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Abstract

In this comprehensive study, we meticulously investigated multidimensional data analysis
techniques, particularly focusing on Tucker decomposition methods, spanning the period from 2000
to 2025. Our primary objective was to discern trends, advancements, and applications of these
techniques across various domains of knowledge and how they have evolved over time. An extensive
corpus of 288 scientific articles related to tensor decompositions, Tucker models and applications was
previously reviewed. Multivariate methods such as text mining using IraMuteq software and
MANOVA-Biplot were employed to visualize identified data patterns, and the analytical capability
of ChatGPT artificial intelligence was assessed to provide contextual insights and add another layer
of information to the research. Our conclusions underscore the importance of blending traditional
statistical approaches with natural language processing prowess to achieve a profound
understanding of the data. This analysis offers a comprehensive perspective on the evolution and
application of multidimensional data analysis techniques, with a special emphasis on the enduring
relevance of Tucker techniques in this new millennium.

Keywords: tucker decomposition; canonical biplot; ChatGPT; neural networks; scientific literature
review

1. Introduction

Systematic reviews are an essential tool in scientific research, allowing the collection, analysis,
and synthesis of existing information in a specific field [1]. In recent years, advances in technology
and artificial intelligence have introduced new approaches to perform this task more efficiently and
accurately. Two innovative approaches proposed in this study are Biplot-based Text Mining and
ChatGPT artificial intelligence, which offer different perspectives on extracting scientific information.

Text Mining refers to the process of using natural language processing and data mining
techniques to analyze large volumes of text and extract relevant information [2]. In a systematic
review, this information can be extracted from the abstracts of scientific articles published in high-
impact journals. Additionally, Biplot techniques are presented as an ideal complement to enrich text
analysis, as they effectively visualize the relationships between keywords and groups of documents.
This facilitates the interpretation of patterns, relationships, and trends in textual data, allowing for a
deeper understanding of a particular domain. Traditionally, this has been done with Correspondence
Analysis (CA) by Benzecri [3], which penalizes the most frequently used words in the text corpus
that may be very common; however, they may have little semantic or informative relevance.

On the other hand, ChatGPT is a form of artificial intelligence based on generative language
models, which has the ability to understand and generate text in natural language [4]. With its ability
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for contextual understanding and generating coherent responses, ChatGPT can be used for tasks such
as classification, summarization, and analysis of scientific information.

In this article, we present our proposal on the publications related to Tucker models in this new
millennium. Tucker models, named after the eminent mathematician Ledyard R. Tucker, are highly
useful tools today as they are multiway data models that play a crucial role in the decomposition and
understanding of complex multidimensional data [5].

Despite the growing importance and widespread application of Tucker models, a
comprehensive understanding of how research in this field has evolved over the past two decades
remains elusive. Existing literature reviews on multiway analysis tend to be either narrowly focused
on specific applications or purely methodological, lacking a global perspective on disciplinary trends,
emerging topics, and shifts in research focus over time. Furthermore, traditional approaches to
synthesizing such a diverse body of literature are labor-intensive and may inadvertently overlook
subtle but significant patterns buried within large collections of abstracts. This gap in our
understanding limits the ability of new researchers to quickly grasp the state of the field and prevents
the identification of cross-disciplinary fertilization and emerging application domains. Therefore,
there is a clear need for a systematic, data-driven approach that can objectively map the intellectual
landscape of Tucker model research and track its evolution.

Conducting a systematic literature review on these models is an extremely complex task, given
the wide range of applications they have in the scientific world. Numerous re- searchers are dedicated
to exploring and leveraging the findings provided by these models, reflecting their importance and
relevance in contemporary research.

To address this gap, the present study proposes and demonstrates a hybrid methodological
framework that integrates traditional text mining and multivariate statistical analysis with the
contextual reasoning capabilities of large language models. Specifically, we combine lexical analysis
using IraMuteq software with Canonical Biplot (MANOV A-Biplot) techniques to obtain a statistically
robust visualization of research trends. We then augment these findings with a thematic analysis
performed by ChatGPT, which provides a nuanced, context-aware interpretation of the identified
patterns. Our primary objective is twofold: first, to conduct a systematic literature review of Tucker
models from 2000 to 2025, identifying key research themes, their evolution over time, and emerging
application areas; and second, to critically evaluate the synergies and complementarities between
traditional statistical approaches and Al-powered analysis in the context of scientific literature
review. The remainder of this paper is organized as follows: Section 2 provides the mathematical
foundations of Tucker models. Section 3 describes the materials and methods, including the PRISMA-
guided data collection process, the text mining workflow, the Canonical Biplot analysis, and the
integration of ChatGPT. Section 4 presents the results from both analytical approaches. Section 5
discusses the findings, compares the two methodologies, and addresses the study's limitations.
Finally, Section 6 offers conclusions and directions for future research.

2. Tucker Models

Tucker models are a generalization of singular value decomposition (SVD) specifically designed
for tensors. In this context, a tensor can be understood as a multidimensional data structure that
generalizes the concept of matrices to more than two dimensions. While a matrix has rows and
columns, a tensor can have multiple dimensions or modes.

Within three-way data analysis, the STATIS techniques (Structuration des Tableaux a Trois Indices
de la Statistique) [6] are noteworthy. These techniques treat three-way data as tables or data matrices
to obtain a two-dimensional array, thus capturing only the stable structure of the original data [7]. In
contrast, Tucker models [5] analyze the entire data cube, constructing a simplified model, thereby
capturing the dynamic part of the data. This ability of Tucker models to examine the complete data
cube results in much more detailed and content-rich information. These models allow for the
representation of a three-dimensional tensor (or higher-order tensor) as a combination of a core tensor
and a set of mode matrices that capture the underlying dynamic structure of the data [8]. This
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hierarchical and multidimensional structure provides a more compact and meaningful
representation of the data, facilitating the identification of patterns and relationships in complex
datasets [9].

In the Tucker-3 model, the three-way data tensor X = (x;jx), where i € {1,2,...,1}, j €
{1,2,...,]}, k € {1,2,...,K}, which we assume, without loss of generality, consists of I individuals,
J variables, and K occasions (or time points), can be approximated by the tensor X = (Xjjk) using the
equation

X =

where E = (e;j) is a tensor of residuals.

[><)

+E (1)

To construct the estimated tensor X, the Tucker-3 decomposition seeks to find three orthogonal
loading matrices A = (a;,), B = (bjq) , and C = (¢k,) ; where p € {1,2,...,P}, q €
{1,2,...,Q}, and r € {1,2,...,R}. These matrices A, B, and C correspond to the weights for
individuals, variables, and occasions respectively, and the decomposition also involves a core tensor g =
(Gpqr). also known as core matrix [5].

Thus, the [jk-th element of the tensor X in equation (1) can be expressed as

P
Xijre = ( Z IparQipbjqCr) + eiji- (2)
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Figure 1. Graphical representation of the Tucker-3 model decomposition.

The core tensor g, as shown in Figure 1, is the central element of the Tucker-3 model; it represents
the interaction between the three modes of the original tensor X [58]. It resembles a three-
dimensional matrix and contains the amount of variance explained by each combination of
components. This tensor G has dimensions P X Q X R, where P, Q,and R (P <I, Q <J, R <
K) are the number of components or latent factors required for each mode respectively, as a result of
the dimensionality reduction of the tensor X. In other words, the core tensor G is considered a
reduced version of the data tensor X [10]. Moreover, the selection of the number of components of
the core tensor is still a subject of study today, with various algorithms developed in this regard.
One of the first algorithms developed to estimate the number of components, by Kroonenberg
and De Leeuw in 1980 [11], is the algorithm known as TUCKALS3. This algorithm, through

alternating least squares fitting, aims to minimize the function

g(A,B,C,G) = X-AG(C Q@ B)" II?, 3)
where |||l denotes the Euclidean norm, and the matrices (also called unfolded tensors) X and G are
obtained by concatenating the K frontal slices of the tensors X and G, respectively.

Later, Timmerman and Kiers in 2000 [12] proposed the well-known algorithm DIFFIT, which
determines an optimal proportion of the difference in fit or sum of squares explained by the solutions
of these models known as Three-Mode Principal Components Analysis (3MPCA).

The modes are essential for defining how data is organized and related in the three-
dimensional tensor [13]. The three mode matrices are used to describe how dimensions are

grouped within each mode and, together, determine the structure of the core tensor [14]. The
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Tucker-3 model can be represented using matrix equations for each of its three modes as

follows:
Mode A: X, = AG4(C @ B)T + E,, 4)
Mode B: Xz = BGg(C ® A)T + Ep, &)
Mode C: X, = CGo(B ® AT + E, (6)

In equations (4), (5), and (6), the operator @) is the Kronecker product [5]. Taking mode A as an
example, the matrices X,, G4, and E4 are two-way arrays of order (I X JK), (P X QR), and
(I X JK), respectively, and they are the matricized versions of the tensors X, G, and E.
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Figure 2. Unfolding of the data tensor X in its different modes.

