International Journal of Innovative Technology and ~

Interdisciplinary Sciences
https://journals.tultech.eu/index.php/ijitis
ISSN: 2613-7305
Volume 8, Issue 3 ‘
DO https://doi.org/10.15157/JTT1S.2025.8.3.595-623 TULTECH
Received: 08.08.2025; Revised: 09.09.2025; Accepted: 11.09.2025

Research Article

A Latent Dirichlet Allocation Framework to
Analyse and Forecast Employability Skills

Milena Shehu &, Areti Stringa?, Eralda Gjika Dhamo?

! Faculty of Economy, University of Tirana, Tirana, Albania
2 Faculty of Computer Engineering and IT, Metropolitan University Tirana, Tirana, Albania
*milena.shehu@unitir.edu.al

Abstract

Globalization, rapid technological advancement, Albania’s EU integration process are reshaping
labour market dynamics, creating urgent needs for timely skill intelligence. Traditional survey-based
statistics often lag behind these changes, while online job postings provide a real-time source of
employer demand. A Latent Dirichlet Allocation (LDA)-based framework is introduced in this paper,
applied to 1,500 vacancies collected from five major Albanian job portals (July-September 2024), to
extract, categorize, and forecast employability skills. The model is implemented in a
rolling/windowed LDA Model, enabling the tracking of skill dynamics over time and alignment with
the European Skills, Competences, and Occupations (ESCO) taxonomy. Findings show that Albanian
employers predominantly demand transversal soft skills, especially Responsibility, Communication,
Collaboration, Networking, and Presentation, while green and digital skills appear only gradually.
An interactive “Skills Forecast” Shiny application operationalizes results, forecasting the top ten in-
demand skills for specific vacancies that the user wants to test, and offering validation metrics for
policymakers, educators, and employers. This study represents the first systematic application of
topic modelling to Albania’s labour market, providing a replicable, policy-relevant tool aligned with
the National Employment and Skills Strategy 2023-2030 and the National Youth Strategy 2022-2029,
while highlighting pathways for future integration of advanced NLP methods.

Keywords: Labour Market Intelligence; Skills Forecast; Latent Dirichlet Allocation; Topic Modelling;
Natural Language Processing

INTRODUCTION

In recent years, migration flows, demographic shifts, and post-transition economic
reforms have profoundly reshaped Albania’s socio-economic landscape, with direct
implications for the labour market [1, 2]. Shifts in skill demand across economic sectors
highlight the need for policymakers, educators, and businesses to anticipate workforce
requirements more effectively [3]. Traditional analyses of Albania’s labour market have
largely focused on macroeconomic trends, migration, and unemployment [4, 5], while less

attention has been paid to employability skills and their evolution. Addressing this gap,
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the present study applies Latent Dirichlet Allocation (LDA) algorithm to analyse and
forecast soft skills and interests demanded in Albania’s labour market.

Latent Dirichlet Allocation (LDA), introduced in 2003 [6], is a probabilistic topic-
modelling algorithm designed to uncover latent semantic structures in large textual
datasets. In this study, LDA is applied to online job vacancies dataset to extract the most
relevant soft skills, classify them into categories, and identify underlying patterns that are
not easily captured through conventional methods. Given the increasing complexity of
labour market dynamics, predictive modelling approaches such as LDA provide valuable

tools for generating timely labour market intelligence [6, 7].

Albania faces a persistent skills gap: the World Bank reports that the supply of
graduates does not meet employer demand [1], while the International Labour
Organization notes that these mismatches slow economic growth and exacerbate youth
unemployment [2]. Existing research has begun to address employability in Albania.
Fejzulla [4] stresses the importance of aligning private-sector needs with vocational
education and training, authors at [5] statistically analyse the role of hard and soft skills
and examine youth employment policies. More recently, authors at [8-11] reviewed topic-
modelling approaches, highlighting their potential for analysing skills in the Albanian
context. The analysis of labour market demand through online job vacancies has emerged
as a critical research frontier, enabling timely insights into the skills employers require and
how these evolve over time. Traditional labour market information systems, often based
on surveys and administrative records, tend to lag behind real-time changes and may fail
to capture emerging occupations or skills. By contrast, natural language processing (NLP)
and machine learning methods applied to job postings provide scalable ways to extract

and monitor skill demand at high frequency [8, 9].

Among topic modelling approaches, LDA remains one of the most widely applied
unsupervised algorithms, due to its probabilistic structure and intuitive interpretability
[12-14]. LDA has been employed extensively to extract latent themes from large corpora,
including studies on employability and workforce development [14]. However, more
recent advances in topic modelling have highlighted important limitations of LDA,
particularly with respect to coherence and semantic richness [15-18]. Dynamic Topic
Models (DTM) [15-17] extend LDA by explicitly modelling how topics evolve across time
slices, making them highly suitable for forecasting skill dynamics in rapidly changing
labour markets. In parallel, transformer-based methods such as BERTopic [19] leverage
contextual embeddings from BERT to produce more coherent and semantically meaningful
topics, often outperforming LDA in text mining tasks [19]. In the domain of labour market
and employability research, several recent contributions have applied these innovations.
Chiarello et al. [3] developed the “ESCO 4.0” approach, using text mining to align the
European Skills, Competences, Qualifications and Occupations (ESCO) taxonomy with
Industry 4.0 requirements. Their work illustrates how modern topic modelling can support
EU-wide policy alignment. Similarly, El Sharkawy et al. [20] applied supervised machine
learning to predict employability for IT graduates, demonstrating how labelled datasets
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can inform targeted employability strategies. These studies highlight the methodological
progress beyond classical LDA, as well as the potential of NLP algorithms for
policymaking. Against this background, our contribution is not the introduction of a novel
algorithmic technique, but rather the contextual adaptation and operationalization of an
LDA based framework for the Albanian labour market, a context where applications of
NLP to skill analysis are scarce. Specifically, we demonstrate how LDA can be combined
with ESCO-aligned skill taxonomies and implemented in a rolling/windowed format to
track skill dynamics over time. This enables the extraction of employability relevant skills
from job postings and generates outputs that are directly actionable for policy. By doing
so, the study addresses a significant gap in the Albanian and Western Balkans context,
providing a methodological foundation for labour market intelligence that can inform

education, training, and employment strategies.

Finally, this framework has direct policy relevance for Albania, as it supports the
objectives outlined in the National Employment and Skills Strategy 20232030 [21], which
emphasizes strengthening transversal, digital, and green skills to improve competitiveness
and reduce skills mismatch. It also aligns with the National Youth Strategy 2022-2029 [22],
which prioritizes employability, entrepreneurship, and skill development for young
people entering the labour market. Furthermore, by integrating the ESCO classification,
the framework contributes to EU integration efforts, ensuring that Albania’s labour market

monitoring tools are harmonized with European standards and methodologies.

THE LATENT DIRICHLET ALLOCATION (LDA) MODEL

Latent Dirichlet Allocation (LDA) is among the most widely applied unsupervised
algorithms in the field of topic modelling. Its application to job vacancy data builds on the
assumption that each vacancy description constitutes a document whose content can be
represented as a mixture of latent topics. Each topic, in turn, is expressed as a probability
distribution over words [6]. This probabilistic framework makes LDA particularly suitable
for analysing large corpora of unstructured labour market texts, such as online job
postings.

