O HAYKA
DIIEXHIKA

P ChOTOTH

UDC 81°322:81°243:378.147

https://doi.org/10.52058/2786-6025-2026-4(58)-785-796

Sachaniuk-Kavets’ka Natalia Vasylivha Candidate of technical sciences,
Associate professor, Vinnytsia National Technical University, Vinnytsia,
https://orcid.org/0000-0001-6405-1331

Nykyporets Svitlana Stepanivna the senior English language lecturer,
Vinnytsia National Technical University, Vinnytsia, https://orcid.org/0000-0002-
3546-1734

MATHEMATICAL MODELLING OF LINGUISTIC PROCESSES IN
PROFESSIONAL VOCABULARY ACQUISITION AMONG
ENGINEERING STUDENTS

Abstract. This article examines the potential of mathematical modelling to
describe and predict the acquisition of professional English vocabulary among
engineering students. The study is grounded in the assumption that lexical development
in English for Specific Purposes is not a strictly linear process, but a dynamic and
probabilistic one shaped by repeated exposure, cognitive interference, contextual
reinforcement, and partial forgetting. Against this background, the paper aims to develop
and validate a stochastic model that captures the dynamics of specialised vocabulary
acquisition in technical higher education. The research is based on a discrete-time
Markov chain framework, in which the mastery of a professional term is represented as
a sequence of transitions between several states, including an unknown term, passive
recognition, partial understanding, and active professional use. Transition probabilities
are estimated on the basis of empirical observations obtained from engineering students,
which makes it possible to model both progression and regression in lexical competence.
In addition, such variables as exposure frequency and cognitive interference are treated
as stochastic factors influencing the learning trajectory. The findings indicate that the
proposed model provides a more accurate representation of vocabulary development
than traditional deterministic approaches. In particular, it allows the identification of
critical transition points and lexical bottlenecks that hinder the movement from passive
familiarity to confident professional use. The comparison between predicted and
observed learning outcomes demonstrates a high degree of correspondence, which
confirms the explanatory and predictive value of the model. The study argues that
integrating stochastic modelling into ESP research offers a stronger methodological
basis for analysing lexical learning in engineering education. The proposed framework
may be used to support adaptive teaching strategies, improve assessment, and enhance
the design of specialised language instruction for future engineers.
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MATEMATHUYHE MOJEJIIOBAHHS JIIHI'BICTUYHUX ITPOLECIB Y
3ACBOEHHI MIPO®ECIMHOI JIEKCUKH 3JOBYBAUAMMU BUIIOI
OCBITHU IHZKEHEPHUX CIEIIAJILHOCTEN

