[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-04 ]

[ DOI: 10.61186/jsdp.20.3.73]

I odlaiwl b Hyldio Hls U”)") L,auuwu
M0 (295 (545 3L 5l pils 9l
(PA0IAT A )

T molygy i ol 50 drgazmo o
Q‘f‘ ‘:L,jl.u.c J‘L""”u“" )S)A )y‘bLu olLisls ‘uLC)Ua‘ 6)5L»3 9 )Jg.u.als LS"‘"“\"'efQ )

oduS>

Jozio 395 Wil (Sldg i (poldawd I b plojlu 132 cawl uals” (LS ) Cwons Iy ol gk SIS (0 et 31 (S
&l gl & QLS Ghiy (g ol ply realonslcanddy (AW bJls (b a5 0gdg0 (Fluyai 9 (IS olocas)!
G be) 3 ooliwl pguas o lyd wol )5 gl )3l 3 (Ko S so KoS LT (5,lue ST g Lai> g il gldg pi plusiiw] 1o (Sluud
51 solasiw! OMSLiw aos 1 b asLi pl pudidd g LS, o3y sldoslo (y0g10y3lg5%0l g ddiged oS Sl .cawl (gglesls calizo
IR 9 SRy SR culie oty Bl (gl (nl Bub cul QLI By S slr salesls s,
9 s9ledls cilize slagdy; 3l eoliswl b LS, (o5 (Swroben lp LS L pl cowlio mulisd (gl )21 &l of o 4 Laoslo
G b o a5 g (Bolai (5 T aiged o lobs; 3l dools (1og1cy3lgtel waz gl sl grez mbile (655 0k sty 55Kl
olal s (o9, 3l Lbodld dod yogrtusio adz il .o ooliiwl Wglito gbcaumi U Losls g3lwiyilgie olp Holai (g S digoed
Sz sl (sl LT Aty ol b asli pl ez Bbsy 5l odliiul b g ool (NMF) (hiol s yile & 55
9y gl owlound odlisw! iliske (sl 3l b o ylailiw! soosloas gammo 3 golisiun b9y 203! 6l b i o5l
L Cawlouds amslio SVC o DT AdaBoost (KNN wiile 0395 ¢yl 5o 7 ko sy wlw 1 ol gubi b i (g0l
4D 50 900 ool (yaed (3 4L 0 4T (B RH 4 Comd SR H (2l (SOl (951 4T WS s (yLiS suel sy
plul (g QLR (oS 5 gy 9 3l oolistwl b &5 gy (2! 50 sudipll (slo o) 2 G ol 5y (S B0 sl
3 Gl €035 515 gl o w5 a5 S i Slasi> g €5, ABLED ailzgy &5 aibplo dal ) o Sl Ty o

3110 (LSS o3y ¢ 1y,

QLS (o3 «o2ommd (6 750l ¢ Flwil gbio g oo (g9l500ls 1 guls () 5lg

Predicting Employee Turnover Using Tree-Based

Ensemble Learning Algorithms
Seyede mahboobe mazarei'*, Jafar pooramini?

'Computer Engineering and Information Technology, Payam Noor University, Asalouye
International Center, Iran
2Computer Engineering and Information Technology, Payam Noor University, Tehran, Iran

