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THE POSSIBILITIES OF ESTIMATING RISK EVENTS DURING
STRATEGIC MANAGEMENT OF HUMAN RESOURCES

The approach to solution of predicting, classification and risk events diagnosis problems on the labour market
during strategic management of human resources are proposed, which has been tested on assessing the risk of
unemployment among working population of Ukraine. Specifically, the authors has built a scoring model, which
takes into account the joint influence of socio-demographic and professional-and-qualification characteristics
of employees, and calculates points based on which it ranks the employees by the risk of the loss of work. It has
been discovered that a portrait of employee with the highest probability of «bad events» is the following: single
male, aged 15—22, living in rural areas, with profession according to diploma (certificate) — qualified agricul-
ture and forestry employee, skilled tool worker, person working in maintenance, exploitation and monitoring
of technological equipment, while being employed in another job, mainly performing the simplest tasks in such
economic areas as agriculture and construction.

The scoring model was built using the method of binary logistic regression and the R, SPSS and MS Excel
software.

On the basis of the model, one can not only structure the process of preparing possible solutions for risk
management, but also carry out a preliminary assessment of the significance of the employee’s processed char-
acteristics associated with the likelihood of risk events.

A monitoring of the built scoring model is carried out in order to assess the risk of unemployment among
working population of Ukraine. Based on the testing using such parameters as stability, discriminatory power
(ranking efficiency) and calibration quality, the author confirmed the model’s good predictive ability and ad-
equate functioning.

The model for estimation of probability of unemployment among the employed population of Ukraine
is presented primarily as an example of scoring application in HR field. The future prospects of creating such
probabilistic models, such tool can be relevant for state institutions, for example employment bureau, as well as
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employers, i.e. all parties involved in creation and implementation of HR management strategies. From large
amount of data they accumulate on a daily basis the knowledge base for making conscious, not intuitive, strategic
decisions and tactical steps can be obtained.

Keywords: strategic management, human resources, risk, scoring model, unemployment.
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MOXJIMBOCTI OLITHIOBAHHS PU3MKOBUX IMOAIN ¥V ITPOLIECI CTPATETTYHOI'O
YITPABJIIHHA JTIOACbKMMU PECYPCAMU

3anponorosano nioxio 0o supiuieHHs 3a0a4i NPO2HO3YB8AHHS, Kaacu@ikayii ma diaeHoCMUKY pU3UK08UX NOOill
Ha puHKy npauyi 6 npoyeci cmpameeiyHoeo ynpasainus A0CbKUMU pecypcamu, KOmpuii anpobogano y xodi
OYIHIOBAHHS PU3UKY 0e3pobimms ceped 3aiiHAmMOo20 HaceaeHHs Ykpainu. 3okpema, no6y0do8ano cKoOpuHe08y
Modenb, AKa, 8paxo8yrUU CHINbHUI 6NAUE COUIANbHO-0eMo2papiuHUX i NpopeciliHo-K8aripikayiliHux
XapaKkmepucmux 3aiiHAMuX, po3paxoeye 6aiu i Ha ix nidcmasi panicye npauieHuxie 3a pieHem pusuKy
empamu HUMU pobomu. Buseneno, wjo Haieuuiy iIMOGIpHICMb HACMAHHA «N02AHOD> NOJIT Malomy npayieHuKU
yon06ivoi cmami gixom 15—22 poku, He 00pyiceni, AKi npoXscusams y CinbCobkiil micuesocmi, 3 npoghecicio
(cneyianvricmro) 32i0H0 3 OUNAOMOM (NOCBIOUEHHAM) — KB8AaAipiK08aHUll pOOIMHUK CiAbCbK020 MA AiC08020
eocnodapcme; Keanigikosanuil pooimHUK 3 iHCMpPYMeHmom,; poOimHUK 3 00CAY208Y8aHHS, eKcnayamayii ma
KOHmMpOAio 3a pobomor MmexHoN02IHHO20 YCMAMKY8AHHA, AKUW0 NPU YbOMY GOHU 3aUHAMI He 3a ¢axom, a
BUKOHYIOMb HaUnpocmiui pobomu y makux euoax exoHomiuHoi 0isabHocmi K Cinbebke 20cnodapcmeo abo
0ydienuymeo. Po3pobaenns ckopureosoi moodeni 30ilicHeHO 3a 00NOM020H Memody OIHApHOI N02iCMUYHOT
peepecii 3 euxopucmarnuam npoepam R, SPSS ma MS Excel. Ha 6a3i po3po6aeroi modeai modcHa He minvku
cmpyKmypyeamu npouec nioeomoeku eapianmie piuiens 3 ynpaeainHs pusukom, a i UKOHAmMu nonepeomio
OYIHKY 3HAYYW,0cmi 00cAioNCy8aHUX Xapakmepucmuk 3aiiHAmMoz20, n08’a3aHux i3 iMOGIPHICMIO HACMAHHA
PU3UK080i nOOII.

