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ARTIFICIAL INTELLIGENCE IN HRM PROCESSES: GENERAL FRAMEWORK AND
APPLICATION FOR PSYCHOLOGICAL CLIMATE MONITORING

The article considers the potential for the widespread use of artificial intelligence (Al) to address current
challenges in the labor market and improve the efficiency of human resource management (HRM). It analyzes
modern approaches to integrating relevant methods and tools into HRM practices. The study explores how Al
can complement existing HR processes, creating a more data-driven and adaptive framework for decision-
making. Companies are actively seeking ways to incorporate innovative solutions, so the results of this study
can be seen as a step towards combining current HRM practices with Al's transformative potential to support
effective management decisions. The paper presents powerful Al capabilities: mechanical Al, thinking Al, and
feeling Al. Mechanical Al is best suited for automating tasks such as job creation, enrolment in training courses,
reporting, monitoring career development, and performance evaluation. This type of Al significantly reduces
administrative burdens, allowing HR professionals to focus on strategic decision-making and employee
engagement. Thinking Al excels in analyzing CVs, learning outcomes, productivity, and career forecasting.
Feeling Al focuses on analyzing applicant behavior, personalizing training programs, providing psychological
support, and monitoring the workplace's psychological climate. To address challenges in emotional analysis, the
article presents a conceptual model for sentiment analysis of data on the emotional state and satisfaction of
employees. The paper includes specific recommendations for implementation and demonstrates the model's
application on Glassdoor Job Reviews data using Python programming language. This approach illustrates how
Al can enhance employee well-being while aligning HR practices with organizational goals.

Keywords: Human resource management, feeling Al, sentiment analysis, modeling, decision-making,
company

Problem statement. In today's business environment, the use of artificial intelligence (Al)
algorithms in human resource management (HRM) is becoming increasingly relevant and
important, as the rapid emergence and implementation of new technologies and the growth of
data volumes require businesses to adopt new approaches to HR management. HRM is a
fundamental function that controls talent acquisition, employee well-being, and productivity
optimization in organizations. The use of Al in HRM helps to reduce the time and effort spent on
routine administrative tasks, allowing HR professionals to focus on more strategic tasks, thereby
reducing organizational costs. In addition, Al can provide better analytics and insights into
employee performance, helping to identify team strengths and weaknesses. The use of Al can
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also help improve communication and collaboration within a company through chatbots and
automated support systems that can quickly answer employee questions. In addition, Al can
help manage employee learning and development by providing individualized recommendations
for learning materials and courses that meet their needs and career goals.

Analysis of recent research and publications. Studies on the Al integration in HRM
processes have been analyzed by many researchers, including G. Sivabalan [1] and J. Lamri
[2]. These works emphasize the impact of Al on recruitment. A significant body of literature, such
as the publication by M. Rudra Kumar and V. K. Gunjan [3], S. R. K. Indarapu et al. [4], and
A. Saxena et al. [5], highlights the application of machine learning methods to support processes
in HCM. Simultaneously, researchers like P. Budhwar et al. [6], P. Korzynhski et al. [7], and
S. Chowdhury et al. [8] address the problems of using generative Al in HRM.

Identification of previously unresolved parts of the general problem. Despite the large
number of publications on Al in HRM, the vast majority of works are devoted to highlighting the
potential capabilities of this technology, while recommendations on the applied aspects of its
use are not sufficiently covered in scientific publications. Al is already part of the methodological
support of leading HRM information systems. However, for various reasons, the use of such
systems is often impossible or impractical for small companies. Therefore, there is a need for
methodologies to support the solution of certain important tasks using Al algorithms, including
monitoring the psychological climate, which is proposed in this article. We propose a framework
for HRM that demonstrates Al's capabilities to support key HRM processes in terms of
mechanical, thinking, and feeling Al intelligences, and present a conceptual approach to the
practical use of feeling Al algorithms.

