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Abstract

Migration processes have emerged as crucial social, political and economic concerns,
affecting societies, industries and organisations. The challenge lies in effectively utilizing
immigrants' resources. This research aims to determine how Al tools can support matching
migrants' skills with labour markets in host countries. We propose the application of an
ensemble learning methodology. To validate this approach, we collect data to assess the
career trajectories of 248 tertiary-educated Ukrainian immigrants in Poland, a new
immigration destination. Various machine learning models are evaluated using the decision
tree algorithm on these feature sets. To ensure credible results, a 10-fold cross-validation
procedure is employed for each training process of every submodel. This research introduces
an original ensemble machine learning classifier that combines pre-selected models with the
highest performance, thereby reducing the number of parameters to be investigated. Its
application in determining the career paths of highly skilled migrants, specifically Ukrainians,
is novel. The study offers significant implications for Central Europe, notably Poland, where
migration patterns and the integration of highly skilled migrants, mainly from Ukraine, are
increasingly important.

Implications for Central European audience: The ensemble machine learning classifier
developed in this study could aid in optimising the career paths of these migrants, combating
brain waste and facilitating their successful integration into the labour market. Integrating
tools like these into decision-making processes may enhance career management and
contribute to Central Europe's social and economic growth.

Keywords: Career management; migration; immigrants; machine learning; ensemble
learning; decision trees; labour market
JEL Classification: F22, J61, O15
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Introduction

There is no doubt that artificial intelligence (Al) and machine learning (ML) are entering
organisations nowadays. Al, which can be defined as a simulation of human intelligence in
machines that are programmed to think and learn, has been evolving for more than 50 years.
Many researchers are trying to develop proficient techniques for creating intelligent programs;
the last decade has been a boom for ML, a subfield of Al focused on automating the data-
driven development process. Among many other methods based on machine learning,
ensemble learning (EL) is worth mentioning. It allows the delivery of well-performing models
from candidates that initially appear weak. However, as has been reported for many fields,
for instance, precision agriculture (Ruszczak et al., 2020) or marketing research (Ruszczak
et al., 2023), it supports pattern recognition, finding and confirmation (Nalepa et al., 2021).
The ensemble machine learning techniques could also significantly aid the reasoning and
help find new internal data relations for labour studies. It is widely believed that redesigning
the workplace to integrate Al will become necessary to stay competitive or survive
(Konovalova et al., 2022). Al was first introduced in the 1950s and has experienced ups and
downs. However, with the rapid development of ML technologies, it has been revitalised
(Duan et al., 2019). Within organisations, Al has improved the ability to use data and make
predictions and has therefore improved the decision-making process (Agrawal et al., 2018).
Using Al in the decision-making process has been one of the most crucial applications in Al
history, leading to the development of algorithms and algorithmic management (Lee et al.,
2015). Algorithm-aided decisions have already been used for recruitment and selection,
learning and development, performance analysis and management, compensation and
reward and employee turnover (Yahia et al., 2021). However, the application of Al and
algorithmic management is mainly limited to big organisations, and the literature on it is
relatively new and not very extensive, yet rapidly gaining attention (Pan et al., 2022).

In the present paper, the EL method is described as an adjunctive decision-making method
in the assessment of career trajectories of highly skilled economic migrants. The research
aims to establish to what extent Al tools can support matching migrants' skills with labour
markets in host countries. The analysis aims to identify the factors facilitating migrants’ pursuit
of skilled employment. Two critical conditions are set for the investigated method: the
employed modelling architecture must strongly support model interpretability and the
component models must be manageable. Thus, some candidates are evaluated and
combined with the resulting classifier of the decision trees working on handcrafted sets of
features, and a couple of different strategies are used to get the final model response. For
the best-performing weighted voting of the candidate models, the F1 score of 0.950 is
obtained and the correct classification is used for 96% of respondents using the evaluation
set.

Highly skilled migrants generally come from countries with lower economic development than
the host country and are often treated as “second-class” workers due to their origin (Binggeli
et al., 2013; Dietz et al., 2015). One of Europe's challenges is using their skills and not letting
their talents go to waste. In 2020, nearly one-third of migrants born outside the EU had a
tertiary education (Eurostat, 2021). The study focused on highly skilled migrants, chosen due
to their underutilised expertise in destination countries, leading to a depreciation of human
capital. Employers often find it more convenient to depend solely on the immediately
applicable skills of migrant workers (Crowley-Henry & Al Ariss, 2018). Conversely,
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harnessing the full potential of human capital and providing immigrants with opportunities to
apply their skills poses a significant challenge. Given the growing importance of migratory
processes in Europe, developing a tool capable of harnessing their talents is crucial for
companies' socio-economic development and career management.

