Pazpnen «lNeparorvika BoiCLLEN WKOJbl. DKOHOMMKa» M

DOI 10.52209/1609-1825_2023_3_373

UDC 331.1

On the Problem of Human Bias in the Management
of the Organization's Personnel

1*SANSYZBAYEVA Galiya, Dr. of Econ. Sci., Professor, gns198@mail.ru,

INAVERDINOV Riflan, Master Student, naverdinov01@inbox.ru,

1ASKEROV Askar, Master Student, Senior Lecturer, askar-askerov@mail.ru,

INPISC «Al-Farabi Kazakh National University», Kazakhstan, Almaty, Al-Farabi Avenue, 71,

*corresponding author.

Abstract. In recent years, of all the resources involved in the organization in the implementation of production pro-
cesses or the provision of services, managers have paid more attention to human resources. Experts argue that in-
vesting in human capital generates more revenue for companies than even modern technology. Therefore, to achieve
optimal efficiency and productivity in today's highly competitive environment, organizations must use effective meth-
ods of managing human resources. In the organization's personnel management system, when recruiting personnel,
a subjective approach takes place when evaluating the applicant accepted for a vacant workplace in the organiza-
tion. The aim of this study is to use modern innovative deep learning models to eliminate recruitment manager bias
by increasing the flexibility of filtering parameters by implementing an adversarial autocoder. A person's bias in the
personnel management process, in particular when hiring managers inadvertently favor candidates who have similar
experiences or values to their own, is a recurring issue that businesses often deal with. The hypothesis of the study is
that, having studied the personnel management model in the Kazakhstan branch of the audit and consulting company
KPMG in Almaty with 25 years of experience with more than 100 employees, it will be possible to more accurately
assess the applicant's participant through an adaptable scale factor of various parameters, including career progress,
organizational features and potential risks. Deep and adversarial autocoders were evaluated and contrasted with the
Naive Bayes reference classifier. The data were pretreated (cleaning, merging, denoising) as well as optimized for the
neural network used in deep learning. Metrics derived from the confounding matrix were matched and the results
showed that the adversarial autocoder produced better results and that deep learning models tended to be superior
in terms of digital prognostic analysis.

Keywords: autoencoder, deep and adversarial autoencoders, HR management, recruitment human factors, human
bias, deep learning, deep learning engine, predictive modeling, staff potential assessment, KPMG audit firm, KPMG
adversarial hiring algorithm.

Introduction Research Objectives: Eliminating the human bias in

In today’s highly competitive business environ-
ment, it is essential for organizations to have effective
personnel management strategies in place to ensure
maximum efficiency and productivity [1].

However, one of the persistent issues organiza-
tions faces is the presence of human bias in the per-
sonnel management process [2], particularly where
recruiters may unconsciously prefer candidates with
similar backgrounds, experiences, or values to their
own, creating an unfair and discriminatory work-
place for employees [3]. Usually, Human Resource
managers are accountable for the efficient organi-
zation of the organizational human resources, how-
ever, their contribution to the allocation process, in
time-series comparison, tends to diminish with the
emergence of the digitalized predictive analysis [4].

Research Question: Will the integration of autoen-
coder deep learning assist in the elimination of hu-
man bias at the stage of personnel recruitment?

the recruitment process by simultaneously enhanc-
ing the flexibility of the filtering parameters through
the implementation of the autoencoder.

Research Rationales: The hypothesis for this study
assumes that training the model on the experience
of 25 years of one organization that has more than a
hundred workers will provide a better estimation of
the applicant’s participant through flexible weighting
of the multiple parameters in terms of career progres-
sion, idiosyncratic risks of the organization and po-
tential risks.

Research Contributions: This work’s contribution
is not limited to the adaptation of autoencoder deep
learning in the framework of human resource man-
agement, it also brings value to the personnel man-
agement schemes in the developing nations since the
utilized model was tested and trained on Kazakh-
stan’s KPMG brunch.
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Literature review

Effect of the digital era on personnel manage-
ment: existing limitations

One of the most prominent directions in which
predictive regression has been vastly implemented
is the estimation of expected risks attributed to the
workers [5,6,7,8]. In this case, the predictive model-
ing provides a new foundation for the assessment
of the company’s goodwill and workers’ intangible
contributions, which would have been challenging to
estimate based on the human assessment.