AHoTanisg. Y CTarTi po3risgacTbcs MOTEHIIAT MAaTEMaTUYHOTO MOJICTIOBAHHS
JUIsl ONMUCY Ta TMPOTHO3YBaHHS 3aCBOEHHS MPOQECIiiHOI aHTJIOMOBHOI JIEKCUKHU
CTyJICHTaMU 1H)KEHEPHUX CHeliaTbHOCTe!. Jl0CHiIKEHHS IPYHTY€ThCS Ha MIPUITYIICHHI,
II0 PO3BUTOK JIEKCUYHOI KoMIteTeHTHOCTI B Mexkax English for Specific Purposes e €
CTpOTO JIIHIHHUM MPOIIECOM, a Ma€ TUHAMIYHUI 1 AMOBIpHICHHI XapaKTep, 3yMOBJICHUIN
MOBTOPIOBAHICTIO MOBHOT'O BILTUBY, KOTHITUBHOIO 1HTEP(EPEHITIEI0, KOHTEKCTYyAlTbHUM
MiAKPIIJICHHAM 1 YacTKOBUM 3a0yBaHHSIM. Y I[bOMY KOHTEKCTI METOI CTaTTi €
PO3pOOICHHS Ta BAJIAIIISl CTOXaCTUYHOT MOJIENI, SIKa BIJ0OpaXkac TUHAMIKY 3aCBOEHHS
CHELIATI30BaHO1 JIGKCUKH Yy TEXHIYHIM BHILINA OCBITI. JloCmipkeHHs Oa3yeThCcsl Ha
MOJIeNTi TUCKPETHOTO JIaHIfora MapkoBa, y MeKax sIKOi omaHyBaHHS MpoQeciitHOro
TEpMIHA TOAAHO SK MOCIIOBHICTh MEPEXOIIB MIXK KUIbKOMa CTaHaMH, 30KpeMa:
HEBIZIOMUII TEpMIH, NAaCHBHE pO3Mi3HABAaHHS, YAaCTKOBE PO3YMIHHS Ta AaKTHUBHE
npodeciiiHe BXUBaHHS. IMOBIPHOCTI MEPEXO/IB OILIHIOIOTHCS Ha OCHOBI €MITIPUYHUX
CIOCTEPEkKEHb, OTPUMAHUX BIJ] CTYJIEHTIB IHKEHEPHUX CHELIaTbHOCTEH, 1110 A€ 3MOT'Y
MOJIENIOBATH SIK MPOTPEC, TAaK 1 PErpec y pO3BUTKY JIEKCHYHOI KOMIETEHTHOCTI. Kpim
TOTO, Taki 3MIHHI, SIK YaCTOTa MOBHOTO BIUIMBY Ta KOTHITUBHA I1HTep(depeHiis,
PO3MIISAAAIOTECS SIK CTOXAaCTUYHI YMHHUKH, 110 BIUIMBAIOTh HA TPAEKTOPIIO HaBUAHHSL.
PesynbraTu cBig4ath, 1o 3ampornoHoBaHa MOEIh 3a0e3Medye TOUHIIIE BiTOOpaskeHHS
PO3BUTKY CIOBHHKOBOTO 3aracy, HiX TPaJAMIIiiHI JETEPMIHICTUYHI MiIX0au. 30Kpema,
BOHA JIa€ 3MOTY BHSIBUTA KPUTHYHI TOYKH TEPEXOTy Ta JIEKCUYHI BY3bKI MICIIA, SIK1
MEPEIIKO/KAIOTh TIEPEXO0y BiJ[ MACHBHOTO 3HAHHS JIO BIEBHEHOTO MPOQECIHHOTO
BUKOpUCTaHHS. [IOpIBHSHHS MPOrHO30BaHMX 1 (PAKTUYHUX PE3YJIbTATIB HABUAHHS
JIEMOHCTPY€E BHUCOKWM CTYIIHb BIIMOBIAHOCTI, IO MiATBEP/KYE MOSCHIOBAJILHY Ta
INPOrHOCTUYHY LIIHHICTh MOJIENl. Y CTaTTi OOIPYHTOBYETHCS, IO 1HTErpallisi cToxac-
TUYHOTO MOJIeNMOBaHHsT B jociikeHHss ESP  ¢opmye wminnime meromonoriyae
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HIATPYHTA JJIs1 aHali3y 3aCBOEHHS JICKCUKH B 1HXKEHEpHiM OCBITI. 3amponoHOBaHA
MOJIeSTb MOKE OyTH BUKOpHCTaHA IS MIATPUMKH aJalTHBHUX CTpaTerii HaBYaHHS,
yIOCKOHAJICHHS OI[IHIOBAHHS Ta MiIBUILEHHS SIKOCTI MPOEKTYBAHHS CIEL1aTi30BaHOTO
MOBHOTO HaBYaHHS MaOyTHIX 1HKEHEPIB.

KuarouoBi cjioBa: croxacTuyHe MOJEIIOBAHHS, 3aCBOEHHS MPOQeciiiHOi
JIEKCUKH, TeXHIUHA ocBiTa, ESP, nanirorn Mapkoga.

