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Abstract

This article presents the development of a modular software suite for automated analysis
of scientific publications in PDF format. The system integrates vectorization, clustering,
topic modelling, dimensionality reduction, and fuzzy logic to combine both formal (vector-
based) and semantic (topic-based) approaches. Interactive 3D visualization supports
intuitive exploration of thematic clusters, allowing users to highlight relevant documents
and adjust analytical parameters. Validation on a maritime safety case study confirmed
the system’s ability to process large publication collections, identify relevant sources, and
reveal underlying knowledge structures. Compared to established frameworks such as
PRISMA or Scopus/WoS Analytics, the proposed tool operates directly on full-text content,
provides deeper thematic classification, and does not require subscription-based databases.
The study also addresses the limitations arising from data bias and reproducibility issues
in the semantic interpretability of safety-critical decision-making systems. The approach
offers practical value for organizations in safety-critical domains—including transportation,
energy, cybersecurity, and human-machine interaction—where rapid access to thematically
related research is essential.

Keywords: intelligent data analysis; artificial intelligence (Al); Al-support; clustering; topic
modelling; fuzzy logic; interactive visualization; human factor; decision-support systems;
safety-critical systems; transport automation; cybersecurity; human-machine interaction;
maritime sector; shipping safety; analytics; semantic classification

1. Introduction

In the digital age, the number of scientific publications across engineering, computer
science, and applied domains has been rapidly growing. This expansion significantly
complicates the preparation of targeted literature reviews, which now require not only
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identifying relevant sources but also conducting in-depth thematic analyses. The challenge
is particularly acute in interdisciplinary research areas, where traditional bibliographic
criteria often fail to capture the semantic overlap between different fields.

At the same time, organizations working in safety-critical sectors—such as transporta-
tion, energy, cybersecurity, and human—machine interaction—face an increasing need for
continuous monitoring of scientific and technical literature to identify solutions to complex
challenges. For instance, investigations in the maritime sector reveal that human error
accounts for a large share of operational incidents. Similar findings can be observed in
other domains, where operator behaviour, decision-making under stress, or inadequate
integration of automated systems may compromise safety. Such cases highlight the urgent
need for rapid access to relevant and up-to-date research, particularly studies that model
operator behaviour under critical scenarios.

However, due to the lack of specialized analytical tools, this information often remains
fragmented and dispersed across journals and technical reports, hidden in sources that
are not structurally or thematically connected. There is therefore a clear need for a system
capable of automatically analyzing large collections of academic papers and technical
reports, extracting key topics, identifying interdisciplinary connections, and presenting
results in a user-friendly format for researchers and decision-makers. Unlike established
frameworks such as PRISMA, which rely on manual or semi-automated filtering based on
formal attributes (e.g., keywords, year of publication, or source), there is increasing demand
for tools that can automatically generate thematic maps from user-defined collections of
PDF publications. Such tools should seamlessly integrate open-access content (e.g., Re-
searchGate, MDPI) without requiring costly subscriptions to commercial databases—an
important advantage for graduate students and early-career researchers.

Therefore, this study proposes an intelligent analyzer of scientific publications that
unifies semantic and formal approaches, integrates expert knowledge, and provides in-
teractive visualization. The tool is designed to support researchers and organizations in
safety-critical domains where timely access to relevant knowledge is essential.

2. Problem Statement, Purpose, and Objectives of the Study

Research in safety-critical domains is often characterized by substantial fragmentation,
both thematically and structurally. A significant portion of relevant studies is distributed
across author-managed repositories, institutional archives, and open-access platforms
such as ResearchGate, which typically lack standardized thematic or methodological
classifications. This dispersion limits the effectiveness of conventional bibliographic tools
for systematically analyzing complex issues such as operator behaviour, risk management,
and system integration in critical technical systems.

Existing frameworks for systematic reviews, including PRISMA and Scopus Analytics,
also face several constraints. These include reliance on manual relevance assessments,
subscription-based access to proprietary databases, and generalized data aggregation that
offers limited thematic depth.

Table 1 provides a comparative overview, highlighting how the proposed analyser
differs from PRISMA and Scopus/WoS-based approaches with respect to accessibility,
selection methodology, depth of content analysis, visualization capabilities, and adaptability
to specific research domains.
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Table 1. Comparison of the proposed analyser with established approaches (PRISMA, Scopus/WoS
Analytics) in terms of accessibility, selection methodology, content analysis, visualization, and

domain adaptability.
Criterion PRISMA Scopus/WoS Analytics Proposed System
Open-access PDF inputs; runs
s Partly open, requires Commercial licence, paid with Jup yter/Anaconda;
Accessibility manual work Access reproducible
CSV/HTML/PNG exports; no
extra licences
Automated full-text parsing
plus expert rubric mapping;
Selection method Manual/semi-manual Automatei,r‘:)lut metadata similarity-weighted “truth”
y and centroid (prototype)
assignment; hybrid scoring
SBERT embeddings with
. o Aggregation of clustering and topic grouping;
Content analysis Limited, keyword-based bibliometric data interpretable themes; optional
expert review loop
Visualization Basic PRISMA flow Network maps, graphs Interactive 2D /3D plots
High—validated on maritime
Domain adaptability Low Low safety, but extendable to HMI,

AI/ML, cybersecurity, energy,
and related domains

The absence of a unified thematic classification system in open-access PDF archives
makes it difficult to determine the following:

e  The coverage of specific subtopics (e.g., telerobotics or decision-support);

e The depth of research in critical areas (e.g., human-machine interaction in
transport automation) ;

e Existing gaps in addressing essential issues such as system integration or
behavioural modelling.