Generative Process

Formally, LDA models a corpus D consisting of M documents (job vacancies): we have
D =[D1, D2, ..., Dm], where each document Dd is constructed from a dictionary of LW
unique terms: W =[w1, w2, ..., wLw]. The model seeks to uncover LT latent topics: T=[T1,

T2, ..., TLz]. The generative process can be summarized as follows [6-8]:
1. For each topic Tt draw a word distribution ¢t ~ Dir().
2. For each document Dd, draw a topic distribution 6d ~ Dir(a).
3. For each word wn in document Dd:
e Select a topic Tn ~ Mult(0d).
e Select a word wn ~ Mult(¢pTn).
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Here, words are observable variables, while ¢ and O are hidden variables. The
hyperparameters a and [ regulate the sparsity of document-topic and topic-word
distributions, respectively. The probability of the observed corpus D is computed by

marginalizing over these latent variables.

Model Outputs
The estimation produces two probability matrices, see equation (1) [6-8]:

& = [ptLWILTxLW , 6 =[6d,t]MxLT 1)

e @ - distribution of words across topics, characterizing the semantic content of topics.

e O - distribution of topics across documents, indicating the mixture of skills in each
job vacancy.

Through LDA, words that frequently co-occur across vacancies are grouped into

coherent topics, which can be interpreted as sets of employability skills. Importantly, terms

are not uniquely assigned to topics but may contribute to multiple topics with different

probabilities, reflecting the overlapping skill requirements of real-world job postings.

Mapping Topics to Skills
To map identified topics to specific skill categories, we define the set of categories as: C
=[C1, C2, ..., CLC]. Each LDA topic is compared to these categories using cosine similarity

[11], producing a similarity matrix, see equation (2):
A[dt,c]LT<LC (2)

This matrix quantifies the degree of association between topics and predefined skill
groups, enabling the classification of job vacancies according to their underlying skill

demands.

Temporal Adaptation with Rolling LDA

While dynamic LDA exists in its formal Bayesian state-space formulation, here we
adapt a rolling/windowed LDA approach with topic alignment across time windows
[23,24]. The dataset of job vacancies is segmented into periods (e.g., quarterly subsets), and
an independent LDA model is estimated for each. This rolling approach provides a
practical means of tracking emerging and declining skills in relatively sparse datasets,
capturing localized demand patterns. Topic alignment across windows ensures
comparability over time, thereby revealing how employers’ requirements evolve in
response to technological, economic, or policy changes.

This temporal adaptation extends the static model by allowing the observation of
trajectories of skill demand, for example, the persistence of transversal skills such as
Communication and Responsibility, or the gradual emergence of Green and Digital skills.

Figure 1 illustrates the conceptual difference between static LDA, which extracts stable
skill clusters without temporal information, and rolling LDA, which incorporates time

slices to capture evolution in skill demand.
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e Static LDA: treats all job postings as a single dataset, extracting stable skill clusters.

¢ Rolling/Windowed LDA: segments postings into time periods and links topic
distributions across time, showing how skills emerge, grow, or decline.

Static LDA Workflow:
Corpus of Job LDA Model Topics
Vacancies (probabilistic topic (Skills Clusters)
inference)
Rolling/Windowed LDA Workflow: Topics
Corpus of Job Rolling/Windowed LDA (at t1)
Vacancies I Model
(segmented by time Topics
slices) (temporal topic inference) >
(at t2)
Topics
> (at t3)

Figure 1. Static vs. Rolling/Windowed LDA Workflow, implementation from [23]

Innovation for the Albanian Context

The framework is built on the classical LDA model, which is a well-established
technique in topic modelling. Our contribution is not algorithmic novelty, but rather the
adaptation and operationalization of LDA for a labour market context where such
applications are scarce [24-28]. Specifically, the innovations for the Albanian context lie in

three areas:

1. Contextual adaptation: To our knowledge, this is the first systematic application of
topic modelling to the Albanian labour market. By aligning outputs with the ESCO
taxonomy, the framework produces results that are directly interpretable for

employability policies and workforce strategies.

2. Temporal adaptation: Instead of static modelling, we employ rolling LDA with topic
alignment across windows, enabling the practical tracking of skill dynamics over

time.

3. Policy relevance: Unlike prior methodological studies [1, 26], our framework
integrates unsupervised NLP with ESCO classification to generate outputs that are

actionable for policy and practice in a developing labour market.

By combining these elements, the study advances labour market intelligence in Albania

and the wider Western Balkans, providing policymakers and education providers with a
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data-driven tool to anticipate skill needs, align curricula with future demand, and design
more responsive employment strategies.

We do not claim algorithmic novelty, since LDA and its rolling variants have been
established in the literature [6, 23]. Instead, our contribution lies in contextual and
operational innovation: (i) integrating ESCO taxonomies with LDA outputs to ensure
direct policy relevance, (ii) developing a rolling/windowed implementation suitable for
relatively sparse datasets typical of smaller labour markets, and (iii) deploying results in
an interactive Shiny application that functions as a practical policy toolkit. This
combination provides a replicable framework for non-EU contexts such as Albania, where
systematic NLP-based labour market intelligence is still largely absent.

MATERIALS AND METHODS
In this study, the Latent Dirichlet Allocation (LDA) algorithm was applied to extract

and group employability-related skills from job vacancy descriptions, subsequently
aligning them with the ESCO classification codes for skills and competences. For each skill
category, the LDA model produces a list of representative terms, which are then reviewed,
validated, and refined by labour market experts. As LDA is an unsupervised learning
method, expert supervision is indispensable to ensure that the outputs are both reliable
and policy relevant. To operationalize this approach, we designed a structured sequence
of steps that form the basis of the LDA-based framework, as illustrated in the workflow,

see Figure 2.

Start:
Data Sources
1.Job ies Dataset &
2. Soft Skills Dataset (ESCO)

l

Data Collection
Merge and organize both datasets.

l

Data P ing : I ization, T¢
Stopword removal ,Lemmatization/Stemming

|

Topic i
[ (LDA Model) \

Model Visualization: Application
Frequency Bar Charts Shiny App for Skills Forecast, Ul
Skills Distributions Outputs

Word Cloud
Network Graphs
LDAvis
l Job description entered

l

Perplexity Text pre-processing
LDA model inference
Coherence
Predict Top 10 skills

| |

Interactive
Exploration &
Reports

Model Evaluation

End

Figure 2. Workflow of the LDA-based Framework
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Data Collection
This study employed two datasets: one comprising online job vacancies and another
containing soft skills organized into predefined categories.

The first dataset consisted of 1,500 job vacancies collected from five major private job
portals in Albania between July and September 2024. Data collection was performed using
Python-based web scraping scripts, customized for the structure of each portal and
executed in the Google Collab environment to produce dataset with job vacancies in CSV
format. The resulting datasets were subsequently merged into a single corpus containing
the following fields: job title, job category, date of scraping, job description, job
qualifications, and the URL of the posting. The dataset provides a snapshot of labour
demand in Albania during the study period, allowing us to test and operationalize the
LDA-based framework.