Predictive modeling is a type of data analysis
that uses algorithms to identify patterns in a data set,
allowing organizations to make more informed de-
cisions about potential hires [2]. With this approach,
it is possible to assess a potential worker’s skills and
competencies [9], by taking into account a variety of
factors such as job performance, employee engage-
ment, and retention rates. While existing predictive
modeling methods allow following the unbiased
procedure, they lack accuracy in the filtering process.
Overcompensation in creating the credible engine re-
sulted in the impossibility to process complex infor-
mation about the applications, meaning that the ab-
sence of specific keywords in the resume may cause
the entire elimination regardless of the possible po-
tential from other not defined variables [10].

This work aims to propose a possible solution for
the mentioned limitation by providing a new method
of personnel management, particularly, for the hiring
process, that utilizes the deep learning algorithm in
the potential assessment stage.

Deep Learning: Autoencoder

Before moving to further analysis, it is reasonable
to define the core meaning of the deep learning and
the fundamental neural network. Neural networks,
as can be seen form the naming, mimic the behavior,
and outlay of the human brain [11]. In the same way,

as the learning processes are yet to be entirely under-
stood by medicine, the Artificial Intelligence possess
the «black box» of hidden layers allowing to train the
program for understanding the nonlinear relation-
ship. There are various adaptations and branching
of the deep learning, among them the autoencoder
in the specific interest of this paper. It is the unsu-
pervised learning mechanism that allows to restore
the input values through deep learning. Prior to 2006,
neural networks with several hidden layers were
challenging to train and seldom used [12]. Howev-
er, the development of Stacked AutoEncoders (SAEs)
made it possible to train several layers without super-
vision before fine-tuning them under supervision to
address pattern recognition problems [13].

The difference from the accepted artificial neural
network underlines in the availability of the latent
space within the black box of the code that allows
to have a better understanding of the clandestine
processes in the hidden layers [14]. The operational
system is similar to the re-constructurer that aims to
identify the main patters responsible for the global
parameters. As it can be seen from the Figure 1.

The framework of consists of the encoder and de-
coder that are respectively responsible for input and
output. An encoder learns the data representation in
lower-dimension space, (i.e., extracting the most sa-
lient features of the data), whereas a decoder learns
to reconstruct the original data based on the learned
representation by the encoder. The weights are cho-
sen to minimize the sum of squared differences be-
tween the output and the input.

Methods

Data collection

This study has collected data from one of the big
four company KPMG’s brunch located in Almaty,
Kazakhstan. The obtained data included the person-
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374 Figure 1 — The outlay of the autoencoder [15]



nel evaluation criteria from the year of foundation —
1996, and the recent assessment, until 2021. The con-
sidered evaluation forms contained the wide range of
metrics related to the personal working capabilities,
career progression, teamwork cooperativity, and soft
skills level. On average, the value of the participants
had the normal distribution in terms of age, gender
and performance variation.

Data preparation

Overall, initial data included 3750x50 dimen-
sions, rows for participants and the columns for the
conditions assessed. The preprocessing step included
the statistical wandering, evaluation of the two-sam-
ple t-test on the significance difference between cho-
sen parameters and the correlation estimations. The
data preparations steps were required to evaluate the
availability of the interconnected variables and the
corresponding dimensions reduction. Some of the
parameters were in the discrete form (e.g., 1 to 5 as-
sessment criteria), whereas others were presented in
the form of continuous data (e.g., speed and time re-
lated evaluations). Such variability required pinpoint
working direction and data normalization. Working
strategy for the former value were based on the drop-
ping of the missing values, while in the latter case the
unavailable information was replaced with the mean
value of the parameter.

Normalization was performed in the range of
[-1,1] time-series wise. The overview of the entire
preprocessing can be seen on the Figure 2. The cir-
cularity of the process is justified with the different
starting point for various assessment criteria, yet
regardless of the point of commencement, all of the
5 steps consequently implemented. Depicted data
merging refer to the combination of the preliminary
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application data (e.g., resume, cover letter) with the
working performance assessment, and with demo-
graphical covariates (e.g., gender and age). Covari-
ates will be implemented as controlling factors into
the deep learning model.

