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Analysis and categorization of the Rusyn language
using the whisper model: demographic influences
on linguistic convergence

Pawel Malecki

Abstract—The article presents a detailed linguistic analysis of
the Rusyn language, focusing on its complex and evolving fea-
tures, such as pronunciation, as well as individual, regional, and
historical variabilities. The investigation employed an artificial
neural network based on the OpenAl Whisper model to perform
analysis and categorization. Although the Whisper model was
trained on data from the majority of state official languages, it
was not specifically trained with samples of the Rusyn language
due to its niche and minority/ethnic status. Consequently, speech
samples in Rusyn were classified according to the most closely
related available labels, allowing for the assessment of linguistic
similarity between Rusyn and other (mostly) Slavic languages.
The study incorporated a diverse user base segmented by gender,
age, and geographic location (Poland, Ukraine, Slovakia, Serbia),
revealing significant resemblances to the dominant languages
within these countries and demonstrating correlations between
the computed linguistic similarity and the speakers’ age.
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I. INTRODUCTION

HE Rusyn language is an Eastern Slavic language em-
ployed by the Rusyn ethnic group, primarily within the
Carpathian region of Central Europe—encompassing parts of
Ukraine, Slovakia, Poland, Hungary, and Romania. It is char-
acterized by the presence of multiple dialects and variants that
mirror the diverse historical and cultural influences inherent
to these regions. Classifying Rusyn within the broader frame-
work of Eastern Slavic and other Slavic languages remains
a complex and contentious issue, largely due to its unique
geographical positioning and the resultant historical influences.
Rusyn exhibits properties in common with Eastern Slavic
languages (such as Russian, Ukrainian, and Belarusian) while
also incorporating elements characteristic of West Slavic (e.g.,
Polish and Slovak) as well as South Slavic (e.g., Serbian
and Croatian) languages. This multifaceted linguistic synthesis
reflects its location at the crossroads of these language groups
[1].
The Rusyn language has historically been influenced by var-
ious dominant powers, including the Austro-Hungarian Empire
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and the Soviet Union. The linguistic question is intrinsically
linked to national identity, and while debates persist regarding
whether Rusyn constitutes a distinct language or a dialect of
Ukrainian, proponents of the latter position are predominantly
individuals who identify as Ukrainian. In Ukraine, Rusyns
are not officially recognized as a distinct ethnic group, which
impedes language preservation efforts [2].

The codification of Rusyn occurred in the late 20™ century,
reflecting a renaissance of national and linguistic identity.
These codification efforts resulted in the establishment of
several regional literary standards, based on local dialects
in Slovakia, Poland, Ukraine, and Serbia [3]. While Rusyn
is predominantly classified as an East Slavic language due
to its historical and linguistic origins, its classification is
complicated by substantial influences from West and South
Slavic languages [4].

Language variation, encompassing diachronic, diastratic,
diaphasic, and diatopic aspects, presents significant challenges
for Natural Language Processing (NLP) [5]. As noted by [6],
dialectal differences and variations between national varieties
of the same language affect the performance of applications
such as machine translation and speech recognition. Conse-
quently, there is growing interest in research on processing
related languages, varieties, and dialects, as evidenced by nu-
merous publications and scientific events, such as the VarDial
workshops [6].

For low-resource languages like Rusyn, acquiring appropri-
ate text corpora is particularly challenging [7]. Common solu-
tions include speech transcription, as in the case of the Archi-
Mob corpus for German dialects, or the use of translations, as
exemplified by the MADAR corpus for Arabic dialects [8]. [9]
describe the challenges associated with creating NLP resources
for the Rusyn language, proposing morphosyntactic lexicon
induction using Slavic language resources.