As shown in Figure 2, the matricization or unfolding of the tensor X is obtained by
concatenating the different slices, whether they are frontal for mode A, horizontal for mode B, or
lateral for mode C, in order to obtain their two-way matrix versions.

The Tucker-2 models are specific variants of the Tucker-3 model [15]. In a Tucker-2 model,
out of the three available modes, two are reduced, resulting in three possible configurations
of Tucker-2 models; these are Tucker-2-AB, Tucker-2-AC, and Tucker-2-BC. Similarly,
Kroonenberg and De Leeuw developed the TUCKALS?2 algorithm to find optimal solutions
with alternating least squares. For example, in the Tucker-2-AB model, mode A is reduced
to P components (P < I) and mode B is reduced to Q components (Q < J). Mode C, on the
other hand, is not reduced and remains with its K original slices. This same principle applies

to the other modes.

From another perspective, the Tucker-1 models are also classified as specific instances of the
Tucker-3 model. In a Tucker-1 model, out of the three available modes, only one is reduced. In total,
three variants of Tucker-1 models are distinguished: Tucker-1-A, which involves a component
analysis on two-dimensional tables for the frontal slice supermatrix; Tucker-1-B, which involves a
component analysis on two-dimensional tables for the horizontal slice supermatrix; and Tucker-1-C,
which corresponds to a component analysis on two-dimensional tables for the vertical slice
supermatrix. The TUCKALS1 algorithm is used for these three Tucker-1 models. For example, in the
Tucker-1-A model, mode A is reduced to P components (P < I). Modes B and C are not reduced
and remain with their J/ and K original slices, respectively.

The challenges encountered in interpreting the results of Tucker models have driven the
development of new approaches based on simpler hypotheses. In 1970, Carroll and Chang [14], as
well as Harshman [16], independently proposed a model to decompose three-way tables with fully
interrelated modes more directly. While the former authors called it CANDECOMP (Canonical
Decomposition), Harshman named it PARAFAC (Parallel Factor Analysis).

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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The CANDECOMP/PARAFAC (CP) model is a constrained version of the Tucker-3 model and

is defined as

Xc=CHB QAT +E, (7)
where the matrix H is the two-dimensional version of order R X R? of the three-dimensional
superidentity tensor H; that is, H = (hpg,), with hyg =1 when p=q =71, and hpg =0
otherwise.

The model is uniquely defined under certain (weak) conditions, which are often met in practice.
That is, the estimates of A, B, and C are unique up to an arbitrary scaling of the columns in two of
the component matrices and an arbitrary simultaneous permutation of the columns in the component
matrices.

These Tucker models have found applications in a wide variety of fields, from spectroscopy [17-
27], agriculture [28-31], data mining [32], and neuroimaging [33,34]. Their versatility and ability to
handle high-dimensional data have driven their adoption in scientific research and have contributed
to a better understanding of complex phenomena [35]. Therefore, it is crucial to document and
advance the development of Tucker models due to their fundamental role in contemporary and
future scientific research in the new millennium.

In this article, we conduct a systematic literature review using Biplot-based Text Mining and
ChatGPT 5.2 for scientific information extraction, focusing on a specific case: the search and analysis
of the literature from the year 2000 to 2025 related to Tucker models. For this purpose, searches were
conducted in the Scopus and Web of Science databases, obtaining a set of relevant articles. These
articles were processed using a Text Mining tool, the IraMuteq software, generating a lexical table
and subsequently performing a Canonical Biplot analysis. In turn, ChatGPT 5.2 was used to perform
a similar classification, evaluating similarities and differences with the Biplot-based Text Mining
approach, thereby adding an additional layer of information to the systematic literature review.

3. Materials and Methods

3.1. Materials

A comprehensive search for articles in high-impact journals was conducted using a broad set of
keywords related to Tucker models and their equivalent formulations. The search terms included
specific Tucker model variants (Tuckerl, Tucker-1, Tucker2, Tucker-2, Tucker3, Tucker-3, Tucker
decomposition, Tucker model), equivalent mathematical formulations (Higher-Order Singular Value
Decomposition, HOSVD, Multilinear Singular Value Decomposition, MLSVD, three-mode principal
component analysis, 3SMPCA, Higher-order orthogonal iteration, HOOI), and closely related concepts
(tensor decomposition, multiway analysis, three-way data analysis, CANDECOMP/PARAFAC, PARAFAC2,
tensor train, core tensor, multilinear algebra, multilinear rank). The search was performed from January
1, 2000 to December 31, 2025 in the Scopus and Web of Science (WoS) databases, specifically.

In the search conducted in Scopus, a total of 351 publications were obtained, while 328
publications were found in WoS. In total, an initial database of 679 publications was obtained, which
was subjected to a screening process. For this screening, the principles established in the PRISMA
2020 statement (Preferred Reporting Items for Systematic Reviews and Meta-Analyses), which defines
guidelines for the systematic review and meta-analysis of studies [36], were applied. These guidelines
allowed for the evaluation of the relevance and methodological quality of the articles, ensuring the
inclusion of studies that met rigorous standards.
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Figure 3. Flowchart of the sample selection of articles related to Tucker Models from 2000 to 2025 according to
the PRISMA 2020 statement.

During the inclusion and exclusion process of articles, a series of stages were carried out to
ensure the relevance of the set of articles for the study. Initially, publications with missing
information in critical fields such as author, year, source, title, or abstract were discarded. These fields
are considered essential for the proper analysis and understanding of the articles. As a result of this
filter, 24 articles were removed (17 from WoS and 7 from Scopus), leaving a total of 655 articles, of
which 311 are indexed in WoS and 344 in Scopus.

Subsequently, duplicate articles were removed; that is, articles that were found in both
databases. If an article is indexed in both databases, we removed those indexed in Scopus and
retained those published in WoS as a priority. We identified a total of 297 duplicate articles, which
were removed from Scopus, resulting in a new total database consisting of 358 articles, of which 311
are indexed in WoS and 47 in Scopus; this database no longer contains duplicate articles.

Finally, the relevance of each article to the study, focused on Tucker models, was evaluated. At
this stage, the contribution of the research and its close relation to Tucker models were considered of
great importance. For this purpose, a new column was created in the MsExcel document containing
the data, allowing logical values of 1 to be assigned to relevant articles and 0 to those that were not.
After this evaluation, 70 articles were discarded (57 from WoS and 13 from Scopus), resulting in a
final set of 288 articles, of which 254 are indexed in WoS and 34 in Scopus, ready for Text Mining
analysis using IraMuteq software. This screening process is summarized in Figure 3.

The resulting database, composed of 288 publications, was used as the definitive set to conduct
the study with Text Mining tools, Canonical Biplot, and ChatGPT. This analysis will allow us to
evaluate the efficiency and accuracy of each technique in extracting specific scientific information
about Tucker models, as well as to identify potential advantages and disadvantages of each approach.

3.2. Research Methods

3.2.1. Text Mining with IraMuteq

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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The statistical analysis of textual data, commonly referred to as SATD, is a methodology that
combines text analysis techniques with statistical techniques to extract meaningful information and
reveal patterns and trends in large volumes of textual data [37]. The primary objective of this analysis
is to explore and understand the structure and content of the texts, as well as to identify relationships
between words and their context [38].

Data Preparation Statistical Processing
. —> | zstecuTen o
Anticle Corpus g Descanding
e

\, Context Units

Figure 4. Flowchart of the process for creating lexical tables with IraMuteq software.

In this study, SATD was used as part of the Text Mining approach to analyze the database of 288
publications related to Tucker models from the new millennium, specifically from the year 2000 to
2025. SATD was conducted using the IraMuteq software (Interface for R for Multidimensional
Analysis of Texts and Questionnaires), a free software developed by Pierre Ratinaud at the LERASS
Laboratory of the University of Toulouse [39]. IraMuteq software allows for multidimensional
analyses of texts of various natures, including official documents, web pages, news, and open-ended
survey responses [39,40], and it enables lexical analysis and the generation of a lexical frequency table
of keywords used in article abstracts [41].

The analysis with IraMuteq software is based on correspondence analysis methods and
hierarchical classifications, with a focus on descending hierarchical clustering [41]. This procedure,
shown in Figure 4, involves reducing context units to more manageable text segments (ECUs),
followed by lemmatization to reduce words to their canonical forms [39]. Then, context units (CU)
are created that meet certain criteria for active and supplementary forms [39,41].

Descending hierarchical classification is performed in stages, using correspondence factor
analysis and optimization of inter-class inertias to form clusters/classes of ECUs [42]. This analysis
allows for the identification of textual structures in the text corpus [43,44].

Each article in the corpus is accompanied by its corresponding abstract. These abstracts provide
a concise overview of the contents and context of the full article. Abstracts are a rich source of textual
information that allows the software to analyze lexical and semantic patterns based on the keywords
used and their relationships [45].

It is essential that the selected corpus is focused on a specific and coherent topic, in this case,
Tucker models. The thematic homogeneity ensures that the lexical and semantic analyses conducted
by the IraMuteq software are relevant and meaningful in the research context [46].