Buxorano monimopune noby0oeanoi ckopuneo80i Modeni 045 OUiHKU pusuKy 6e3podimms ceped 3aiHAmMo0
HacenenHs Yxpainu. Ha niocmasi mecmyeanns 3a maxumu napamempamu K cmadinbHicmbs, OUCKPUMIHAYIIHA
30amuicmy (ehekmuenicms paniCy8anHs) ma AKIiCMb Kaaibpayii niomeepoyceHo Xopouii npoSHOCMUYHI
Modxcaugocmi it adekeamuicmo QyyHKuionyeanus modeai. [lo6ydoeana modens ouinku iimogiprocmi 6e3podimms
ceped 3aiiHamoeo HaceaeHHa Ykpainu € npukaadom 3acmocyeanns ckopuney 6 cgepi HR. Y nepcnexkmusi
NOOIOHI UMOBIDHICHI MOOEAT MOJNCYMb CINAMU AKMYANbHUM IHCIPYMEHMOM OisLAbHOCI 0ePIUCAGHUX ITHCIMUMYYILL,
Hanpukaao, cayxcou 3aiHamocmi, i pobomooasyie, moomo ecix mux cyo’exmie, Ki € yuacHuKamu (popmy68aHHs
ma peanizauii cmpameeiil ynpaeainHa AH00CbKUMU pecypcamu. 3i WoO0eHHO HAepOMAaONCY8aAHUX Y HUX OAHUX
MOJCHA OMPUMYBAMU 3HAHHS 045 CBI00MO020, A He IHMYIMUEH020 DOPMYSAHHS CIMPAMeciHUX pilieHb i
NAGHYBAHHS MAKMUYHUX KPOKI6.

Karouosi caosa: cmpameeiune ynpagaints, AH00CoKI pecypcu, pusuK, CKOpUH208a Modeab, 6e3podimms.
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BO3MOXKHOCTHU OUEHNBAHUWA PUCKA B [TPOLIECCE CTPATETMYECKOI'O
VITPABJIEHHWA YEJIOBEYECKMMU PECYPCAMU

[Ipedaoscer nodxod k peweruro 3a0a4u NPOSHO3UPOBAHUS, KAACCUPUKAUUU U OUASHOCIUKU DUCKO0BbIX COObIMULL
Ha puiHKe mpyoa 6 npoyecce cmpameu4ecko20 YnpasaeHus 4ea08e4ecKumy pecypcamu, anpooupoeanHbolil
6 xode oyeHKU pucka Oe3pabomuybl cpedu 3aHAMo20 Haceaenus Yxpaunvl. B wacmuocmu, nocmpoena
CKOPUH208as MOOeAb, KOMOPAsi, YHUMbleds odujee 6AUsHUE COUUANLHO-0eMoepaduUecKux U npogeccuoHanbHo-
K8aNupuKayuoOHHbIX XapaKmepucmuk 3aHamoix, paccuumoliéaem 6ainbvl, paHdicupyroujue pabomuukKoe no
YpogHio pucka nomepu umu pabomel. Ilokazano, ¥mo camas 8viCoKas 8ePOSMHOCHb HACMYNACHUS <NA0X020»
cobbimusi — y paboOmMHUK08 MYICCK020 noaa 6 éo3pacme 15—22 nem, ne dcenamoix, dcumeneil ceabCKoll
MecmHocmu, npogeccus (CneyuaibHOCMb) KOMOPbIX CO2AACHO OUNAOMY — KEAAUGUUUPOSAHHDBII padboUuLl
CeNbCK020 U NECHO20 X03AUCME; KEAAUDUUUPOBAHHBLI PAOOUULL C UHCIMPYMEHIMOM,; PAbOHULL N0 00CAYICUBAHUI),
KCnAYamayuu u KOHMpoAto 3a pabomoii mexHoa02u4eck0eo 0060py008anUs, ecau npu SMomM OHU 3AHAMbl He
N0 CReYUanNbHOCMU, a 8bINOAHAIOM NPpOCMeliuiue pabombl 8 MAKUX 8UAAX IKOHOMUYECKOU 0essmeabHOCMU, KaK
cenvckoe x03aiicmeo uau cmpoumenscmeo. llposeden monumopune nocmpoeHHol cKopuHe080ii Mmodeau 0ns
ouyeHKu pucka bespabomuybl cpedu 3aHamoeo Haceaenus Ykpaunol. Ha ocnosanuu mecmuposanus no makum
napamempam Kaxk cmaduabHOCMb, OUCKPUMUHAUUOHHAS CNOCOOHOCMb (I(DheKmUEHOCMb PAHICUPOBAHUE)
u Kawecmeo kaaubpayuu noomeepiucoeHsvl Xopouiue npocHOCMuUUYecKue 803MOICHOCMU U a0eK8amHOCMb
@dyHKUUOHUPOBAHUS MOdeal.