The study contributes to the body of knowledge on the use of ensemble learning in
determining the career paths of highly skilled migrants, especially in new immigration
countries. To our knowledge, such an approach has not yet been used for this purpose.
Therefore, it contributes to the literature on algorithmic management, career management
and human resource management (HRM). The study also contributes to migration research
and HRM by using machine learning to support the job-qualification matching process.

The rest of the paper is structured as follows. In Section 1, the theoretical background of
algorithmic management and algorithmic decision-making is presented and then described
in more detail in the context of career management. Then, the research design is introduced
in Section 2, followed by the findings in Section 3. Next, Section 4 discusses the results
considering the current state of the art and presents the research implications on the ongoing
debate. The paper ends with a conclusion.

1 Theoretical Background

1.1 Voluntary and forced migration to Poland

In European Union (EU) countries, migrant employment is predominantly observed in
elementary occupations. This phenomenon is attributed, firstly, to the prevailing structure of
labour demand for immigrants within the host countries, wherein job vacancies are
concentrated in sectors that involve more straightforward tasks and are less appealing to
native workers. Secondly, utilizing the qualifications of migrant workers typically necessitates
an investment of time and resources, both on the part of the immigrant and the host country
administration (Fernandez-Reino & Rienzo, 2022). This is due, among other things, to
language barriers (Liu et al., 2015), employers' attitudes towards immigrants (Tharenou &
Kulik, 2020) and legal conditions (Axelsson, 2017). In contrast, employing migrant workers in
elementary occupations, characterised by unskilled services with low prestige, circumvents
the need for such investments and enables immediate employment upon arrival. One of
Europe's challenges is using their skills and not letting their talents go to waste.

In Poland, migrants have become an essential part of the labour force. By February 2022,
an estimated 2 million foreigners were in the country, of which the majority, 1.35 million
according to estimates, were people from Ukraine — mainly economically active men
(Duszczyk & Kaczmarczyk, 2022). This influx was primarily of a labour-intensive nature. The
presence of immigrants, mainly Ukrainian nationals, on the Polish labour market is primarily
due to the deficit of skilled and unskilled manual workers and it was mainly such persons that
employers were looking for (Gorny et al., 2013). In Poland, economic immigrants are treated
mainly as additional "hands to work", a workforce in short supply on the Polish labour market.
At the same time, the intellectual potential they bring with them is marginalised. Research
shows that among labour migrants from Ukraine, there is also a group of people with tertiary
education and their share varies from a dozen to several tens of per cent depending on the
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study (Gorny et al., 2013). The share of people with higher education among refugees from
Ukraine is even higher, as according to research, about half of them have a university degree
(Pedziwiatr et al., 2022; Kubiciel-Lodzinska et al., 2024). In contrast, despite having a higher
education, most refugees hold simple jobs (Duszczyk et al., 2023).

A similar situation can be observed in the Czech Republic, where immigrants were seen as
alabour force to fill short-term gaps in the job market. Apart from the Blue Card (an instrument
of the European Union), there is a lack of national legal instruments for the long-term use of
the qualifications of highly educated people (Cada & Hofeni, 2021). Immigrants are mainly
employed in low-skilled jobs, regardless of their educational level. In Slovakia, on the other
hand, Ukrainian citizens play vital roles across various sectors, serving as specialists,
technicians, professionals, administrative staff and skilled workers in agriculture, forestry and
fishing, contributing significantly to these fields (Koroutchev & Novotny, 2020). However, after
2015, one can see an increase in the share of the proportion of low-skilled workers at the
expense of high-skilled workers and specialists. It is in line with the shortage of mostly cheap
labour in the expanding industrial production in Slovakia.

1.2 Career management of immigrant employees

Research into career management of foreign workers has focused chiefly on expatriates sent
by their employers to another country for temporary work assignments. However, immigrants,
whose mobility is often long-term and involves not only career changes but also life
transitions, have received little research attention (Zikic et al., 2010).