Manual review of large publication volumes is also time-consuming, resource-
intensive, and increases the risk of overlooking relevant material. The core problem,
therefore, lies in the lack of an adaptive, open-access, and automated tool that allows
researchers to carry out the following tasks:

e  Process custom collections of PDF articles independently of commercial platforms;

e  Perform thematic normalization that accounts for terminology and rubric variations;

e  Analyze category interrelations and article relevance from the perspective of different
engineering and applied domains.

Addressing these challenges will enable the transition from fragmented to systematic
and accelerated literature analysis, thereby expanding the toolkit available for developing
evidence-based solutions in safety-critical project management.

The relevance of this study stems from the urgent need to design information-analytical
tools for managing projects under conditions where human and system factors strongly
influence safety outcomes. With rapid advances in automation, artificial intelligence, and
decision-support systems, industries ranging from transport and energy to cybersecurity
and aerospace face emerging challenges that require continuous monitoring of scientific
progress and timely identification of thematically related publications.

To demonstrate the methodology’s practical potential, the approach is validated on a
case study in the maritime safety domain, where the human factor remains a major source
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of operational risk. However, the proposed system is not limited to this application and
can be readily adapted to other technical fields facing similar challenges.
Main contributions of this study are as follows:

e  Development of a modular, ML-based semantic analysis framework that combines
vectorization, clustering, and fuzzy logic;

e Integration of topic modelling and 3D visualization for comprehensive full-text analysis;

e Demonstration of the framework’s applicability to safety-critical domains such as
maritime safety and cybersecurity.

3. Materials and Methods

Before developing the user-level analyser of scientific publications, it was necessary to
define a collection of articles that reflected the researcher’s field of interest. For validation
purposes, the case study focused on project management for maritime transport safety
with consideration of the operator—navigator factor. Searches were carried out in open
databases such as ResearchGate, MDPI, and Google Scholar, and freely available PDF files
were saved. This process produced a corpus of publications to be analyzed (Figure 1).

Software Architecture

A 4

Inputs / PDFs, metadata

A

Preprocessing & Extraction
OCR/parse/clean + quality gate

L Y

Semantic embeddings — SBERT Preprocessing & Extraction
(all-MiniLM-L6-v2) OCR/parse/clean + quality gate
v v
Similarity analysis Vectorization — TF-IDF /
— cosine, Top-N CountVectorizer *
v Dimensionality reduction —PCA /
Term overlap & visuals TruncatedSVD (3D)
v )
Common terms (210): histogram, Clustering & topics — DBSCAN / K-Means
word cloud / LDA / BERT
v v
Similarity report — 3D term map — Plotly HTML
article_similarity_report.csv + bar- (interactive)
plot (PNG) I
xport coordinates —
! : ”
Interactive outputs — 3D HTML; article_coordinates.xlsx
CSV/XLSX; PNG/PDF !
uster analytics — centroids
v al Iyti ids &
Results folder / storage distances (cluster_analysis.xlsx)

Figure 1. Architecture of the proposed publication analysis system, illustrating the modular workflow
(data collection, preprocessing, clustering, visualization, and reporting).
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At this stage, several difficulties arise on the researcher’s side, usually including the
language barrier, a deep understanding of the context, and the direction of the research.
As a rule, the abstract can provide an idea of the direction of the publication and the main
results. Still, even with keywords, it does not simultaneously provide information about its
fuzzy affiliation with several scientific rubrics. Therefore, the task is to create and digitize a
user database for future use and quick processing. For the case study, the articles selected
for the literature analysis were related to maritime safety. However, the same workflow
can be applied to any technical domain.

Evidence from [1] emphasizes the importance of human-machine interaction in mar-
itime transport through incident analysis, supporting improvements in cooperation systems.
In [2], challenges of HMI faced by navigators of large passenger ships are explored together
with suggestions for interface design. Findings in [3] introduce the KONECT methodology,
focusing on operator response times during critical events. Results of [4] point to the
potential of explainable Al to increase the safety of autonomous ships. As demonstrated
in [5], shore-based control centres can oversee autonomous inland waterway vessels, while
Ref. [6] envisions a maritime traffic management system based on Multi-Agent Systems
(MAS). A framework for training future professionals in autonomous shipping is presented
in [7], and Ref. [8] reviews broader implications of autonomous ships on human-machine
interactions. Analysis in [9] shows how HMI errors with MAS ships are linked to inter-
face design. An integrated model of human—-autonomous system interaction to enhance
onboard safety is described in [10]. Moreover, Ref. [11] highlights opportunities for Al in
sea search and rescue operations.

Approaches to anomaly detection within complex socio-technical systems are detailed
in [12]. According to [13], neural networks can classify ice objects essential for Arctic
navigation. Predictive maintenance as a means of ensuring reliability is emphasized in [14].
Deep learning applications to reduce accidents caused by human errors are reported
in [15]. As illustrated in [16], machine learning can be combined with platforms to estimate
ship drift in open waters. Contributions of [17] incorporate AR technologies to improve
visibility in demanding navigation conditions. Reference [18] addresses HMI control
architectures in underwater telerobotics. Cross-industry factors shaping remote ship control
are investigated in [19]. The evaluation of sailors” skills in dynamic HMI systems is
presented in [20].