Abstract

Key employee's turnover is one of the most important concerns of Human Resource Managers (HRM);
Since the organization by losing its valuable staff, suffers from the loss of skills and experience gained
over the years, predicting employee turnover helps HRMs to hire and retain permanent employees. One
of the effective tools in this regard is the use of different data mining methods. Many researchers have
done research in this field. This study reviewes recently published articles based on machine learning
models, using Kaggle Human Resource (HR) databases [1-5] to compare them with this proposed
moadels. In the article [9], the authors have selected 11 of the most important features by collecting
common features from previous articles and filtering them using feature review and selection
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algorithms. After converting non-numerical variables to numerical and normalizing the data in the
range [0,1], those attrition prediction approach is based on machine, deep and ensemble learning models
and is experimented on a large-sized and a medium-sized simulated HR datasets, and then a real small-
sized dataset from a total of 450 responses. Those approach achieves higher Accuracy (0.96, 0.98 and
0.99 respectively) for the three datasets, when compared previous solutions. In 2021, authors examined
the relationship between features using Pearson correlation coefficient and selected 11 features with the
highest correlation coefficient. Then used from six different machine learning algorithms including
Random Forest (RF), Logistic Regression (LR), ..., to predict employee turnover. The highest accuracy
they obtained, was 0.85 for RF [3]. In the article[1], the authors used two IBM datasets and a database
containing HR information from a regional bank in the USA to predict employees turnover. After
cleaning and preprocessing the data, the performance of 10 different machine learning algorithms such
as Decision Tree (DT), RF, LR, Neural Network, ..., was evaluated using ROC criteria on 10 small,
medium, and large subsets of randomly selected, unassigned primary datasets. The average accuracy of
algorithms is 0.83 in small datasets, 0.81 in medium datasets and 0.86 in large datasets. The authors of
the paper [4] used three main experiments on IBM Watson simulated datasets to predict employees
turnover. The first experiment involved training the original class-imbalanced dataset with the following
machine learning models: support vector machine with several kernel functions, random forest and K-
nearest neighbour (KNN). The second experiment focused on using adaptive synthetic (ADASYN)
approach to overcome class imbalance, then retraining on the new dataset using the abovementioned
machine learning models. As a result, training an ADASYN-balanced dataset with KNN (K = 3)
achieved the highest performance, with 0.93 F1-score. This turnover prediction approach is based on
tree-based ensemble learning models and is experimented on a large-sized standard simulated HR
dataset (hr_data), including 15,000 samples with 10 features and a medium-sized (IBM) including 1470
samples with 34 features. The employees turnover rate in the IBM is 16.1% and in the hr_data is 23.8%,
so datasets are unbalanced. To balance the data, the random-under-sampling technique and its
combination of random-over-sampling with a ratio of 0.5965 for the IBM and 0.6558 for the hr_data has
been used. In the preprocessing stage, Features with zero variance and samples containing the missing
value were also removed. Then, categorical (non-numeric) values were converted to binary fields and
then All features were scaled using data normalization in [0,1]. In order to reduce the feature
dimensions in the IBM dataset, we used the ""Non-negative Matrix Factorization™ (NMF) technique
(n_components=17, max_iter=500) and For initialization, non-negative singular value analysis method
with zeros filled with X value has been used. After reviewing and cleaning the data, in the processing
stage, six different classification algorithms, including KNN (k=1), RF (number of trees= 1500), DT,
ExtraTreesClassifier (number of trees= 1000) and Support Vector Classifier were training on 70% of
data. The optimal value of the hyperparameters for the algorithms, was set using RandomizedSearchCV
and GridSearchCV techniques. In order to investigate the effect of balancing and Dimensionality
Reduction on the performance of models, experiments were performed in 3 stages (befor balancing,
after balancing befor Dimensionality Reduction, after balancing and Dimensionality Reduction) on 30%
of the remaining data. The results shown in Table (2-4) indicate that this proposed model, which uses
tree-based optimized ensemble learning algorithms with data balancing and NMF dimensionality
reduction method, increases the flscore of turnover prediction. In the hr_data dataset, the best flscore
for the RandomForest algorithm was 99.52% and for the IBM HR dataset, the best flscore for the
ExtraTreesClassifier algorithm was 95.82%, which is higher than previous research. Table 5 compares
the results of previous research with this research. Since, the prediction of employee attrition will not be
enough without finding the characteristics that affect it, therefore, after building models and evaluating
their performance, using a combined feature selection method by averaging the results of the single-
variable feature selection method called *"SelectKBest", and A wrapper feature selection method called
""Recursive feature elimination” (RFE) with four learning algorithms RF, DT, ExtraTreesClassifier and
AdaBoost, the most effective features were selected. SelectkKBest combines the chi2 univariate statistical
test with the selection of K features based on the statistical result between the features and the target
variable. Also, in the RFE method, machine learning algorithms are used to remove the least important
features after recursive training, so that finally the number of features reaches the set number (17
features in this article). The performance results of the models based on the selected features are shown
in Table 6. The most effective characteristics are '"age", '"daily rate", "over time",
"NumCompaniesWorked" and, "'monthly income" .
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(Table- 3): Performance of Algorithms in IBM Dataset
Before Dimension Reduction and After Balancing
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(Table- 6): Algorithm performance in IBM dataset after
feature engineering