When analysing their careers, research has focused on so-called objective and subjective
careers. Subjective careers represent individual experiences: attitudes, motivation and
resilience (Palic et al., 2023). The objective careers represent the perception of the host
society and focus on institutional and professional barriers to re-establishing their careers
(Guo et al., 2021). Despite the war for talent and immigrants being a potential source of
competitive advantage and strategic value (Zikic, 2015), when moving to another country,
they often face exclusion from organisational talent pools (Crowley-Henry et al., 2018). Their
skills, experience and qualifications are often undervalued in the host society (Pearson et al.,
2012), leading them to take up employment below their qualifications and resulting in skill
discounting (Treuren et al., 2021) and brain waste. However, some immigrants can find a job
similar to the one they performed in their home country, working according to their
qualifications (Ramboarison-Lalao et al., 2012). As O’Connor and Crowley-Henry (2020)
pointed out, there is still much to learn about career actions and outcomes at the individual
and contextual levels.

Therefore, the paper asks the following research question:

What information can help determine the immigrant’s ability to navigate the host country's
labour market and help them and organisations in career-related decision-making
processes?

1.3 Using algorithms in career management

Algorithms have been implemented in the workplace, e.g., to enhance the automation of
physical or cognitive tasks (Wang & Siau, 2019) and to help in the decision-making process
(Lindebaum et al., 2020). So-called intelligent systems have also been implemented in
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organisations to automate tasks, which until then were conducted by managers (Huang,
2022). The term “algorithmic management” was first used by Lee et al. (2015) and it includes
“data-driven decision-making made autonomously by an algorithmic system as well as
human decision-making assisted by algorithmic systems” (Gagné et al., 2022, p. 4). In the
following paper, the focus was put on the latter definition, where human decisions are
assisted by algorithmic systems. Several studies have implied that algorithmic management
often reproduces and exacerbates inequalities and injustices rather than alleviating them
(Benjamin, 2019). Scholars have already touched upon topics such as algorithmic
discrimination (Lara, 2022). Therefore, it is believed that until those issues are resolved, the
human algorithm decision-making process will be more suitable, especially when analysing
vulnerable populations such as immigrants (Hakak & Al Ariss, 2013).

As mentioned by Kinowska and Sienkiewicz (2023), management areas that were previously
the sole responsibility of managers are increasingly affected by algorithmic decision-making.
Mallafi and Widyantoro (2016) analysed the possibility of using prediction modelling on career
management. However, their analysis focused on the selection process for employees who
have the potential to become managers and did not include a specific group such as
immigrants. Furthermore, certain HRM areas have received much more attention concerning
the possibility of applying algorithmic management than others (Cheng & Hackett, 2021).
Career management is among the latter.

This paper aims to establish whether it is possible to determine career paths using Al on an
example of a unique population. A question that often arises in career management is how
to use historical data. Al differs from previously used data-supported decisions (human
resource information systems) as they rely primarily on descriptive analytics. Current
algorithms, however, allow the use of models and data mining techniques to predict future
performance, turnover and competency gaps (De Vos et al., 2009); the paper also shows
career paths.

In the present paper, career management is defined as a set of activities undertaken by
organisations to plan and manage the careers of their employees (Berbyuk Lindstrom, 2018)
or individuals. We do not wish to limit ourselves to employees, especially when, for
immigrants, it may be an external organisation (public administration office or job agency)
that influences and manages their career paths.

2 Research Design and Methods

2.1 Data characteristics

We used purposive sampling in designing the survey. The criteria for the selection of
respondents (inclusion criteria) were defined in detail: migrants had to come from the same
national group (Ukraine), have the same level of education (tertiary education) and have
worked in Poland for at least six months before the survey. The research was comparative.
Thus, migrants from Ukraine working in Poland were recruited according to their qualifications
and working below their qualifications. The quantitative survey was conducted from
December 2021 to March 2022 among 248 higher-educated Ukrainians. A complete list of
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survey questions, choices and their encodings can be found in the Appendix. The sample
characteristics are presented in Table 1.