Once the corpus is prepared, the next step is the segmentation of the text into Elementary
Context Units (ECUs). These ECUs are short text fragments, usually two or three lines, representing
indivisible units of analysis [47]. Segmentation into ECUs allows the IraMuteq software to analyze
and process each fragment independently, facilitating the identification of specific patterns and
features in the text [48]. Before proceeding with lexical analysis, IraMuteq software performs an
automatic lemmatization stage of the words [39]. Lemmatization involves reducing each word to its
canonical or root lexical form [49]. This way, different forms of the same word are grouped under a
single form, simplifying the analysis and ensuring greater consistency in the results obtained [50].

Once the words have been lemmatized, the IraMuteq software proceeds to create Context Units
(CU) [50]. Each CU is a set of ECUs that share a certain minimum number of "active forms," which
are generally verbs, nouns, adverbs, and adjectives. These active forms are relevant for lexical and
semantic analysis as they contain key information about the content of the text [51].

From the CUs, the IraMuteq software constructs frequency tables, which are tables showing the
frequency of occurrence of each active form in each CU [52]. These tables are crucial for
correspondence analysis and identifying patterns in textual data. The IraMuteq software performs a

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202507.1477.v2
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 March 2026 d0i:10.20944/preprints202507.1477.v2

8 of 36

Correspondence Factor Analysis (CFA) on these contingency tables to detect relationships and
similarities between the active forms and the CUs [3].

The product we will use from the IraMuteq software analysis is a lexical table that shows the
relationships between active forms (lemmatized words) and CUs [53]. In this table, each row
represents a CU, and each column represents an active form. The cells of the table contain information
about the frequency of occurrence of each active form in each CU [42]. The lexical table is a visual
representation of the lexical and semantic relationships in the analyzed corpus, allowing for the
identification of patterns and trends in textual data [51].

3.2.2. Multivariate Analysis of the Lexical Table with Canonical Biplot

The lexical table obtained from the IraMuteq software is a cross-frequency table that has
traditionally been used for Benzecri's Correspondence Factor Analysis (CFA). CFA is a multivariate
technique that examines dependency relationships between categorical variables and generates
profiles based on relative frequencies. In this method, the most frequent words are penalized using a
weighted chi-square distance to measure relationships between categories in a contingency table.
These weights are essential for calculating the weighted chi-square distance and are an integral
component of the method.

However, CFA has limitations in describing the group structure of individuals and assessing
significant differences between them. In these cases, Canonical Analysis is used, particularly
Canonical Biplot or MANOVA Biplot, which provides a graphical representation associated with
MANOVA or Discriminant Analysis. This approach offers a more comprehensive view of the group
structure and the statistical significance of the differences between them [54].

Amaro et al. [54] justify the use of Canonical Biplot instead of CFA in the analysis of data with
group structure. They note that, from a statistical standpoint, CFA does not consider the group
structure of individuals and is not suitable for studying the significance of differences between
groups. In contrast, MANOVA can be used to study the significance of differences between groups,
and Canonical Analysis is used to study the dimensionality of the alternative hypothesis when the
null hypothesis is rejected in MANOVA [55].

The Canonical Biplot is an extension of Canonical Analysis that combines information about
group means and variables from a data matrix [54]. It allows for a joint representation of group means
and variables in a two-dimensional space, where group means are projected onto the canonical
variates, which are linear combinations of observed variables that best explain the differences
between groups [56]. The variables are positioned on the plot in directions that best predict the actual
mean values for each variable [57].

The matrix approach to the MANOVA model for nn variables is defined as follows:

X=AB+R. ®)
In this formulation, X represents a matrix of dimensions m X 1, which stores the observations. The
matrix A, of rank t, refers to the design matrix, which is set by the researcher, while B corresponds
to the matrix of unknown parameters. Lastly, R, a matrix of size m X n, stores the model residuals
or random deviations [57].

The MANOVA-Biplot, once the model is fitted, presents the null hypothesis, which is
fundamental for testing linear hypotheses such as

Hy:MBN = 0, 9)
where M and N are full-rank matrices, and their rank is p < t [58].

The selection of the matrices M and N can vary, allowing for the construction of Biplots for
different study hypotheses. Typically, M and N include a set of coefficients for making contrasts.

In the Canonical Biplot, similarities between groups are interpreted based on Mahalanobis
distances; the variables responsible for differences between groups are projected onto the group
directions, and correlations between variables are represented as angles between vectors on the plot
[59]. Acute angles indicate positive relationships, obtuse angles indicate negative relationships, and
right angles are interpreted as independence [60].
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The interpretation of the canonical axes, which are linear combinations of variables derived in
Canonical Component Analysis (CCA), is typically done through the correlations between the
observed variables and the canonical axes, although these relationships are not maximized by the
technique [54]. Instead, the use of the quality of representation of group means is proposed as a
measure of result accuracy. The quality of data representation is obtained through the Quality
Representation Index (QRI) [61]. This index measures the percentage of variability of group means
represented by the reduced-dimension solution and corresponds to the squared cosine of the angle
between the point/vector in multidimensional space and its projection in the low-dimensional
solution [62]. A QRI is calculated for both group means and variables [63]. In the Canonical Biplot, it
is possible to draw a confidence circle around the projection of the means for each variable. These
constructed circles allow us to visually identify significant differences between groups in terms of the
variables being analyzed [54].

In this study, once lexical tables were obtained from text analysis using IraMuteq software, a
multivariate analysis was performed using the Canonical Biplot or MANOVA Biplot method. The
main objective of this analysis was to group the articles based on their publication periods and
explore trends and changes over time in relation to Tucker models.

To carry out the Canonical Biplot, the articles were divided into four groups based on six-year
publication periods: group 1 (2000-2005), group 2 (2006-2011), group 3 (2012-2018), and group 4 (2019-
2025). Each group represented a specific period during which Tucker models were studied, allowing
for the analysis of the evolution of these models over time.

In the Canonical Biplot, the lexical tables obtained through the IraMuteq software were used to
represent the groups of articles and the variables (keywords) in a two-dimensional space. The group
means (represented by the articles belonging to each previously defined period) were projected onto
the canonical axes, which are linear combinations of the lexical variables that best explain the
differences between groups. Thus, each group was positioned in the Canonical Biplot space according
to its specific lexical characteristics.

The keywords (variables) were also placed on the plot based on their relationships with the
groups. The words responsible for the most significant differences between groups were projected in
the directions of the corresponding groups, allowing the identification of which terms were most
associated with each specific period.

Additionally, the Canonical Biplot facilitated the interpretation of similarities and differences
between groups and variables. Mahalanobis distances were used to assess dissimilarities between the
groups on the plot, while the angles between the keyword vectors allowed for the analysis of
correlations among them.

The application of the Canonical Biplot in this study provided a clear visualization of the group
structure of the articles based on their publication periods and revealed patterns and trends related
to Tucker models over time. It also provided a rich and detailed graphical representation that helped
better understand the relationships between the keywords and groups, facilitating a deeper
interpretation of the results obtained.

3.2.3. ChatGPT for Classification

ChatGPT, developed by OpenAl, is a powerful natural language processing system powered by
artificial intelligence (AI) [64]. It belongs to the GPT (Generative Pre-trained Transformer) series,
which has stood out for training massive language models on large amounts of text to learn linguistic
patterns and complex grammatical structures [65].

The latest known free version, GPT-5.2, also called ChatGPT, represents a milestone in the
evolution of Al [66]. This model has been able to generate coherent and relevant text thanks to its
architecture based on neural networks known as Transformers, which allows it to understand and
generate text based on the provided context [65]. The GPT-5.2 model, like its predecessors, is
characterized by its "pre-training" approach [64,67]. This means that the model is trained on large
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amounts of text without a specific task in mind. During the training process, the model learns
linguistic patterns, semantic relationships, and general encyclopedic knowledge [68].

The Transformer architecture is notable for its self-attention mechanism and its encoder-decoder
layers [69]. The self-attention mechanism allows the model to focus on relevant parts of the input text
by assigning weights to different words based on their relevance to understanding the context [70].
Additionally, GPT-5.2 has a massive structure consisting of 175 billion parameters [71]. This makes it
one of the largest and most powerful language models ever created, allowing it to generate highly
coherent and contextually relevant text [72].

The pre-training process of ChatGPT involves presenting the model with a large amount of text
collected from the web. During this process, the model tries to predict the next word or token in a
given sequence, allowing it to learn the probability of occurrence of different words based on the
context [73].

Once the model has been pre-trained, it can be fine-tuned for specific tasks by providing labeled
examples [74]. This allows developers to tailor the model for specific tasks, such as answering
questions, translating languages, generating creative text, and, as in this work, adding an additional
layer of relevant information to the Systematic Literature Review [75].

It is important to note that while GPT-5.2 is a marvel of artificial intelligence, it still has
limitations and challenges. For example, it can generate plausible but inaccurate responses and may
be sensitive to biases present in the training data [76]. These issues are the subject of ongoing research
and development to improve the model's accuracy and fairness; in fact, at the time of this research,
there are newer versions available for purchase [77].

