting a minimal reduction in
recall, we achieved perfect precision, making the system highly reliable for automated text
verification tasks where false positives are critical.

To justify the relevance and competitiveness of the hybrid approach, we conducted a
direct comparison with the baseline BERT-like model bert-base-multilingual-cased [35]. The
proposed hybrid method demonstrates comparable accuracy while requiring significantly
fewer computational resources and avoiding the need for large pre-trained transformer
models. This confirms that the combination of lightweight models remains a practical and
efficient solution for near-duplicate detection tasks in low-resource agglutinative languages.
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6. Discussion and Conclusions
This paper presents a hybrid method for detecting near duplicates in tables represented

in documents in the Kazakh language. By using locally sensitive hashing and the nearest
neighbor method, the proposed approach enables effective identification of similarities
between text and numerical data, which is crucial for ensuring academic integrity and
detecting potential plagiarism. Through the integration of hash methods and Hamming
distance for textual content, as well as the use of metric distances for numerical data, this
method can even identify partially matching data.

The developed algorithm adapts to textual, numerical, and mixed data, ensuring
accurate analysis of complex tables through standardization and normalization, reducing
false positives. The threshold values for matching enhance precision across various data
types. A comparative analysis of N-gram, TF-IDF, BERT, and the hybrid model reveals
that the hybrid model outperforms the others in the terms of precision, recall, and F1-score.
Its balance of statistical and semantic methods enables efficient large-scale text similarity
analysis, particularly for Kazakh texts. For the task of near-duplicate detection, achieving
precision = 1 is a strong result, as it indicates the complete absence of false positives. This is
particularly important because if unique texts are incorrectly identified as similar to others
without clearly establishing partial duplication, the plagiarism detection process becomes
ineffective. Therefore, in our case, the model’s performance will primarily be evaluated
based on recall and F1 score, as they better reflect the system’s ability to identify actual
duplicates without compromising reliability.

The hybrid method for near-duplicate detection aligns with the specifics of agglutina-
tive languages due to its consideration of morphological variability through normalization
and semantic generalization, free word order through order-insensitive metrics, and syn-
onymy and polysemy through thematic and conceptual similarity.

Future work should focus on developing embeddings for Kazakh and adapting deep
language models, such as BERT, to improve accuracy. Testing on cross-lingual datasets
could address challenges posed by diverse morphological structures. The method’s flexi-
bility makes it highly applicable in plagiarism detection and intelligent data analysis for
Kazakh language texts, especially in academic and research contexts.

Since it was very important to achieve zero false positives (FP = 0), the resulting
precision remained consistently perfect (1.00) across all hold-out/test splits. Notably, even
under a classical cross-validation scheme, the false positive rate would remain zero across
all folds, leading to an error bar of zero for the precision metric. This strict performance was
attained by applying a conservative threshold of λfused = 0.7. Under this setting, the model
rejects any candidate pair in which at least one of the three similarity signals (MinHash,
LSA, or LDA) does not exceed the specified threshold. This design reflects a conscious
trade-off, prioritizing absolute certainty in positive predictions (high precision) at the
expense of a moderate reduction in recall (approximately 0.73).

The combination of statistical and semantic approaches provides a more comprehen-
sive detection of textual duplicates in Kazakh texts compared to traditional methods such
as N-gram analysis and TF-IDF. Although all the methods considered show a comparable
F1-measure value (around 0.67), there are significant differences in the distribution of
accuracy and completeness, as well as in the processing time.

The analysis reveals that the N-gram approach is characterized by high accuracy, but
its limited completeness indicates an inability to detect cases of paraphrasing or partial
modifications. The TF-IDF model, on the other hand, exhibits high completeness, which
allows efficient capture of modified content, but false positives occur at the cost of reduced
accuracy. The hybrid model, which combines both approaches, provides high completeness
similar to TF-IDF while showing moderate accuracy. However, a significant disadvantage
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of the hybrid method is the significantly longer processing time due to the additional
computational complexity of integrating semantic and syntactic analyses.

The practical applicability of each method depends on the specifics of the task. For ap-
plications where processing speed is critical, the TF-IDF method may be preferred, whereas
for tasks requiring comprehensive and detailed identification of different types of borrow-
ings, the hybrid model is a more suitable choice, despite the increased computational cost.

In the future, it is advisable to conduct further research on the integration of specialized
embeddings for the Kazakh language, as well as the adaptation of deep language models
such as BERT, which will improve detection quality by taking deeper account of semantic
and contextual features of the text. Additionally, extending testing to cross-lingual datasets
will help address the problems associated with the diversity of morphological structures in
related languages.

Thus, the proposed hybrid model is a promising solution for textual duplicate de-
tection in low-resource agglutinative language contexts, thereby contributing to the im-
provement of accuracy and reliability in academic integrity monitoring and textual data
mining systems.
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