Article objective. The purpose of this study includes theoretical and practical
components. With regard to the theoretical component, the research aims to develop a
framework for Al support of key processes in HRM, which implements the systematization of
management tasks, taking into account certain Al capabilities. Another important goal of the
research is to provide a more detailed overview of the framework elements related to the use of
feeling Al algorithms, present a conceptual model and implement sentiment analysis for
monitoring the psychological climate in the work environment.

Research methodology. In the first part of our study, we systematize the findings of
research in the field of Al application in HRM and, based on this systematization, develop a
framework that demonstrates the potential of Al methods. Furthermore, we showcase an
approach to leveraging feeling Al algorithms, particularly Natural Language Processing (NLP),
for implementing sentiment analysis modeling. This approach can be practically useful for
addressing relevant HRM tasks in companies that do not utilize advanced talent management
systems in their operations. The implementation of the process of sentiment analysis of data on
the emotional state and satisfaction of employees, including on the basis of their feedback, is
presented below.

The first step in conducting an analysis is collecting data. The necessary information can
be obtained through internal resources, such as corporate feedback platforms, regular
anonymous surveys, posts on professional social networks, as well as external resources, such
as Glassdoor or Indeed. A valuable source of internal resources can be the recordings of regular
meetings between HR professionals and employees. Modern technologies for transforming
relevant multimedia data into text and then structuring the text allow us to supplement the
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surveys with important data. The collected data, usually in CSV or spreadsheet format, contains
textual feedback and ratings on various aspects such as working conditions, management and
compensation. This data is then loaded into specialized software for further analysis, such as
Python as in our study.

The second stage involves pre-processing the gathered information, which is key to
ensuring the accuracy of the subsequent analysis. This process includes cleaning, transforming
and preparing data for modelling.

BERT (Bidirectional Encoder Representations from Transformers) and VADER (Value
Aware Dictionary for sEntiment Reasoning) models that implement NLP technology can be
selected for the next stage - modelling [9,10]. Once the data preparation is complete, the
selected models are trained and tested to verify their effectiveness. The main metrics used to
evaluate the model include accuracy, recall, precision and F1-measure. These metrics allow
users to determine how well the model performs in classifying texts and how accurately it can
predict the mood or tone of texts.

The final and most important stage is the analysis of the results. This stage involves the
direct interpretation of the results in order to identify economically significant insights that can
influence strategic decision-making in the company. HR analysts or HR managers analyze the
results of the model, which include visualizations, sentiment distributions in employee feedback,
the most frequently used words and phrases, and other text characteristics that help to
understand the overall picture.

Research results. Systematization of research results in the field of Al application in HRM
allows us to form a framework that demonstrates the potential of Al methods presented in terms
of mechanical, thinking, and feeling Al intelligences. A corresponding approach to Al typification
is proposed in [11,12]. We think it is very appropriate in the case of considering HR processes.
Table 1 shows how different types of Al are used to improve key HRM processes.

Mechanical Al in HRM can automate many routine tasks related to collecting and
processing data on employees, vacancies, training, and performance. For example, automating
the collection of candidate data based on their CVs and social media allows for quick
assessment of potential employees. Automated systems for processing employee performance
data use algorithms to collect and analyze information about their achievements and
productivity. Learning management systems automatically register employees for courses and
training based on their professional needs and goals. In addition, time and attendance systems
automatically collect data on working time usage, allowing for better project management and
resource allocation.

Thinking Al provides a deeper level of analysis and insight. One of the key areas of its
application is the analysis of data about employees, their skills and potential for career growth.
This includes analyzing candidates' CVs and assessing their suitability for a vacancy, which
greatly simplifies the recruitment process; analyzing employee productivity; forecasting staffing
needs and developing individual staff development plans. This approach allows companies to
not only retain key employees but also support their professional growth.
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Table 1

Comparison of Mechanical, Thinking, and Feeling Al

HRM Processes

Mechanical Al

Thinking Al

Feeling Al

Recruiting

Creating vacancies
Automatic creation
and publication of
job  descriptions,
which facilitates the
work of recruiters.

cv
Highlighting
candidates' key skills
and  qualifications,
allowing recruiters to
weed out irrelevant
CVs faster.