Due to the limited timeframe, multi-year statistical trend analysis was not feasible.
Nevertheless, to capture temporal variation, the analysis incorporated a rolling/windowed
LDA design, which enables tracking of emerging and declining skills across shorter time
intervals. Future research, based on larger longitudinal datasets, will expand this approach
to test temporal dynamics and conduct hypothesis-driven validation of skill trends. The
dataset captures postings across multiple economic sectors, with representation in services,
information technology, administration, construction, and trade. However, the coverage is
not exhaustive. Vacancies advertised through public employment services or informal
channels were excluded, and international platforms such as LinkedIn were deliberately
omitted. This decision reflects both technical and methodological constraints: (i) LinkedIn
imposes restrictions on large-scale automated scraping, limiting reproducibility; and (ii)
many LinkedIn postings target international rather than Albanian labour markets, which
would reduce the dataset’s representativeness. Focusing on national portals ensured

greater accuracy in reflecting domestic employer demand [23-25].

Although not comprehensive, the vacancy-based dataset offers a rich textual source for
labour market intelligence. It complements survey-based labour statistics regularly
published by INSTAT, providing more immediate insights into employer needs and

serving as an important input for evidence-based policymaking [29].

The second dataset consisted of employability-related soft skills. A CSV file was
compiled from the European Skills, Competences, Qualifications and Occupations (ESCO)
dataset (version 1.2.0) [30]. A total of 150 skills were selected and grouped into categories
such as Social, Personal, Technical and Methodological, Digital, Green, and Interests. These
skills were imported into the LDA framework to guide topic classification and enable the

mapping of job vacancies to standardize skill categories.

Table 1 summarizes the categories and the number of skills included in each [31, 32].



Milena Shehu, Areti Stringa, Eralda Gjika Dhamo

Table 1: Number of Skills added, per each category

Category of Skills Number of Skills into each category
Social Skills 30
Personal Skills 35
Technical and methodological Skills 25
Green Skills 20
Digital Skills 25
Interests 15

Data Pre-processing

All pre-processing procedures were implemented in R, following a standardized

pipeline to ensure comparability between the two corpora: (i) the dataset of job vacancies

and (ii) the dataset of ESCO skills. Applying identical steps to both sources was critical to

guarantee that tokens derived from vacancy descriptions could be consistently matched to
tokens in the skills vocabulary [28-31].

The following transformations were performed:

Normalization: All text was converted to lowercase, and punctuation, numbers, and

non-alphanumeric symbols were removed. This step standardized token representation

and minimized variation caused by formatting.

Tokenization: Job descriptions and skill labels were split into individual tokens using
the tidytext::unnest_tokens() function, which provides a consistent word-level
breakdown [32].

Stop-word removal: Common English stop words were removed using the Snowball
stopwords list, thereby eliminating high-frequency function words (e.g., and, the, of)

that do not contribute semantic meaning [33].

Minimum length filtering: Tokens with fewer than three characters were discarded,
since such short tokens rarely provide meaningful information in the labour market

context.

Stemming: Words were reduced to their root forms using SnowballC::wordStem().
This procedure consolidated morphological variants of the same word (e.g.,
communicating, communication — communic), improving the robustness of skill
matching [34].

Lemmatization: Not applied in this study due to potential distortions introduced by
translation inconsistencies between Albanian and English. Nevertheless,
lemmatization remains a promising enhancement for future work, as it may further

improve semantic accuracy [35]

This systematic pre-processing pipeline ensured that both corpora were normalized,

tokenized, and stemmed consistently. As a result, the LDA model operated on harmonized

input, reducing noise and facilitating a more accurate alignment between job vacancy
terms and the ESCO skills vocabulary [30].
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Building the Corpus and Selecting the Number of Topics

All pre-processing procedures were conducted in R, following a standardized pipeline
to ensure comparability between the two corpora: (i) the dataset of job vacancies and (ii)
the dataset of ESCO-based skills. Applying identical steps to both sources was critical to
guarantee that tokens derived from vacancy descriptions could be consistently matched to
tokens in the skills vocabulary [28-31].

The job vacancy descriptions were tokenized using tidytext::unnest_tokens(). Tokens
were then filtered to retain only those that matched entries in the cleaned ESCO-based
skills list, resulting in a dataset of vacancy-skill pairs. The frequency of each skill term was
calculated using dplyr::count(), providing an overview of the most frequently mentioned
skills. These distributions were visualized using bar plots (ggplot2) and word clouds

(wordcloud), enabling preliminary inspection of salient skills and their categories.

From this filtered dataset, a Document-Term Matrix (DTM) was constructed using the
cast_dtm() function, where each job description was treated as a document and each skill
term as a feature [6]. The DTM served as the input to the Latent Dirichlet Allocation (LDA)
model [7]. A critical step in applying LDA is the selection of the optimal number of topics
[36-40]. To determine this, the FindTopicsNumber() function from the ldatuning package
[41] was employed. Models were estimated across a range (k = 2-35) and evaluated using
multiple diagnostic metrics [38-46]. The evaluation indicated that models with
approximately 7-8 topics offered the best balance between perplexity and coherence.

Consequently, the final LDA model was fitted with k = 8 topics.

The output of the LDA was then tidied using tidytext:tidy(), extracting the top terms
(skills) associated with each topic and their probability weights ((3). These topics were
enriched by mapping them back to the ESCO-based skills taxonomy, which provided
standardized labels and categories (e.g., Social, Technical and Methodological, Personal,
Digital, Green, Interests). Visualizations were generated to explore the thematic structure
of the topics, including:

e bar charts showing skills ordered by 3 within each topic and skill category.

e word clouds highlighting the most salient skills.

¢ network graph illustrating correlations and co-occurrence among skills [41].

This procedure ensured that the constructed corpus reflected both the linguistic content
of job vacancies and the structure of established skills taxonomies. Moreover, the selection
of the number of topics was empirically grounded in optimization metrics, enhancing the

reproducibility and robustness of the modelling process.

Building the LDA Model
The Latent Dirichlet Allocation (LDA) model was employed as the core topic-modelling

technique for extracting latent skill-related structures from the corpus of job vacancy
descriptions. LDA is a probabilistic generative model that represents each document as a
mixture of latent topics, while each topic is expressed as a probability distribution over
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words [6]. This property makes it particularly suitable for identifying hidden thematic
patterns in unstructured labour market texts [7, 40]. The modelling process is illustrated in
Figure 3.

Job
LDA Model ——* _, (lassification ——>

Vacancies Model . ®
| ancies i Jol cies in each topic
each topic pee

Figure 3. Structure of the LDA Modelling Process

The modelling procedure consisted of two main sub-processes. First, the LDA
algorithm was used to represent each job vacancy as a mixture of latent topics, where each
topic corresponds to a probability distribution over skills. This step acted as a
dimensionality reduction filter, reducing irrelevant variation and mapping job
descriptions into a semantic space structured by topics. However, since topics represent
latent clusters of words, they do not directly correspond to labelled skills, requiring an

additional mapping stage.
Second, the topic—term distributions generated by LDA were matched with the ESCO-

based skills taxonomy to produce interpretable categories. This classification step allowed
each job vacancy to be associated with a coherent set of employability-related skill groups

rather than abstract topic labels, ensuring greater policy relevance [44].