The increasing complexity of technical discourse necessitates a fundamental
re-examination of the pedagogical frameworks currently employed in engineering
education. As engineering disciplines continue to evolve at an unprecedented pace —
driven by advances in artificial intelligence, automation, materials science, and
sustainable energy systems — the linguistic demands placed upon engineering
graduates have grown commensurately. Professionals operating within these fields
are required not merely to communicate in English, but to demonstrate precise
command of highly specialised terminology across dynamic, interdisciplinary
contexts. This reality renders conventional approaches to English for Specific
Purposes (ESP) instruction increasingly inadequate as standalone methodologies.

A significant challenge in contemporary engineering education is the
optimisation of professional vocabulary acquisition [1] within the constraints of finite
instructional time and heterogeneous learner profiles. Traditional ESP pedagogy has
historically been grounded in deterministic, linear models of language learning —
frameworks that presuppose a predictable, sequential progression from lexical
exposure to productive competence.

Such models typically rely on frequency-based word lists, decontextualised
drilling exercises, and summative assessments that capture only static snapshots of
learner knowledge. Whilst these approaches retain a degree of practical utility, they
are fundamentally ill-equipped to account for the cognitive complexity that
characterises real-world vocabulary acquisition. Lexical development is neither
uniform nor unidirectional; it is subject to individual variation, contextual
interference, memory decay, and non-linear consolidation patterns that deterministic
pedagogical models systematically overlook.

The gap between applied linguistics and the mathematical sciences represents,
therefore, not merely an academic curiosity but a substantive obstacle to the effective
preparation of engineering professionals. Learner cognitive processes — including
working memory allocation, interference effects between semantically proximate
terms, and the probabilistic reinforcement of lexical associations — exhibit properties
that are more accurately described through stochastic and dynamical systems
frameworks than [2] through classical instructional design principles. The field of
applied linguistics has, to date, drawn only selectively upon the substantial body of
quantitative methodology available within mathematics and computational sciences,
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leaving a S|gn|f|cant theoretical lacuna in the modelling of language learning
trajectories.

Integrating stochastic modelling offers a robust framework for quantifying the
inherently variable and probabilistic dimensions of lexical competence development.
Mathematical tools such as Markov chain processes, differential equation systems,
and probabilistic graphical models provide mechanisms for representing vocabulary
acquisition not as a fixed progression, but as a dynamic system shaped by multiple
interacting variables — frequency of exposure, contextual richness, cognitive load,
motivational factors, and temporal spacing of practice. By formalising these
relationships, it becomes possible to construct predictive models capable of
anticipating individual learner trajectories, identifying critical points of lexical
consolidation or attrition, and informing the adaptive design of instructional
interventions.

The present study addresses this intersection of disciplines by proposing a
mathematically grounded framework for the analysis and prediction of professional
vocabulary acquisition among undergraduate engineering students. In doing so, it
responds to a broader imperative within contemporary educational research: the need
to move beyond descriptive accounts of language learning towards explanatory and
predictive models that can meaningfully inform evidence-based pedagogical practice.
Analysis of the latest research and unresolved issues.

Recent scholarship (Paul Meara, Stefan Th. Gries, Adam Pawtowski, Radek
Cech, Jan Macutek, Guangzhen Zhu, Paul Meara, Nick C. Ellis, Rogelio Nazar, Iryna
Lytovchenko) in language science increasingly supports the view that language
learning cannot be adequately explained through rigid linear models alone. One
influential line of research argues [3] that language processing and acquisition are
fundamentally probabilistic, as learners continuously interpret, predict, and update
linguistic patterns on the basis of uncertain and variable input.

In this perspective, lexical development is not a simple cumulative sequence,
but an adaptive inferential process shaped by distributional regularities, contextual
probabilities, and competing hypotheses about meaning and use.

Such a framework is especially relevant for professional language learning,
where specialised terminology is acquired under conditions of high semantic density
and limited exposure time.