Analysis

Analysis of candidates’
behaviour

Evaluation of candidates'
behaviour  during the
interview, their answers,
body language, and other
nonverbal cues.

Personnel
development

Automation of
enrollment in
courses

Managing the
enrollment process
for  professional
training programs.

Analysis of learning
outcomes
Evaluation of the
effectiveness of
training programs.

Adaptive learning plans
Providing  personalized
recommendations  based
on the professional needs
of employees.

Talent
management

Automation of
career
development
monitoring
Tracking the career
progress and skills
of employees.

Career Forecasting
Assessment of
employees' potential
to predict their career
development.

Psychological support
Providing  support and
motivational
recommendations  based
on an analysis of
employees' emotional
needs.

Performance
management

Automated
Performance
Evaluation
Systems
and
employee
performance data
for automatic report

Collect
process

Performance
Analysis ldentification
and analysis of
employee
productivity trends to
objectively  assess
their achievements.

Recognizing ~ Emotional
Impacts

Analyze emotional factors
that affect performance
and provide appropriate

support.

generation and
feedback.

Personnel control | Reporting Data Trend Analysis | Psychological climate
Automation Identify trends and | monitoring
Generate reports | patterns in HR data to | Determining the level of
on HR data for | respond quickly to | psychological comfort and
monitoring and | changes. stress among employees
managing to improve the working
personnel. environment.

Source: developed by the authors

Feeling Al is gaining popularity due to the growing trend of understanding and responding
to people's emotional states, especially in the field of human resources. This type of Al is able
to analyze speech, facial expressions, tone of voice, and other signals to determine emotional
reactions, which opens up new opportunities for improving workplace interaction [13]. The
application of feeling Al is multifaceted and covers all HRM processes. In recruitment, it is used
to determine whether candidates are aligned with the organization’s values based on the
analysis of their emotional reactions during interviews, which leads to a more objective selection
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and improved decision-making accuracy. In addition, for employee development, feeling Al
provides personalized recommendations that take into account their needs and skill gaps. This
plays an important role in strategic planning of the organization’s development and team
efficiency.

One of the most important tasks in personnel control is monitoring the psychological
climate in the team. Feeling Al can provide powerful support in determining the level of
psychological comfort and stress among employees, which allows you to notice and respond to
negative trends in time, thereby creating conditions for maximum efficiency and high results in
the work process. Continuous monitoring based on feeling Al algorithms makes it possible to
take proactive measures, thereby avoiding a decrease in labor productivity, threats of employee
outflow, reputational losses, etc. The results of relevant management actions directly affect
business efficiency and the competitive position of the company.

To implement the proposed conceptual model for monitoring the psychological climate in
the team, we analyzed the Glassdoor Job Reviews dataset [14], which contains information on
the work experience of employees across different companies.

Glassdoor is a widely used online platform that is useful for both employees and job
seekers, as well as for employers [15]. On this platform, employees can leave feedback about
the company, evaluating working conditions, salaries, benefits and work-life balance, etc. For
job seekers, this allows them to make an informed choice by reviewing reviews of potential
employers, while companies can post vacancies and use the platform to improve the hiring
process.

The dataset for the following sentiment analysis contains a significant number of both
categorical and numerical variables (Momunka! [xepeno nocunaHHA He 3HaNAEHO.).

Figure 1 demonstrates the change in the number of reviews left by users from 2008 to
2021. The graph shows that during the first few years, from 2008 to 2013, the number of reviews
is low with a moderate increase. After 2014, the rate of increase in reviews accelerates markedly.
The most noticeable growth is observed after 2019, when the number of reviews exceeds
100,000. This indicates a significant increase in user activity during this period, potentially due
to external events that affected changes in consumer behavior or company operations. After
2020, the graph shows a certain stabilization, with the number of reviews remaining at a high
level.

In the process of preparation for developing the model, duplicate records were removed to
avoid biasing the results. In addition, a significant part of the data contained gaps, so the missing
values in the text fields were filled with empty lines for further work.