Moodenb ouenku éepossmuocmu be3pabomuybl cpedu 3aHAMO20 HaceaeHuss Ykpaunvl npedcmaenena
Kax npumep npumeHenus ckopunea é cpepe HR. Ymo yce kacaemcs danvheliuiux nepcnekmug co30anus
NOO00OHBIX 6ePOAMHOCMHBIX MOOeAell, MO aKMyaibHbIM MAKOL UHCMPYMeHm Modicem Oblmb 8 0essmeabHOCmU
20Cy0apCcmeeHHbIX UHCMUMYMO08, Hanpumep, CAYICObl 3aHamocmu, u pabomodameneti, mo ecmo cy0seKmos,
VHACMBYIOWUX 8 (POPMUPOBAHUU U Pearu3ayuu cmpameuil ynpasaeHus yeaogeveckumu pecypcamu. Exceonegrno
Y HUX HaKanaueaemcs 0604buloll 00seM OAHHBIX, U3 KOMOPbIX MOJICHO NOAYHAMYb 3HAHUS, He00X00uMble 045
NPUHAMUA OCO3HAHHBIX, A He UHMYUMUBHbIX CMPAMe2U1ecKux peweHull U nAaHUPOSAHUs MAKMUHECKUX
waeos.

Karouegwvie caosa: cmpameeuueckoe ynpasienue, uesogeHeckue pecypcwl, puck, CKOpUHe08das Mooeas,
be3pabomuua.

Introduction. Developers of a human resource management strategy should allow for the
likelihood of adverse events whose occurrence may affect the strategy’s implementation.

Today one of the most successful examples of risk diagnosis and prediction is scoring.
Now it is used mostly in banking. And along with its traditional use !, it seems relevant to
transfer the scoring experience of solving problems to other areas. In particular, the present
work explores the possibility of building scoring models to assess risk events in the strategic
management of human resources.

Dismissal and unemployment are the threats encountered, in the context of development
and implementation of the strategies of human resource management, at all levels — country,
administrative unit or company. In this context, and taking into account the available
information, the essence of our investigation was the creation of scoring models to assess the
risk of unemployment among the working population of Ukraine. The results of simulation

' Thus, using the tool of scoring enables a financial institution to assess the borrowers’ credit rating (applica-
tion scoring); the likelihood of loan repayment (behavioral scoring); the potential for full or partial repayment in case
of the violation of repayment terms (collection scoring); the probability that a new client is not a fraud (fraud scoring);
consumer response to a new offer (response scoring); the probability of future use of a banking product or switching to
another provider (attrition scoring) [1, p. 255].
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will give the basis for pattern recognition and automatic classification of workers by «job loss
potential», which in turn will streamline the development of preventive measures to reduce
the problems of unemployment in this country.

Overview of the literature suggests that the works dealing with credit scoring — of both
theoretico-methodological and practical purpose — are numerous and their number continues
to grow (see e.g. H. Abdou & J. Pointon [2]; R. Anderson [3]; D. Hand & W. Henley [4];
A. Kaminsky & K. Pysanets [5, 6]; E. Lewis [7]; Y. Liu [8—10]; E. Maysetal. [11]; N. Siddiqi
[12]; S. Sohn et al. [13]; L. Tomas et al. [14, 15]). The published results of the applications
scoring models in the non-banking sector are mostly focused in clinical practice and marketing
(e.g. E. Kebebew et al. [16]; E. Malthouse [17, 18]; K. Milchakov & M. Shebalkov [19] and
other), while the field of HR is presented by individual calculations. In particular, among
the relevant are studies of V. Nadraga [20], in which the author considers approaches to
estimation of social risks, including the risk of unemployment. This work is the first attempt
to create a scoring system that takes socio-demographic and occupational characteristics of
workers to estimate probability of their transition to unemployed status, which has determined
the aim and objectives of this research.

