ooyl s danls
SJL}}” ;Lé.s

a.'n').«i..n.” "J'}U WL p—wﬁ

Sxdl Gl gis

el Ay e e Bl ol gl olhgs Aellaio by 3l £lila ol 163 7 3gai yuglas

Sléadll Loy oby radlall slus)
Y
deezddl de ol s
sy jald
tgwlydl alad

2026-2025




Gl Geally

rlly alal) a8 L g ¢ Jyla slial A sl 85 Lagiliaals o3lal) Laagles (S (il
caa Y aaadiy acd e oles Lo S0 Blie s 1 aalgiall agall 138 saal Lagal) . jreall dia ddjeal) o

R a5 A

Dheied bl i€ il Al 45LalSy Lealgiall dac 35 syms cpalall dlal 038 b (531 IS (530
el 138 2L ia Slgaaall slay

sla¥l L

Jaadl 138 56 o sl ¢ SladY) 1ae gy olgia¥) Alalgad S8V adlally ¢ gy olews jaeae 5S oull
2l ok Jhally el of e agl Vi

oS Gaenll iy e e Lued conlsiall 2gal 138 8 son pan o)




Abstract : jaliiwall
Keywords:

D ettt ettt ettt ettt ettt ettt ettt e te et et et e e et eeens gasaill sy cishs

Aha) lips 1.5
duhyall sl .6

Lyl g 1.7

L) Al clu)al 2.2

(Zhao et al,2019) 4wy

(Kaur& Malhotra, 2020) 4u))

(IBM HR Analytic Dataset -Multiple studies) ;2
@hil LyR.3

(Human Capital Theory) &) J o dplas :iﬁj

(Organization Commitment Theory) (edaiill o) )k Lol

(Job Satisfaction Model) jlasll Lia )l # 350 : 5

51 (» 3 Aasall




(Organizational Behavior Theory) duakaill gl 4kl el
(Predictive Modeling) V) adaill & &gusll 3kl :lald
Liad) goailly dalud) ciluyall e el 2.4
ALl il 8 sgal) Jalis <Yyl
Al bl b geatl) <Ll
Adad) seadll s EIG
Boadll 2 Luaal 1lail)
L8 ettt ettt ettt st ae e ne et enes ASsllly dnaadanill il 335 bl s

Sl Jaadl)

Lyl 3508l Ll
Aol agaal) TG
el 3saal) Ly

Glinayll duvia jeliia (ge allaill araai 3.5

Ul Qs 4.2

llall aagl) Jabatl) Y4l

iyl G AR Jadas 1L
=il S 3 ke <l
Gyl daally Jadl) il sl
Lpdd) lsal 5)18Y dilee Yo e,

Al byl 4 lie tluala




duhall Jglas
10 RO Crabs gall 480 5e ganall [ailiadll (385 Al Al de a5 501 Jsoa
Ly a5 Al all 8 Aaddisall 41 e gl ) jiciall 12 Jsaa
3 TR Ol sall O ) 53 (8 B isall dpaplaiill 5 dpidn )l jaiall 13 Jsaa
5l 23 g el (8 Aeadusall O ppadall g Al all ULy Ca g 14 Jsaa
Y alail) 23 el LAY 5 il Gl dlae) 15 Jsas
33 e Ouila sal) Ol s 5l A arditidl) celiaial) olSA) 23 gai elof il 16 Jsaa
Y aleil) ey ) A glal 43 JlEe 17 Jsaa
Al Al b dersiia) ilall ool apdi Gulie 18 s
Lahall aaladd) Uy ] J<s
B e cCpibagal) (hga (A Bsall Chpaiall (A 7 35ai 2 <0
B4 e e LY alaall 3ga el Ui clilad) dallae lghas 130<%

3 e e Al b aadid) e lihaaY) oIS £ 300 (S 14K

3 et Oilagdl Syl 545 235 eliy (adye 1SS
B ittt e a e e e e e e e DAY 5 il de gana (S il gall il a0 35516 JSA