Table 2
Data Types
Data Type Description
1 2 3

firm object The name of the reviewed company.

date_review object Review publication date.

job_title object Title of the position of the author of the review in the

company.
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1 2 3

current object Indicates whether the author of the review is a current
employee of the company.

location object Company location.

overall_rating int64 Overall assessment of the company.

work_life_balance float64 Assessment of work-life balance in the company.

culture_values float64 Assessment of the company's corporate culture and values.

diversity_inclusion float64 Diversity and inclusion assessment of the company.

career_opp float64 Assessment of career opportunities in the company.

comp_benefits floato4 Assessment of compensation and benefits provided by the
company.

senior_mgmt float64 Assessment of the company's top management.

recommend object Indicates whether the employee recommends this company
to others.

ceo_approv object Indicates whether the author of the review approves of the
activities of the company's CEO.

outlook object Prospects for the company's development.

headline object Brief description of the review about the company.

pros object Positive aspects of working in a company.

cons object Disadvantages of working in a company.

Source: developed by authors based on [14].
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Fig. 1. Number of reviews in the dataset
Source: developed by the authors based on [14].

When preparing the text data, the Regular Expressions (re) library was used to remove
punctuation, convert text to lowercase, and remove redundant characters. This step was
necessary to improve the quality of further analysis and training of the model based on textual
feedback.

In order to reduce computational resources and speed up the model training process, 6000
records were randomly selected from the total dataset using the sample() method, and this
sample was used for further training and testing of the model. During the process of preparing
the data for modelling, an imbalance check was performed to check whether the number of
positive and negative reviews was equal. As a result of this action, it was discovered that there
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were 3654 positive reviews, while there were 2346 negative reviews. If a model is trained on an
uneven dataset, it tends to learn to predict the predominant class in most cases.

To balance the data in the dataset, we chose the undersampling technique, which involves
reducing the number of records of the predominant class by selecting random records. As a
result, a sample was created with the number of both positive and negative reviews equal to
2346.

To classify sentiments in reviews, we first selected the BERT model and performed the
following steps.

At the first stage, the data is split into training, validation and test samples using the
train_test_split function from the scikit-learn library. The main textual data set is represented in
the headline column, which contains the titles of the reviews, and the label column represents
the class labels used for classification (1 for positive and 0 for negative reviews). The split is
performed in two steps. Firstly, the main dataset is split into a training set of 70% and an
intermediate set of 30%, the intermediate set includes data for testing and validation. After that,
the intermediate sample is divided into test and validation subsamples in the proportion of 40%
and 60% respectively.

The next step was tokenization of the text using the pre-trained BertTokenizer tokenizer
based on the Bert-base-uncased model. The maximum sequence length was set to 216, and
the text sequences were truncated to this value. This allowed us to ensure the same length for
all texts, which is a requirement for the BERT model.

Next, the text data was encoded into a format that can be used by the BERT model using
the batch_encode_plus method. The encoding was performed for three different sets: training,
validation and test samples.

For this task, the TFBertForSequenceClassification model was used, which was loaded
from the pre-trained bert-base-uncased parameter set. This model is specially designed for
sequence classification where each text is assigned a specific label. The model was trained on
the tokenized and encoded input_ids vectors from the training set, which were prepared earlier.
The training process lasted for 5 epochs with a battle size of 32. A validation sample was used
to evaluate the model performance at each epoch. The model evaluation showed that the BERT
model achieved an accuracy of 70.21% on the validation sample.

The VADER model was also applied in the next step, with an overall accuracy of 76.51%.
According to the evaluation results (Table 3), VADER has the best performance in all major
metrics, such as precision, accuracy, recall, and F1-score, indicating its superiority in the
classification tasks of this dataset.

However, despite the fact that BERT demonstrates slightly lower results, this model is a
powerful tool for more complex texts with a deep emotional context. Whilst VADER
demonstrated higher accuracy, it has certain limitations in terms of deeper contextual analysis.