Data Processing

There are several available mechanisms of im-
plementing the deep learning into the personnel
management, hence, to arrive at the objective and
weighted conclusion and response for the aforemen-
tioned research question, it is reasonable to conduct
a cross-section comparison of the machine learning
mechanisms: deep stacked autoencoder vs. adversar-
ial autoencoder. Furthermore, the existing simplistic
classifier — Naive Bayer — will be also utilized as the
controlling points.

Deep Stacked Autoencoder

Considering the abundant number of assessment
variables (n = 50), the usage of advanced — deep -
stack autoencoder is justified. The deep autoencod-
er is able to learn complex features from the data
without any labeled examples and can then be used
to produce a representation of the data that is much
more accurate than traditional methods through the
hierarchical multiple layer iterations. The step-by-
step operational process:

1. Encoding the extracted values from the KPMG.
Both before job placing and after for the entire period
of 25 years. The input is given through deterministic
mapping, meaning that the function will return the
same type of return any time the unchanged input is
provided.

2. The second level encoding is the crucial feature
of the deep stacked autoencoder that differentiates
it from the ordinary version. The same compression
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Figure 2 — The data preparation process
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process is performed on the output from the first
encoding.
3. Deriving the latent space to see the optimiza-
tion level of the derived patterns from the encoder.
4. Utilizing the exponential growth function to the
depicted features simultaneously with the integrated

loss function for the cross-entropy identification.
5. Assessing the performance of the reconstruct-

ed results from the decoder.

The reconstruction of the input may show the
performance of the autoencoder itself, however, the
evaluation on the deep learning efficiency requires
additional iterations on the testing set. The available
data for this and consequent stages will be split based
on the 70/30 ratio for training and testing.

Adversarial Autoencoder

The adversarial autoencoder is one of the adapta-
tions of the stack version that has been created with
the additional feature of encoder tricking. This type
of deep learning allows to input the data that was not
in the form of the initial training set, which was not
possible in the case of deep stack autoencoder. Both
types of the autoencoder have the same processing
sequence. The discriminating factors here are rooted
in the flexibility of input values and in the error esti-
mation process.

In case of the deep stacked autoencoder the er-
ror rate is positively correlated with the performance
of the machine learning, meaning that if the error is
high on the testing set, the approach does not provide
sufficient foundation to replace the biased employ-
ee recruitment. However, in case of the adversarial
autoencoder, the reverse condition is true. Since the
new input will be from the training sample regard-
less of the true origin, the error rate is the needed co-
efficient of estimations. The latter one is included in
this study because it is assumed that in order to uti-
lize the program in the perspective of assessment of
future candidates, the historical performance based

trained program will not provide credible results.
Thus, the model that can ignore the time value of the
series (past or future) may be more efficient.

Naive Bayes Classifier

Naive Bayes classifier is a supervised machine
learning algorithm that is used for classification tasks.
Mainly, the probability of an event can be estimated
from the frequency of past events. Naive Bayes clas-
sifier makes a strong assumption that all features are
independent of each other, which simplifies the cal-
culation of the probability of an event.

Results and Discussions

Data preprocessing resulted in the decreased
number of samples and the direction reduction of pre-
dictive variables leaving the final matrix in the form
of 3597x37 (previously 3750x50). The deep learning
code was run on MATLAB, and the performance of
the model was estimated based on the confusion ma-
trix results.

Data preprocessing

The noise identification was performed success-
fully through finding the hidden state dynamics
and equating it with the original one. The function
utilized is based on the hidden Markov modeling,
where the observed information (performance of the
workers in the long-term perspective) was influenc-
es by the unobservable, but present variables — em-
ployee’s information from the application period.
The denoising was performed successfully allowing
to smooth the original discrete values with minimal
valuable information lose. The main function in use
for this section is the hmmtrain MATLAB that evalu-
ates the transition and emission probabilities.

Deep Learning Model

After finding the parameters for layers, option’s
parameters were also adjusted several times, and the
best obtained result showed the validation rate of the
96.89% (option d).