Main results. Modern methods of building scoring models are supported by a variety
of predictive analysis tools that belong to a broad class of technologies for advanced data
analysis (data science).

The main predictive analysis tools include: statistical methods (linear and multiple
logistic regression); classification tree or recursive partitioning algorithm; and neural network
[1, p. 255-256].

At the core of our scoring model is the method of binary logistic regression, which can
detect the dependence of a dichotomous variable on several independent factors. Among
the latter, according to the research objective and theoretical hypotheses, we selected such
employee’s characteristics as age, place of residence, gender, marital status, level of education,
obtained qualification, profession, and field of activity. The dependent variable takes two
values — unemployed or busy and has a binomial distribution (Table 1).

To build any scoring models, one must have an information base that, firstly, is sufficient
by volume and quality, and, secondly, has a historical antiquity. For our study, those conditions
were met for raw data of the monthly sample surveys of population (households) about
economic activity for 2010—2013. And the years 2014—2015 were used as a time interval
for monitoring, i.e. the procedure to diagnose the adequacy of operation of the developed
model.

Before model construction, it is necessary to give a precise definition of the «bad» case,
and the whole of the information base:

firstly, should be divided into two groups: the primary sample comprising the observations
on whose basis the model itself will be created, and the test sample including data that will not
participate in the simulation, but will be used for initial validation, i.e. checking the quality
of the model’s predicting capacity prior to its use. Primary and test samples are based on
random selection mechanism and typically at a ratio of 70—80 % and 30—20 % respectively
to the original volume of the total data set;

and, secondly, should be converted into a suitable form for further analysis. There are
two main approaches used when working with both quantitative and qualitative variables.
The first one is the transformation of each output characteristic value into a separate binary
variable. But this approach, although considered methodologically simple, is inconvenient

64 ISSN 2072-9480. Demography and Social Economy, 2017, Ne 3 (31)



The Possibilities of Estimating Risk Events During Strategic Management of Human Resources

as it requires a large number of variables. The second approach, which we actually used,
implies conversion of each output characteristic value into an amount equal to the logarithm
of ratio of the percentage of respective «good» cases to that of «bad» ones: Ln(Good /Bad).
As a result, each of the output characteristic values obtains a numerical parameter, which
corresponds to its «riskiness». The parameters of the information base prepared for analysis
are summarized in Table 2.

Table 1. A set of possible variables for the scoring model to predict the risk of unemployment
among the working population of Ukraine

Employee’s
characteristics

Output values (of employee’s characteristic)

Status of econo-
mic activity

1 — unemployed or «bad»; 0 — employed or «good» (for more detail see Table 2)

Age

Quantitave change:
from 15 to 59 years old (i.e. able bodied persons)

Place of resid-
ence

Qualitative change:
1 — urban; 2 — rural

Gender

Qualitative change: 1 — female; 2 — male

Marital status

Qualitative change:
1 — married; 2 — unmarried; 3 — divorced; 4 — widowed; 5 — unmarried under 18

Educational level

Qualitative change:
1 — higher; 2 — basic higher; 3 — incomplete higher; 4 — complete secondary;
5 — basic secondary; 6 — primary general; 7 — no primary

Profession (spe-
cialty) according
to the certificate
(diploma)

Qualitative change:

1 — legislators, senior officials, managers, stewards; 2 — professionals; 3 —specia-
lists; 4 — technical staff; 5 — trade and services staff; 6 — skilled workers of agricult-
ure and forestry, fish farming and fishing; 7 — skilled workers with a tool; 8 — work-
ers engaged in servicing, operation and control of the work of processing equipme-
nt, assembly equipment and machinery; 9 — elementary occupations; 10 — courses
graduates; 11 — no profession

Main work prof-
ession

Qualitative change:

1 — legislators, senior officials, managers, stewards; 2 — professionals;

3 — specialists; 4 — technical staff; 5 — trade and services staff; 6 — skilled workers
of agriculture and forestry, fish farming and fishing; 7 — skilled workers with a tool;
8 — workers engaged in servicing, operation and control of the work of processing
equipment, assembly equipment and machinery; 9 — elementary occupations

Main work
activity

Qualitative change:

1 — agriculture, forestry, hunting; 2 — fish farming and fishing; 3 — mining indu-
stry; 4 — production and distribution of electricity, gas and water; 6 — construc-
tion; 7 — wholesale and retail trade; 8 — hotels and restaurants; 9 — transport and
communication; 10 — financial activities; 11 — real estate; 12 — public adminis-
tration; 13 — education; 14 — health care; 15 — other types of economic activity
(incl. public and personal services, household activities, activities of extraterritorial
organizations, work abroad, activities of households as producers of goods and
services for personal consumption).