3B it e Al deasiad) V) alaall il yled elal A lae 7S5

3B e s ol gz asall alasialy il gal hysn il il 18K

Architecture of the employee Attrition Prediction System :9JS
5 st 4.3

.1

2

Lyl Hlsall By
Gbasll Liajlly dasll 43 (s
basl slaall gl

sl Jasll Sl gl ot

z\,ﬂgﬁm C'_vL.ubJ c«b:l




L genll bl Y]

Auilasl) alsal) s
Loaaaiil) Jalgall (Tl

Jasll ol 45 2l

Proposed Title for Publication

Abstract




dosadl and
(sl gall 4818 ganl) ailiadl) 3By Al e aaigiil Jgan
gy duapal) & dasiiocal) dad)d gasal) ipiial) 12 Jg2a
LCpigall Gl B sl Apandiiilly dpdaligl cpaial) 1392
) il sy (B Lediial) clpial) Al cliby chiay 4 Jsa
LY alail) z dgall LAYy qupull cliby das) 1590
LCpiligall Glod Bl A asdieall o Ukual) oISY) g agai oldf il :6 Jgas
LCiligall Ghob Bl b asdiocall Y abail) o led o ADla 17 g2

Al b dasiiuall lail) olaf andi (uslia 18 Jgan




ISl aud

LCpilagall (lgd B Bigall Cpiiall o ABal) g agal 12085

LAY bl zgai oliy g Uil dallea cighd 1304

LAyl o pddiual) o lkaY) (M) Zagal IS :4J<E

SOnkligall (oAl 3uill agad sy Jabye 15 <&

JLEAYy cuatl ASgana B Cppilipall il auisl 16 JSE

Auhl) B dasdioall Y abail) il lsd oldf Ailaa :70S

Al g gall) aladialy cuiligall (s il gl 18 S

Architecture of the employee Attrition Prediction System :9J<&




Abstract :aliiwall

S bl o ey (555 73 ol (Cpabisall s (8 Bi5al dalgadl didas ) duahall o328 ags
alatl) o3V oAbl BT e aally cuilagall e patis - Janll pilagall @ dllaialy gl elilaiaY)
L bl L

5igall daclanilly il gl Jalgally (puidagall (ailiads dalaiall Cilblul) (e de gana dalas o duhall ciagic)
Obsd Adlaia) mass e ol (g5 zdgad olid (V) alaill ilaa) lod (e 230 pladial 2y Laplagl) agihl @ b
Adnda) z 3l ldf lasly Leblaty culilul) dalles IS (g Glldg iy (pali gal)

danl g ¢ gl L) i ag cpilisall (s (3 8isall Jalsall (ro e sana 253 Aupll eilis gl
L dlaa Guilagall Ghys 5l o Bl gpens (8 Jlad S8 . adagll skaill ajds cdaall (sgias
Dlgall B} & Ll wBllaty e llaaY) (ISA calugl cilalaiall (A5 8)g pumy Ahall aagiy  daalal)
Jala gl il e ¢cuilasall (g Y na (a Sl A AT Dlae pod b g Lasg syl
Ol ol

Keywords:
Employee Turnover
Artificial Intelligence
HR Analytics
Machine Learning
Predictive Modeling

Data Collection
Data Cleaning
Feature Engineering
Model Training
Model Evaluation
Prediction

bl ilea lise

Aapdall plsall By Jee ) L3




51 (= 10 Asdall




deaiall 1.1
bl e s s ya¥) caallal) ducdlinlly o glSall plail) daiis de jlaia ilsaS Bpualaall Jaal) il 3¢5
ol b alainall calls gailly Cpidagall ol agh o laselid dasiia dabiat sl g ) dnpal) 3))sal
Cbiglly Glafind) (S Jadi 53l g Bpdbie yilud Cuilagall Ghss S aee gl e Gy 3 LAkl