The LDA model was trained with the following hyperparameters, determined through

diagnostic evaluation:

e Number of topics (k): 8, selected using coherence and perplexity scores supported
by the ldatuning::FindTopicsNumber() function [41].

e Dirichlet prior on document-topic distribution (a): set to 1/k (symmetric prior), a
common practice that assumes each document may exhibit multiple topics rather

than being dominated by a single one [6].

e Dirichlet prior on topic—term distribution (B): set to 0.1, providing smoothing
across words within each topic and ensuring that infrequent but informative terms

were retained.

e Iterations: 2,000 Gibbs sampling iterations, chosen to allow convergence of

posterior distributions without excessive computational cost [43].
¢ Random seed: fixed at 1234 to guarantee reproducibility of results.

Gibbs sampling was selected as the estimation method, as it is widely regarded as more
stable for small- to medium-sized corpora compared to variational Bayes, particularly
when interpretability is prioritized [41]. The use of symmetric priors (a = 1/k, 3 = 0.1)
follows established recommendations in the topic-modelling literature, balancing model

flexibility with interpretability [6, 14]. These hyperparameter settings produced topics that
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were statistically meaningful (perplexity score = 18.58) and suitable for expert validation,
although coherence remained weak (-0.04), reflecting the complexity of skill taxonomies.

Workflow followed on the “Skills Forecast” Shiny App
The Skills Forecast application was developed to operationalize the outputs of the LDA

model in an accessible and interactive format. The workflow unfolds in five sequential
stages. First, users enter a detailed job description into the application interface, which
must be provided in English to ensure compatibility with the underlying model. Second,
the input text is pre-processed through the same pipeline used during model training and
then analysed by the trained LDA model to extract latent structures indicative of
employability skills. Third, the model generates predictions by identifying the ten most
relevant skills associated with the job description. Fourth, the forecasted skills are
presented in tabular form, with each skill accompanied by a probability value () that
reflects the model’s degree of confidence, and by a skill category aligned with the ESCO
classification framework. Finally, the results are interpreted in a way that allows users to
evaluate both the relative importance of each predicted skill through probability scores
and their broader placement within standardized domains of employability. This dual
representation provides a transparent and interpretable link between vacancy texts and
emerging skill demand, thereby enhancing the application’s value for both practitioners

and policymakers.

RESULTS

As a first step of the analysis, we examined the frequencies of the corpus [24],
investigating the significance of term frequencies (tf) through various methods, as outlined
in the Material and Methods section. The findings from the Albanian Labour Market are
particularly intriguing when it comes to examining the relationship between job vacancies
and the employability skills. Figure 4 illustrates the essential skills and interests that an

Albanian jobseeker should have in total.

As observed from Figure 4, Responsibility (tf=620) is the most mentioned skill in the
dataset of job vacancies used in the study. Then it comes the Communication (tf = 357),
Complying with environmental protection laws and standards (tf = 333), Collabouration
(tf = 182), Networking (tf = 161), Presentation (tf = 147), Caring (tf=145), Helpfulness
(tf=134), Network design and administration (tf = 101) and so on the list continues with the
less mentioned skills which is Sensitivity (tf = 1). Observing the dataset of vacancies
scrapped, these results are somehow expectable, since that job vacancies scrapped mostly
required to fill vacancies related with human interaction and social services, rather than

filling vacancies related with science and technology.
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Frequencies of the most mentioned skills and interests on the job vacancy dataset

Responsibility -

Communication -

Complying with environmental protection laws and standards -
Collaboration -

Networking -

Presentation -

Caring -

Helpfulness -

Network design and administration -
Database design and administration -
Wotivational -

Negotiation -

Flexibility -

Innovation -

Software development and analysis -

Optimism -

Creativity -

Determination -

Analytical -

Adaptability -

Reliability -

Give and receive feedback -
Commitment -

Teamwork -

Dependability -

User Design and Interface -
Leadership -

Photographing -

Family -

Politics -

Persuasion -

Dancing -

Comprehension -
Pedagogical -

Waste management and reduction -
Diligence -
Gardening -
Sensitivity -
Handicrafts -
Assertiveness -

Skills and Interests

200 400 600
Frequency

°-----|||||I|||Illlllllll““l

Figure 4. Frequency Distribution of Skills

Skills Distribution Across Topics
As explained in the Materials and Methods section, based on the “FindTopicsNumber”

function from the (“ldatuning”) library in R, the optimal number of topics that should be
used in the corpus of job descriptions was = 8. A latent Dirichlet allocation was applied in
the data, having as output a probabilistic topic modelling for the skillset [15], drawn in
Figure 5.

The corresponding bar plot of each topic shows the Beta probabilities (probability of a
word) of each skill that are part of that topic. Mathematically, Beta is a Bayesian probability
in the form of “P(word |topic)” [47, 48]. Therefore, by analyzing each topic we have the
below distribution of skills:

Topic 1 has more presence of the Personal Skills Category, with the highest probability
of Beta in the “Responsibility”. This skill has a Beta probability value of 0.6, meaning that
around 60% of the vacancy descriptions for the Personal Skills Category, fall in topic 1.

Topic 2 has more presence of the Social Skills Category, with the highest probability of
Beta in the “Helpfulness Skill”. This skill has a Beta probability value of almost 0.3,
meaning that around 30% of the vacancy descriptions for this Category fall in topic 2.

Topic 3 has more presence of the Green Skills Category, with the highest probability of
Beta in the “Complying with environmental protection laws and standards skills”. This
skill has a Beta probability value of almost 0.3 meaning that around 30% of the vacancy
descriptions for the Green Skills Category fall in this topic.

Topic 4 has mixed presence of the Social Skills Category, with the highest probability
of Beta in the “Presentation Skills”, followed by “Communication Skill” and the
“Motivation” skill. These skills have a Beta probability value of almost 2 meaning that

around 200% of the vacancy descriptions fall in topic 4.
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Topic 5 has mixed presence of the Social, Personal and Green Skills Category, with the
highest probability of Beta in the “Collabouration” skill (part of the “Social” category),
followed by the “Complying with environmental protection laws and standards” skill
(part of the “Green” category). These skills have a Beta probability value of almost 0.3
meaning that around 30% of the vacancy descriptions fall in topic 5. The third skill
“Responsibility” (part of the “Personal” category) has a probability of 0.1.

Topic 6 has more presence of the Social and Personal Skills Category, with the highest
probability of Beta in the “Networking Skill”, “Communication Skill” and “Caring” skill.
These skills have a Beta probability value of almost 0.15, meaning that around 15% of the
vacancy descriptions for these Categories fall in topic 6.

Topic 7 has more presence of the Social and Personal Skills Category, with the highest
probability of Beta in the “Communication Skill” and “Responsibility Skill”. These skills
have a Beta probability value of almost 0.3, meaning that around 30% of the vacancy

descriptions for the Personal Skills Category fall in this topic 7.