Table 1 | Sample characteristics

Feature Option Number of samples Ratio [%]
Women 100 40.3
Gender
Men 148 59.7
Up to 35 years 113 45.6
36-44 88 35.5
Age 45-55 39 157
Over 56 years 8 3.2
Ukraine 203 81.9
Country of Poland 37 14.9
graduation
Other countries 8 3.2
2003 and before 12 4.8
2004-2010 19 7.7
Year of arrival in
Poland 2011-2015 40 16.1
2016 and later 177 71.4
Work according to 101 40.7
gualifications
Nature of work in Work below 147 59.3
Poland qualification
Have not worked in 36 14.5
Ukraine
1-5 years 84 33.9
Length of work
experience 6-10 years 57 23.0
in Ukraine Over 10 years 71 28.6

Source: Own elaboration

2.2 Modelling migrants' career characteristics using ensemble
learning

We used the responses to the survey questions to prepare the datasets needed for the
training and inference process for the individual models.

For the case analysed, the resulting model, using the given set of features, is a classifier that
provides information as to whether the assessed data entry reflects an immigrant working
according to qualifications (denoted as ACC, short for accordingly) or an immigrant working
below qualifications (denoted as NOT).

Two research hypotheses were formulated:
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H1: The field of study is crucial when securing employment aligned with qualifications in an
immigration country.

H2: Work experience in Ukraine does not necessarily lead to securing a job compatible with
qualifications in Poland.

It was essential to code the responses to the questions appropriately, maintain the order of
the responses on the scales and then rescale the resulting variables using a standard scaler.
We used the individual questions to prepare the features and sets of such features were fed
into the training process for the individual models. The features were selected considering
the researchers' experience of the problem being modelled. This approach was intended to
enable subsequent interpretation of the prediction results: achieving a high score in the
validation of a given model made it possible to treat the interpretations of a given model as
reliable, but it also introduced a complication: each candidate model was based on a different
set of features.

The analysis determined six candidate models based on data from the following feature sets
(see the Appendix for a complete list of feature names, values and encodings):

e S1:{7i, 7j,9a, 9b, 9c, 10a, 10b, 10c, 10d, 10e, 13, 14, 15a, 16, 17b, 17c, 18b, 20},

e S2:{7b,7c, 7d, 7g},

e S3:{7d, 7€},

e S4:{7b, 7c, 7d, 7e, 79, 7i, 7j, 9a, 9b, 9c, 10a, 10b, 10c, 10d, 10e, 13, 14, 15a, 16,
17b, 17c, 18b, 20},

e S5:{3a, 3b, 3c, 3d, 3e, 3f},

e S6: {5a, 5b, 5c, 5d, 5e}.

As can be seen, some feature sets overlap (S1 and S4), while others (S5 and S6) are based
on entirely different features. The aim was to capture different potential underlying patterns
in the data, so we used different combinations of features.

We used a decision tree algorithm to build individual models to keep the interpretability of the
models high. For each decision tree generated, three hyperparameters were selected in each
case: "max_depth" from the range {1:7}, "min_samples_split" from the range {0.01:1.0} and
"min_samples_leaf" from the range {1,3,5,7,10,20}. For the pool of models to select the final
score, we selected the candidate model with the highest F1 score for each parameter set.
Information on the survey questions on which this dataset is based can be found in the
Appendix. The six candidate models were trained using the decision tree algorithm and we
performed a 10-fold cross-validation procedure. To verify the behaviour of the models, their
outcomes were measured. For the predicted values of two classes, we included TP (true
positives, when somebody works according to their qualifications and models predict the
same), TN (true negatives, when models predict the same class as the real data are) and
situations where the predictions failed: FP for false positives and FN for false negatives.

The performance of each model was verified using conventional metrics such as accuracy,
precision and recall. Although they are popular indicators for classifiers, their interpretation
concerning unevenly populated classes should be cautious. Therefore, we decided to check
additional metrics: F1 score and rg.
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The F1 score (which aggregates the sum of true positives, false negatives and false positives)
was determined by comparing the model estimates with the results read from the reference
set, according to the formula:

2TP
Fi{score = ——— (@)
2TP+FN+FP
The second metric, ry, also known as the Matthews correlation coefficient, denotes
TN-TP—FP-FN
Ty = @)

® = [(IN+FN)(TP+FP)(TN+FP)(TP+FN)

The ry provides non-overly optimistic, non-inflated results and allows the evaluation of models
built on unbalanced datasets (Chicco & Jurman, 2020). The ry is also more robust than
accuracy and F1 score and summarises model performance in a single metric (Chicco et al.,
2021).