Optimization of the deep learning model

Option | Number of layers | Filters of the added layers, correspondingly | Paddings, correspondingly | Validation rate
a 3 333 8,16,32 92.29%
b 4 3,3,3,10 8,16,32,8 93.83%
c 5 3,3,3,5 8,16,32,8 90.73%
d 5 3,3,355 8,16,32,8,16 96.89%
e 5 3,3,3,5,10 8,16,32,8,8 86.38%
f 5 3,3,3,5,10 8,16,32,8,16 87.32%
g 4 3,3,3,10 8,16,32,16 84.24%
h 4 3,3,3,8 8,16,32,8 82.73%
i 4 3,3,3,20 8,16,32,8 84.62%
i 5 3,3,3,20,20 8,16,32,8,16 86.14%
k 6 3,3,3,20,20,20 8,16,32,8,16,32 89.70%
I 5 3,3,3,15,20 8,16,32,8,16 86.29%




The reproducibility of the conditions that were
found for the deep autoencoder were altered accord-
ingly to fit the model of adversarial autoencoder.

Functioning comparison

The error rate, accuracy and precision for each of
the three models were calculated using the probabil-
ity estimation of confusion matrix. The original table
form of the confusion matrix is presented on the Fig-
ure 3.

The confusion matrix values have the sum equal
to the number of predictive variables for the employ-
ee assessment.

The obtained results regarding true negative and
true positive re-constructions were separately calcu-
lated for the performance assessment measures.

The results obtained showed that the Naive Bayes
classifier, which was used as a control model and rep-
resents the existing predictive modeling, had the low-
est performance compared to deep learning engines.
The only values where the classifier was responsible
for the greatest value were the false positive rate and
false discovery rate, meaning that the program makes
high rate of errors and misclassify the negative results
as positive. Such type of error is considerably impact-
ful for the topic of recruitment process and person-
nel management, because of high probability to hire
a low potential worker due to the misinterpretation.
Based on the mentioned rationales, it is reasonable to
conclude that the Naive Bayes classifier can be elimi-
nated from the further analysis.

Both tested conditions had relatively satisfactory
performance, however the deep model was superior
in terms of sensitivity, negative predictive value, and
false negative rate. While it may be assumed that the
high rates in the firstly mentioned parameters will be
sufficient, in terms of human recourse management
high level of false negative rate is a significant draw-
back. The probable missed opportunity on talents
due to false classification have high opportunity cost
for the major international enterprises like KPMG.
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In comparison to the deep learning model, the
adversarial algorithm high specificity, precision, ac-
curacy, and low false negative, false positive rates,
meaning that this model is the most optimal one for
the enhancing the recruitment process in Almaty
KPMG.

Conclusion

This study has conducted a comprehensive re-
view of the existing issues in the personnel manage-
ment strategies and revealed the issue of existing
humane bias in the recruitment process and the abun-
dancy of the noisy human resource data that result
in poor predictive modeling mechanisms with low
flexibility. The issue was attempted to be resolved
through the implementation of deep learning mod-
els of autoencoder. Two types of autoencoder — deep
and adversarial — were tested and compared to the
control Naive Bayes classifier. The object of this study
included the longitude dataset of 25 years with over
3750 employee’s information of prior recruitment
potential and annual assessments during the work-
ing period. The data went through the preprocessing
(cleaning, merging, denoising) and the optimization
for the deep learning’s neural network. The compara-
tive result of the metrics obtained from the confusion
matrix revealed the general superiority of the deep
learning models with regards to the digital predictive
analysis, and the greatest results for the adversarial
autoencoder.

This works contribution includes following factors:

- development of justifiably superior personnel
recruitment model;

- elimination of human bias by replacing the
manual evaluation process to the automated, objec-
tive one;

- increasing the competence of resource alloca-
tion through providing the working force and time
efficient analytical model;

- generating the flexible framework that can be

Predicted
Negative (N) Positive (P)
- +

i False Positive (FP
Negative True Negative (TN) alse Positive (FP)

- Type | Error

Actual
Positive False Negative (FN) True Positive (TP)
+ Type Il Error

Figure 3 — A. The confusion matrix [15] 377
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easily retrained with the new covariate and condi-
tions. Equally possible to keep the model up to date
by including the most recent employees’ information
to the neural network;

- possibility to generalize the model to the other
audit companies of Kazakhstan.