Therefore, while specialized programs or applications exist
for studying language characteristics, the application of a com-
plex and sensitive model such as OpenAl Whisper represents
an innovative approach. The integration of demographic fac-
tors with advanced language modeling techniques offers new
perspectives on language change and maintenance in minority
language communities, particularly valuable for understanding
the evolution and preservation of the Rusyn language.
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The primary objective of this study is to assess the recog-
nition and classification efficacy of the Rusyn language by
the OpenAl Whisper automatic speech recognition system and
to evaluate the impact of dominant languages in the regions
inhabited by Rusyns on the classification results. The scope
of the research includes an analysis of audio data collected
from radio broadcasts in Rusyn across four countries—Poland,
Ukraine, Slovakia, and Serbia—with additional segmentation
based on speaker age groups.

The paper provides an overview of the Whisper model,
detailing its architecture and multilingual transcription capabil-
ities, followed by a comprehensive description of the research
methodology. This methodology encompasses the discussion
of the audio database, the segmentation and acoustic analysis
algorithms employed, and the parameters utilized in the model.
In the results section, the classification outcomes of the Rusyn
language are presented with respect to the speakers’ countries
of origin and age-related differences. The findings are dis-
cussed in the context of the influence of dominant languages
on Rusyn speech and the assimilation processes underway,
while also addressing issues related to the limitations of the
model and the nuanced challenges of language classification.
The study concludes with a summary that highlights key
insights and outlines potential directions for future research
in automatic speech recognition for minority languages.

The complex sociolinguistic status of Rusyn presents unique
challenges for computational analysis. The absence of stan-
dardized corpora and the existence of multiple regional vari-
ants necessitate careful consideration in the application of
machine learning models.

II. THE OPENAI WHISPER LANGUAGE MODEL

The OpenAl Whisper model is an advanced Automatic
Speech Recognition (ASR) system [10]. The model and its
source code are available under an open-source license, en-
abling dynamic development of applications and related re-
search in advanced speech processing. The model was trained
on a dataset comprising over 680,000 hours of multilingual
recordings with transcriptions (supervised data obtained from
online repositories). This extensive and diverse dataset has
allowed the system to achieve high robustness against varied
accents, background noise, and specialized terminology, while
supporting transcription in multiple languages.

The Whisper system architecture exemplifies an ASR im-
plementation using a Transformer-based neural network in an
encoder-decoder configuration. The audio data input to the
model is divided into 30-second segments, then transformed
into log-Mel spectrograms and subsequently processed by the
encoder. The decoder predicts the corresponding text content,
introducing additional informational tokens such as speaker
language identification and phrase-level timestamps.

In training Whisper, a very large and diverse dataset was
used, as illustrated in Figure 1, which shows the relation-
ship between correctly recognized words and the amount
of training data. The dataset contains approximately one-
third of recordings in languages other than English. Despite
significantly fewer test recordings in other languages, the
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recognition effectiveness based on a dataset of over 100 hours
is at 80% or higher.

The Whisper model recognizes the language of the in-
put speech through a multi-stage process integrated into its
encoder-decoder architecture. Logarithmic Mel spectrograms
are passed to the encoder, which extracts complex audio
features. The encoder identifies patterns in the acoustic signal
that characterize different languages, including phonetic and
phonological features. During training, the model is exposed
to audio data in many languages, along with corresponding
text labels that include language identification tokens. During
decoding, the decoder uses these learned tokens to determine
the input language. Thanks to this extensive training set, the
model analyzes signals globally across different languages
and accents, improving its ability to accurately recognize
the language. Whisper utilizes zero-shot learning capabilities,
meaning it can generalize based on training data to recognize
and transcribe languages it was not explicitly trained on. It
achieves this by leveraging the multilingual nature of the
training data and the advanced feature extraction capabilities
of the encoder.

Although the Whisper model was not specifically trained on
Rusyn language data, its application for the classification of
Rusyn can be justified on several grounds. Firstly, the Whisper
model was trained on a large, multilingual dataset that includes
various Slavic languages (such as Polish, Ukrainian, Slovak,
Czech, Serbian, Croatian, and Russian), which share similari-
ties with Rusyn in terms of grammatical structure, phonetics,
and lexicon. This training enables the model to recognize
patterns and features characteristic of the Slavic language
family, thereby allowing for an approximate classification of
the Rusyn language despite the absence of direct training data.