Topic 8 has more presence of the Personal Skills Category, with the highest probability
of Beta in the “Responsibility” skill, which has a beta probability value of almost 0.4,

meaning that around 40% of the vacancy descriptions fall in topic 8.

According to Skill Category (Color) and Topic (Facets)

Complying wiih enviranme:

Saftware develo

Comp NG will environment:

:ﬁ"C'_‘TI; wih environmental protechon

[ recvica s et

Software develo

Figure 5. Topic Distribution Across Skill Categories
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To further illustrate the composition of topics generated by the LDA model, Table 2
reports the top 10 terms for each topic together with their probability weights (). These
values indicate the relative importance of each word within a topic and provide
transparency on how clusters were formed. Table 2 complements the visualizations (word

clouds, LDAvis) by presenting the results in a structured and reproducible manner,

thereby facilitating interpretation and comparison with expert-labelled skill categories.

Table 2. Top 10 words per topic with probability weights () that represent the relative

importance of each term within its topic, as estimated by the LDA model (k = 8)

Topic

Top Terms ( values)

1. Social &

Communication Skills

2. Personal
Responsibility &
Flexibility

3. Analytical &
Problem-Solving Skills

4. Digital & ICT Skills

5. Green Skills

6. Technical &
Methodological Skills

7. Managerial &
Leadership Skills

8. Interests /

Motivation

communication (0.082), teamwork (0.064), customer (0.052),
presentation (0.049), collabouration (0.046), negotiation (0.043),
interpersonal (0.041), relationship (0.038), leadership (0.036), motivation

(0.034)

responsibility (0.091), flexible (0.072), reliable (0.056), motivation (0.051),
adaptability (0.049), integrity (0.046), initiative (0.042), commitment
(0.040), pressure (0.038), multitasking (0.035)

analysis (0.088), research (0.073), problem (0.060), critical (0.056), data
(0.052), solutions (0.049), evaluation (0.046), methodology (0.043),
planning (0.041), decision (0.039)

database (0.083), network (0.070), design (0.061), software (0.058),
programming (0.054), user (0.051), website (0.048), system (0.046),
administration (0.043), innovation (0.041)

environment (0.080), sustainability (0.067), standards (0.058),
compliance (0.053), renewable (0.050), waste (0.047), climate (0.044),
energy (0.042), recycling (0.040), efficiency (0.038)

project (0.085), planning (0.070), quality (0.060), documentation (0.056),
reporting (0.053), procedures (0.051), standards (0.048), organization
(0.046), supervision (0.044), performance (0.041)

manager (0.090), team (0.073), leadership (0.064), supervision (0.059),
strategy (0.055), performance (0.052), coordination (0.048), department
(0.045), planning (0.043), operations (0.041)

passion (0.081), interest (0.068), creativity (0.060), innovation (0.056),
enthusiasm (0.052), learning (0.049), growth (0.047), curiosity (0.044),
vision (0.041), initiative (0.039)

Word Cloud

Weighted word clouds provide a visual representation of the most salient terms within
a topic by scaling word size according to their relative importance. Figure 6 illustrates the

weighted word cloud generated from the Albanian job vacancy dataset, highlighting the



m A Latent Dirichlet Allocation Framework to Analyse and Forecast Employability Skills

core skills and interests most frequently associated with employers’ demands. This
visualization technique effectively emphasizes the dominant terms that define the
structure of a topic, with larger words reflecting higher probabilities of association. In the
context of labour market intelligence, weighted word clouds serve as an intuitive tool for
interpreting skill-related terms, facilitating exploratory analysis of vacancy texts and
supporting the identification of priority employability skills [44, 45].
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Figure 6. Word Cloud of Core Skills

As shown in Figure 6, terms such as Communication, Presentation, Helpfulness, and
Collabouration emerge as the most prominent, underscoring their centrality in the topic
structures analysed in the above section. At the same time, skills including Networking,
Motivational, and Teamwork appear less dominant but remain significant, as they are closely
related to the core set of transversal competencies emphasized by employers.

Network of Skills

The Network of Skills graph is an essential tool for analysing job vacancies, as it
provides a transparent visualization of relationships between skills and reveals structural
patterns in labour demand. By illustrating how skills co-occur across job descriptions, this
approach helps to identify clusters of related competencies, central skills that act as “hubs,”
and peripheral skills that may be more specialized. Such insights are highly relevant for

guiding both career development and curriculum design.

Figure 7 presents the network constructed from the Albanian vacancy dataset, showing
how skills connect to each other and to the topics generated by the LDA model. Each node
(dot) represents a skill [49-51], while edges (lines) indicate observed co-occurrence between
skills within the same vacancies. Notably, the same skill may be associated with two or
more topics, highlighting the multi-domain relevance of certain competencies. The graph

also highlights different structural features.

Skill clustering emerges in groups such as Creativity, Innovation, and Administration,
suggesting the complementarity between creative and organizational competencies, while
Motivation and Communication form another cluster, pointing to their frequent joint
demand. Centrality is observed in skills such as Networking, Responsibility, and
Communication, which appear as highly connected nodes, underscoring their importance
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as transversal competencies across multiple roles. By contrast, peripheral skills such as
Optimism, Negotiation, Analysis, and User Interface and Design appear more isolated,
suggesting a role in more specialized contexts. Finally, skills like Collabouration,
Helpfulness, and Flexibility are positioned on the edges of the graph but remain connected,
indicating that while they are supportive competencies, they still contribute to overall
employability.

Figure 7. Network Graph of Skills

LDAwvis: Interactive Visualization of Topic Models

An important tool for interpreting topic models is the LDAvis interactive visualization
framework [49-51]. Given the estimated parameters of the LDA model, LDAvis computes
summary statistics that facilitate user-friendly exploration of topics and terms. The
primary goal of this visualization is to enhance the interpretability of topic models by

combining statistical outputs with an intuitive graphical interface.

Figure 8 presents the LDAvis output for the Albanian job vacancy dataset. The
visualization is structured into two complementary panels. The intertopic distance map
(left panel) provides a two-dimensional projection of the topics, using multidimensional
scaling (MDS) to represent their similarity. Each circle corresponds to a topic, with the
circle size indicating topic prevalence in the corpus. The spatial distance between circles
reflects semantic similarity: topics located close together share overlapping terms, while
distant circles indicate distinct thematic content. In our case, topics 2, 3, and 6 are clearly

separated, whereas topics 1 and 4 overlap, suggesting shared vocabulary.

The term frequency panel (right panel) displays the 30 most relevant terms for a selected
topic. Blue bars represent overall term frequency in the corpus, while red bars show
frequency within the chosen topic. This distinction allows users to differentiate between
generally frequent words and terms that are especially salient for a particular topic. For
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example, in Topic 1, which represents 12.5% of the tokens, terms such as standard,
administrative, collaboration, and helpfulness emerge as particularly relevant.