The use of ChatGPT is diverse and ranges from virtual assistants to chatbots and text generation
for various applications [78]. Users can interact with it through text commands (prompts), and the
model will respond in a contextually relevant manner [78]. One of the key concepts in using ChatGPT
is “prompts”, or text commands used to guide text generation [77]. Prompts are instructions or
questions provided to the model to direct its output based on the specific task to be performed [65].
Proper use of prompts is essential to obtaining accurate and relevant responses [78].

Optimizing the use of prompts involves carefully choosing words and grammatical structures
to clearly communicate the desired task or question [71]. It may also require adding specific
constraints or indications to avoid inappropriate or irrelevant responses. Iteration and
experimentation with different prompts are common practices to refine the desired text generation
[71].

According to [65], although language models like ChatGPT can provide valuable information
and complementary analysis, it is important to keep in mind that in certain cases, the generated
information may not be completely reliable. This is due to several reasons:

1. Training data: Language models like ChatGPT learn from large amounts of textual data
available online. If these data contain incorrect or biased information, the model may generate
responses that reflect those limitations.

2. Pattern-based generation: Language models do not understand context in the same way
humans do. They often generate responses based on patterns present in the training data, even if the
response is not coherent or accurate.

3. Unverified information: Language models cannot verify the accuracy of the information
they generate. They may produce statements that sound convincing but are not supported by reliable
evidence.

4. Bias and neutrality: Models can capture biases present in the training data and replicate

them in the generated responses. This can lead to responses that reinforce biases or stereotypes.

To mitigate these issues, it is crucial to properly train and fine-tune language models before
using them for specific tasks [76]. This involves providing relevant and correct examples and guiding
the model toward generating accurate and reliable responses [77]. It is also essential to cross-check
the results generated by the Al tool with information from reliable sources and experts in the field
[78]. When using artificial intelligence as a support tool, it is necessary to exercise critical judgment
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and verify the consistency and accuracy of the generated information to ensure the integrity of
analyses and results [74].

It is important to highlight that the use of language models like ChatGPT for text analysis
complements traditional techniques such as those used with IraMuteq software and allows for more
robust and detailed results, especially in large datasets and in research that requires a more
sophisticated and automated approach. However, it is also important to note that these language
models should be used with caution and that the results obtained should be validated through
additional analyses and expert review in the field of study.

4. Results

4.1. Data Preparation for Text Mining

To generate the data matrix used in the analysis, certain methodological adjustments were made.
First, articles were obtained from the prestigious academic databases Scopus and Web of Science.
These articles were selected focusing on the fundamental fields for our study, including the author's
name, the year of publication, the source of publication, the title of the article, and, most importantly,
the abstract. It is important to note that the text mining analysis will be based on the latter field, as it
provides a concise but informative summary of the article's content.

Following the methodological guidelines established by Caballero et al. [79], a lexical table was
constructed using a specific approach. A plain text file was created that includes a unique identifier
for each article, accompanied by its respective abstract. It is crucial to mention that, in this context, it
is pertinent to perform additional cleaning of the abstracts. Occasionally, some journals add
copyright clauses at the end of the abstracts that are not the focus of the text mining analysis.
Therefore, it is recommended to exclude this content to ensure the integrity and homogeneity of the
analysis.

Additionally, it has been observed that the IraMuteq software tends to omit the first abstract
during the analysis. To address this issue, it is suggested to duplicate the first abstract in the plain
text file. This measure ensures that the analysis with IraMuteq software is conducted completely and
accurately, without losing valuable information that may be contained in the first abstract of the
selected articles.

4.2. Results of Text Mining

Once the textual corpus under study was loaded into the IraMuteq software, we present the
results obtained, starting with the similarity analysis, based on graph theory. A graph, in this context,
represents a set of vertices (which correspond to words or forms) and edges (which represent the
relationships between them). The purpose of this analysis is to investigate the proximity and
relationships between the elements of a set, optimizing the simplification of the number of
connections until a connected acyclic graph is obtained. This is characterized by being a closed path
in which no vertex is repeated, except for the first one, which acts as both the start and end of the
path, as illustrated in Figure 5.
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Figure 5. Similarity graph of the textual corpus obtained by IraMuteq software.

As can be seen, to obtain the graph shown, some adjustments were made in the IraMuteq
software, considering words that, in addition to having high frequencies, are connected to the topic
in question, the Tucker models. In the similarity graph, three clusters are observed, represented by
different colors. Within these clusters, there are larger words (called the maximum tree of each cluster
that interconnects them: “model”, “datum”, and “tucker3”). At the same time, within each cluster,
these higher-frequency words are connected to other words that had strong connections in the textual
corpus.

In the central cluster, we have the term “model”, which acts as the central or most prominent
node. Within this cluster, some terms are strongly connected, such as: “factor”, “tucker”, “tucker2”,
“function”, and “core”; this suggests the presence of factorial analysis and mathematical functions
for Tucker models, particularly Tucker-2, where the core tensor, also known as the core matrix, is
involved.

In the left cluster, we identified the term “tucker3”, which acts as the maximum tree and is

“ ”

strongly associated with other words such as: “parafac”, “parafac2”, “decom- position”, “sdv”,

“tensor”, “tuckerl”, “candecomp”, “orthogonal”, and “factorization”. For example, “parafac” and
“parafac2” refer to variants or extensions of the PARAFAC model, while “decomposition” indicates
tensor decomposition. On the other hand, “candecomp” refers to CANDECOMP/PARAFAC
decomposition and also indicates the orthogonality property associated with certain decomposition
methods.

The third cluster, located on the right, has “datum” as the maximum tree, which is connected to
a series of keywords such as: “method”, “analysis”, “component”, “transform”, “functional”,
“cluster”, “multiway”, “computational”, “matrix”, “mode”, and “algorithm”. This structure suggests
a variety of related concepts and terms. For example, it indicates different approaches or methods for
data analysis, which are related to decomposing data into simpler components and data

transformation for various analysis purposes, including cluster analysis.

4.3. Data Preparation for MANOVA-Biplot

One of the primary functions of IraMuteq software lies in its ability to generate a lexical table or
matrix called tableafmc, which can later be subjected to Correspondence Factor Analysis (CFA) as
proposed by Benzecri [3], a statistical technique used to analyze contingency tables to explore
relationships between the categories of two categorical variables. In the context of textual analysis,
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this table shown in Table 1 incorporates the identifiers assigned to each article as variables and the
words identified from the analyzed corpus as rows.

Table 1. Partial result of Correspondence Factor Analysis from IraMuteq software.

*ID_ *ID1 .. *ID9
1 0 9
similarity 0 0 0
dynamic 0 0 . 0
calculate 0 0 e 0
risk 0 0 e 0
solution 0 0 e 0
batch 6 0 i 0
approximati 0 0 0
on
tucker3 2 0 0
validation 0 0 .. 0

The lexical table is a fundamental representation that allows us to analyze and understand the
frequency of keywords in the corpus of articles related to Tucker models.

Through this table, the distribution of words and their relevance in each publication period can
be visualized.

Constructing the lexical table involved transforming the corpus of articles into a matrix where
the rows represent the articles and the columns represent the unique words present in the corpus.
For each cell in the matrix, a numerical value is assigned indicating the frequency of the word’s
appearance in the corresponding article. This process provides a quantitative view of the most
relevant words in the dataset.

Using the IraMuteq software, we were able to analyze this lexical table and generate a visual
representation of the distribution of keywords across different publication periods. Lexical analysis
techniques, such as Correspondence Factor Analysis, allowed us to identify patterns and trends in
keyword frequency over time.

Following the recommendations of Caballero et al. [79], a characterization factor was applied
using the formula:

fr=—Ju

where f; j represents the frequency of a word located in row i and column j in the tableafinc

(10)

matrix. This transformation aims to simplify the matrix and enhance subsequent analysis.

To perform this characterization, the integrated development environment RStudio [80] was
used, where the tableafmc matrix was initially transposed and the characterization formula applied.
The result was saved in a new file called data, which was stored in Excel format. To further enrich
the dataset, a column indicating the publication year corresponding to each article in the original
database was added. This step can be easily performed using the filters available in the software, as
shown in part in Table 2.

Table 2. Simplified characterized frequency table.

ID simil  dyna calcu ... valida
arity mic late tion
*ID_1 0 0 0 0
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*ID_10 0 0 0
*ID_100 0 016 0

9
*ID_101
*ID_102 0 0 0 .. 0
*ID_99 0 0 0 .. 0

Furthermore, for conducting a group study following the MANOVA-Biplot approach, an
additional column numbered from 1 to 4 was added to the data file, indicating the group to which
each article belongs. This classification is based on a date table specifying the publication time
intervals, where each number represents a different period, as shown in Table 3.

4.4  Results of the MANOVA-Biplot

Once the groups corresponding to the publication periods of the articles were defined, in our
case, we have 4 groups, each spanning 6 and 7 years according to Table 3, chosen to maintain
homogeneity concerning the number of years analyzed.

Table 3. Correspondence between groups and article publication periods .