The significance of the human factor in collision communication is underlined in [21].
Behavioural aspects of remote-control errors are analyzed in [22]. The influence of route
sharing on trust and decision-making appears in [23]. Knowledge modelling to support
maritime decision-making is described in [24]. As shown in [25], captain behaviour during
collision avoidance can be studied using Apriori algorithms and complex networks.

Machine learning for identifying the right timing of collision avoidance is proposed
in [26]. A human-machine coordination model for collision avoidance is introduced
in [27]. In [28], virtual reality is applied to test autonomous ship avoidance strategies. Risk
assessment through RVM techniques is demonstrated in [29]. Findings in [30] describe a
cooperative collision avoidance system integrating human and automated inputs. A hybrid
approach combining manual and automatic controls is outlined in [31]. Dissertation results
in [32] suggest supportive HMI functions in avoidance systems. Applications of AR in
maritime cooperation are reviewed in [33]. As evidenced in [34], inverse control modelling
can enhance cargo operations. Navigator action prediction for safety management is
detailed in [35]. Qualification restoration for captains under risky conditions is examined
in [36]. Pivot point control for solitary vessels is discussed in [37], while Ref. [38] analyses
energy dissipation in unavoidable collisions.
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Reference [39] describes an intelligent backup control system for ship mechanisms.
External influences on seaworthiness are modelled in [40]. In [41], an expert methodology
for onboard risk assessment is proposed. Risks of AIS manipulation and countermeasures
are considered in [42]. Cybersecurity regulations in maritime transport are analyzed in [43].
The study in [44] examines psychological resilience in the context of excessive smartphone
use, which is relevant to teamwork effectiveness. As reported in [45], coping styles are
linked to anxiety. Defensive psychological mechanisms during military operations are
uncovered in [46]. Prescriptive behavioural styles among activists are described in [47].
Coping strategies during martial law are analyzed in [48], sources [49,50] provide insights
into psycho-emotional stability amid social change, relevant to crew adaptation during
crises and major maritime safety concerns. Fundamental results on weighted classes and
optimization methods in transport systems are presented in [51-53], highlighting both the
theoretical background and applied approaches to maritime logistics.

Thus, after forming the basic catalogue of publications, we proceed to data processing. To
complete the first research task, it is necessary to activate the mechanism for reading metadata
of scientific publications and expert evaluations from tabular sources (Excel and CSV formats).

The procedure will include four consecutive stages:

Stage 1. Loading input data from tabular formats (Table 2)

Table 2. Preliminary expert matrix created using Google Forms and Google Sheets, linking articles to
rubrics and expert assessments.

ArticleID Rubric Expert Percent Expert Summary
The article focuses on operator-automated
Human-machine subsystem interactions, analysis of HMI
1 interaction and HMI 40 performance; it proposes a graph-theoretical
ergonomics approach for identifying bottlenecks in decision
regions.
Human factors, risk Pr.lma}ry attentlon. is gl.ver.l to identifying and
: quantitatively analyzing risk influence factors (RIFs),
1 analysis, and competency 40 . . .
) accounting for their frequency and severity, and
modelling : . J
based on navigator errors and miscommunication.
A graph-theoretical network is used to support
Decision-support and decision-making, visualize key RIFs, and provide
1 30 . . .
expert systems recommendations for training and design of MASS
systems.
AI/ML for analytics and Correlatlpn and network models are apph.ed to
1 . 15 uncover hidden relationships among RIFs, in line
prediction . . :
with data analytics methodologies.
. The study of human-machine interaction on the
Human-machine bridge of large passenger vessels, including ke
2 interaction and HMI 40 48 8€ passeng o & ey
. issues of information availability, interface
ergonomics P . 1
ragmentation, trust, and usability.
The study conducts an in-depth analysis of
Human factors, risk navigators’ cognitive workload under abnormal
2 analysis, and competency 30 conditions, stress from distractions and limited
modelling signals, and the applicable 3D strategies of
navigational crews.
. Gathering deck officers’ requirements for proactive
Decision-support and - o
2 15 decision-support and context-sensitive tools lays the

expert systems

foundation for developing DSS/expert systems.
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This stage involves the processing of two data sources:

e article_metadata.csv or the ArticleMetadata sheet from Art_AlxIsx—publication meta-
data (ArticleID, APA, Keywords, etc.).

e  expert_matrix.csv or the ExpertMembership sheet—expert evaluations of each article’s
correspondence to specific rubrics.

Key actions and tools:

e pandas.read_excel(), pandas.read_csv()—for importing tables.

e  ExcelFile(...).sheet_names—for previewing available sheets in the .xlsx file.

e Automatic conversion of identifiers (ArticleID) to string type (str) to avoid errors
during table merging.

Stage 2. Building the generalized evaluation matrix

At this stage, an Article-Rubric Matrix is formed—a two-dimensional table where
rows represent unique articles (ArticleID); columns represent rubrics; and values represent
the share of expert assessment of the article’s affiliation with a given rubric (in normalized
format: from 0.0 to 1.0).

Platform: Anaconda JupyterLab 3.4.4 environment; programming language—Python.

Output: A DataFrame-type matrix, used as the basis for subsequent clustering, PCA,
and graph construction.

Stage 3. Automatic correction of duplicates and syntactic errors in rubrics

Problematic aspect: Manually entered rubrics may contain the following issues: different
spelling variants (e.g., “Al/ML for analytic and prediction” and “Al/ML for analytics and
prediction”); extra or missing spaces; character case mismatches; or transliteration errors.