At the same time, contemporary work at the intersection of computational
linguistics and second language acquisition indicates [4] that algorithmic and data-
driven approaches are becoming increasingly important in language education
research. Current interdisciplinary agendas emphasise [5, 6] the use of natural
language processing, intelligent tutoring systems, adaptive learning environments,
and computational analyses of learner language in order to model individual variation
and optimise instructional design. These developments suggest that computational
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methods can move language pedagogy beyond descriptive observation towards more
formal and predictive representations of learning trajectories.
However, despite this progress, several important limitations remain
unresolved. First, much of the existing literature addresses general second language
acquisition rather than the acquisition of highly specialised engineering vocabulary.
This 1s a significant gap, because technical terminology differs from general
vocabulary in semantic precision, conceptual embeddedness, frequency patterns, and
dependence on disciplinary context. Secondly, current models rarely incorporate the
stochastic nature of cognitive load experienced by students in technical higher
education institutions, where vocabulary learning is shaped by simultaneous
engagement with mathematical, scientific, and professional content. As a result,
existing approaches [7] often fail to explain fluctuations in retention, delayed
consolidation, or uneven lexical activation in ESP settings for engineers.
Notwithstanding the progress outlined above, several significant lacunae
persist in the literature. First, whilst Dynamic Systems Theory and cognitive
frameworks have substantially enriched the conceptual vocabulary of SLA research,
the translation of these theoretical insights into operational, quantitative models of
professional vocabulary acquisition — particularly within ESP contexts — remains
underdeveloped. The majority of CDST-informed studies examine L2 writing
complexity or general grammatical development rather than specialised technical
lexis. Second, the application of stochastic methods such as Markov chains and
HMMs has been largely confined to laboratory-based studies of miniature or artificial
languages, and their applicability to naturalistic ESP learning environments in higher
education has yet to be rigorously demonstrated. Third, the engineering domain
presents unique modelling challenges that have received insufficient theoretical
attention: technical vocabulary in engineering is not merely a closed, stable set of
items but an evolving, porous system in which new terms emerge, existing terms shift
in meaning across subfields, and the boundary between academic and specialist
registers 1s subject to ongoing renegotiation. Fourth, existing predictive models of
vocabulary retention — including adaptive forgetting curve approaches — have not
been systematically integrated [8] with the pedagogical structures of ESP courses,
resulting in a persistent disjunction between what the modelling literature can predict
and what instructional designers are equipped to implement. The present study
addresses this convergence of unresolved questions by developing a stochastic
mathematical framework specifically designed to characterise professional
vocabulary acquisition in engineering contexts, thereby bridging the gap between
theoretical modelling and applied ESP pedagogy.
Objective of the article
This paper aims to formulate a mathematical representation of professional
vocabulary acquisition as a dynamic and probabilistic process within engineering
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education. More specifically, the primary aim of the study is to develop and validate
a stochastic model that describes the progression of lexical competence among
engineering students as they engage with specialised English terminology in
academic and professional contexts.

More precisely, the study pursues four interrelated objectives. The first is to
formalise the process of professional vocabulary acquisition as a stochastic system
by defining discrete states of lexical mastery — ranging from zero exposure through
to productive, contextually embedded command of technical terminology — and
specifying the probability transition functions that govern movement between these
states. The second objective is to identify and parametrise the principal variables
that influence transition probabilities, including frequency of contextual exposure,
cognitive load, temporal spacing of practice, and individual learner characteristics,
drawing on empirically grounded assumptions derived from cognitive and dynamic
systems frameworks.

The third objective is to validate the proposed model against longitudinal
lexical performance data collected from engineering students in an authentic ESP
instructional setting, assessing the model’s predictive accuracy and its capacity to
account for inter-learner variability in acquisition trajectories. The fourth and final
objective is to derive from the validated model a set of pedagogically actionable
implications — specifically, evidence-based recommenddations for the adaptive
design of ESP vocabulary instruction that exploits the model’s predictive output to
optimise the timing and sequencing of lexical exposure.