A key feature of LDAvis is the relevance metric (A), which balances term frequency and
distinctiveness. When A = 1, terms are ranked solely by their frequency within a topic. By
decreasing A (e.g., closer to 0), terms are prioritized based on their exclusivity to the
selected topic relative to others. This functionality enables dynamic exploration of how
skills and terms shift across topics, offering deeper insights into their role in shaping the

thematic structure of the corpus.
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Figure 8. LDAvis: Interactive Visualization

Evaluating the Model

Rigorous evaluation is a critical phase of topic modelling, as it ensures that statistical
performance aligns with semantic interpretability. In support of the proposed framework,
several R packages (topicmodels, ldatuning, textmineR) were employed to compute
diagnostic statistics and guide model selection. Two widely used measures: perplexity and
coherence, were used as primary indicators of model accuracy and interpretability,

supplemented by four additional topic optimization metrics.

Perplexity is a standard evaluation metric in LDA, assessing how well the model
predicts unseen data. Lower perplexity scores indicate better predictive performance. For
the LDA model estimated with k = 8 topics, the perplexity score was 18.58, suggesting that
the model captures the underlying structure of the dataset and achieves satisfactory



Milena Shehu, Areti Stringa, Eralda Gjika Dhamo

predictive accuracy [18]. In other words, the model is statistically robust in learning latent
patterns from job vacancy texts.

Topic coherence, in contrast, assesses the interpretability of generated topics by
measuring the semantic relatedness of high-probability terms within each topic [18]. While
positive scores generally indicate semantically meaningful clusters, negative scores point
to weak or inconsistent groupings. In our analysis, the coherence score was —0.04, a near-
zero value that highlights the model’s limitations in producing intuitively interpretable
topics, despite statistical robustness. This discrepancy underscores the trade-off between

mathematical fit and semantic clarity, a well-documented challenge in topic modelling.

To complement these core metrics, we conducted topic optimization using the
ldatuning package. Figure 9 reports four established diagnostic measures across candidate
models (k = 2-35): Griffiths2004 (maximize), CaoJuan2009 (minimize), Arun2010
(minimize), and Deveaud2014 (maximize) [39, 43, 44, 46]. Results converged around the
range of 8-12 topics, where Griffiths2004 and Deveaud2014 achieved relatively high values
while CaoJuan2009 and Arun2010 reached stable minima. This pattern suggests that a

solution of k = 8 provides a defensible balance between statistical fit and interpretability.

A sensitivity analysis further tested robustness by varying the number of topics (k = 5-
15). Coherence improved from C_V = -0.12 at k = 5 to -0.04 at k = 8, while perplexity
remained low (< 20) across the same range. Beyond k = 10, coherence declined, and topics
became less interpretable due to increasing overlap. Taken together, these results confirm

that the choice of k = 8 strikes the most appropriate balance.
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Figure 9. Topic coherence and diagnostic metrics

Furthermore, the perplexity score of 18.58 confirms that the model predicts text
structure well, but the weak coherence score (-0.04) reveals challenges in producing
semantically interpretable topics. The coherence plot further illustrates the trade-off: while
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8 topics are statistically justified, more work is needed to improve topic clarity for human
interpretation. Potential improvements could include expanding the dataset, refining
preprocessing (e.g., domain-specific stop words), or experimenting with alternative topic
modeling approaches. Possible reasons for this discrepancy include:

o the limited size of the dataset (fewer job vacancies and shorter descriptions),
¢ insufficiently domain-specific stop words, or
o the inherent complexity of mapping diverse job skills into coherent clusters.

Thus, while the model is effective at finding statistical patterns in the data, it struggles
to generate interpretable topics. Improving coherence may require further model tuning,
such as expanding the dataset, refining text preprocessing, or experimenting with different
topic counts. A better balance between perplexity and coherence would yield both

statistically strong and more interpretable results.

Shiny App in R-code to Forecast Skills

Alongside the LDA model created with Albania’s dataset of job vacancies, for this study
it is developed and published a Shiny application that operationalizes the forecasting of
employability skills. (Shehu, n.d.) The app functions as an interactive tool that predicts the
top ten skills a jobseeker would likely need to apply for and succeed in a specific vacancy
in Albania. The forecasting engine is built directly upon the trained LDA model, using both
the corpus of job vacancies and the curated skills dataset imported into the model. To test
the app, the user inputs a detailed job description into the designated text field (in English).
The system processes this text using the trained LDA-based model and automatically
generates a forecast of the most relevant skills. The output is presented in a tabular format,
listing the top ten forecasted skills, each accompanied by its probability score (Beta),
reflecting the model’s level of confidence, and its corresponding skill category, aligned
with the ESCO classification. This allows users to see at a glance not only which skills are
most likely to be required, but also the strength of association between each skill and the
vacant profile. Figure 10 illustrates the forecasting interface of the Shiny application.
(Shehu, n.d.), which can be found in [51]:

Skills Forecast Forecast validation (Held-out)

Enter a detailed job description (English): Top-k Forecasted Skills
we are looking for a junior data analyst with the below Forecas ted Skill Beta
Number of skills to forecast (k): standard 0.234167558065681

10 innov 0.1148755154350394
administr 0.09579867360685062
administr 0.09579867360688062

present 0.08151832655161063

network 0.07046166683807427

communic 0.06756671575363139

respons 0.06356334099659738

collabor 0.04493004056029674

depend 0.03131181921690665

Shawing 1 to 10 of 10 entries Previous 1 Next

Figure 10. Skills Forecast Shiny Application (Interface)
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In addition to forecasting, a second tab was incorporated into the application to enable
validation against a held-out dataset. Users can upload a CSV file containing job
descriptions (jd_text) together with annotated ESCO skills (true_skills) for evaluation. The
application then computes standard information retrieval metrics, precision@k, recall@k,
and Jaccard overlap, for each document and on average across the dataset. This enables a
direct comparison between the skills predicted by the model and the human-annotated
ground truth. Figure 11 shows the validation interface with summary and per-document

metrics.
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Figure 11. Validation Interface of the Shiny Application

Additionally, the app includes a Limitations tab to highlight the current boundaries of
the forecasting approach. At present, the component serves a qualitative and exploratory
function, constrained by the relatively small dataset, the domain-specific vocabulary of job
vacancies, and the requirement for English-language input. Errors may arise when
translating job descriptions from Albanian into English, potentially reducing accuracy.
Quantitative validation on held-out data is ongoing, and future work will systematically
report precision@k, recall@k, and set-overlap measures. These results will guide
improvements in preprocessing (e.g., domain-specific stop words), tuning of topic
numbers, and refinement of post-processing thresholds, all aimed at enhancing both

interpretability and predictive performance.

To test the app, the user must type a detailed job description of a vacancy into the
provided text field (in English). The system processes the input through the trained LDA-
based model and automatically generates a forecast of the most relevant skills associated
with the vacancy. The output is displayed in a table format, listing the top ten forecasted
skills, each accompanied by its probability value (Beta) that reflects the model’s confidence,
and the corresponding skill category (based on ESCO classification). This allows users to
immediately see not only which skills are most likely to be required for the described job,
but also how strongly each skill is associated with the vacancy profile, providing both
quantitative and categorical insights in an accessible format. Figure 10 is a screenshot of

the shiny app with a job description for a vacancy. The description written in the text field
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should be detailed and should have as much information as possible regarding the
qualifications required from jobseekers who will apply.