9Nl 25l Hlxe flscore eds
AdaBoost 78.38 78.23
KNN 88.07 86.85
DecisionTree 86.52 84.81
SVvC 81.56 80.73
Vsl s 93.74 93.42
EetraTreesClassifier
¥ ol 555! 92,57 92.06
RandomForest

S 325 s -7
pole eis 9 DMl (553 (1938039, (i sz 5ils
S99 Laplejle plnae lp Cuo B (0l i6)5 slodare
I, 00 Sluil mlie sbooslooll wlgny as o)l
G9lSoals alize (sl ig, oolaxwl b g eols i yuuS
397 Sl mlos 5l 588 Sbsimgin 5 LS
SloSasy ol pmd ihgy cal > nibassls
e ssbiay 35 ools S eolitul Aiaj 5 craiay
Slaiagy dg pad b ab o SIS Gy
5 Oslite Gl ibnin b oo Glagsll asis
Silail ax 81 ogl &)l 55 polie L ol asls
50 (bdiges dlass g b Shg olawi Hlai 5l) colsacgesns
Lo ol 5o sl ] o Skae 5 Lz 50 55 s
Jeslital a5 WS e onl e opl mls
Rt Sl ohga (e slagt Nl
Ble ool ganail gly auS (e Sy
Blie b s (LSS B, e 5 S
212 IBM 8olsacgozme ;0 by ;63 om0 Slos
s g [F] LS Gl imgh 4 Cans (AT L
S8 (oo, VO ial8l ¢ immon @410 59>g 4 (g0
L »lp) hr_data solsacgese jo Lo, 68 cio i
aS 8,5 amS Glg oo [Y] Lidgh 4 cad (A9/0Y
30 oOleel glrosls o esls (gilwysleie (s
oalaiwl b ¢pgd el 5ol b ciu i gl Sguge
St @l @ Ol e icmlio olal a5 o)
slaw»  jasld bl digy bl imes LCdbcww
5 Gola S o laph Sl s €l

Solsacgazme 0 ¢ (YY/IOX L ,l,) DecisionTree
5 QAYA L plp) Bolar K> slaps sl hr_data
A Cad (6 5 o, Slee (AO/AY Ll ) DecisionTree
ool daosls g y3lel avazgsl a5 lo gl e
S8 a5 o ,Shee 3l sl Flscore Lo |
Sl S8 e 1 Sewsle daools g5l jlse
S —es woboe osalin (V) Jouo ;o o5 )sbolen
il o Shae 5l 5omb sl FlsCOTE jlre b lapy oSl
psdl o Slas (Jlo jobay il C8s L b
b bog AB/Y L ply ods JLee L Adaboost
Sg g0 oddlive Zgogdy .ol T4V L pl, flscore
b 2 Gmoin Sk (lapslse sl &S
colazil il g b b a dlap,sSl
30 lamloads odls las (F) Jgaz y0 a5 sbles
o3l 4 bogs o o Slae oy yigs r_data soloac gases
ExtraTrees o ,o5l 5 (AA/0Y L plp) Solay S
3, Slae i ABM bsoloacgame ;o 5 (AANVA L il )
o g (AOIAY L ol ) ExtraTrees oo ,63 4 bgy e
ol ol QFBY L ) ol JSim amysSI o
osliiul a5 eezd (6,50l slaeny oSl Gus b ass
2l & G $le il S5 5 hend (55,500
a5 0gud g0 oddline .l 5l (JolS jeboay el yigo
ileas hr_data toloacsese ;o lagi ol o Slae
ool a8 cl IBM boloacgomme 4o Ll o, Sles 31 e
buiye boslbasgere ol b lgige 5 1) amms
0,95 3 )0 (52028 (5 pSol slaphy oSl aST iz il
3G oles BT p b3l L plecslsacgess b
1) 5 (M Gl awmlic b wwse plis o5
slal Gials by, 5l eslaiul a5 8,5 azs ol oo
Sl Sy Sals el dBM colsacgoxs ;o NMF
elons lagzy 55N o Slas Ligl33l
b otiins B3| catle 550k 651 ol
Shsyle ol Gogel Gl eoliiuwlsge sols sl S5
il Ly sl ML (g5l (6l anpnl s 8ol sla S
B TN SN VN FER YR { LK | R KPS
655N 280 il el sudoslinal B3ls sla S5 5
@l aargl b Gl Wl e oeile 650k
OB Gy 2 Fie el (nimee (0) Uy
Ol ailale ael ¥ Kep? ygman dolge lojlu
3O o wieylS a5 SleS Ll slaey g lSadlsl