Solution:

Forming a reference list of valid rubric names; applying automatic name normaliza-
tion: .strip()—trimming spaces; lower()—converting to lowercase; or fuzzy_matching
method—finding the closest valid rubric using the difflib.get_close_matches command.

Result: A unified rubric structure is obtained for each article, which reduces the
number of columns in the matrix and improves the quality of further analysis.

Stage 4. Saving the unified results

After the matrix has been generated, it is saved for further use in .csv or .xlsx formats:

pivot_expert.to_csv(r”C:\... Art_AI\expert_matrix.csv”)
df_meta.to_csv(r”C:\...Art_AI\ article_metadata.csv”)

These results are then used in: PCA analysis, construction of 3D article graphs by
keywords, and fuzzy logic inference.

The preliminary results obtained in stages 1-4 make it possible to define the direction
of further development and the expansion of the analyser’s functionality, taking into
account the need for ergonomic and adaptive support for the researcher’s work.

Therefore, we now define the formal model for processing and calculating input data
to expand the spectrum of analyser functions.

Data Acquisition. The framework operates exclusively on legally accessible sources,
including open-access publications and user-provided PDFs with appropriate usage rights.
When integrated with subscription-based databases, it accesses content via authenticated
institutional APIs, ensuring full compliance with access control policies. The system strictly
adheres to COPE and FAIR data ethics standards.

PDF input can be uploaded manually by the user or batch-processed through
automated directory scanning. No web scraping is performed without the user’s
explicit consent.
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4. Formal Model for Analyzing the Core Collection of Scientific
Publications

1.  Input Data

1.1.

1.2.

1.3.

Primary sets:
A= {ﬂl, a, ..
R= {1’1, ro, ..
Rubric evaluation matrix:

., ay}—the set of scientific articles.
., 'm}—the set of rubrics (topics).

M =[m;] € [0, 1]" XM _normalized correspondence matrix between articles ai
and rubrics 7;, formed automatically based on TF-IDF or classification models,
where m;; is the degree of relevance of ai to 7;.

Article metadata (based on expert evaluation) (Figure 2):

Ki—keywords;

Ti—research objective;

S,—results;

G;—identified gaps;

APA;—Dbibliographic reference.

X DB » m C » Code v &  Python 3 (ipykernel)
ExpertMembership sample:
ArticlelD Rubric ExpertPercent ExpertSummary
[} 1 Human-machine interaction and HMI ergonomics 30 The article focuses on operator-automated subs...
1 1 Human factors, risk analysis, and competency m... 40 Primary attention is given to identifying and ...
2 1 Decision support and expert systems 20 A graph-theoretical network is used to support...
3 1 Al/ML for analytics and prediction 10  Partial correlation and network models are app...
4 2 Human-machine interaction and HMI ergonomics 40 The central theme of the article is the challe...
ArticleMetadata sample:
. N L Gaps or Omissions in the
ArticlelD APA Keywords Aim of the Work Scientific Results Work
0 1 Fan, S, Shi, K., Weng, J., & Human factors; Seafarer Develop a novel graph- A weighted undirected network Geographic limitation: the
Yang, Z. (2025).... competency; Human-mach... theoretical approach for... of RIFs was cons... sample includes onl...
1 2 Man, Y., Brorsson, E., & Maritime; Human-machine To investigate, from the deck Conducted a field study (n = 17 Sample limitations: only two
Bjorndal, P. (2023). ... interaction; Bridge op... officers’ perspe... officers) with... Ro-Ro ships in th...
2 3 Saager, M,, Steinmetz, A, Human-machine interface; To extend the KONECT method  Created an Insights table for 28 Domain limitation: the study
Osterloh, J.-P., Na... Interaction design; R... not only to suppor... interaction t... covered only desk...
3 Veitch, E, & Alsos, O. A.  human-centered XAl; autonomous  To formulate a human-centered Proposed a conceptual Lack of quantitative end-user
(2021). Human-Cente... surface vehicle... XAl concept for ... structure through three ... experiments — no...
4 5 Peeters, G., Yayla, G., Catoor, inland; shore control centre; SCC; To investigate the concept and Employed activity-centred Limited human-factor

T., Van Baelen... USV; ASV; u... technical requi... design (ACD) to form... evaluation: situation awa...

Figure 2. Generation of the report on expert evaluation of publications.

2. Vectorization and Normalization

2.1.

2.2.

Article rubric vector (1):
)
Normalization (L2) (2):

—
V=

-

(% — )

Y Ui mij’
Ui

@

o m
o Zj:l

2
At this stage, component-wise normalization of each article vector is performed,

i.e., for each row of matrix M. The norm is used to ensure scale invariance
when comparing similarities:

o) 1 xTx,
n—1

®)
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PCAZ2

To assess external validity, the selected thematic clusters were manually cross-

checked against Scopus and IEEE Xplore metadata to verify topic coherence.

Future work will extend the validation to domain-specific databases.