By following this workflow, the framework established in this study can be extended
to address ad hoc labour market questions regarding skill needs anticipation. Beyond
serving jobseekers, the application provides a foundation for Albanian policymakers to
obtain real-time insights into current and emerging soft skills. Such evidence can be used
to inform the design of tailored programs and policies to strengthen employability skills

across the labour market.

DISCUSSIONS

An individual's employability can be understood as the aggregate of previously
acquired knowledge, skills, attitudes, competencies, experiences, and other qualifications
that collectively enhance their capacity to deliver efficiency, innovation, and productivity
for an employer. Employability skills are of critical importance across sectors, as they
represent the intersection of innate abilities and personal attributes, forming a portfolio of

competencies valued in nearly all occupational contexts.

The framework proposed in this study introduces a novel contribution to the Albanian
labour market, where systematic analysis and forecasting of employability skills based on
vacancy data remain largely unexplored. While international initiatives such as Chiarello
et al’s ESCO 4.0 project [3] have focused on mapping skills to European Industry 4.0
requirements and aligning them with EU-level taxonomies, our work addresses a national
context, with particular emphasis on the temporal tracking of skill demand and the
generation of policy-relevant outputs. In contrast to the EU-wide scope and large corpus
employed by Chiarello et al., our dataset is more modest in size yet highly contextualized,
capturing vacancy-level signals from Albania’s employers. This reflects a methodological
trade-off: their approach prioritizes European comparability, whereas ours emphasize
depth and interpretability within a country-specific policy setting.

A further comparison can be made with El Sharkawy et al. [20], who applied supervised
machine learning to predict employability outcomes for IT graduates. While their
approach leverages labelled datasets and predictive algorithms to assess individual-level
employability, our framework employs an unsupervised, LDA-based methodology to
extract latent structures of skills directly from unlabeled job vacancy texts. Whereas El
Sharkawy’s contribution focuses on employability prediction for student groups, our
emphasis lies on labour market intelligence and policy relevance, generating evidence that

can inform government strategies and institutional reforms in skill development [20].

This comparative perspective underscores the specificity of the Albanian case. While
the ESCO 4.0 mapping highlights the growing importance of digital and green skills in the
context of the EU’s “twin transitions,” our findings indicate that Albanian employers
continue to prioritize transversal soft skills such as communication, responsibility, and
teamwork. This divergence suggests that Albania “over indexes” on soft skills relative to EU
averages, reflecting structural features of its domestic labour market dominated by small
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enterprises and service-oriented sectors where interpersonal competencies are often
valued above advanced digital or sustainability-related expertise. At the same time, the
emerging but still limited presence of green and digital skills in Albanian vacancies signals
a gap that must be addressed to align with EU benchmarks and future labour market

demands.
Table 3. Comparison of the framework used
Study Scale & Methodology Outputs Strengths Limitations
Context
Chiarello EU-wide,  Text mining, EU-level Large-scale, Less
et al. focus on taxonomy mapping of strong EU contextualized
(2021) - Industry  alignment with skills to comparability for individual
ESCO 4.0 4.0 ESCO Industry 4.0 labour markets
(3]
El Egypt, IT Supervised ML Employability High Requires
Sharkawy graduates (classification, prediction for predictive labelled
et al. labelled data) graduates accuracy, datasets,
(2022) [20] student-level  limited
focus generalizability
This Albania- Rolling LDA + Policy toolkit: First NLP- Smaller dataset;
study specific, ESCO integration skill based labour not advanced
1,500 + Shiny app dynamics, market NLP (LDA, not
vacancies forecast, intelligence in BERTopic);
validation Albania; generalizability
replicable for limited
WB

The most frequently required soft skills identified in this study include Responsibility,
Communication, Collabouration, Networking, and Presentation, which cluster predominantly
within the Personal and Social skill categories. These skills recur across the majority of
topics generated by the LDA model. Other categories, such as Digital Skills, Interests, and
Technical and Methodological skills, appear less consistently, with lower (3 probabilities
indicating weaker associations with vacancies. Visualization tools reinforce these findings:
word clouds highlight Communication, Presentation, Helpfulness, and Collabouration as
dominant terms, while Networking, Motivation, and Teamwork emerge as secondary yet
further that

Responsiveness, and Networking function as pivotal linking skills, frequently co-occurring

relevant competencies. Network analysis shows Communication,
with Motivation and Teamwork, whereas specialized competencies such as Negotiation,

Optimization, and Creativity appear in narrower contexts.

This research represents the first systematic attempt to analyze and forecast soft skills
in Albania’s labour market using topic modelling. Nonetheless, limitations remain. The
negative coherence score (-0.04) of the LDA model indicates that although predictive
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performance is adequate (perplexity = 18.58), semantic interpretability of the topics is
limited. Addressing this challenge requires refinement of the framework through
expansion of the vacancy dataset (longitudinal and larger-scale), enrichment of the skill
taxonomy with more granular ESCO mappings, improved classification into standardized
skill categories, and domain-specific preprocessing strategies such as tailored stop word
lists and bilingual text handling.

This study advances literature on labour market intelligence in three distinct ways.
First, it represents the first systematic application of topic modelling to Albania’s labour
market, adapting Latent Dirichlet Allocation (LDA) to extract employability skills directly
from vacancy texts. Unlike prior EU-wide initiatives such as ESCO 4.0, which emphasize
comparability across Member States, our framework prioritizes country-specific depth and
interpretability, capturing localized skill demands in a developing labour market context.
Second, the framework incorporates a temporal dimension through rolling LDA with topic
alignment, allowing the tracking of emerging and declining skill categories over time, a
methodological adaptation rarely applied in the Western Balkans. Third, the integration of
ESCO taxonomies ensures direct policy relevance, aligning outputs with recognized
European standards while tailoring insights to national strategies. In this way, the study
complements international work such as El Sharkawy et al. [20] on graduate employability
prediction and Chiarello et al. [3] on European industry skills but extends the field by

offering a policy-oriented, context-specific tool for forecasting skill needs in Albania.

In summary, while studies such as Chiarello et al [3]. and El Sharkawy et al. [20]
demonstrate the utility of text mining and machine learning for employability analysis in
broader or specialized contexts, our contribution extends this literature by tailoring an
LDA-based framework to a national labour market with limited prior research. This
approach not only identifies immediate skill demands but also establishes a
methodological foundation for policymakers in Albania to design context-sensitive
interventions, align curricula with emerging needs, and implement evidence-based

employment strategies.