Table 3
Evaluating the Performance of VADER and BERT Models
Model Accuracy Precision Recall F1-score
VADER 76,51% 78,81% 76,51% 73,52%
BERT 70,21% 70,28% 70,21% 70,19%

Source: developed by the authors.
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In the following, we analyzed the word clouds for negative and positive reviews generated by
both models (Figure 2, 3).

senior associate sconsultantiss. ®
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= Worklng = 'EJ benefits
e £ O O kay llfe better peant
Sreview’se twarebest & Senior
m — manager [
: Q = worst 'S
Life ) o O
balance amaZlng x b GCJL
eeeeeeeee () environmenti

Fig. 2: Word cloud for positive (left) and negative (right) sent|ments using BERT model
Source: developed by the authors.

In Figure 2 (left), the frequency of using the words ‘best, ‘career, ‘excellent’,
‘opportunities’, ‘experience’, ‘culture’ indicates that employees are quite positive about the
company's work environment, opportunities for development and other benefits, such as
rewards. Common uses of the word ‘learning’ reflect that employees value opportunities for
professional growth and training in the company.

In Figure 2 (right), the widespread use of words such as ‘bad’, ‘worst’, ‘terrible’, ‘poor’
indicate serious negative impressions that some employees have. It may also be noticed that
the words ‘management’ and ‘manager’ are frequently used, which may point to problems with
management or dissatisfaction with management decisions.

3mya“”gbestpeople terrlble balancetareermen
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Fig. 3. Word cloud for positive (left) and negative (right) sentiments using VADER library
Source: developed by the authors.

Cloud for positive sentiment in Figure 3 also shows that the words ‘opportunity’, ‘career’
and ‘experience’ are widely used in the reviews, which indicates that employees see
opportunities for learning, development and career growth in the company. Frequent mentions
of ‘benefits’ and ‘balance’ demonstrate that employees value work-life balance and the benefits
provided by the company.

In the cloud with negative sentiments, the words ‘poor’, ‘avoid’, ‘terrible’, ‘bad’, ‘boring’ are
often found, which indicates dissatisfaction with working conditions and given tasks.

Furthermore, the word ‘management’ is often mentioned in a negative context, which may
imply problems with management or dissatisfaction with management methods.

The results obtained from the application of the above-mentioned models provide HR
professionals with an assessment of employee attitudes, forming an understanding of what
causes dissatisfaction or anxiety in the team, and of what inspires employees to achieve their
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maximum potential. Such an assessment can take the form of a regular report on the overall
psychological state of employees in the company. The report may include detailed information
on the content of the issues that are important to most employees. Based on such information,
it is appropriate to create certain indicators of employee satisfaction to develop proactive
measures to eliminate potential problems in the company. It is also worth creating dashboards
with such indicators, such as satisfaction, loyalty and engagement.

Visualizations, graphs, ratings, reviews by sentiment, the most commonly used words and
bigrams, reviews with unusual emotional coloring will help you better understand the expectations
and needs of employees. Relevant visualizations may include the Average weekly (monthly)
sentiment score graph, which displays weekly (monthly) averages of the emotional tone of
employee reviews. The X-axis represents weeks, and the Y-axis represents emotional coloring
from -1 (most negative) to 1 (most positive); The most common and high-frequency words in the
review data - a cloud of words that are most often found in reviews; Common words around 3
most frequent words; Top 20 Bigram Frequency and others. It's important to use these
visualizations in conjunction with other psychological climate research methods to get a more
comprehensive view, and to monitor the dynamics of changes in the word cloud to understand
how employees' opinions and moods change over time. In addition, this visual representation can
be very effective in stimulating discussions or new ideas during team discussions about HR
activities.

If this approach is used regularly, the model needs to be updated periodically to ensure
that the modelling results are in line with reality. It is recommended to choose the frequency of
updating depending on the size of the company. For example, for small businesses with a small
number of employees, it is advisable to update the model every 6-12 months, which will be
sufficient to maintain accuracy. For medium-sized companies with more than 50 employees, it
is appropriate to update the model every 3-6 months. In this case, fluctuations in employee
sentiment may be more frequent, and more frequent updates will allow you to respond more
quickly to these changes.