Moreover, Whisper utilizes a zero-shot learning mechanism,
meaning it can identify and classify languages on which
it was not explicitly trained by generalizing and analyzing
similarities between language patterns. In the case of the
relatively niche Rusyn language, employing a model trained
on a broad spectrum of languages facilitates its classification
based on common features with other languages. Additionally,
Whisper is built on the Transformer architecture, which is
highly effective for processing and analyzing diverse acoustic
patterns. This capability enables the detection of distinct
phonetic and lexical characteristics inherent in the Rusyn
language, even without direct training on it. Consequently, the
model can classify Rusyn speech as most similar to languages
that exhibit comparable phonetic traits.

III. METHODOLOGY
A. Database

For the linguistic analysis, archival recordings from the
Lemko radio station lem.fm were utilized [11]. The audio
dataset comprises a highly diverse collection of spoken Rusyn
language samples, enabling a comprehensive investigation
from a broad perspective. In this dataset, all segments con-
taining music, jingles, and commercial advertisements were
removed; however, for interviews and dialogues, only the voice
of a single speaker was retained per instance. The curated
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Fig. 1: Comparison of Word Error Rate (WER) across various languages using the Common Voice 15 dataset and OpenAl

Whisper ASR [

]. The graph highlights selected Slavic languages (Polish, Ukrainian, Slovak, and Russian).

TABLE I: Characteristics of audio database used in language analysis

Abbr. Country Programs quantity
PL Poland 209

UK Ukraine 99

SK Slovakia 131

CS Serbia 31

dataset consists of 470 distinct broadcasts with a cumulative
duration of approximately 121.8 hours. The distribution of
speakers’ origins—along with the number of broadcasts and
the respective durations of the analyzed samples—is summa-
rized in Table I.
Additional metadata assigned to each processed broadcast
includes:
e Age Group: Two categories of speakers, delineated by
whether they are above or below 70 years of age.
o Speaker Identification: Names or pseudonyms of the
speaker.
e Source File Name: Names of the log files generated
during the analysis process.
« Total Recording Duration (in seconds): The duration
of each audio sample.

B. Speaker Language Recognition Using the Whisper Model

To facilitate data analysis and categorization, a Python script
was developed to automate the selection and processing of
audio files, perform linguistic analysis, and log the results.
The script systematically ingests audio data from the curated
dataset, applies necessary pre-processing routines, and uti-
lizes the Whisper model for speaker language identification.

Total duration [h]  Speaker quantity

45.4 over 100
37.5 over 40
232 over 50
11.5 10

This automated workflow not only streamlines file handling
and analysis but also ensures that the outcomes—comprising
language classification results and associated metadata—are
accurately recorded for subsequent evaluation.

Figure 2 schematically illustrates the operational flow of the
script. The individual stages are as follows:

o Preprocessing phase: A graphical user interface (GUI)
is employed to select the directory containing the audio
files. All fragments containing music or additional voices
(i.e., voices other than that of the primary speaker) were
previously removed to isolate the target speech. This
ensures that the subsequent transcription and language
recognition processes operate exclusively on the desired
spoken content.

« Segmentation: Each audio file is divided into 30-second
fragments.

« Language recognition: The Whisper model (large vari-
ant) is used for speech transcription and language
detection. The model architecture comprises 32 lay-
ers with a width of 1280 neurons per layer and
20 attention heads, totaling 1.55 billion parameters.
This configuration represents the largest model in the
Whisper family, offering high transcription accuracy
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Fig. 2: A schematic of the process for segmenting radio broadcasts, recognizing language, and logging results.

and robust language detection thanks to its complex
structure. The model transcribes speech for each au-
dio segment, and its output includes additional infor-
mation such as the detected language. The param-
eters are configured with no_speech_threshold
= 0.8 and condition_on_previous_text =
False, ensuring that each 30-second sample is processed
independently. The network width defines the number
of neurons per layer (i.e., the size of the representation
vector), while the number of attention heads refers to the
distinct “attention heads” in each attention mechanism
layer, allowing the model to focus on different parts of the
input sequence and capture complex dependencies within
linguistic patterns.

o Output logging: The transcription results and detected
language for each segment are recorded into individual
text files.