Source: compiled by the authors based on sample surveys of the population (households) on economic activity.
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Table 2. The main parameters of the information base for estimating the risk of unemployment
for Ukraine’s employed population

The period when data were
collected for:

* model building; 2010-2013
® monitoring the model’s 2014-2015
performance

Definition of «bad» event Transfer of the employed to unemployed status at least once in the next
14 months? (hence the «good» case is that which is not «bad»).

Data description*® Sample for model construction Sample
primary (80 %) testing (20 %) for monitoring
Number of observations 19514 4866 5747
Number of «bads» 815 200 222
Bad rate 4.18 % 4.11 % 3.86 %

* Information base prepared using the software of R.
Source: author’s calculations based on sample surveys of the population (households) on economic activity.

Before direct modeling, an analysis of the scoring variables and testing of their predictive
power are carried out, for which purpose the index of their information value (1V) is calculated.
The higher the information value of the variable, the more weight it has in terms of usefulness
during the model construction.

Based on the calculations, it was found (Table 3), that, despite different predictive power,
all of the factors may be selected for scoring (being IV in each case greater than 0.02), and
the most significant in predicting likelihood of the occurrence of our «bad» case are such
worker’s characteristics as age, profession (actual) and main work activity.

Table 3. Evaluation of the prognostic power of variables in the probabilistic simulation
of unemployment risk among employed population of Ukraine

No. Variable v
1. Age 0.156
2. Main work profession 0.147
3. Main work activity 0.129
4. Place of residence 0.094
5. Marital status 0.087
6. Educational level 0.083
7. Profession (specialty) according to the certificate (diploma) 0.083
8. Gender 0.041

Source: author’s calculations based on sample surveys of the population (households) on economic activity.

2 14 months: the period is conditioned by specific features of sample surveys of the population (households) on
economic activity: the monthly volume of the households sample totality is formed considering the scheme of rotation
at which each selected household is interviewed 6 times: 3 months in a row — a 9-month break — another 3 months in
a row.
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One of the conditions of logistic regression is the absence of multicollinearity. In case
of its presence, in order to build the model, it is necessary to find the best options for the
exclusion of closely correlated variables.

Analysis based on pairwise correlation matrix revealed existence of a close relationship
between employee’s educational level and his profession both according to diploma
(correlation coefficient 0.932) and according to main work (0.692); besides, a relatively high
correlation between the qualification obtained from education and actually performed work
(correlation coefficient 0.688) was discovered. Thus, the model will include primarily such
variables as employee’s age, place of residence, marital status, gender, profession according
to diploma and activity according to main work. And, in order to eliminate multicollinearity
and keep the maximum information load conveyed by such factors as educational level
and actual occupation, and in so doing, raise predictive power of the future model, a new
variable «whether the employee performed the work according to obtained qualification» was
introduced. The answer to this question (yes / no) in combination with data about profession
according to diploma allows to form some idea of both the educational level of the worker’s
formal training, and in fact about the actually performed work.

Coefficients of the logistic regression, which connects socio-demographic and
professional qualification characteristics of employed population in Ukraine with the
probability of their unemployment, are presented in Table 4.

An important characteristic of any statistical model is its reliability, which in the case
of logistic regression is characterized by the ability to distinguish «good» cases from «bad»
ones. Gini index, Kolmogorov—Smirnov test and area under the ROC curve (Table 5) are
the main indicators for assessing the quality of the model’s classification capabilities.

Given the fact that our logistic regression is an application model with a relatively small
number of input variables, the obtained values of parameters (Table 5) show a good quality
of binary classifier.

Table 4. The logistic regression coefficients for estimating the risk of unemployment
among employed population of Ukraine

Variable Coefficient | Wald statistic Sig. level of the
Wald statistic*
Age —0.785 58.772 0.0000
Main work activity —0.543 21.618 0.0000
Place of residence —0.577 20.247 0.0000
Profession (qualification) according to diploma —-0.614 18.254 0.0000
Correspondence of actual work to obtained —0.572 10.274 0.0010
qualification
Marital status —0.348 6.189 0.0130
Gender —0.459 5.839 0.0160
Constant -3.129 7010.158 0.0000

* If the significance level of Wald statistic is less than 0.05, then the variable is useful for model.
Source: author’s calculations based on sample surveys of the population (households) on economic activity.
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Table 5. Indicators for quality evaluation of the model for estimating the risk of unemployment
among employed population of Ukraine

Indicator Primary sample (80 %) Test sample (20 %)
Gini index? 34.6 % 33.6 %
Kolmogorov—Smirnov test * 26.1 % 23.0 %
Area under the ROC curve (AUCY) 0.673 0.668

Source: author’s calculations based on sample surveys of the population (households) on economic activity.