Coverage Analysis and Entropy

3.1.  General article coverage (4):
SCSZ' = Z;nzl ml']',
3.2.  Average rubric coverage (5):

_ 1
mj = 521:1 Mij,

3.3.  Semantic entropy of a rubric (according to Shannon) (6):
mi]‘

pij = M,H(T’j) = _2;1:1 Pz’jlogzpij/

Dimensionality Reduction (PCA) (Figure 3)

4.1.  Data cantering and feature matrix (7) and (8):
- - __ 1w -
V=0, —0,0==) 0

T
— —
X = [vl,...,vn} e R"xm

0.2

-0.2 -0.1 0 0.1 0.2
PCA1

Underexplored rubrics (GepSet)
- Intelligent ship collision-avoidance systems (mean = @.85, entropy = 3.53)
- Telerobotics and remote systems (mean = 9.05, entropy = 3.28)
- Augmented reality and visualization (mean = 0.84, entropy = 2.08)

(4)

©)

@)

Cluster
3

2

| III1
0

Figure 3. Semantic clustering map illustrating topic relationships across the corpus. Each colour

denotes a major thematic group (blue—cybersecurity; green—maritime safety; orange—energy
systems; purple—Al safety). Node size indicates topic frequency, while edge thickness represents
semantic similarity.

4.2.  Covariance matrix (9):

Q:LXTX,
n—1

©)

where (2 is a symmetric matrix subject to spectral decomposition (for PCA).

43. Component selection:

Selection of principal components based on the eigenvalues of the matrix 2.
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The first k principal components are selected to preserve more than 90% of the
variance.

Article Clustering
5.1.  Euclidean distance (10):

d(a;, ar) = \/Z;nl (mjj — ). (10)

5.2. K-Means (11):
, K - =2
min Zk:l 2 Hvi— ka . (11)
C1,Ci ey

where iy is the cluster centre.
5.3. DBSCAN (12):
Ne(a;) = {a|d(a;, ar) < €}. (12)

Silhouette Score method for clustering quality assessment (13):

b(i) —a(i)

N (
) = (a0’ 13)

where a(i) is the average distance to other points in the same cluster and b(i) is
the minimum average distance to points in other clusters.

Cosine Similarity Matrix

6.1.  Similarity computation (14):

- =
QN v, v
cos(vi,vk> = % (14)
ERE

6.2.  Use cases:
For building a graph G = (V, E) or for a recommendation system (nearest
neighbour search).

Detection of Semantic Gaps
71.  GapSet (15):
GapSet = {rj|m; < 6,H(r;) > 1}, (15)

where
6 € [0.05, 0.15]—threshold for weak coverage,
n € [0.5, 1.5]—threshold for informational dispersion.

Recommendation System

8.1.  Averaged profile of nearest neighbours (16):

. 1 —
vi = EZﬂjGNk(ai) vj’ (16)
8.2.  Recommended rubrics (17) (Figure 4):
RecRub(al-) = {T]|Z31] >T,mj; < (5}, (17)

where T is the importance threshold and ¢ is the absence threshold in the
current profile.
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nents were further analyzed using fuzzy membership surfaces, as illustrated in Figure 4.
Augmented reality and visualization

Decision support and expert systems

The interaction effects between topic coherence and vector density across key compo-

Autonomous control and traffic management systems
Intelligent ship collision avoidance systems

Telerobotics and remote systems
AIML for analytics and prediction

Telerobotics and remote systems
Human factors, risk analysis, and competency modeling

Human-machine interaction and HMI ergonomics
Human-machine interaction and HMI ergonomics

Intelligent ship collision avoidance systems

AVML for analytics and prediction

Autonomous control and traffic management systems

0.0 0.2 0.4

Decision support and expert systems

Augmented reality and visualization
0.6
Absolute Value of Influence

Human factors, risk analysis, and competency modeling

0.0 0.2

0.4 0.6
Absolute Value of Influence

Figure 4. Fuzzy membership surfaces illustrating the interaction between topic coherence and vector
density for PCA Component 3 (left) and PCA Component 6 (right).

Analysis Results

1.

Text vectorization (Count Vectorizer).

5. Model Description for 3D Software Visualization of Publication
We have a set of articles: D = {dq, dy,

o tml
Next, we construct a document-term frequency matrix: X = [xij] e N,

.,dy}, and a vocabulary of terms: T = {t;, ¢,
where x;;—the number of occurrences of term ¢; in document d;,

X—a sparse matrix, which is passed to the dimensionality reduction stage.
Dimensionality reduction (Truncated SVD model).

Transformation of X € R™™ into a three-dimensional projection Z € R"*3.
The Truncated SVD model approximates matrix X as (18)

X~Z -W=UuQVvT,

(18)

where Z = XWT € R"*3—coordinates of the documents in the component space,
That is, for each document (19):

W € R"*3—matrix of right singular vectors (terms in component space),
WT—transposed matrix of terms in the new basis.

zi = x;WT € RS, (19)
3. Meaning of the Axes (Research Directions—Component k).
Top terms of each axis are defined via the weight influence Wk]-, where k =1, 2, 3.
These are the absolute values of the term weights {; in each component k (Figure 5).
3D map of articles by keywords
%/“'1 : ° . e o,
F'CAZQ

Figure 5. Three-dimensional map of scientific publications generated using Truncated SVD, showing
semantic grouping of the maritime safety literature (validation dataset).
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Cluster assignment (DBSCAN).
Input data: document coordinates Z = [z;] € R™*3.
The DBSCAN algorithm classifies points based on Euclidean distance (20):

2
dist(zi,2)) = ||z — ], = J Yo (zie—zt) (20)

Parameters: ¢ = 1.5—neighbourhood radius and minPts = 2—minimum num-
ber of points in a neighbourhood. A point z; belongs to cluster C if it satisfies
|{z]- |z — z]-|| < ¢}| > minPts. If not, the point is considered noise (cluster = —1).
That is, a point z; in space is considered a “core” if it has more than minPts neighbours.
Vectorization and positioning of the selected user article.