In the case of using the model in large companies with more than 500 employees, due to
the much larger number and frequency of data changes, it will be advisable to update the model
on a monthly basis. Such a procedure will ensure timely analysis of a large amount of data on
the emotional state and satisfaction of employees, allowing you to identify new trends and
respond quickly to potential problems. In addition, more frequent updates will help to maintain
flexibility and accurately track changes in employee attitudes towards their work.

Conclusions. The need for widespread use of Al potential is driven by current labor market
challenges and increased requirements for HRM efficiency. Companies are actively looking for
ways to incorporate relevant methods and tools into their practices, so the results of this study
can be seen as a step towards combining current HRM practices and Al potential to support
relevant management decisions. The paper presents a framework that includes powerful Al
capabilities: mechanical Al for automating repetitive actions, thinking Al for processing data for
decision-making, and feeling Al for analyzing interactions and human contacts.

Competition for talent in the labor market forces companies to pay special attention to
employer reputation and internal processes, so Al algorithms, including feeling Al, are becoming
indispensable tools for quickly identifying problems and making strategic decisions to maintain
a high level of competitiveness. Therefore, the focus of this study is on the characteristics and
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possibilities of implementing feeling Al algorithms, in particular through the implementation of
sentiment analysis. Powerful talent management systems have already included relevant
algorithms to support their functionality. However, such systems are available to a limited circle
of large companies, while the issue of rapid implementation of effective new approaches
concerns all business representatives, therefore, the recommendations for implementing
sentiment analysis to monitor the psychological climate proposed in this paper are in demand
and relevant.

The economic value of the proposed approach to the implementation of sentiment analysis
lies in the possibility of quick and precise diagnosis of problem areas within any organization,
which, in turn, allows HR professionals to respond promptly to a decrease in the level of
satisfaction or an increase in staff turnover. This allows us to reduce the costs associated with
high rates of resignations, recruitment and adaptation of new employees. In addition, such
models will help companies to improve their analysis of external factors, including the employer's
reputation in the labor market, for example, through public platforms such as Glassdoor. Based
on this information, organizations can make decisions and develop strategies to improve their
image both externally and internally.

The presented practical results are the beginning of a comprehensive study, which
involves, first of all, a thorough study of the stage of data collection for analysis, as to unlock the
potential of the proposed approach, it is important to develop a procedure for systematic data
collection within the organization and from external sources. These data may include regular (at
least once every 3 months) anonymous employee surveys, analysis of emails, comments in
professional social networks, results of personal communications with HR specialists, and labor
productivity indicators. Using this range of data, it will be possible to gain a deeper understanding
of the team environment and the real opinions of employees, and as a result, help the company
take effective steps towards positive change.

The other important area of development of this research is developing the software that
will allow regular monitoring of the psychological climate based on data from both internal and
external sources, and based on the results of the modeling; generate the necessary reports,
trend graphs, ratings and understanding of the mood. This can be a powerful tool for small
companies, as the introduction of psychological environment monitoring into daily work
processes will not only help to identify and solve problems in a timely manner but will also have
a positive impact on the overall atmosphere in the team.

The conducted research confirms that Al is a transformative mechanism in the HRM
sector. The impact of Al is evident in the optimization of numerous HR processes, and the focus
of such management is shifting to creating and maintaining a productive working environment
where employees feel comfortable and work efficiently.
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YopHoyc MNanuHa OnekcaHapiBHa,
[lokTOp eKOHOMIYHMX HayK, Npodecop
KuiBCbKMi HawioHanbHUI yHIBepcuTeT iMeHi Tapaca LLeByeHka, M. Knis

MupoHeub Biktopis OnerisHa,
KuiBCbKMi HawioHanbHMI yHIBepeuTeT iMeHi Tapaca LLeByeHka, M. Knis