Grou Publication Period
p

1 January 1, 2000 -
December 31, 2005

2 January 1, 2006 -
December 31, 2011

3 January 1, 2012 -
December 31, 2018

4 January 1, 2019 -
December 31, 2025

We then proceeded to load the database called data into the MultBiplot software [81] version
18.0312, a tool developed in the Department of Statistics at the University of Salamanca, widely used
in multivariate data analysis. In this context, the software allows for the import of data from Excel
and the definition of the group variable as nominal, along with the specification of the 4 categories
corresponding to that variable. Subsequently, we performed the one-way MANOV A-Biplot analysis.
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Figure 6. One-way MANOVA-Biplot obtained from the characterized lexical table.

After running the analysis in the software, we made various modifications to adjust and improve
data visualization, thus obtaining a more accurate representation, as shown in Figure 6. In this regard,
advanced visualization techniques were implemented, including Voronoi regions and confidence
circles. These regions, named after the Russian mathematician Georgy Voronoi, are used to delimit
areas on a plane based on proximity to a given set of points, allowing for better interpretation and
understanding of the groups identified in the analysis [82]. On the other hand, the confidence circles
shown highlight the significant differences between the means since they do not intersect.

Table 4 details how the main dimensions capture variability in the data. The first dimension or
first canonical variable has an eigenvalue of 20.49 and an explained variance of 46.28%, meaning it
explains 46.28% of the variability between groups. This dominant factor captures nearly half of the
variability between groups, while the second component explains 31.61%; in other words, the first
two canonical variables explain 77.89% of the total variability, suggesting a deep understanding of
the data structure. Additionally, the p-values associated with the canonical variables are nearly zero,
indicating high statistical significance and confirming the robustness of the model. This detailed
evaluation provides a comprehensive view of the underlying relationships between the two sets of
variables, thus supporting the validity and reliability of the analysis.

Table 4. Eigenvalues and Variability between groups explained and cumulative.

Dimensio Eigenval % Expl. Cumm  p-
n ue . val.

1 20.49 46.28 46.28 0

2 16.94 31.61 77.89 0

3 14.17 2211 100 0

The results in Table 5, Quality of representation of group means, show how the different year groups
are represented on the axes of the canonical biplot analysis. Each group corresponds to a specific
period (e.g., “2000-2005”, “2006-2011", etc.), and the values in the “Axis 1” and “Axis 2” columns
represent the coordinates of that group on the two main axes of the Biplot; additionally, we multiplied
their original values by 1000 and added an accumulated quality column to facilitate interpretation.

Table 5. Quality of representation of group means x1000

Grou Period Axis 1 Axis2 Cum
P
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1 2000-2005 340 209 549
2 2006-2011 153 282 435
3 2012-2018 93 907 1000
4 2019-2025 975 13 988

Groups 3 and 4, i.e, the years 2012-2018 and 2019-2025, present the highest qualities of
representation on the first two factorial axes (1000 and 988, respectively), followed by group 1 (549)
and finally group 2 (435) with relatively low quality compared to the other groups. This suggests
considering that this group will be better represented on axes 2 and 3. However, in general terms, we
have a very good quality representation of the canonical groups on the first two axes.

The graph of the Canonical Biplot analysis is presented, visualizing the relationships between
groups corresponding to different year periods. Each group is represented in the Biplot by a set of
coordinates on the main axes. This analysis allows us to observe the trends and patterns in the
evolution of keywords over time concerning Tucker models. Focusing on the result of the MANOVA-
Biplot analysis obtained in Figure 6, four regions representing the publication periods of the articles
are identified: “2000-2005”, “2006-2011”, “2012-2018”, and “2019-2025”. A notable feature is the
significant increase in the number of keywords as we move forward in time. This suggests an
expansion in the scope and focus of research, with diversification in the thematic areas addressed
concerning Tucker models.

It is also observed that there are many similarities between the groups of articles from the
periods 2000-2005 and 2006-2011 (groups 1 and 2) since they are very close on the graph; on the other
hand, groups 3 and 4 are far from the others, suggesting that the topics covered in those periods are
significantly different but within the scope of Tucker models.

In the period “2000-2005”, the inclusion of the terms “hiclas” and “binary” suggests a focus on
data organization and hierarchy, which corresponds to hierarchical classes of binary data through
Tucker models. This indicates the exploration of complex structures and relationships between
variables. The appearance of “Candecomp” refers to CANDECOMP (Canonical Decomposition); in
addition, terms such as “Tucker3”, “PCA”, and “PARAFAC”, which are fundamental techniques in
Tucker models, are included. Their inclusion in this period indicates continued interest in researching
and developing these techniques in the early years of this millennium, although they are models
developed in the last century.

The inclusion of terms such as “pollution”, “chemical”, “chemometric’, “water”, and
“contamination” suggests a focus on applying Tucker models in contexts related to the assessment
and modeling of pollution and water quality. This indicates an interest in analyzing environmental
and health-related data during that period.

In group 2, period “2006-2011”, the repeated presence of terms such as “dimensionality” and
“transform” indicates a concentration on generating and transforming data using Tucker models
during this period. These terms suggest a focus on the manipulation and conversion of data into
useful and analyzable formats.

The presence of the term “fuzzy” indicates a focus on studying Tucker models with imprecise
or fuzzy data. Taken together, these findings suggest an emphasis on innovation and advancement
in tensor analysis during this specific period, highlighting the importance of exploring and
understanding the complexities of Tucker models to address challenges in various application areas.

During the period 2012-2018, the published articles present a varied focus covering different
aspects of the research. There is an interest in updating methods and techniques, such as “sparse”.
Additionally, the term “cd” suggests an interest in studying Tucker models for compositional data.

There is also an evident focus on data visualization (“visualization”) and dimension estimation
(“dimension”), which suggests an emphasis on understanding and visually representing
information; these terms also suggest the study of the number of components or dimensions to retain

v u

for each mode in Tucker models. The presence of terms like “dna”, “efficiency”, “diagnostic”,
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“fluorescence”, “mine”, “ecological”, and “denoising” indicates a diversity of application areas,
ranging from environmental research to molecular biology. These terms reveal multidisciplinary and
multifaceted research during this period, covering everything from the refinement of analytical
techniques to the application of tensor analysis in various fields of study.

Finally, in the group corresponding to the period “2019-2025”, there is a concentration of
keywords such as “robust”, “highly”, “algorithm”, “multidimensional”, “massive”, “network”,
“numerical”, “mimo”, and “communication”. These keywords reflect a technically and conceptually
advanced landscape concerning Tucker models in the most recent period. There is a focus on areas
such as advanced algorithms, image processing, computational efficiency, pattern recognition, and
neural network applications in communication, among others.

The knowledge development line in Tucker models has evolved from their fundamental
development to their application in complex and dynamic problems across various fields. Over the
years, a deeper understanding of Tucker models and their integration with other analytical methods
has been achieved, leading to significant advances in multidimensional data analysis and
understanding patterns and trends over time. Up to this point in the study, we have conducted a
traditional, subjective, and superficial interpretation of the scientific contributions of the new
millennium within the context of Tucker models. In this sense, it is essential to add an additional
layer of information using artificial intelligence.

4.5 How Can Al Enhance the Results of Text Mining?

Artificial intelligence, specifically ChatGPT-5.2, enhances text mining on article abstracts related
to Tucker models by offering a deep interpretation of the context, generating additional summaries
that highlight key points, identifying emerging trends and patterns, providing practical examples of
application, and analyzing fundamental opinions. This facilitates a more comprehensive
understanding of research in this field and guides future research areas with greater clarity and
precision.

To maximize the effectiveness of ChatGPT-5.2 in text mining for Tucker models, it is crucial to
design well-structured prompts that ensure accuracy, coherence, and relevance in the generated
responses. The way a prompt is formulated significantly influences the quality of insights derived
from the AI model. Table 6 presents key strategies for optimizing prompt design, including
specificity, step-by-step structuring, the use of examples and constraints, iterative refinement, and
bias control. Implementing these strategies enhances the precision of text analysis, reduces irrelevant
information, and allows for a more structured extraction of meaningful patterns from the literature.

Table 6. Strategies for Prompt Design in ChatGPT-5.2 and their impact

Strateg Description Impact on

y results

Specificity =~ Provide clear Improves

and details about accuracy and

Context the task and relevance of the
objective  of response.

the query to

reduce

ambiguities.
Step-by- Divide the Produces more
Step query  into organized and
Structuring  sequential coherent

steps to better responses.
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generation.
Use of Include Reduces generic
Examples specific responses and
and examples and improves
Constraints  limit the information
scope of the relevance.
response  to
avoid
irrelevant
information.
Iterative Reformulate  Adjusts the
Refinement prompts generated content
based on the to be more precise
initial output and aligned with
to improve the objectives.
ac-  curacy
and depth.
Bias Evaluate Minimizes errors,
Control responses biases, and
and Cross- from ensures more
Validation  different reliable
perspectives  information.
and  verify
information

with external

sources.