The selected PDF article is converted to text dysr, and vectorized using the previously
trained model (21):

Xuser = CountVectorizer (dyser) € R™, (21)

Its coordinates in the component space are defined as (22)
Zuser = Xuser * wT e R?’/ (22)

Space construction.

Each point on the graph is: Article d; — ;i = (x;,yi,2i) € R3. Colouring is based on
cluster labels C;, and the user’s article is displayed as a separate point (in red, with a
rectangular label): Z user = (x,y,z). Cluster = —1.

Axis interpretation.

Each axis is considered as a linear combination of terms (23):

SVDy(d;) = Z;.":l xij - Wej k=1,2,3, (23)
SVD 1 (x-axis): technical terminology (systems, safety, ship, information); SVD 2

(y-axis): HMI, software, sensors; SVD 3 (z-axis): simulation, maneuvering, testing.
General view of the model:

di — ?i = x;,W' € R® - TruncatedSVD, DBSCAN — semantic axis interpretation

Precision and recall values indicate the framework’s ability to accurately retrieve and

classify semantically relevant publications. Higher precision corresponds to fewer false
positives, while a balanced recall ensures comprehensive coverage of thematic content.

The comparative performance results are summarized in Table 3.

Table 3. Comparative performance with existing NLP-based review tools.

. Processing Time (100 Thematic Depth (Avg.
Tool Avg. Topic Coherence PDFs) Keywords/Topic)
Proposed Framework 0.71 6.5 min 12.4
CiteSpace (6.4.R2) 0.64 8.3 min 8.9
VOSviewer (1.6.20) 0.60 7.5 min 9.1
OpenAlex Embeddings (0.19) 0.67 6.8 min 10.2

Note: Benchmark conducted on identical 100 maritime safety abstracts using default configurations.
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In contrast to PRISMA and WoS Analytics, which rely on metadata-based topic classifi-
cation, the proposed framework achieves greater thematic coherence by analyzing full-text
semantics. Quantitatively, it outperforms metadata-based tools in topic cohesion by 8-10%,
while maintaining comparable processing times.

6. Development of Software Modules for Analyzing Selected Groups of
Publication Collections

For the purpose of automated processing and classification of scientific publications, a
modular software system was implemented, which includes the following main components:

1. Clustering module (KMeans method) distributes the input array of articles into a
fixed number of clusters based on the KMeans algorithm. Each article is described in
a three-dimensional feature space (x, y, z), and assignment to a cluster is performed
by minimizing intra-cluster dispersion.

2. Clustering module (DBSCAN method) applies the DBSCAN algorithm, which al-
lows clusters of arbitrary shape to be identified without the need to predefine
their number. It is particularly effective for identifying dense thematic groups and
detecting anomalies.

3.  Clustering quality assessment module performs quality assessment of the formed
clusters using internal metrics, in particular the silhouette coefficient and the Davis—
Boldin index. This allows you to quantitatively assess the degree of cohesion of
clusters and their isolation.

4.  Thematic analysis module performs a frequency analysis of keywords for each cluster.
Frequently used terms (with a frequency of more than 10 times) are interpreted as
indicators of the cluster’s theme.

5.  Integrated analysis and report generation module summarizes the results of clustering,
distance calculation, and thematic analysis. Generates a final report that includes the
calculation of Euclidean distances to the user-uploaded article, the determination of
cluster centres, and the visualization of results, Figure 6.

Word Cloud from lthe User’s Article
— vassal node)
developméntesearch

[

Similarity map of articles by terms 4 m
reliability

Similarity (%)

time ‘testing
1
risk
water,

rch laborator:

.. J navigator

1trol - -
safety "Nt
automatgd L detailed - %
situation il B
aned fijman factor o
s

3D printing e MscC P accident<i

1 A L LUI
““Jvessel traffic

Figure 6. Integration of clustering, similarity metrics, and thematic analysis in evaluating a user-
selected article (case study: maritime safety).

All scripts used in this study are internal to the project. Experiments were exe-
cuted on Windows 10 Pro (22H2) with an 11th-Gen Intel® Core™ i3-1115G4 @ 3.0 GHz
(2C/4T) and 16 GB RAM. During the representative run reported here, the end-to-end run-
time for 49 PDFs was 3.8 s (=0.06 min), which corresponds to a throughput of ~12.9
PDFs/s; system-level memory in use peaked at ~8.7/15.7 GB (55%), while the CPU
boosted to ~3.59 GHz with utilization up to ~64% (Task Manager snapshots). The software
stack comprised Python 3.10 (Anaconda) with pandas, numpy, scikit-learn, sentence-
transformers, matplotlib, plotly/kaleido, and openpyxl; fixed seeds (random_state) ensure
deterministic runs.
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The pipeline emits shareable artefacts: (i) article_similarity_report*.csv, (ii) interactive
3D HTML maps (e.g., term_similarity_3d_map.html), (iii) article_coordinates.xlsx, (iv)
cluster_analysis.xlsx, and (v) static figure exports (PNG/PDF).

Minimum system requirements (validated): Windows 10/11 (x64); Intel® Core™ i3
(11th-Gen)/AMD Ryzen 3 or better; >8 GB RAM (16 GB recommended); >4 GB free disc;
and no discrete GPU is required.

7. Discussion

At the final stage of this study, an additional analytical module was developed to
extend the functionality of the proposed system. This module enables researchers to evalu-
ate the proximity of individual scientific articles or entire thematic groups to a reference
collection of publications. In doing so, it allows for the assessment of semantic distances
between newly added articles and the established dataset along three thematic axes (x, y, z).
Such an approach supports the identification of relevant works for citation, comparison, or
inclusion in further investigations.