The final stage of scoring model development is scaling (calibration), i.e. a technique
of converting primary scoring points into a scoring scale, which is more convenient to use,
in particular, with a range from 0 to 1000. The results of this process are transformed into a
scorecard (Table 6).

The result of the model’s calibration is assigning each employee a rating class according
to the risk of occurrence of «<bad» event. For this purpose, we chose an appropriate scale that
best reflects the constructed model (Table 7).

Quality of the model’s calibration can be verified using tests, whose task is to determine
to what extent the true values of the studied parameter correspond to the forecasted ones.

Table 6. Scorecard for estimating the risk of unemployment among employed population of Ukraine

Variable Values SCORE Comment
Age 15-22 44 The younger the
worker, the higher
23725 08 the probability of
26—47 83 occurrence of «bad»
48-51 98 event
52-55 110
56—59 130
Main work Agriculture, forestry and fishery; Construction 74 For those employed
activity Manufacturing; Financial activities; Real 81 gi‘g&ﬁgﬁgg ;)il;k of
estate and business services; Other economic D
activities «bad» event is higher
Governance 85
Trade. Hotels and restaurants; Transport and 92
communications
Mining industry; Electricity, gas and water; 102
Education
Health care and social assistance 114
Place Rural 75 In rural areas, risk of
of residence Urban 95 «bad» event is higher

 Gini index moves the values of area under the ROC curve to the range from 0 to 1 (or 0—100 %).

* Value range of Kolmogorov—Smirnov statistics is from 0 to 100 %.

5 Calculated value range of the indicator of area under the ROC curve (AUC) may be within the interval of
0.5—1.
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Ending of Table 6
Variable Values SCORE Comment
Profession, Skilled workers of agriculture and forestry, fish 73 Skilled workers enga-
qualification farming and fishing; Skilled workers with ged in agricul-
according to tools; Workers in servicing, operation and ture; those with too-
certificate control of the work of processing equipment, Is; those engaged in
(diploma) assembly equipment and machinery servicing, operation
Technical staff; Trade and services staff; Ele- 81 and .Coerl. of pro-
L ) cessing equipment
mentary occupations; Course graduates; No fossi ith
rofession are professions wit
P a higher risk of «bad»
Specialists 89 event
Legislators, senior officials, managers, ste- 103
wards; Professionals
Working No 80 Those engaged not
according to in accordance with
obtained quali- obtained qualifica-
fication Yes 96 tion have a higher
risk of «<bad» event
Marital status | Unmarried 74 Unmarried workers
Married 87 have higher risk of
«bad» event
Divorced; Widowed 93
Gender Male 80 Male workers have
Female 91 higher risk of «bad»
event

Source: author’s calculations based on sample surveys of the population (households) on economic activity.

One such test uses a standard normal distribution. Testing is carried out for each rating
class and overall sample and may be unilateral or bilateral. In terms of management, the
most important is the risk of underpredicting the probability of losing a job, so Table 8 shows
the results of detection of the corresponding significant deviations in the calibration of the
constructed model.

Table 7. Scale to determine the employee’s rating class according to the risk of occurrence of «bad» events

Total points | Probability that the employee will be unemployed at least once during Rating class
the next 14 months

(0; 530] 11.67 % and more A7
(530; 560] 7.28—11.67 % A6
(560; 590] 4.46—7.28 % A5
(590; 620] 2.70—4.46 % A4
(620; 650] 1.62-2.70 % A3
(650; 680] 0.97-1.62 % A2
(680; 1000] 0-0.97 % Al

Source: author’s calculations based on sample surveys of the population (households) on economic activity.
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Table 8. Testing the quality of the model’s calibration for estimating the risk of unemployment

among employed population of Ukraine, %*

Rating Bad Bad BR, — BR, Tolerance ranges for significance level
class | FAC g | T 90 % 95 % 9% | 99.9%
A7 13.64 14.60 —-0.97 2.06 2.64 3.73 4.96
A6 6.89 8.37 —1.48 0.85 1.09 1.54 2.05
A5 6.53 5.54 0.99 0.43 0.55 0.77 1.03
A4 3.41 3.45 —0.05 0.30 0.38 0.54 0.71
A3 2.00 2.19 —0.19 0.28 0.36 0.51 0.68
A2 1.17 1.36 —0.19 0.37 0.47 0.67 0.89
Al 0.00 0.81 —0.81 0.72 0.93 1.31 1.74
All classes 4.18 4.18 0.00 0.18 0.24 0.33 0.44

* Calibration Test using Standard Normal Distribution (one-sided test).
Source: author’s calculations based on sample surveys of the population (households) on economic activity.