To conduct this study, we accessed the OpenAl website (www.chat.openai.com) and used the
ChatGPT version 5.2 platform. It is recommended that users first create an account on the platform
to establish the proper use of artificial intelligence. Then, we entered the initial prompt while
maintaining the structure shown in Table 7.

Table 7. Initial Prompt for article abstract analysis using ChatGPT-5.2.

Promp Description
t
Prompt 1 I will provide a set of research
article abstracts. Your task is to
analyze them and extract key
insights related to Tucker models.
Prompt 2 I will provide you with a table

containing information from 20
articles. The first column of this

table is the year of publication, the
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second column contains the
authors, and the third column
contains  the  corresponding
abstract of each article. In

chronological order, identify and
summarize the main findings and
present the information grouped

by year.

With this set of instructions to ChatGPT, capturing the main findings of each article is ensured.
As shown in Figure 7, ChatGPT is initially prepared to receive the information from the
corresponding articles for each group. Specifying the format of the provided data is important to
subsequently create a timeline to capture the main findings detected. Additionally, due to the
processing limitations of this free version of ChatGPT-5.2, the dataset to be entered was divided into
groups of no more than 20 articles per entry until the total was reached.

Step 1: Initiel Promet
Step 2: Eniry of articke
absiracts.

Data Preparation Statistical Processing

WASR X

Abstracts: | 2stecuten || 3 lemmatioation | —P 4 Contingsncy Tables: — e
aEcoms Segmentationinto._ Word Reduction Word Document g
\ s \, Context Units 4/ to Root Form Matrix Creation Descending

Clustering

e el

Stap 3: Rosut roquast
prompt

Figure 7. Process of textual corpus analysis with ChatGPT-5.2.

Once the abstracts were entered, the artificial intelligence identifies the main findings. These
results are then compared with the information captured in the MANOVA-Biplot analysis. This
multi-layered validation ensures consistency, highlights key patterns, and identifies potential
discrepancies between Al-generated insights and traditional statistical approaches. This process is
crucial because ChatGPT can generate erroneous results, potentially biased by the user’s prior
information, query region, language, and other factors.

4.6 ChatGPT-5.2 results for textual analysis of articles related to Tucker Models in the period 2000-2025.

Following the prompt design strategies outlined in Section 4.5, the initial prompts shown in
Table 7 were entered into the ChatGPT-5.2 platform. Subsequently, the abstracts of the 288 articles
were introduced in chronological order, grouped in batches of no more than 20 articles per session to
ensure processing accuracy. The model then generated year-by-year summaries of the main findings
related to Tucker models.

Table 8 presents a representative sample of the outputs obtained for the initial years of the
analysis (2000-2002). The complete set of results, covering the entire 2000-2025 period, was generated
following the same procedure.
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Table 8. Sample of ChatGPT-5.2 outputs for article abstracts analysis (2000-2002) .

Year Authors Main findings

2000 Louwerse & Extended the theory of
Smilde batch-process  MSPC
control charts and
developed improved
charts based on
Unfold-PCA,
PARAFAC, and
Tucker3. They showed
that performance
depends on the fault
type and the chosen
model/chart.

2000 Timmerman & Proposed DIFFIT to

Kiers select the optimal
number of components
in  trilinear = PCA
(BMPCA). In
simulations, DIFFIT
more accurately
identified the correct
number of components
than competing
methods.

2001  Gurden et al. Presented a “grey”
model combining
known and unknown
information about a
chemical system using
Tucker3, illustrated
with batch chemical
reaction data.

2001 Broetal Highlighted
fundamental
differences  between
PARAFAC and
Tucker3 and proposed
a modification of the
multilinear partial least
squares regression

model.
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2001  Simeonovetal. Applied multivariate
statistical methods to
drinking water data to
characterize water
quality across different
systems
(multiway/multivariat

e analytical context).

2001 De Juan & Compared three-
Tauler dimensional chemical

data resolution

methods and

suggested Tucker3 and
MCR-ALS are suitable
for non-trilinear data.
2001 Estienneetal. Used Tucker3 to
extract useful structure
from complex EEG
data and to identify
irrelevant sources of
variation.
2002  Gemperline et Applied Tucker3 to
al. multidimensional fish-

spawning catch data to

identify migratory

patterns.
2002  Amaya & Described the Tucker3
Pacheco method for three-way

data  analysis and
demonstrated its

practical application.

2002  Lopes & Compared PARAFAC
Menezes and  Tucker3  for
industrial process

control, showing that
model choice affects
monitoring

performance and

interpretability.

4.7 Timeline of the Development of Tucker Models in the New Millennium

Overall, the period from 2000 to 2025 has witnessed significant progress in the field of tensor
decomposition and multidimensional data analysis. Researchers have achieved advances in theory,
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algorithms, and practical applications, leading to a greater understanding and use of Tucker models
across various disciplines. Figure 8 presents the main findings related to Tucker models in the new
millennium, resulting from Text Mining based on Biplot and ChatGPT-5.2.

o

2000 2001 2002 2003

Figure 8. Some prominent research on Tucker models from 2000 to 2025.

At the beginning of this new millennium, Timmerman and Kiers in 2000 [12] introduced a new
method, called DIFFIT, that determines the optimal number of components to use in the Tucker-3
model, a challenge that persists to this day. The effectiveness of DIFFIT is compared with two
methods based on two-way PCAs through a simulation study, concluding that DIFFIT significantly
outperforms the other methods in indicating the correct number of components. Furthermore, the
sensitivity of the TUCKALS3 algorithm in estimating the 3MPCA is examined, finding that, when the
number of com- ponents is correctly specified, it avoids local optima. However, the occurrence of
local optima increases with the discrepancy between the underlying components and those estimated
by TUCKALS3, with fewer local optima occurring in runs initiated rationally compared to random
starts. The following year, Pravdova, et al. [81] presented a robust method, called RobTUCKERS3, for
identifying outliers in the Tucker-3 model, highlighting its effectiveness in both simulated and real
data.

In 2002, there were two important contributions. On one hand, Timmerman and Kiers [83]
proposed a three-dimensional component analysis with smoothness constraints, which improved the
estimation of model parameters in functional data. In this research, smoothness conditions were
posed using the family of B-Splines functions. On the other hand, [84] investigated degenerate
solutions, highlighting the importance of unique com- ponents in generating stable and interpretable
solutions.

Methodological development was also highlighted by Bro and Kiers in 2003 [85], who
introduced a new efficient method, the core consistency diagnostic called CORCON- DIA, to
determine the appropriate number of components in multi-dimensional models such as PARAFAC.
This tool proved effective in selecting appropriate models, although it was noted that the theoretical
understanding was not yet complete. This diagnostic is based on evaluating the “appropriation” of
the structural model concerning the data and the estimated parameters of gradually increased
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models, and it has proven to be an effective tool in determining the number of components.
Continuing with the challenge of the number of components, Kiers and Kinderen, 2003 [86] proposed
a quick method for choosing the number of components in Tucker-3 analysis, the improved DIFFIT.
Their alternative procedure is based on a single, fast analysis of the three-dimensional dataset,
providing comparable effectiveness results to the original method proposed by Timmerman and
Kiers in 2000.

Regarding binary data, Ceulemans, et al., 2003 [87] proposed a new model for 3-way 3-mode,
called Tucker3-HICLAS. Along the same lines, Ceulemans and Mechelen, 2003 [88] investigated and
demonstrated two uniqueness theorems for hierarchical class models in N-way N-mode data, that is,
for multi-way binary data. Additionally, Muti and Bourennane, 2003 [89] presented a new method
for the approximation of low-rank tensors, known as FOLRTA, highlighting its efficiency in noise
reduction in applications such as color image processing and seismic signals. These studies underline
the diversity of approaches to addressing problems related to multi-way models and the importance
of efficient methods for determining the number of components in multidimensional data analysis.

Regarding variants of three-dimensional component analysis, Giordani and Kiers, 2004 [90]
extended principal component analysis to three-dimensional data with interval values, applying
methods such as Tucker-3 and CANDECOMP/PARAFAC. Simultaneously, Kiers, 2004 [91]
introduced a bootstrap procedure to provide confidence intervals for all output parameters in three-
dimensional analysis, enabling the evaluation of the stability of the obtained solutions.

Ceulemans focused several of his studies on binary data; thus, in 2004 [92] introduced a new
hierarchical class model called Tucker2-HICLAS, and the following year [93] they presented
Tuckerl-HICLAS, thereby addressing binary data for the various modes. These models include a
hierarchical classification of the elements of each mode, highlighting a distinctive feature that retains
the differences between the association pat- terns of the elements in each of the modes.