Overall, the objective of the article is not only to construct a theoretical model,
but also to demonstrate its potential value for improving instructional design,
monitoring lexical progress, and supporting more adaptive strategies in English for
Specific Purposes courses for future engineers.

Presentation of the main research material

To model the process of professional vocabulary acquisition among
engineering students, this study employs a stochastic framework grounded in
discrete-time Markov chain theory. This approach is theoretically justified by the
non-linear, probabilistic character of specialised lexical development: the
acquisition of technical terminology [9] is shaped by contextual reinforcement
schedules, partial forgetting under conditions of cognitive load, interference from
competing lexical input, and substantial individual variation in processing capacity.
Rather than treating vocabulary growth as cumulative and irreversible, the Markov
framework accommodates both forward progression and temporary regression
within a unified formal apparatus.

Let S = {s4, S, S3, 54} denote the finite state space of lexical mastery for a
given technical term, where the states are defined operationally as follows:

> S;: the term is unknown — no recognition or activation is demonstrable;
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> S,: passive recognition — the learner identifies the term in context but
cannot produce or deploy it independently;
> S3: partial understanding and controlled use — the learner applies the term
correctly in scaffolded tasks but inconsistently in spontaneous professional
discourse;
> s,: active and confident use — the learner deploys the term accurately and
appropriately within professional contexts without external support.
At each discrete time step t— corresponding to a defined instructional interval
— the state of lexical knowledge is represented by the probability distribution vector

X(t) = (x(t), x2(), x3(t), x4(1)),

where x;(t)denotes the probability that the learner’s knowledge of the term
occupies state s; at time t. Transitions between states following an instructional

intervention are governed by the row-stochastic matrix P, =(pij)n, in which

pi; specifies the probability of transitioning from state s;to state s;, subject to the

n n
normalisation constraint 3’ > p; =1. The temporal evolution of the probability
i=1j=1

distribution is then defined by the recurrence relation
x(t+1)=x(t)P.

The transition matrix was calibrated on the basis of empirical assessment data
collected from engineering students enrolled in the Faculty of Power Engineering
and Electromechanics. Lexical measurements were conducted at four stages of
instruction and incorporated tasks targeting recognition, contextual comprehension,
and productive use of domain-specific terminology. The resulting matrix, estimated
for a single instructional interval, is:

042 0.46 0.10 0.02
0.08 0.51 0.33 0.08
0.03 0.14 0.56 0.27
0.01 0.03 0.11 0.85

Several pedagogically significant observations emerge from the structure of
this matrix. The principal entry in the first row (p;, = 0.46) indicates that a single
instructional exposure most commonly advances an unknown term to the level of
passive recognition, rather than to productive use — a finding consistent with
threshold models of incidental lexical acquisition. The comparatively modest
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probablhty of progression from passive recognition to controlled use (p,3 = 0.33)
confirms that lexical familiarity does not automatically yield productive
competence and that intermediate states represent a critical pedagogical bottleneck.
Conversely, the high self-retention probability in s, (p44 = 0.85) suggests that once
a term achieves integration into active professional use, it acquires sufficient
cognitive stability to resist decay across instructional intervals.

A high probability of state s, retention indicates passive engagement with

unfamiliar terminology. The value of the retention probability for state s; suggests

that, while the learner correctly employs the terms in most instances, there is a lack
of impetus to further enhance their professional lexicon.

To provide a clearer illustration of the interrelationships between these states,
one should consider the transition graph of a homogeneous Markov chain with four
states, corresponding to matrix P (see Fig. 1).

Fig 1. State transition graph of the homogeneous Markov chain.

Model validation was conducted by comparing predicted state distributions
against observed assessment outcomes across successive learning cycles. The
model’s projections for the aggregate proportions of students reaching states s; and
s, were found to correspond closely with empirical trends, indicating that the
Markov formulation captures the macro-level dynamics of lexical development with
satisfactory accuracy. Residual discrepancies between predicted and observed
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values are attributed to variables not yet incorporated into the current model
architecture — most notably, learner motivation, the quality of task design, and the
degree of cross-disciplinary conceptual transfer from prior domain knowledge.