The limitations of this study are based on the

limited regional coverage — one country that may
create overfitting in the future if the program will be
attempted to be broaden to other nations. The future
studies can be navigated to resolve the stated limita-
tion or to the reversely advancement of the model to
more specific parts of the organization — training to
assess the candidate from the precise department.
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AHOAamna. CoHfbl #(blA0apbl eHOIpicMiK npoyecmepdi eHzizy Hemece KbiaMem Kepcemy KesiHoe ylbIMFa mapmelnraH
b6apbiK pecypcmapObiH iwiHOe meHeoxepsep adam pecypcmapsiHa KebipeK KeHin 6eayode. CapanwblnapoblH MiKipiH-
we, adamu Kanumasra UHBECMUYUA caay KOMMAAHUAAAPFa Minmi 3aMaHayu mexHo/102UAAapFa KaparaHoa Kebipek
mabsic akenedi. COHObIKMaH, byeiHei 6acekeze Kabinemmi opmada oHmadlinbl muimoinik neH eHiMOiniKKe Ko Hemkizy
ywiH ylieimoap adam pecypcmapsiH 6acKkapyobiH muimoi adicmepiH Koa0aHysl Kepek. ¥libiMHbIH nepcoHan0bl backapy
sylieciHOe nepcoHandbl ipikmey Ke3ziHOe ylibiMOarsl 60C HYMbIC OPHbLIHA KabblA0aHFaH KAHOUOammebl 6aranay KesiH-
de cybvekmusmi macin opeiH anadsl. byn 3epmmeydiH makcamel 6acekesec asmoko0epOi eHaidy apKblabl Cy3y napa-
mempepiHiH ukemoinieiH apmmeolpy apKbiabl NepcoHan0s! ipikmey 60libIHWaG MeHeOHepOiH BipHAKMbI/bIFbIH H(OH
YWiH mepeH 0KbimyOblH 3aMaHAyu UHHOBAUUAMbIK ModenbloepiH nalidanaHy 60abim mabelnadel. [epcoHanObi backapy
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npouyeciHoe adamHbiH bipHaKMbibiFbl, aman alimkaHoa, #anoay meHeoxepepi e30epiHe yKcac maxcipubeci Hemece
KYHObIbIKMapbl 6ap ymimkepnepae 6alikaycoi30a apmelKWwblabiK bepeeHde, KacinopbiHOap 1 ui KezdecemiH Kalimana-
HamolH macese 60sbin maboelaadsl. 3epmmeydiH 2uriomesacel MeiHada: 100-0eH acmam KbiamemKepmeH 25 #(bla0biK
maxcipubeci 6ap bip KomnaHusaHbIH [MepcoHandel backapy modeniH 3epmmeli omblpsif, MaHCanmMeolK ecyoi, ylibimoa-
CMbIPYWbIAbIK epeKwenikmepoi #aHe bIKmuMasa mayekenoepodi Koca anraHoa, apmypi napamempnepoiH beliimoe-
AemiH macuimabmel KoaghguyueHmi apKblasl Kameicywsl ymimkepoi 0anipek 6aranayra 601a0bl. TepeH #aHe Kapcoi-
nac asmokodepnep 6aranaHObl #aHe aHraa baliec AHbIKMAMAsbIK KAACCUGHUKAMOPbIMEH CanbICMblpbindbl. [Jepekmep
an0biH ana eHoenzeH (masanay, bipikmipy, wydsl azalimy) #aHe mepeH 0Kbimyoda KOa0aHbl1ambiH HelpoHObIK Hceni
yWwiH oHmMalnaHObIpbinFaH. Apanacmelpy MampuyacsliHaH asbIHFAH KepcemKiuimep canbicmelpbli0bl HoHe Hamuxice-
nep bacekesnec asBmMoKooep HaKCbl Homuxce bepemiHiH ¥aHe mepeH OKbimy yszinepi yugpnasik 60axamobiK manoay-
0aH acein mycemiHiH Kepcemmi.