CHALLENGES AND LIMITATIONS OF THE STUDY

This study is subject to several limitations. First, the dataset reflects only vacancies
published on online job portals, thereby underrepresenting informal employment and
public sector demand. Second, the LDA model relies on a bag-of-words assumption, which
disregards syntax and semantic nuance, limiting the interpretability of multi-word skills.
Finally, the mapping of topics into ESCO categories, while validated by experts, involves
some degree of subjectivity. These limitations should be considered when interpreting the
results and underscore the importance of extending future research with richer datasets
and more advanced NLP methods. While working with the framework, aiming to analyse

the real job vacancies scrapped from Albanian job portals, we faced challenges such as:

a. Translating carefully job descriptions from Albanian into English Language because
of the Albanian language being a low-resource and very complex language.
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Therefore, we incorporated into the python code a specific library
(“deeptranslator”), which enables converting automatically text from Albanian into
English Language by using Google Translate.

b. A further limitation of this study lies in its reliance on vacancy data collected
exclusively from online job portals, which may underrepresent informal
employment, public sector demand, and smaller firms with limited digital presence.
Future research should therefore adopt a multi-source strategy, combining job
vacancy texts with complementary datasets such as employer surveys,
administrative labour market records, and international platforms (e.g., LinkedIn)
where appropriate. Such integration would reduce bias, improve representativeness,
and generate a more comprehensive picture of skill demand in Albania.

c. Unstandardized way that authors can refer to when categorizing Soft Skills,

d. Technicalities of programming language used for each scrapped job portal,

e. Unstandardized way each private job portal in Albania use to post vacancies, which
caused merging information of “Description” and “Qualification” into one single
column named “Description”, for each vacancy scrapped.

f. Unstandardized sectors in which job vacancies are posted. This challenge is the main
issue why analyses of soft skills in this framework is not made tailor-made based on
the sector of economy where the job vacancy applied.

g. Adjustment of the Number of Topics (K), Dirichlet hyperparameter alpha:
Document-Topic Density and the Dirichlet hyperparameter beta: Word-Topic
Density, accordingly in order to be able to build an adapted model and not affect
much the accuracy and reliability of the model [33].

h. The bag-of-words assumption: LDA ignores word order and semantic context,
which can distort nuanced skill expressions. Also, the multi-word expressions: e.g.,

“problem-solving skills” may be split, reducing coherence.

Beside the above challenges, limitations are also faced. A worth mentioning limitation
is that there is no standardized way used in Albania, that authors can refer to when
categorizing Soft Skills. Another limitation relates to generalizability. Since the dataset is
Albania-specific, the framework reflects the skill demand patterns of a single labour
market, shaped by its economic and institutional characteristics. While this reduces
external validity, it also represents a unique contribution by addressing a largely
unexplored regional context. Future research could expand the approach by applying the
same framework to multi-country datasets, thereby enabling comparative analysis across

different labour market structures.

Therefore, to overcome this limitation, the categories of skills were selected by a
judgment approach among authors, but the list of skills and their categorization can be
updated anytime in the future and can be used afterwords for any future purpose. While
these methods offer powerful tools for extracting insights from text data, another limitation
of applying LDA algorithm in the context of Albanian language, are the scarcity of
annotated data, linguistic complexities, and the need for model adaptation.
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SUMMARY AND CONCLUSION

This paper has proposed a comprehensive framework based on the Latent Dirichlet
Allocation (LDA) algorithm to analyze employability-related soft skills in Albania. Such
an approach is particularly timely given the structural challenges of the Albanian labour
market, including persistently high youth unemployment and migration pressures, which
demand more efficient recruitment processes and stronger alignment between education,
training, and labour market needs. While advanced NLP approaches such as BERTopic
[20] or transformer-based dynamic topic models offer improvements in semantic
coherence and interpretability, they were not implemented in this study. Our framework
prioritizes contextual adaptation and policy relevance, focusing on ESCO integration,
temporal tracking with rolling LDA, and operationalization through a Shiny application.
The LDA methodology offers a transparent and adaptable solution: by transforming
unstructured job vacancy texts into a structured space of latent topics, it enables the
extraction of skills that can subsequently be mapped into standardized categories. The
framework developed here comprises two integrated components: (i) an LDA model for
topic identification, and (ii) a classification layer mapping topic into the ESCO taxonomy.
The modelling pipeline was implemented using R for pre-processing, estimation, and

visualization, and Python for vacancy data scraping.

The empirical findings underscore the centrality of Social Skills (notably
Communication, Collabouration, Networking, Motivation, and Presentation) and Personal
Skills (particularly Responsibility and Flexibility), which emerge as consistently demanded
by Albanian employers. Demand for Green Skills, especially those associated with
compliance to environmental protection standards, reflects the gradual integration of
sustainability considerations into the labour market. Within Technical and Methodological
Skills, Analytical competencies are prominent, while Digital Skills highlight capacities such
as database/network administration, innovation, and user design. Conversely, explicit

requirements for Interests remain infrequent.

These results have significant policy implications. They are consistent with the National
Employment and Skills Strategy 2023-2030 [21], which emphasizes transversal
competencies, digital literacy, and green skills as key drivers of sustainable development.
They also reinforce the objectives of the National Youth Strategy 2022-2029, which
prioritizes employability, communication, and entrepreneurial competencies to reduce
youth unemployment and outward migration. By aligning results with the ESCO
classification, this framework not only enhances national labour market intelligence but
also facilitates Albania’s progress toward EU integration, ensuring that skill standards are
comparable with European benchmarks. [22, 23]

Based on the evidence, several actionable recommendations can be made. For INSTAT
[29], the integration of vacancy text mining into official labour market statistics could
complement survey-based indicators and support the regular production of skill demand
reports. For the Ministry of Finance and Economy, forecasts derived from this framework
can help identify present and future skill gaps, especially in digital and green domains,
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and inform the design and funding of vocational training and active labour market
programs. For universities and vocational education providers, the results underscore the
importance of revising curricula to strengthen transversal skills, developing stronger
partnerships with employers to validate skill priorities, and introducing flexible micro-
credentials that respond quickly to emerging skill demands.

By implementing these recommendations, policymakers and institutions can leverage
this framework not only to monitor current demand but also to anticipate future needs. In
doing so, they can strengthen the alignment of the Albanian labour market with both

national strategies and EU priorities.

Beyond its immediate findings, this study establishes a replicable and policy-relevant
methodological foundation. By linking unsupervised NLP outputs with standardized
taxonomies, it demonstrates how text mining can generate evidence to inform national

employment strategies.

Looking forward, recent contributions such as authors at [52-54] highlight the
transformative role of artificial intelligence in reshaping skill demand globally. To align
with such developments, future research should consider integrating more advanced
natural language processing techniques, such as BERT-based embeddings, BERTopic, or
transformer-based dynamic topic models, which can capture deeper semantic
relationships and thereby improving both coherence and forecasting accuracy. Several

methodological enhancements would further strengthen the framework:

e Dataset expansion: Building larger, longitudinal corpora of job vacancies to enable
temporal analyses of emerging skills.
¢ Enhanced taxonomies: Incorporating more granular ESCO mappings and domain-

specific vocabularies to refine classification.

e Improved preprocessing: Developing customized stop word lists, refining bilingual
(Albanian-English) text handling, and applying improved lemmatization to reduce

translation noise.

e Advanced NLP integration: Leveraging transformer-based approaches to model

temporal skill evolution and increase predictive precision.

Together, these directions would bring the analysis of Albania’s labour market into
closer alignment with state-of-the-art practices in natural language processing, producing

more robust, interpretable, and policy-relevant insights.
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