The final step of our investigation was aimed at providing a single classifier. This could be
one of the candidate models or a combination of their outcomes. To achieve a more accurate
classifier, we decided to exploit ensemble techniques. There are two main strategies allowing
the building of such an ensemble: hard and soft voting (Islam et al., 2022). The whole model
development procedure was described in the Introduction.

3 Findings
3.1 Experiment with individual candidate models

We used a decision tree algorithm to build individual models in order to keep the
interpretability of the models high. For each generated decision tree, three hyperparameters
were selected in each case: “max_depth” from the range {1:7}, “min_samples_split” from the
range {0.01:1.0} and “min_samples_leaf” from the set {1,3,5,7,10,20}. For this pool of models
to evaluate the final score, the candidate model with the highest F1 score for each parameter
set was selected during the cross-validation procedure.

Table 2 below summarizes the results for all six evaluated candidate models and Table 3
enumerates all the configurations of those models.
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Table 2 | Results for six candidate models

Candidate model

feature set F1score o Precision Recall Accuracy
S1 0.891 0.803 0.919 0.886 0.900
S2 0.837 0.694 0.858 0.840 0.847
S3 0.690 0.388 0.726 0.689 0.709
S4 0.863 0.745 0.876 0.870 0.868
S5 0.627 0.290 0.652 0.640 0.662
S6 0.835 0.703 0.857 0.847 0.839

Note: Models that did not pass the acceptance threshold are shown in italics.

Source: Own elaboration

Table 3 | Basic dataset characteristics

Features of
Feature set Parameters Feature importance positive
importance

[0, 0, 0.026, 0, 0.087, O,

max_depth: 5, min_samples_leaf: 1, [15a, 17b, 20, 18b,

St min_samples_split: 0.11 88(}11 8%1%812 00%050] 9a, 9b, 10b]

s2 max—dnff’nti‘; f;nr&?sffgﬂﬁ'ﬁ%l'eaﬁ 5 0,022, 0.246,0.035,0.023]  [7b, 7c, 7d, 7g]

s3 max—dnfipnti‘éjhgi:sfsg‘iﬁ'g_sz—faﬁ 5 [0.071, 0.017] [7d, 7e]

s4 mex_depth: 4 min_samples_leat: 0, (g0 0" 0013/6°0,5,0.0,0, (17, 180,c, 7
= —Spit ©. 0.224,0,0, 0]

S5 max_c::;p;f;:hr&igs__s:’;”;ﬁlgsﬂleaf: 1, [0.0, 00881251 0.0, 0.0, [3c, 31]

S6 max_depth: 2, min_samples_leaf: 1, 1,161 60 0.009, 0.051, 0.0] [5a, 5c, 5d]

min_samples_split: 0.01

Source: Own elaboration

As can be seen, not all the features provided for the candidate models contribute positively
to the final prediction of most of the models. For instance, the model that was trained on the
set S4, which had the most features, had the best results when 4 out of the 23 were used.
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Interestingly, the highest score among the candidate models, measured using cross-
validation with 10 folds, was obtained for the first model (S1; F1 score = 0.891) and not for
the set that had access to the largest number of learning features (S4; F1 score = 0.863).

The decision tree for the set of features fed into the algorithm is presented in Figure 1. This
should aid the interpretation process by providing a detailed understanding of which
guestions were most important in calculating the model response. It also allows us to repeat
the modelled pattern and use it with upcoming data.

In the example presented, it can also be seen that the main questions asked were 18b
(change of profession between working in Ukraine and Poland), 17b (employment in
accordance with qualifications in Ukraine), 15a (field of study) and 20 (length of stay in
Poland). These questions for this scenario address most of the immigrants interviewed. Each
of the models returns a binary response — the answer to the main question of the research:
whether the respondent is working according to their competence level (ACC) or whether
they are not (NOT). Only one decision tree for the best-performing model is shown (Figure
1), as the other trees are subject to a similar manner and interpretation.
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Figure 1| Visualization of best-performing candidate classifier

Legend

18b

*. Model features that contribute to the decision are 9a, 9b, 10b, 15a, 17b, 18b, 20; and target classes
are ACC (green) and NOT (yellow).

Source: Own elaboration

3.2 Ensemble learning results

The models presented above provided promising results, but for the main experiment, we
decided to check whether their combined work could produce even better predictions. For

this ensemble model, we used only the models that previously achieved a resulting F1 score
higher than 0.75.