OY ola ¥ o)kl VFeY JLe


http://dx.doi.org/10.61186/jsdp.20.3.73
http://jsdp.rcisp.ac.ir/article-1-1315-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-04 ]

[ DOI: 10.61186/jsdp.20.3.73]

(PA0I05 33 S a0 (5895 6 5 b s e 9Tl I o 3Lkl by YISkl b33 (Ha i

[8] A. M. Esmaieeli Sikaroudi, R. Ghousi, and
A. Sikaroudi, "A data mining approach to employee
turnover prediction (case study: Arak automotive
parts manufacturing”, Journal of industrial and
systems engineering, vol. 8, no. 4, pp. 106-121,
2015.

Jae b L S & wsalicdgs Sb s o (4]
Oy bl a5y e By ot
JIEEE Xplore & ouac 0uisS S 5 s9Sools

Y-y

[9] S. H. Dolatabadi and F. Keynia,
"Designing of customer and employee churn
prediction model based on data mining method and
neural predictor,” in 2017 2nd International
Conference on Computer and Communication
Systems (ICCCS), 2017: IEEE, pp. 74-77.

e o s S e sslie i oo V0]
Lobole S bl p S5 Jalge? (s b obld
Sy g emas AD pie slapi ol 5l ool

YA (cws Caio jo Sl mlie g o Kadoaais

[10] S. Khaziri Afravi, M. Sardari Zarchi, S. M.
M. Fatemi Bushehri, "Factors affecting the
tendency to leave the organization using algorithms
based on multi-objective neural network and
genetics”, Human Resource Management in the Oil
Industry, 1397.

[11] X. Cai et al.,, "DBGE: employee turnover
prediction based on dynamic bipartite graph
embedding," IEEE Access, vol. 8, pp. 10390-
10402, 2020.

[12] P. K. Jain, M. Jain, and R. Pamula,
"Explaining and predicting employees’
attrition: a machine learning approach,” SN
Applied Sciences, vol. 2, pp.Y Y+ YY),

[13] M. Lazzari, J. M. Alvarez, and S. Ruggieri,
"Predicting and explaining employee turnover
intention,” International Journal of Data
Science and Analytics, vol. 14, no. 3, pp. 279-
292, 2022.

[14] X. Gao, J. Wen, and C. Zhang, "An improved
random forest algorithm for predicting
employee turnover," Mathematical Problems
in Engineering, vol. 2019, 2019.

[15] M. Teng, H. Zhu, C. Liu, and H. Xiong,
"Exploiting network fusion for organizational
turnover prediction,” ACM Transactions on
Management Information Systems (TMIS),
vol. 12, no. 2, pp. 1-18, 2021.

[16] N. Jain, A. Tomar, and P. K. Jana, "A novel
scheme for employee churn problem using
multi-attribute decision making approach and
machine learning,” Journal of Intelligent
Information Systems, vol. 56, pp. 279-302,
2021.