« Data aggregation: The final results are aggregated into a
CSV file, which includes the original broadcast metadata
along with information on recognized languages and their
percentage share in the total recording duration.

The script leverages the 1ibrosa library for audio file

loading and pydub for segmentation.

IV. RESULTS

For each broadcast, the recognized languages were ordered
based on frequency, starting with the most frequently detected
language (#1), along with the corresponding country identifier.
The percentage share for each recognized language (e.g., pri-
mary language #1, secondary language #2, etc.) was then com-
puted. These results are graphically represented in Figure 3,
which displays the most frequently recognized languages in

broadcasts conducted by Rusyn speakers residing in Poland,
Slovakia, Ukraine, and Serbia.

In broadcasts from Poland (Figure 3a), the primary recog-
nized language (#1) accounted for 84% of the total recording
duration. Within this primary language segment, 92% of the
cases were identified as Polish and 7% as Ukrainian. The
secondary recognized language (#2) comprised 12% of the
audio, with 63% attributed to Ukrainian and 21% to Polish.

For broadcasts from Ukraine (Figure 3b), the primary lan-
guage (#1) comprised 91% of the overall audio data, with 99%
of these segments assigned to Ukrainian.

In broadcasts of Rusyn speakers in Slovakia (Figure 3c),
the primary language (#1) represented 66% of the recording
time, of which 77% was identified as Slovak. The secondary
language (#2) accounted for 19% of the audio, with 27% each
corresponding to Polish and Slovak, and 16% to Ukrainian.

For broadcasts from Serbia (Figure 3d), the primary rec-
ognized language (#1) made up 71% of the recordings, with
87% of these segments assigned to Croatian. The secondary
language (#2) constituted 22% of the total duration, wherein
78% was identified as Slovenian.

Additional analyses were conducted for the Polish Rusyn
community. Figure 4 presents the language recognition anal-
ysis in broadcasts by Polish Rusyn speakers, categorized into
two age groups: individuals aged over 70 (“70+”) and those
aged below 70 (*70-"). Notably, the recordings from the
“70+” group comprise over 60% of the Polish speaker dataset.
The decision to restrict the age group analysis to Polish
speakers was driven by two factors. Firstly, the sample sizes
for speakers from other regions were insufficient to obtain
statistically significant results. Secondly, determining the ages
of speakers from other countries proved challenging, as several
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broadcast editors responsible for the recordings are no longer
active at the radio station.

In the “70+” group (Figure 4a), Polish was the most
frequently recognized primary language (#1), accounting for
89% of broadcasts and 77% of the total analyzed duration.
For the secondary recognized language (#2), Ukrainian was
predominantly detected (75% within this category), represent-
ing 17% of all analyzed broadcasts. Additionally, a minor
presence of other languages was observed, constituting 6%
of the recognitions.

In contrast, within the younger “70-" group (Figure 4b),
Polish was overwhelmingly the primary recognized language
(#1), covering over 99% of the analyzed duration and account-
ing for 98% of the total broadcasts. Other languages in this
group appeared only marginally.

V. DISCUSSION

Based on the obtained results, it is evident that the dominant
official languages of a given country significantly influence
how the AI language model classifies the Rusyn language.
With the exception of Rusyn speakers from Vojvodina (Ser-
bia), the speech of Rusyn speakers from Ukraine, Poland, and
Slovakia was classified by the algorithm as most similar to
the dominant language in their respective countries. Although
the flexional, lexical, and syntactic differences among variants
of Rusyn are considered by both its speakers and linguists to
be smaller than those between Rusyn and the dominant lan-
guages, the algorithm—designed to analyze global language
similarities—tends to align more closely with the respective
dominant languages.

In particular, Ukrainian dominates among Rusyn speakers
from Poland and Slovakia, whereas the case in Serbia shows
a different pattern. For Rusyn speakers from Vojvodina, the
highest similarity was observed with Croatian and Slove-
nian, with Serbian contributing only marginally; however, the
sample size from Serbia was notably smaller due to limited
availability of material.