For the four component models, we then built the ensemble model that reflected the final
prediction and tested the following two strategies to determine it:
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e equally weighted voting for each of the candidate models, with a different number
of votes determining the acceptance of the answer;

e weighted voting, where the F1 score read for the candidate models was used for
weighting and then also determining the optimal number of positive responses
required from the candidate models (scores multiplied by their F1 score and only
then used to determine the final decision).

Table 4 shows a summary of the results obtained for both strategies and the different
numbers of votes required for a given outcome. The highest score for both strategies is
obtained for the variant where at least three candidate models were required to indicate a
positive result to determine the final score. The use of weighted voting (strategy b) provided
a slight additional improvement in the F1 score readout, with a final readout of 0.95 and an
ro of 0.916, indicating 96% accuracy in identifying whether the immigrant being tested would
work as qualified.

Table 4 | Results for ensemble models of two different voting strategies

Voting NL_meer of F1 score ro Precision Recall Accuracy

strategy positive votes

a) 1 0.745 0.561 0.594 1.000 0.722
2 0.908 0.844 0.846 0.980 0.919
3 0.946 0.909 0.933 0.960 0.956
4 0.878 0.825 1.000 0.782 0.911
5 0.577 0.537 1.000 0.406 0.758

b) 1 0.808 0.676 0.678 1.000 0.806
2 0.934 0.888 0.892 0.980 0.944
3 0.950 0.916 0.960 0.941 0.960
4 0.768 0.704 1.000 0.624 0.847
5 0.577 0.537 1.000 0.406 0.758

Note: For each strategy, five variants were tested for the different required number of models voting for
the ACC class. The best configuration is shown in italics for the first voting strategy and in bold for the
second one.

Source: Own elaboration

What may also be interesting is that it is possible to configure the ensemble differently. If high
prediction precision is required, a model with at least the required four votes per class would
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provide 100% precision for such predictions, whereas a model based on only one submodel
required to indicate those working according to qualifications would provide 100% sensitivity
for their identification, but with much lower precision and accuracy for such classification.

4 Discussion

The proposed ensemble learning method enables several suboptimal machine learning
models to be combined into the final classifier of better performance. Although these
candidate submodels could be considered weaker, they still provide some grasp of the
patterns for some parts of the investigated dataset. Two voting strategies responsible for the
final model decision have been tested to find their optimal aggregation. The main advantage
of this method is that the interpretive ability does not get lost and the benefits of the found
patterns can be utilised. After the annotated dataset was subjected to the presented
ensemble model, we verified that its characteristics could be accurately resembled. Thus, we
stated that it could be applied to the final classifier for the upcoming data, and long before
information about the future career of the interviewed immigrants was obtained, it could be
estimated whether they would adapt to the labour market or not. A detailed analysis of the
decision tree makes it possible to identify factors conducive to jobs that match the migrants’
qualifications. Among them are pursuing skilled employment in the country of origin, field of
study, oral proficiency in Polish and length of stay in Poland.

4.1 Theoretical contribution

The research enhances the existing body of knowledge concerning the utilisation of artificial
intelligence and machine learning in discerning the career trajectories of proficient migrants,
with a specific focus on individuals from Ukraine. As far as we are aware, this particular tool
has not been previously employed for such a purpose. The investigation identifies variables
that facilitate optimal utilisation of the skills possessed by migrants with tertiary education.
The paper provides insights into the specific migrant qualifications that warrant attention in
order to mitigate skill discounting and brain waste. The study contributes to the body of
knowledge by demonstrating the use of artificial intelligence and machine learning techniques
for determining the occupational paths of highly skilled migrants, specifically focusing on
Ukrainian immigrants. This novel application of Al and machine learning tools for this purpose
adds to the existing research landscape. The contribution also involves the identification of
specific factors that play a role in determining the career trajectories of highly skilled migrants.