Giordani, 2006 [94] addressed the problem of data reduction for fuzzy data, introducing several
component models to handle two-way and three-way fuzzy datasets. For Tucker models, this
includes the Fuzzy Tucker3 model. The two-way models are based on classical principal component
analysis (PCA), while the three-way models are based on three-dimensional generalizations of PCA,
such as Tucker-3 and CANDECOMP/PARAFAC. These models leverage possibilistic regression,
treating component models for fuzzy data as regression analyses between a set of observed fuzzy
variables (response variables) and a set of unobserved crisp variables (explanatory variables). On the
other hand, Ceulemans and Kiers, 2006 [95] addressed the selection of three-mode principal
component models of different types and complexities. They proposed a numerical method based on
a convex hull, known as CONVEX HULL, to select the appropriate model and complexity for a
specific dataset, showing that this method works almost perfectly in most cases, except for Tucker3
data arrays with at least one small mode and a relatively large amount of error.

Regarding canonical analysis techniques, Dahl and Nees, 2006 [96] presented the GCA-Tuckerl
model, which analyzes relationships between and within multiple data matrices, unifying Carroll’s
Generalized Canonical Analysis (GCA) methods with the Tuckerl method for principal component
analysis of multiple matrices. Meanwhile, Vichi et al., 2007 [97] implemented clustering techniques
for three-way data, presenting the T3Clus model.

In the development of algorithms that accelerate computational performance for large volumes
of three-way data, Van Benthem and Keenan, 2008 [98] described the Fast- TUCKER1 method for
performing trilinear analysis on large datasets using a modification of the PARAFAC-ALS algorithm
based on the Tuckerl model, allowing for a solution 60 times faster for massive PARAFAC data
problems that do not fit in the computer’s main memory, resulting in a significant improvement in
performance. Meanwhile, Smolinski et al., 2008 [99] proposed using the expectation-maximization
(EM) algorithm on the Tucker-3 model, called EM-Tucker3, to handle missing data in chemometric
analyses. Additionally, He et al., 2009 [100] presented an efficient approach for model se- lection in
Tucker-3 analysis based on principal component analysis (PCA), PCA-Based Tucker3,
demonstrating computational efficiency and effectiveness in selecting the number of components for
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each mode. Meanwhile, Dahl and Nees, 2009 [101] introduced a method, Fuzzy Clustering T3, for
identifying atypical evaluators in descriptive sensory analysis based on fuzzy clustering and multiple
block methodology.

Giordani, 2010 [102] proposed an approach for the analysis of three-way imprecise data,
focusing on transforming these data into fuzzy sets for further analysis. This method involves using
generalized Tucker-3 and CANDECOMP/PARAFAC models to examine the underlying structure of
the resulting fuzzy sets. Additionally, the statistical validity of the identified structure is evaluated
using bootstrapping techniques, providing a robust tool for summarizing samples of uncertain data.
On the other hand, Kompany-Zareh et al., 2012 [103] extended the core consistency diagnostic to
validate restricted Tucker3 models, now with the TUCKCORCON model, offering a tool to assess
the adequacy of the constraints applied to Tucker-3 analysis.

In 2013, methods continued to be developed for determining the number of components for each
mode. Wilderjans et al., 2013 [104] proposed the model called CHULL, which addresses the model
selection problem researchers face when analyzing data. This problem includes determining the
optimal number of components or factors in principal component analysis (PCA) or factor analysis,
as well as identifying the most important predictors in regression analysis. Meanwhile, Liu et al.,
2013 [105] proposed a method to improve accuracy in determining the number of components in
PARAFAC models, using a core consistency diagnostic approach with error reconstruction called
Improved CORCONDIA. Tortora et al., 2013 [106] extended probabilistic distance clustering to the
context of factorial methods, PD-Clustering Tucker, combining Tucker-3 decom- position with PD
clustering for greater stability in clustering complex data.

Giordani et al.,, 2014 [107] presented the R package, named ThreeWay, highlighting its main
features and functions, such as T3 and CP, which implement the Tucker-3 and Candecomp/Parafac
methods, respectively, for analyzing three-dimensional arrays. Yokota and Cichocki, 2014 [108]
proposed the linked Tucker-2 decomposition model (Linked Tucker2 - LT2D) for flexible analysis of
multi-block data, demonstrating its efficacy and convergence properties. On the other hand, Chen et
al., 2014 [109] proposed the FPSO-Tucker3 method to select the number of components in Tucker-3
decomposition for hyperspectral image compression, using a particle swarm optimization- based
approach (FPSO).

Gallo, 2015 [110] described the compositional data Tucker-3 analysis, highlighting the
importance of considering the specific characteristics of this type of data. Mendes et al., 2017 [111]
proposed the CO-TUCKER method for the simultaneous analysis of a sequence of paired tables,
offering a new perspective for understanding structure-function relationships in ecological
communities. Additionally, Ikemoto and Adachi [112] developed a procedure to find an intermediate
model between Tucker-2 and Parafac for analyzing three-dimensional data. In the proposed model,
called “Sparse Core Tucker2” (ScTucker2), the Tucker-2 loss function is minimized subject to a
specified number of zero core elements, whose locations are unknown; the optimal locations of the
zero elements and the values of the non-zero parameters are simultaneously estimated. An
alternating least squares algorithm is presented for ScTucker2 along with a procedure to select an
appropriate number of zero elements. Additionally, Tortora et al., 2016

[113] proposed the FPDC-Tucker3 model, which consists of clustering factors using probabilistic
distances.

Chachlakis and Markopoulos, in 2018, proposed an approximate algorithm for the L1-
TUCKER2 decomposition of three-dimensional tensors, highlighting its resistance to data corruption
compared to conventional methods [114]. Additionally, they developed exact and efficient algorithms
for this decomposition, demonstrating their robustness against outliers and outperforming
counterparts based on L2 and L1 norms [115]. On the other hand, Shomali et al. applied nonlinear
optimization techniques to estimate Tucker-3 solutions by minimizing the objective function
(TuckFMIN), while Stegeman introduced a model for the simultaneous analysis of components using
Tucker-3, demonstrating its effectiveness across various datasets [116,117]. Additionally, Lin and
collaborators proposed HOTCAKE for compressing convolutional neural networks, while Jang and
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Kang presented D-Tucker, a fast and efficient method for the decomposition of dense tensors, noted
for its speed and memory efficiency [118,119].

Martin-Barreiro and collaborators, in 2021, proposed a heuristic algorithm for computing
disjoint orthogonal components in the three-way Tucker model, known as DisjointTuckerALS,
thereby facilitating the analysis of three-dimensional data and the interpretation of results [120].
Meanwhile, Simonacci and Gallo, in 2022, presented PBA-Tucker3 as a three-way principal
component analysis using Tucker-3 decomposition, with applications in the composition of academic
recruitment fields by macro-region and gender/role in Italy [121]. Tsuchida and Yadohisa proposed
a Tucker-3 decomposition with a sparse core using a penalty function based on the Gini index, known
as TUCKER3-GINI, allowing for a simpler interpretation of the results [122]. Additionally,
Yamamoto and collaborators presented Consistent MDT-Tucker, a low dimensional tensor
decomposition method that preserves the Hankel structure in data transformed by Multiway Delay-
embedding Transform [123]. Pan and collaborators developed TedNet, a PyTorch tool for tensor
decomposition networks, implementing five types of tensor decomposition in traditional deep neural
network layers, facilitating the construction of various neural network models [124]. Finally, Koleini
and collaborators, in 2023, demonstrated the complementary nature of simultaneous analysis of
variance components (ASCA+) and Tucker-3 tensor decompositions in designed datasets, showing
how ASCA+ can identify statistically sufficient and significant Tucker-3 models. This model is called
TASCA, thereby simplifying the visualization and interpretation of the data [125].

Methodological advancements in 2024 included Han et al.'s sparsity-enhanced Tucker-2 model
for fMRI data, which improved schizophrenia classification by 7% [126]. Pagani et al. [127] extended
DD-SIMCA to multiway data using Tucker-3 for one-class classification of adulterated food samples.
Frutos-Bernal et al. [87] proposed Tucker3-PCovR for simultaneous dimension reduction and
prediction with biplot interpretation. Kirch et al. combined Tucker3 with joint plots and Procrustes
analysis for multi-response genotype evaluation [128].

Zhang et al. (2025) developed TDSA-SuperPoint, a novel scene matching navigation method
using Tucker-2 decomposition to reduce channel dimensions in neural network weights, achieving
58% fewer parameters, 18% higher efficiency, and 50.45% better accuracy compared to traditional
SuperPoint [129]. Graham et al. [130] introduced a constrained Tucker-1 tensor decomposition for
multivariate geochronology data to trace sediment sources, validated on detrital zircon data from the
Andes. Lestari et al. [131] investigated Tucker3 tensor decomposition for the standardized residual
hypermatrix in three-way correspondence analysis, presenting mathematical properties and
algorithms for constructing correspondence plots. Schenone et al. [132] applied a sparse Tucker3
clustering framework to analyze quality of life across 174 cities (2016-2024), identifying distinct urban
clusters based on environmental, economic, and social indicators. Frutos-Bernal et al. [8] proposed
T3-PCA, a global model for simultaneous analysis of coupled three-way and two-way data using
Tucker3 and PCA, demonstrating superior performance over sequential strategies in simulation
studies and anxiety data applications.