OY 2bs ¥ oo,lei VFY JLw

Lol S50 sl 8o Lzals L ol;8l , [ExtraTrees
(oo ol 0 QB Gy » Fhe sl Sy Sl
21y 556 sty Jlo o &5 285 axss Gl o0
STy cald aargl wludls (LS n,
slepbsle (LS5 sle S5y L IBM boloacgezs

DRy ot Sl sk ol @l Sl ol e ol
2 Sh sl Shy Jdov g (A3 slaplesle (LS,

L asle oo bplesle lpan oplply 0,5 colaiul 4l
5o G 4 s Salsl 5 Lo (Bsi> il
oboile » OB oy 5l (5L slean e Jeeod
ooz o Geghn onl @l aaegl wuS Ry
dlie (L3 slojiaghy @i b (aegh ool mbs «V)

Cawloads

7-References &l -Y

[1] Y. Zhao, M. K. Hryniewicki, F. Cheng, B. Fu,
and X. Zhu, "Employee turnover prediction
with machine learning: A reliable approach,”
in Proceedings of SAIl intelligent systems
conference, 2018: Springer, pp. 737-758.

[2] N.B. Yahia, J. Hlel, and R. Colomo-Palacios,
"From big data to deep data to support people
analytics for employee attrition prediction,"”
IEEE Access, vol. 9, pp. 60447-60458, 2021.

[3] M. Pratt, M. Boudhane, and S. Cakula,
"Employee  Attrition  Estimation  Using
Random Forest Algorithm," Baltic Journal of
Modern Computing, vol. 9, no. 1, pp. 49-66,
2021.

[4] S. S. Alduayj and K. Rajpoot, "Predicting
employee attrition using machine learning," in
2018 international conference on innovations
in information technology (iit), 2018: IEEE,
pp. JAAAY

[5] A. Huda and N. Ardi, "Predictive Analytic on
Human Resource Department Data Based on
Uncertain Numeric Features Classification,"
Int. J. Interact. Mob. Technol., vol. 15, no. 8,
pp. 172-181, 2021.

[6] M. Al Akasheh, E. F. Malik, O. Hujran, and
N. Zaki, "A Decade of Research on Data
Mining Techniques for Predicting Employee
Turnover: A Systematic Literature Review,"
Available at SSRN 4401862.

[7]1 P. Ajit, "Prediction of employee turnover in
organizations  using  machine learning
algorithms," algorithms, vol. 4, no. 5, p. C5,
2016.

‘SL-CLQJ-A" é “5...:9_9 3) ‘Lgéj)liﬁ.w ‘SL-:LQ.AM‘ e | [A]

ot Gl gslSeols 5,555, SO (605, 5m

Sladad  adgd 160,50 adlas LSS Gy
Y0 Dmiia 5 ol dlae (ST 69,095


http://dx.doi.org/10.61186/jsdp.20.3.73
http://jsdp.rcisp.ac.ir/article-1-1315-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-04 ]

[ DOI: 10.61186/jsdp.20.3.73]

(ol Agme edw
o 1y 0gr cwlis I8 ALl il
Wbly o o5 Lol as,
30 S el e oBiils
Cawlos S cdl 0 YWAY L

e ALdy jo |y g5 al)]
Buils o gbjle glame ulF aledbl (5,53
AV F Jlo o aghee ol 3550 e Hgieks
ot ol abobl ggdge cwloasle, oL
Cawlodgs (gglSools 5l eolarnl b losl LSS o35,
Ermas e diey o Ll ADles g Dlegsse
5l el & le il &LLI, glas
s.m.mazarei60@gmail.com

LUGls il e
0y s S g lisls
SRl s (gwigee & 50 1) 095
lears s VYA glals 5
Al )3 S5 ghaile o 1) 095
o oldbl gyld cwaige
5 Wby okl 4 YAV L
Sl w8 bl el dKadls jLolisl  eiSTen

6;»5&[; ‘nglfoob :\.»..\.o) suLuu)‘ :\3)'{90)9.0 A.’LC}.&}A

5l el @ le lasl debLl, glas
J_pouramini@pnu.ac.ir

OY ola ¥ o)kl VFeY JLe


mailto:s.m.mazarei60@gmail.com
mailto:J_pouramini@pnu.ac.ir
http://dx.doi.org/10.61186/jsdp.20.3.73
http://jsdp.rcisp.ac.ir/article-1-1315-en.html
http://www.tcpdf.org