4.2 Practical contribution

At the end of 2022, there were more than 2 million migrants in Poland (Duszczyk &
Kaczmarczyk, 2022), with estimations for an additional million refugees approaching
(Duszczyk et al., 2023). Therefore, a great potential for an application like the one presented
in this study was found. Brain waste means losses not only for the migrant, who does not
have the opportunity to use his/her high skills but also for the host country, which cannot
absorb the knowledge that foreigners (both economic migrants and refugees) bring with
them. In the proposed model, only a part of the migrant's activity is shown, but it is crucial to
prepare atool based on machine learning that would support the integration of
migrants/refugees and propose specific support.
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There is an opportunity to use the method to verify and better explain findings from structured
interviews. In the described study, the development of an algorithm that could indicate what
career path a highly skilled migrant might take would thus facilitate, among other things,
career counselling for them. It could be used to support the interviewing process carried out
by a human being, who, unlike a machine, is better able to assess the aspirations and
opportunities of a given migrant. Brain waste means losses not only for migrants, who do not
have the opportunity to use their high skills, but also for the host country, which is not able to
absorb the knowledge that foreigners (both economic migrants and refugees) bring with
them. The conducted research also has important practical, managerial implications. It shows
that time-consuming, labour-intensive processes such as document analysis, competency
identification, etc., can be minimised so that the decision-making process can be improved
through better-processed information (Binggeli et al., 2013). It also shows that using ML for
managing career paths may result in higher effectiveness and efficiency through reducing
costs and streamlining HRM processes and that ML-supported decision-making processes
may well be used in HRM.

4.3 Ethical concerns

Artificial intelligence algorithms possess the capability to perform tasks such as visa
application rejection or matching a migrant's identity with that of a suspected terrorist, lacking
transparent elucidation of the decision-making process employed by the machine. This
scenario can arise due to using unsupervised learning algorithms, allowing machines to
autonomously learn, recognise patterns and make predictions that may deviate from human
decision-making tendencies (Graves & Clancy, 2019).

4.4 Limitations of the study

The method has been tested on the presented dataset, but for its further development, it
would be advisable to evaluate it with further datasets containing other types of data.

The analysis carried out has made it possible to identify questions that can be asked of
migrants to determine their ability to navigate the host country's labour market and help in
career-related decision-making processes. According to the model, in order to determine
career opportunities, migrants should be asked about jobs compatible/incompatible with their
qualifications in their country of origin, change in the nature of work as a result of their
migration, their field of study, length of stay in Poland, and oral and written knowledge of the
Polish language. A weakness of the research is that it was conducted only on a relatively
small group of migrants (248 individuals). However, primary data are difficult to collect as it
requires the implementation of direct surveys among the migrant community (Gérny &
Napierata, 2016). In addition, they covered only one nationality group — people originating
from Ukraine. A completely different picture could be obtained by analysing the career paths
of migrants from African or Asian countries, where differences in education, a greater
language barrier and cultural and religious differences can significantly affect the career fate
of immigrants in the host country.

On the other hand, one could say that providing a method that could reach a satisfactory
performance for a relatively small dataset is valuable. Such cases are widespread, as
retrieving data for large populations is usually rather difficult and costly.
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4.5 Direction for further research

How does a highly skilled migrant's career path evolve? This is a challenge for future analysis
to combine individual factors with macro, mezzo-economic and organizational-level factors.
The conducted study used quantitative data. However, we are aware that the migrant’s final
career path choice is also influenced by many individual factors, such as social networks,
career aspirations and plans. Social media data from Facebook and LinkedIn could also be
considered. However, this is challenging, as these data are used for analyses of population
movements (Goglia et al., 2022), whereas it may be difficult for a specialized issue such as
the use of qualifications.

In the case of migration research, which deals with highly individual decisions such as career
paths, the best data are primary data. Based on the research carried out so far, we are aware
that it is possible to identify at least several pathways for highly skilled migrants and their
behaviour on the host country labour market.

For effective use of the model, it is necessary to have primary data directly from migrants,
e.g., level of education, field of study, work experience in the country of origin, knowledge of
the host country language, knowledge of another foreign language, willingness to retain, etc.
In addition, it is necessary to collate this information with the current situation on the labour
market (e.g., demand for professions and qualifications).

Furthermore, it would also be interesting to analyse the political context and the migration
policies pursued in the country in question, as these may also have an impact on the paths
that highly skilled migrants take or can take. Also, the migrants’ individual attitudes, ambitions
and goals are relevant to their career choices and their aspiration to use their qualifications
in the country of immigration. With the data currently available, it is not possible to predict
what steps a migrant who finds themselves in a certain situation will take. Further work could
also attempt to perform a similar process but for less structured data and apply large
language models (LLM) to interpret respondents’ open-ended answers.

Conclusion

Human activities are constantly generating significant amounts of data, but these are used to
a fairly limited extent to manage migration, which has become one of the key challenges.
This applies to both voluntary and involuntary migration. Big data analytics and Al
technologies are seen as cutting-edge solutions to current and emerging social, economic
and governance challenges, including their prediction, and can be used by politicians but also
on a smaller scale by organizations and managers.