Saylor et al. [133] applied non-negative Tucker-1 decomposition to multivariate detrital zircon
data from till samples in British Columbia, successfully identifying two endmembers corresponding
to non-oxidized (low Cu-ore potential) and oxidized-hydrous (high Cu-ore potential) igneous
sources, with Source 2 proportions decreasing with distance from ore bodies. Martyna et al. [134]
developed a hybrid likelihood ratio model coupled with Tucker3 decomposition for forensic
comparison of weathered diesel fuel samples in fire investigations, where Tucker3 decomposed GC-
MS data into GC, MS, and sample modes, enabling correct source identification regardless of
weathering state. Ginige et al. [135] proposed novel joint channel estimation and prediction strategies
for beyond diagonal RIS-assisted MIMO systems using Tucker2 decomposition with bilinear
alternating least squares, achieving 98% reduction in pilot overhead and robust performance under
channel aging.

Mao et al. [136] introduced a tensor-based approach for joint hybrid beamforming and artificial
noise design in secure mmWave MU-MIMO-OFDM systems, formulating a Tucker2 decomposition
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subproblem for analog beamforming and employing HOSVD-based statistical null-space algorithm
for artificial noise precoding. Gu et al. [137] presented TensorTrack, a video object tracking method
combining L1-norm tensor decomposition for background subtraction and Tucker2 decomposition
for integrating appearance and motion patterns, achieving 15.8% improvement in AUC and ten-fold
speed increase over deep learning methods on OTB100 benchmark. Cascante-Yarlequé et al. [138]
proposed a methodological framework for three-way analysis of cost of living and quality of life
indices using dynamic HJ-Biplot and sparse Tucker3/Parafac models, applied to ten American
countries across six years (2019-2024), revealing relationships between economic variables and
quality of life indicators.

5. Discussion

In this study, we employed a novel hybrid methodology combining statistical techniques
(MANOVA-Biplot) with advanced natural language processing (ChatGPT-5.2) to analyze 288
scientific articles on Tucker models published between 2000 and 2025. This approach provided a
multidimensional perspective on the evolution and application of tensor decomposition techniques
across diverse scientific domains.

Integration of Methods. The combination of text mining, Canonical Biplot, and Al-powered
analysis proved particularly valuable for understanding the intellectual structure of Tucker model
research. The similarity graph revealed three distinct lexical clusters centered on "model," "tucker3,"
and "datum," reflecting the fundamental tripartite structure of the field: methodological
developments, specific model variants, and data-centric applications. The MANOVA-Biplot
enhanced this view by incorporating temporal dynamics, showing clear lexical shifts across the four
periods. Groups 1 and 2 clustered closely, indicating thematic continuity in early research focused on
foundational methods. In contrast, groups 3 and 4 diverged significantly, reflecting diversification
into new application domains and methodological specialization in recent years. The first two
canonical dimensions explained 77.89% of the variability between groups, confirming the robustness
of the temporal differentiation observed in the data.

Temporal Evolution of Research Themes. The lexical analysis revealed a clear evolutionary
pattern that aligns with the historical development of tensor decomposition methods. The 2000-2005
period focused on fundamental techniques such as Tucker3, PARAFAC, and Candecomp, along with
early applications in chemometrics and environmental science, reflecting the consolidation of
multiway analysis as a recognized methodological framework. The 2006-2011 period introduced
methodological variants including fuzzy models, dimensionality reduction techniques, and the first
applications to sensory analysis and process monitoring. The 2012-2018 period showed marked
diversification into molecular biology, ecology, medical diagnostics, and image processing,
demonstrating the cross-disciplinary fertilization of Tucker methodologies. Finally, the 2019-2025
period revealed maturation of the field, with emphasis on massive data, network analysis, MIMO
communications, robust algorithms, and deep learning integration. This trajectory confirms that
Tucker models have evolved from specialized chemometric tools to versatile techniques addressing
contemporary challenges in telecommunications, neuroimaging, and artificial intelligence.

Synergy Between Statistical and Al-Based Approaches. The integration of ChatGPT-5.2 added a
crucial contextual layer to the statistical analysis, addressing a fundamental limitation of purely
lexical methods. While the Biplot identified keyword associations and group structures with
statistical rigor, it could not discern the specific contributions, authors, or application contexts
underlying those patterns. ChatGPT bridged this gap by extracting narrative information from
abstracts, transforming abstract lexical clusters into coherent research trajectories. For instance, the
Biplot's identification of "mimo" and "communication" as characteristic terms for 2019-2025 was
substantiated by ChatGPT's extraction of specific contributions on RIS-assisted MIMO systems and
secure beamforming. Similarly, the appearance of "sparse" and "visualization" in 2012-2018 was
contextualized by contributions on sparse Tucker variants and factor clustering methods. This
synergy between quantitative pattern recognition and qualitative content extraction represents the
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primary methodological contribution of this work, demonstrating that Al-assisted literature review
can transcend the limitations of both purely manual and purely automated approaches.

Methodological Considerations for Al-Assisted Review. The integration of large language
models into systematic review workflows requires careful methodological design. In this study, we
implemented a structured prompt engineering strategy that emphasized specificity, step-by-step
structuring, and iterative refinement. The initial prompts established the task context and output
format, while subsequent interactions refined the extraction quality. Processing abstracts in batches
of no more than 20 articles per session ensured that the model maintained focus and coherence across
the 288-article corpus. The sample output shown in Table 8 demonstrates the level of detail achievable
with this approach. However, manual verification of a subset of extractions confirmed that Al-
generated summaries, while highly accurate for main findings, occasionally omitted nuanced
methodological details or misinterpreted domain-specific terminology. This underscores that Al
should be viewed as an augmentative tool rather than a replacement for human expertise in literature
synthesis.

Limitations and Future Directions. Despite the expanded keyword set including HOSVD,
MLSVD, tensor train, and related formulations, some relevant publications may remain unidentified
due to terminology variations not captured in our search strategy. The final corpus of 288 articles,
while comprehensive, may underrepresent contributions from conferences, preprints, and non-
English publications. Additionally, analysis based solely on abstracts, while efficient for large-scale
review, may miss methodological nuances present only in full manuscripts. The reliance on
ChatGPT-5.2, while state-of-the-art at the time of analysis, carries inherent risks of hallucination or
bias, which we mitigated through cross-validation with Biplot results and manual verification of
representative samples. Future studies should consider integrating multiple AI models for
triangulation, expanding search parameters to include additional databases and document types, and
developing automated validation protocols to further enhance reproducibility. The methodological
framework presented here, however, provides a robust foundation for such extensions, offering a
replicable template for Al-assisted systematic review across scientific disciplines.

6. Conclusions

This study conducted a systematic literature review of Tucker models from 2000 to 2025 using a
hybrid methodology that combined text mining, Canonical Biplot analysis, and ChatGPT-5.2.
Analysis of 288 articles from Scopus and Web of Science yielded several key conclusions.

First, research on Tucker models has evolved significantly over the past quarter-century. The
field has progressed from foundational work on Tucker3, PARAFAC, and Candecomp in the early
2000s, through methodological diversification including fuzzy models and sparse variants in the
2006-2011 period, to broad application across biological, environmental, and diagnostic domains in
2012-2018, and finally to contemporary focus on massive data, telecommunications, and deep
learning integration in 2019-2025. This trajectory confirms the enduring relevance and remarkable
adaptability of Tucker decomposition techniques, which continue to find new applications as data
complexity increases across scientific disciplines.

Second, the comparison between Canonical Biplot and ChatGPT-5.2 demonstrated the
complementarity of traditional statistical methods and Al-powered analysis. The Biplot provided
statistically robust visualization of keyword associations and group structures, revealing latent
thematic relationships across time periods with rigorous mathematical foundations. ChatGPT
contributed contextual depth by extracting specific contributions, author information, and
application contexts, transforming abstract lexical patterns into narratively coherent research
trajectories. Their combination yielded insights unavailable from either method alone, highlighting
the value of methodological pluralism in data analysis.

Third, the methodological framework proposed here offers a replicable template for Al-assisted
systematic literature review. The structured prompt design, batch processing strategy, and cross-
validation with statistical techniques address common concerns about Al reliability and
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reproducibility. This approach is particularly valuable for rapidly evolving fields where manual
synthesis of large literature corpora is impractical, and where the volume of publications exceeds the
capacity of traditional review methods.

Fourth, this study underscores the importance of human oversight in Al-assisted research. While
ChatGPT-5.2 demonstrated high accuracy in extracting main findings from abstracts, manual
verification revealed occasional omissions of nuanced details and domain-specific terminology. Al
should therefore be viewed as an augmentative tool that enhances human capabilities rather than a
replacement for expert judgment in literature synthesis.

Finally, the hybrid methodology presented here has broader implications for scientific
knowledge synthesis. As Al capabilities continue to advance, the integration of quantitative and
qualitative techniques, statistical rigor and contextual understanding, human expertise and machine
assistance will become increasingly essential for navigating the growing complexity of scientific
literature. The framework developed in this study provides a foundation for such integrative
approaches, with potential applications extending beyond tensor decomposition to any research
domain requiring systematic analysis of large document collections.
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