Based on the obtained data, we can conclude on the good quality of the model’s
calibration, while a deviation (underestimation of risk) is observed only in one of the seven
classes A5 (Table 8)°.

Ranking of employed population by risk level of «bad» event is shown on Fig. 1, and
considering scorecard data (Table 6) it was discovered, that the highest probability (18.2 %) of
becoming unemployed at least once in every 14 months have male workers aged 15—22 years,
unmarried, living in rural areas and having the following professions (specialties) (according
to diploma (certificate)): skilled workers of agriculture and forestry; skilled workers with a
tool; workers engaged in servicing, operation and control of work process equipment, who
at the same time are not employed by profession. Actually, they are workers who perform
the simplest works in agriculture or construction.

People, circumstances, and conditions may vary over time due to dynamic social and
economic development. In the language of probabilistic modeling and in the context of the
present study, this means that the influence of certain employee’s characteristics on the
probability of unemployment does not remain constant. And, for scoring model to continue
functioning, periodical check of quality of its performance is required.

Monitoring of our rating system for adequacy of calculated risk parameters implied its
diagnosing by such criteria as stability, discriminatory power (ranking efficiency) and the
quality of calibration.

Stability tests are carried out to confirm compliance of the current data composition to
the sample that is used for model development. Significant differences in the data set could
reduce the quality of the model performance and hence require its re-building.

¢ Binomial test can be used as alternative for testing compliance between estimated probability and actual unem-
ployment, which returned a similar result.
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100,00
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2000 + 11,00
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11,67 % 17,28 % — 4,46 % — 2,70 % — 1,62 % — 0,97 % — 0,41 % —
and more 1,67 % 7,28 % 4,46 % 2,70 % 1,62 % 0,97 %
A7 A6 AS A4 A3 A2 Al

[ 1 Number of employed, persons (left scale)
— — Share of employed who will be unemployed at least onse in next 14 months, % (right scale)
— Upper and lower limits of probabilities in classes (right scale)

Figure 1. Rating based classification of the employed population depending on the level of risk
of their transition to the status of unemployed

Source: constructed by the authors based on sample surveys of the population (households) on economic activity.

Based on the calculated index PSI (Population Stability Index), we conclude on the
absence of difference between the samples used to build and monitor the model for evaluating
the probability of unemployment among employed population in Ukraine (Table 9).

As a rule, discriminatory power of the model decreases over time since model’s
development. The scale of such decrease should be assessed in terms of acceptability, tracking
the change of the indicators used to assess the model’s classification possibilities during its
construction, which are, as we mentioned before, the Gini index, the Kolmogorov—Smirnov
test and the area under the ROC curve (Table 10).

Table 9. Monitoring the model for estimating the likelihood of unemployment
among employed population in Ukraine: a test for stability

No. Variable PST*
1. Age 0.0052
2. Obtained qualification 0.0042
3. Main work activity 0.0083
4. Place of residence 0.0307
5. Marital status 0.0001
6. Profession (specialty) according to certificate (diploma) 0.0093
7. Gender 0.0000

* PSI < 0.1 — no difference; PSI — [0.1; 0.2] — insignificant differences; PSI > 0.2 — significant differences.
Source: author’s calculations based on sample surveys of the population (households) on economic activity.
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Table 10. Monitoring the model for estimating the likelihood of unemployment
among employed population in Ukraine: discriminatory power

Indicator Sample for model Sample for model
development monitoring
Gini index 34.6 % 342 %
Kolmogorov—Smirnov test 26.1 % 24.9 %
area under the ROC curve (AUC) 0.673 0.671

Source: author’s calculations based on sample surveys of the population (households) on economic activity.

As can be seen on Table 10, the studied indicators have only changed slightly (6 %),
hence the effectiveness of the model’s ranking of the depending on the level of risk of their
transition to unemployed status has not deteriorated.