LITYYHUN IHTENEKT B MPOLIECAX YMPABJIIHHA NIOACHKUMU PECYPCAMU: 3ATANbHI 3ACAIN
TA 3ACTOCYBAHHA ANA MOHITOPUHIY MCUXOMNOMYHOr O KNiMATY

Y cmammi posensidaembcsi nomeHuian WUpoKo2o 3acmocysaHHsi wmy4Ho2o iHmenekmy (L) dns
BUPILIEHHSI akmyalbHUX BUKITUKIE Ha PUHKY npaui ma niosuweHHs ehekmusHoCMi ynpaeniHHs todCbKUMU
pecypcamu (human resource management, HRM). AHanisyrombcs cydacHi nioxodu 00 iHmezpauii 8ionogioHux
memodie i iHcmpymeHmig y npakmuku HRM. JocnioxeHHs ausyae, sk LI moxe donogHUMU icHyt4i npoyecu
HRM, cmeoptotoqu binbw opieHmosaHy Ha 0aHi ma aBanmugHy OCHO8Y Onsi nputiHaMmS piweHs. KomnaHii
aKmugHO WyKatomes cnocobu 8nposadXeHHs IHHOBAUIUHUX pilueHb, MOMY pe3ynbmamu Ub020 OOCIOKEHHS
MOXHa po3ansgdamu siK Kpok 00 NoeOHaHHS cyqacHux npakmuk HRM i3 mpaHcghopmauyitiHum nomeryjanom LUI
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0n1s1 NIOMPUMKU eheKmUBHUX YnpaesliHCbKUX pitueHb. Y cmammi npedcmagnieHo nomyxHi moxnugocmi LLI:
mexaHiyHo2o LU, mucngyoeo LI ma emouitiHozo LI MexaHiyHul LI Halkpawe nioxodums Ons
asmomamusauji 3a80aHb, maKuXx ik CMBOPEHHS 8akaHCIl, peecmpauisi Ha HagyasibHi Kypcu, ckriadaHHs 3gimie,
MOHIMOPUHE Kap'epHO20 3pOoCmaHHs ma ouiHka egpekmusHocmi. Letd mun LI cymmeso 3HUXYeE
admiHicmpamugHe HagaHmaxeHHs, 0o3sonstoyu paxisysm 3 HRM 3ocepedxysamucsa Ha cmpameaiyHomy
nputiHammi piweHb ma 3any4yenrHi npauieHukie. Mucnsqul LI docsieae ycnixy 8 aHani3i pestome, pesyribmamie
Hag4aHHsI, NPoOyKMUSHOCMI ma npo2HO3y8aHHi kap ‘epu. EmouitiHudi LLII 3ocepedxyembCs Ha aHanisi nogediHKU
kaHOuOamie, nepcoHanizaujii Hag4anbHUX npo2pam, HadaHHi NCUXOM02iYHOI NIOMPUMKU ma MOHIMOPUHeY
NCcuxosnoaiyHo20 Krimamy Ha pobodomy micui. [ns supiweHHs npobreMm nos’a3aHux 3 aHasmisoM emouil
cmammsi NPONOHYe KoHUenmyarsnbHy mModesnb On1s aHasi3y Hacmpoig Ha 0CHOBI AaHUX NPO eMOYItHUL cmaH |
3adosorneHicmb npauieHukig. Y pobomi Hal0aHO KOHKpemHi pexkomeHOauii wodo enpogadxeHHs ma
npoOeMOHCMPOBaHO 3acmocysaHHs MoOesTi Ha 0CHO8I daHux 3 0enisidie npo Pobomy KoMNaHil Ha ninampopmi
Glassdoor i3 sukopucmaHHam mMosu npoepamyeaHHs Python. Llet nioxid imtocmpye, sk LI moxe cnpusmu
6na2ononyyyio npauyieHuUKig, 0OHoYacHo y3200xyto4u npakmuku HRM i3 yinamu opeaHizayji.

Knroyoei crnoea: ynpasniHHs modcbkumu pecypcamu, emouitHut LI, aHanis Hacmpoig, MOOeno8aHHs,
NpUUHAMMS pilueHb, KOMNaHisi
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