Taken together, these findings substantiate the interpretation of professional
vocabulary acquisition in engineering education as an inherently probabilistic
process, more accurately described by stochastic trajectories than by deterministic
accumulation curves. The Markov framework makes it possible to localise critical
transition points, estimate the likelithood of progression and stagnation at each state,
and generate quantitative estimates of instruction-induced lexical growth. From an
applied perspective, persistently low values of p,; in a given student cohort
constitute a diagnostic signal warranting targeted pedagogical intervention —
specifically, a greater emphasis on productive, contextualised exercises, domain-
specific communicative tasks, and reduced terminological load per instructional
cycle.

The proposed mathematical apparatus thus fulfils a dual function: it constitutes
both a theoretical account of vocabulary acquisition dynamics and a practical
analytical instrument [10] for the design of English for Specific Purposes (ESP)
courses in technical higher education. Its integration into applied linguistics
methodology offers a principled basis for adaptive instruction and evidence-informed
lexical assessment.

Conclusions and future research

The primary theoretical contribution lies in the formalisation of lexical
development within English for Specific Purposes (ESP) courses as a dynamic
sequence of stochastic transitions between operationally defined states of mastery,
governed by exposure frequency, cognitive interference, and instructional design
parameters. This representation captures both forward progression and temporary
regression — phenomena that deterministic models necessarily obscure — and thereby
reflects more faithfully the cognitive reality of specialised [11] terminology
acquisition in technical higher education.

The predictive validity of the proposed model was confirmed empirically. The
coefficient of determination obtained when comparing model-projected and
observed lexical trajectories equals R? = 0.85, a level of correspondence that
justifies treating the stochastic apparatus as a reliable instrument for describing
macro-level vocabulary growth dynamics. Of particular analytical significance is
the identification of the s, — sstransition — from passive recognition to controlled
productive use — as a persistent bottleneck in lexical internalisation. This finding
carries direct pedagogical implications: it points to the intermediate stage of lexical
competence as the primary site requiring targeted instructional intervention,
including contextualised productive tasks, domain-specific communicative practice,
and deliberately managed terminological load.
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A further contribution of this study lies in demonstrating that stochastic
transition matrices are viable methodological instruments within applied linguistics,
not merely within mathematics or computational modelling. The integration of this
framework into ESP research extends [ 12] the methodological repertoire of the field,
providing a principled basis for evidence-informed curriculum design, formative
assessment, and the adaptive personalisation of instructional trajectories.

Several directions for future research emerge directly from the limitations of
the current study. First, the calibration of transition probabilities on a larger and
more demographically diverse empirical dataset would substantially improve the
generalisability of the model parameters. Second, the present formulation treats
exposure frequency and cognitive interference as the primary covariates; future
work should examine the contribution of additional variables — including learner
motivation, prior disciplinary knowledge, multimodal input mode, and long-term
retention under varying spacing conditions — to the estimation of key transition
probabilities. Third, a systematic comparison of the discrete-time Markov
framework with continuous-time stochastic models and hybrid deterministic-
stochastic systems would clarify the conditions under which each approach offers
the most accurate representation of lexical dynamics.

The most consequential avenue for further development is the integration of
the proposed model into Al-driven Adaptive Learning Systems. Within such an
architecture, the real-time monitoring of individual learner state distributions would
enable the automatic, personalised sequencing of specialised lexical content —
advancing students through critical transition thresholds rather than progressing
uniformly through a predetermined syllabus. The present study thus opens an
interdisciplinary pathway at the intersection of applied linguistics, mathematical
modelling, and intelligent educational technology — a convergence that holds
considerable promise for the evidence-based training of professional commu-
nicative competence in engineering education.
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