The exact mechanisms and criteria by which the model
decides on language classification are not fully understood.
The operation of a Transformer network is an inherently
complex statistical process that identifies patterns in language
data, enabling the detection of similarities without any genuine
semantic comprehension.

Traditional ASR models—based on Hidden Markov Models
(HMM)—exhibited a certain degree of determinism, which fa-
cilitated the analysis of how acoustic features influenced tran-
scription and language classification. In contrast, modern ASR
models that employ deep neural networks, including recurrent
neural networks (RNN), convolutional neural networks (CNN),
and Transformer architectures, are inherently implicit and non-
deterministic. This means that identical speech inputs can yield
slightly different transcriptions across separate instances. The
non-deterministic nature arises from the vast number of model
parameters and the complex, nonlinear relationships between
them, complicating any direct analysis or extraction of the
specific acoustic signal components that determine the tran-
scription outcome. In other words, pinpointing exactly which
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portions of the speech signal influenced the classification of
individual phonemes or words is extremely challenging.

Nonetheless, advanced methods exist for examining and
interpreting ASR models [12], including:

o Analysis of attention layers, which allows for visual-
izing the dependencies between segments of the speech
signal and the elements of the transcription, thereby
highlighting the portions of the audio that the model
“attends to” during recognition.

¢ Gradient-based methods, which enable the identifica-
tion of input signal segments that most significantly
impact the activation of particular neurons and, conse-
quently, the final transcription.

o Input perturbation techniques, which involve intro-
ducing minor modifications to the speech signal and
observing the resulting changes in transcription, thereby
identifying key acoustic features.

The results also indicate an almost complete absence of Rus-
sian language recognition—a finding that is surprising given its
significant presence and influence in Ukraine, especially in the
eastern regions, from where some of the speakers originated.

Furthermore, the analysis of the Lemko language (Rusyn
variant from Poland) revealed significant variations in classi-
fication results based on the age of the speakers. As a result,
an additional analysis was conducted by splitting the samples
into two age groups: those below 70 years and those 70
years and older. For the 70+ group, the similarity between
the Lemko language and Polish was considerably lower than
for the younger group, suggesting a progressive process of
linguistic assimilation, particularly in the realms of phonetics
and phonology. In contrast, with respect to lexical items, older
speakers exhibited a comparable—or even higher—frequency
of Polish loanwords, which may indicate that different mecha-
nisms of linguistic assimilation are at play across generations.

VI. SUMMARY

In this study, the capabilities of the Whisper model for
recognizing and classifying the Rusyn language were ex-
amined, even though the model was not directly trained on
Rusyn materials. The investigation relied on radio broadcasts
produced by Rusyn speakers residing in Poland, Ukraine,
Slovakia, and Serbia, with additional consideration given to
differences among age groups.

The results indicate that the Whisper model predominantly
classifies Rusyn speech in a manner that mirrors the dominant
official language of each respective country. This outcome
suggests that the influence of dominant languages plays a
critical role in shaping the classification of minority languages.
Notably, there is also evidence of a higher degree of lin-
guistic assimilation among younger speakers. This is particu-
larly apparent in Poland, where younger speakers exhibit a
considerably stronger alignment with Polish phonetics and
phonology compared to the older generation, even though
older speakers might display a similar or greater frequency of
Polish loanwords. Such findings point to distinct assimilation
mechanisms operating across generations.

Planned future research aims to modify the Whisper model
by eliminating its bias toward the dominant language of each
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country. This adjustment should allow for a more accurate
evaluation of the similarity between the Rusyn language and
other Slavic languages without interference from the official
language influences. Additionally, further analyses are pro-
posed to investigate the recognition of language in the context
of singing—specifically, through the study of Rusyn and other
Slavic songs—where the vocal emission mechanisms differ
notably from those of spoken language.

Together, these efforts are expected to contribute to a more
precise classification of minority languages, as well as to a
deeper understanding of the processes underlying linguistic
assimilation and globalization.
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