Kinm ce30ep: asmosHKoOep, mepeH HaHe Kapcblnac asmosHkoOdepaep, HR-meHedwmeHm, adamu ¢akmopaaposi
mapmy, adamHeliH 6elimdinizi, mepeH biniM, mepeH OKbimy KO3faamkKbiwbl, 60axamobl moodensoey, Kbi3memKep-
nepdinH aneyemin 6aranay, KPMG aydumopnsiK cpupmacel, KPMG Kapcelaacmelk #anoay an2o0pummi.
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daxce cospeMeHHble mexHonoz2uu. [Toamomy 014 docmuxiceHUs onmumansHoll aghgpekmusHocmu u npoussooumers-
Hocmu 8 ce200HAWHel 8bICOKOKOHKYPeHMHOoU cpede op2aHuU3ayuu 00aHHbI UCM016308aMb 3(hheKmusHble memoodsbl
ynpassaeHus Yenos8eyecKkuMu pecypcamu. B cucmeme ynpassneHus nepcoHAsnoM opeaHu3ayuu npu noobope nepcoHana
umeem mecmo cybvbeKmusHbIli M0OX00 NMpu oueHKe npemeHOeHma, NpuHAMo20 Ha 80KAHMHoe paboyee mecmo 8 op-
20HU3ayuU. Llenbro 0aHHO20 uccnedos8aHUsA A6/18emca UCNo6308aHUE CO8peMeHHbIX UHHOBAUUOHHbIX Modesneli 2nybo-
K020 0by4eHus 015 ycmpaHeHUs npeds3amocmu MeHeOdxcepa rno nodbopy nepcoHana 3a ciem rnosbiwieHus 2ubkocmu
napamempos ¢unbmpayuu rnymem sHedpeHuUs cocmsazamesnsHo20 asmokxodepa. [Tpeds3amocms YesnoseKa 8 npoyecce
yrnpassneHuUs nepcoHaAs0M, 8 YACMHOCMU, Ko20a MeHeOdxcepsl o Halimy HerlpeOHamMepeHHO omoarom npedrnoymeHue
KaHOudamam, umerowum cxoxcull orneim uau yeHHocmu, Asasemcsa nosmopsarowelica npobaemol, ¢ Komopol Yyacmo
cmaskusaromces npednpuamus. [unome3sa uccnedo8aHUsA 30K0YAEMCA 8 MOM, YMo, U3y4us Moodesb yrpasneHus nep-
COHA/10M 0OHOU KOMMAHUU C 25-1emHUM cmaxcem ¢ YucaeHHoCmsro compyodHuKos bosee 100 yenoseK, MOXHO bydem
60s1€€ MOYHO OUeHUMb YYaCMHUKA-coucKamesnsa yepes adanmupyemsoili MacuimabHoili KoaghguyueHm pasnudHsIx na-
pamMempos, 8 MOM Yucse KapbepHblli pocm, opeaHU3AaUUOHHbIE 0COOeHHOCMU U 803MOX(HbIE PUCKU. [nybokue u co-
cmsA3amesnbHbie a8Mokodepsl bbiaAU OUeHeHbl U COMocMasseHsl € 3MasaoHHbIM Kaaccugpukamopom HausHozo batlieca.
ZlaHHble bbiau npedsapumesnsHo 06pabomaHsl (04UCMKA, CAUAHUE, WYMONodasseHuUe), @ Mak#e onmumu3upo8aHsl
0114 HelipoHHOU cemu, ucnonsdyemol 8 enybokom obyyeHuU. Mempuku, noayyeHHsle u3 cMewaHHoU mampuysl, bbiau
cornocmasseHsl, U pesysasmamel MOKA3AAU, YMO cocmaAsamernbHbili asmokodep daem aydwue pesysemamel U Ymo
modenu 2nyboKoz2o 0byveHUs, KaK npasuso, Ayvwe C MoYKU 3peHus Uugposo20 npo2HOCMuUYecKo20 aHaAU3d.

Knroueevle cnoea: asmosHKoOep, 2nybuUHHbIE U COCMSA3amesibHble A8MO3HKOOEpbI, yrpasaeHue nepcoHasom, nodbop
yes108e4ecK020 hakmopa, npeds3asmocms 4Yenoseka, 27ybokoe obyvyeHue, MexaHu3m 2ayb0Ko20 0by4eHus, npo2Ho3-
Hoe moOenuposaHue, OUeHKa NomeHyuanaa nepcoHana, ayoumopckasa gupma KIMI, anzopumm cocmsazamenbHo20
Halima KPMG.
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