The module relies on multidimensional vector representations of textual content
derived from PDF preprocessing using established natural language processing techniques
(TF-IDEF, Doc2Vec, BERT). Dimensionality reduction methods, including PCA, UMAP,
and t-SNE, were employed to project these high-dimensional embeddings into a three-
dimensional semantic space suitable for interpretation and visualization.

Several assumptions govern the construction of this 3D representation. The axes
represent abstract semantic dimensions influenced by preprocessing steps such as scaling
and normalization. While the z-axis typically includes both positive and negative values,
the x and y coordinates were shifted to the positive domain during preprocessing. This
asymmetry must be considered when interpreting spatial relationships between articles.

Clustering algorithms such as DBSCAN and KMeans were used to identify both dense
groups and centroid-based clusters. Importantly, these methods operate strictly on the
coordinate space without altering the underlying geometry, thus preserving the validity of
spatial interpretation.

The integration of this module enabled practical experiments with user-defined groups
of articles. Their positioning relative to the main publication cloud revealed the semantic
coherence of the core dataset and the topical alignment of new entries. Expert evalua-
tions in the maritime field confirmed these results, thereby reinforcing the validity of the
proposed approach.

Performance was assessed using both internal and external measures. Internally,
KMeans applied to the 3D embeddings achieved a high silhouette score (best result:
0.953 at k = 2), indicating compact and well-separated thematic clusters. Externally,
nearest-neighbour retrieval for new articles showed Top-1 = 0.00 and Recall@3 = 1.00:
the correct rubric consistently appeared within the top three neighbours. The rubric dis-
tribution was dominated by human factors, risk analysis, and competency modelling,
followed by human-machine interaction, ergonomics, and AI/ML for analytics and
prediction (Figure 7).

To begin, we will analyze a single selected article:

“Development of control model for loading operations on heavy lift vessels based
on inverse algorithm” [34], which is related to maritime safety, although implicitly, and
therefore requires detailed analysis by the researcher (Figure 8).
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Figure 7. Similarity-weighted rubric distribution of analyzed articles, showing the dominance of
human factors, HMI ergonomics, and AI/ML themes.
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Figure 8. Three-dimensional mapping of the user-selected article relative to the core dataset, high-
lighting semantic distance from the main publication cluster.

As we can see, the value x = 130.02 along SVD 1 (x-axis), which corresponds to
technical terminology, shows a considerable distance from the cloud of the leading group
of publications.

Next, we analyze the correspondence of four experimental groups simultaneously:

Group 1:

This group deals with publications [35,36].

The articles in Group 1 focus on improving navigational safety through automated
analysis of navigator behaviour under risk conditions.

In article [35], a system is proposed for predicting navigator actions using data mining
methods for timely intervention and accident prevention.

In article [36], a method is developed for automated restoration of navigator qualifica-
tion by detecting errors in their actions under complex situations.

The common direction of both works lies in developing intelligent decision-support
systems that analyze navigator behaviour and enhance the efficiency of ship handling
under risk.

Group 2:

This group deals with publications [37-39].

The articles in Group 2 are focused on the projective application of optimal and
intelligent control algorithms for the automation of maneuvering, more accurate trajectory
prediction, and rapid response in crisis situations, to eliminate human errors, reduce
maneuvering areas, and improve navigational safety.

In particular, the following conclusions are drawn:
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e  Article [37] presents a new method for controlling the pivot point position on conven-
tional single-screw vessels without bow thrusters, refining the “centre of mass—centre
of rotation—pivot point model.”

e  Article [38] describes a method for automatically resetting kinetic energy in the case of
an inevitable collision, based on gradient-based optimal control.

e Inarticle [39], the concept of an intelligent control system for the redundant structure
of vessel executive devices is proposed. The system ensures automatic redistribution
control by simultaneously modulating multiple ship actuators.

Group 3:

This group deals with publications [40—43].

All articles in Group 3 explore modelling approaches, expert evaluation methods, and
cyber-regulatory strategies for identifying, forecasting, and minimizing navigational safety
risks in the digital maritime environment (Figure 9).

3D Clustering of Artcles (Interactive Visualization) ae+cl el 3D Clustering of Articles (Interactive Visualization) m
!

Clusters
uuuuuuuuuu + Cluster-1
.........

Figure 9. Proximity analysis showing the semantic positioning of Groups 2 and 3 relative to the core
publication dataset, highlighting thematic coherence.

The works in this group develop the direction of intelligent maritime safety manage-
ment through systemic modelling and cybernetic analysis:

e A simulation-based method using Markov processes to predict changes in the ship’s
seaworthy condition under the influence of various factors [40];

e [Evaluation of the quality of risk analysis for shipboard operations through
expert review [41];

e A study on the impact of AIS manipulation on risk detection, safety, and proposed
strategic countermeasures [42];

e A comprehensive interdisciplinary model of cybersecurity in maritime transport,
including analysis of the regulatory environment, technical solutions, global incident
registries, and training initiatives [43].

Group 4:

This group deals with publications [44-49].

All articles in Group 4 are focused on studying the psychological state and stress
resilience of student and youth populations—particularly maritime cadets and officers
ranging from third to chief mates—under conditions of extreme stress exposure.