For the purposes of monitoring, the quality of calibration is defined using standard tests
with normal and binomial distributions in the same way as during the model development.

It should be reminded that, in terms of management, the most relevant is the risk of
underprediction the probability of the employee’s job loss and, as confirmed by the results
of model testing, in any of the classes and in overall sample, the probability of «<bad» event
is not underestimated (Fig. 2).

However, in the monitoring sample in the rating class A7, i.e. among the employed
with higher «potential» of losing their jobs, the likelihood of unemployment is slightly
overestimated (Fig. 2, Tab. 11).

This situation is well expected, because the monitored period (2014—2015) coincides
with a crisis in economy of Ukraine. This means that, during that time, people were less
likely to look for better jobs and tried to keep their current positions.

To sum up, let’s note that testing by criteria of sample’s stability, discriminatory power
and calibration quality confirms the adequacy of the model of estimating the probability of
unemployment among employed population of Ukraine and currently no evidence of the
deterioration in its performance is discovered.

2500 100,00
2000 | -
— 110,00
1500+ —-~
B
=3
1000 |
11,00
500 -
0 0,10
11,67 % 17,28 % — 4,46 % — 2,70 % — 1,62 % — 0,97 % — 0,41 % —
and more 11,67 % 7,28 % 4,46 % 2,70 % 1,62 % 0,97 %
A7 A6 A5 A4 A3 A2 Al

[ 1 Number of employed, persons (left scale)
— — Share of employed who will be unemployed at least onse in next 14 months, % (right scale)
—— Upper and lower limits of probabilities in classes (right scale)

Figure. 2. Rating based classification of the employed population depending on the level
of risk of their transition to unemployed status (a monitoring sample)

Source: constructed by the authors based on sample surveys of the population (households) on economic activity.
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Table 11. Model monitoring for estimating the likelihood of unemployment
among employed population of Ukraine: quality of calibration, %*

Rating class Bad Bad BR, — Tolerance ranges for significance level
My | M | BR, 90 % 95 % 9% | 99.9%
A7 6.36 14.66 8.29 4.32 5.55 7.84 10.42
A6 8.07 8.78 0.71 1.85 2.38 3.36 4.46
A5 5.24 5.70 0.46 0.76 0.98 1.38 1.83
Ad 3.40 3.47 0.07 0.54 0.69 0.98 1.30
A3 2.75 2.19 —0.56 0.57 0.67 0.94 1.25
A2 0.86 1.37 0.51 0.69 0.89 1.25 1.66
Al 0.00 0.84 0.84 1.39 1.78 2.52 3.35
All classes 3.86 4.14 0.28 0.34 0.43 0.61 0.81

* Calibration Testusing Standard Normal Distribution (one-sided test).
Source: author’s calculations based on sample surveys of the population (households) on economic activity.

Conclusion. Thus, for the first time, the development of a scoring model for solving
the tasks of forecasting, classification and diagnosis of risk events on the labor market
was introduced. In particular, the model, which is based on the joint influence of socio-
demographic and professional qualification characteristics of employees, calculates points
and on their basis ranks the employed population in terms of risk (probability) of the loss of
job (unemployment).

Results of the testing of the model’s quality and empirical evaluation confirming the
theoretical assumptions actually prove the possibility and prospects of the application of
scoring for the diagnosis and prediction of risk events on the labor market.

On the basis of the model, one can not only structure the process of preparing possible
solutions for risk management, but also carry out a preliminary assessment of the significance
of the studied employee’s characteristics associated with the probability of «<bad» event.

Let’s note, that our model for estimating the probability of unemployment among
employed population of Ukraine is represented primarily as an example of the application
of scoring — a tool that empowers HR-analysts for the purpose of strategic management of
human resources and allows a transition from retrospective descriptive data to the level of
forecast.

As for the range of tasks and applications of such probabilistic models, their use can
be relevant in the activities of both public institutions, such as employment services and
employers, i.e. all those entities who participate in the formation and implementation of
strategies of the management of human resources and who daily gather and accumulate large
amounts of data from which they can «extract» the knowledge to make strategic decisions
and plan tactical steps not intuitively, but on the basis on the latter.

The combination of HR-data (socio-demographic and professional qualification
characteristics of workers, data on the key performance indicators, information on career and
administrative change, information about the progress and success of training, etc.) makes
scoring a suitable tool for the needs of human resource management in the context of strategic
perspective. Moreover, it makes available not only application scoring, but also behavioral
scoring, which takes into account motivational factors that determine individual’s labor
behavior and the associated probability of the occurrence of certain investigated events.
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