Our model confirmed H1, which is related to the field of study versus the possibility of
obtaining a job in line with qualifications. With more detailed analysis, it was shown that taking
up employment consistent with qualifications is facilitated by having a degree. Regarding
hypothesis H2, the algorithm indicated that work experience from Ukraine is conducive to
taking up employment in line with qualifications, but on the condition that the migrant also
worked in line with qualifications in their country of origin.
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Big data analytics is also providing social scientists with new insights into migration research.
Such analysis makes it possible to study temporary or circular migration patterns and monitor
in real time public opinion and media discourse on migration. The new knowledge generated
from migrant data also raises challenges to ethical principles. A huge challenge for migration
research is the availability of data relating to migrants. In the case of Poland, these are of
quite low quality, i.e., there is a lack of data on, e.g., migrants' occupational profiles and their
education. While the algorithm prefers quantitative data, qualitative data are preferred in
migration studies aimed at capturing, among other things, factors influencing migration.
Policy decision-making is much more complex than technical decision-making, meaning that
decision-makers often compromise on critical issues and act on social perceptions or fears
(e.g., this applies to the issue of accepting refugees or allowing migrants to the labour market)
(Bianchi & Saab, 2019).

Data that are difficult to interpret may be analysed using tools like the one described in the
paper, as it may foster the decision-making process by showing hidden meanings and
patterns, which may be used in the migrant career management process. Using migrants’
talents and matching their education to the needs of local labour markets is a massive
challenge for host countries. On the one hand, this will make it possible to meet the needs of
the job markets of developed countries with ageing populations. On the other hand, it will
satisfy the professional aspirations of migrants.
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Appendix

The answers to the following questions provided by immigrants were later encoded, rescaled (using
standard scaling) and passed through the training loop. The table below presents the questions, possible
answers and the sets in which the guestions were later included.

No. Question (and later model feature) Options Feature
included
in set

3a  How did you found a job? yes, no S5

- Through a placement firm

3b  Through friends, family yes, no S5

3c  Through an advertisement on the internet yes, no S5

3d Through an ad in the press yes, no S5

3e  Through an ad on social media yes, no S5

3f  Through other channels yes, no S5

5a  How did the employer (or placement agency) verify your yes, no S6

qualifications, education/qualifications for the job?
- | submitted a college diploma

5b | submitted a document on completion of vocational yes, no S6
course(s)

5¢c  The employer did not check my education/qualifications yes, no S6

5d  Other yes, no S6

5e  |don't know yes, no S6

7b  When working in Poland, the most important thing for meis 7 optionsona  S2, S4

the opportunity to get an attractive salary. scale
7c  When working in Poland, it is important for me to be ableto 7 optionsona  S2, S4
work in accordance with my profession (education). scale
7d | have many Polish friends in Poland and | can use their 7 optionsona  S2, S3,
help when looking for a job. scale S4
7e | have many Ukrainian friends in Poland and | can use their 7 optionsona  S3, S4
help when looking for a job. scale
79  Recognition of education obtained in Ukraine is very difficult 7 optionsona  S2, S4
in Poland. scale
7i | intend to stay in Poland permanently. 7 optionsona S1,S4
scale
7j | intend to return permanently to Ukraine. 7 optionsona  S1,S4
scale
9a  Polish language skills (speaking) 5optionsona S1,S4
scale
9b  Polish language skills (writing) 5optionsona S1,S4
scale
9c  Polish language skills (reading) S5optionsona S1,S4
scale
10a English language skills S5optionsona S1,S4
scale
10b German language skills 5optionsona S1,S4
scale
10c Russian language skills 5optionsona S1,S4
scale
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10d Another language 5optionsona S1,S4

scale
10e What other languages do you know? 12 different S1, S4
repeating
answers
13 Gender M, F S1, 54
14  Age 4 ranges S1,S4
15a Field of study completed S1, 54
16  Graduation country 3 options S1, 54
17b Did you work in Ukraine according to your qualifications? 3 options S1, 54
17c Length of work experience 4 ranges S1, 54
18b Change of profession (between working in Ukraine and 3 options S1, 54
Poland)
20  Length of stay in Poland 23 different S1, 54
repeating
answers
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