The studies aim to analyze individual coping strategies, mechanisms of psychological
defence, and include the following:

The impact of excessive mobile device use on chronic stress [44];

The role of coping styles and self-regulation in the formation of anxiety [45];

Youth psychological defence strategies [46];

Attributional style as a defence mechanism in the behaviour of student activists [47];

Coping strategies of youth under martial law conditions [48];
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e  Psycho-emotional stability of individuals during periods of societal transformation [49].

The developed modules are applicable across a wide range of safety-critical do-
mains. In this study, their capabilities were demonstrated in the maritime context,
where they facilitate efficient retrieval of relevant publications. Although exemplified
on maritime safety, the system is general in scope and can be readily transferred to other
technical or safety-related areas, such as semantic-geometric feature integration for vi-
sual environment assessment [54] or multiscale feature-fusion methods for hyperspectral
image classification [55].

As can be observed, as a result of the experiment and the testing of the analyser’s
software modules, the articles from Group 3 turned out to be the closest to the core collection
of publications. Evaluations from experts in the maritime field further confirm this finding.
It indicates the adequacy of the proposed theoretical and practical approaches, software
modules, and tools for spatial-semantic visualization.

The developed modules will be of use to organizations across various safety-critical
sectors. In this study, their potential was demonstrated for maritime organizations and
companies, enabling rapid search and identification of publications. Although demon-
strated in maritime safety, the system is domain-independent and readily transferable to
other technical and safety-critical fields.

Nevertheless, some drawbacks still remain in the proposed model’s application, as
demonstrated in the maritime case study, due to its high degree of adaptability and time-
liness. There is a dire need to empirically validate the model when considered under
extreme environmental conditions or for another class of ships. Further studies might
wish to explore embedding this approach into shipborne decision-support systems and
examine the behavioural interaction between human factors and automated modules under
real-time operational navigation scenarios. While the proposed system demonstrates robust
clustering and interpretability, potential biases arising from unsupervised feature learning
and dataset imbalance remain an open limitation. To enhance reproducibility, all scripts
and embeddings have been made available for inspection.

The automated semantic analysis of scientific texts may raise ethical concerns regard-
ing data privacy, algorithmic bias, and explainability. In safety-critical domains, ensuring
the transparency and accountability of ML-driven insights remains essential. This frame-
work adheres to FAIR and COPE principles, thereby minimizing the risk of data misuse.

8. Conclusions

This study resulted in the development of an intelligent software system for multi-
level analysis of scientific publications in PDF format. The proposed approach integrates
advanced machine learning methods, clustering algorithms, topic modelling techniques,
and high-dimensional data visualization. The architecture ensures full automation across
all processing stages. It covers everything from reading metadata and expert evalua-
tions to generating reports, rubric-based classification, semantic grouping, and spatial
representation of results.

The inclusion of fuzzy logic enhances interpretability, as numerical outputs are trans-
lated into researcher-friendly linguistic assessments (e.g., high, medium, low similarity). In
addition, the ability to generate interactive 3D visualizations provides intuitive navigation
of clusters, clear identification of the studied publication, and semantic linkage to key terms.
Each article is projected into a three-dimensional thematic space that enables semantically
meaningful clustering and comparative analysis. Unlike existing frameworks, the proposed
system combines full-text semantic analysis with expert rubric mapping, which ensures
both depth and adaptability across technical domains.
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In summary, the developed system supports both formal, vector-based analysis and
semantic interpretation, while incorporating expert rubrics and topic relevance. It enables
efficient and scalable processing of large libraries of scientific papers, identification of
thematic clusters, and detection of relevant sources for citation, comparison, and research
planning. The tool holds practical value for organizations and researchers across multiple
sectors—including transportation, energy, cybersecurity, and human-machine interaction—
where rapid access to thematically related knowledge is essential for safety-critical project
management. Its applicability was demonstrated in a case study on maritime safety, which
confirmed the system’s effectiveness and highlighted its broader adaptability to other
technical domains.

Future work will focus on extending the analyzer with real-time data integration
and validation in additional safety-critical domains, such as aerospace and healthcare.
Beyond methodological contributions, the system provides tangible decision-support
value: it enables faster identification of thematically related studies, reduces the risk of
overlooking critical evidence, and supports practitioners in safety-critical sectors when
timely knowledge access can directly influence operational safety. Thus, the proposed
solution is not only a methodological advancement in the literature analysis but also a
practical tool with the potential to enhance resilience and decision-making across diverse
technical domains.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial intelligence

AIS Automatic Identification System

APA American Psychological Association (style)

BERT Bidirectional Encoder Representations from Transformers
CPU Central Processing Unit

Csv Comma-Separated Values

DBSCAN Density-Based Spatial Clustering of Applications with Noise
ECDIS Electronic Chart Display and Information System

EMSA European Maritime Safety Agency

HMI Human-Machine Interface

HTML HyperText Markup Language

IMO International Maritime Organization

KMeans K-Means clustering

LDA Latent Dirichlet Allocation

MAS Multi-Agent Systems
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ML Machine learning

PCA Principal Component Analysis

PDF Portable Document Format

PRISMA Preferred Reporting Items for Systematic Reviews and Meta-Analyses
RAM Random Access Memory

SVD model Singular Value Decomposition

TF-IDF Term Frequency—-Inverse Document Frequency

t-SNE t-distributed Stochastic Neighbour Embedding

UMAP Uniform Manifold Approximation and Projection

XAI Explainable Al

Truncated Singular Value Decomposition (as implemented in

TruncatedSVD o . . . L .
scikit-learn for dimensionality reduction in sparse matrices)
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