AaaliYly ginal) oyl o bl Ll ) dlial el dpadanill A8 ymall (g (sl

apadal) L) (e JUE) AslSe) @)y edadoal) ULal) sty e lilaa) oISHI il (8 jul) a3 aas
Ll (adanaly diolll bl Jidat e adiad Edlialy L5 callud ) £l 3)lsa) 5))3) L dubeasl)
A e e 486, clehal) Manly Jeall Sl diaje SSY) cpalasall (oo Adlasl 5l aag AS5M)

e

Adlaab gl ) el il e i e lilacaY) oS z3la sk 1 Audyall o3 jand i3 (3 ULy
Dlgall Y Lnihia) bl aed b agon Loy s Joe Ay o Lk Auhy PIA e ecpilagal) (g
L sl JLBLYT et Ayl

Al A<ia] .2

DSl il duydal) 3lsall il didat & el cISH) & 3laill aladial dasiaae (b Al A<ae Jian
by gyl VLY Jane Jie Halie Lads chdge Lo Glawiall alies adiad Eum,cpilagall ofyen
lgie 5l o V) eclosnsgall Jabs dupial) Slsal) iy (re 808 S il e a2l e adagll Lia)l
Jare Jia Halie ol hisal) o Sliogall plane 2aiat Cus 3350n0 Jbe Cpibagall Ohgn 5l S
Slebal 3a3l e dnadl Hlsall @l 58 Jlay 3 Y, gt gl Lol cililatiad 3l ) (ggiall YY)
e LS Jall s 8 Caliagall a5 o Saall RS ) L) oda il L Cpiasall Ohgd (10 21l A8l
Aaadailly dudadagllg Bunal Jalgal) G Shaall Je i) Hlae¥) e & 33BY

Gl 35l 31 520e50 Lpdl) Slgall iy st e 5 S5 2 dgai e b Al A1k (uamy
- hlasl) el N dxa mg ) Dlsall 5)0) S ey Las cigisng By sl s Adlainly

Lyl draall.3

Ty (e cCalsa Bae (e Ayl s2a dyeal g

Msall Bl (b elihall oK) clanbiy Al dadell Slod¥) el 3 alea) dalal) Laa] e
gl dailly peatil) olall dhill Calgall dasyy cdayil

Guilasall e Sl Gyl e aeld Lgan z 3l aladiad (e lisial) €0 1 Adubil) Laal) e
ialic 286, ClelyaY) Ay Jeall S5 i el




bl e Al Julat gl a1 DA (e Ayl 3lsall il 3 1Al (5330 aed 1A )Y dsaal) e
doadal) clpal e slael) e (Y

Lyl Calaal 1.4

sl Calaa ) (e ) Caad) 13 e

Ayad) lsall e by alasials cpilaga) oss Adlanly gl ellaal) ¢S z3sal ok .1
Osilasall (g A Bisal) dualaiilly uiidaglly dudle gall Jalgall aal a3 .2

Osbagall Ghen 5l 3 ) el Clad A (re degana ol Aae 3

Ayl sl By B aea A Llee Lgia alinn) (S il a4

(Employee Turnover) ¢uilasdl (hss @
Fiey 5% DA (olas) S Aabiial oy Caligal) oU8 Jlaial ) dabal) o3 8 Guilisall 0hsd asede sl
caelatiy adalagg A Jalge Bamy iy el Sloles gag (diiea

(HR Analytic) il 3))sall cllas @
il 3lsall B3] 3 LA 383 acal Adlasy) z3lailly culilal) st b olasiu)

(Machine Learning) ¥ olaill @
el Calesly bl bty Zadaidl) st A A gualall L) (0 A gane dbcnsy V) el Clspas Sy
Al (S A yen ey ) dalal) 050 Blitieadl) Gaa¥) S CLSLIL 5l Lo 5008 7 3l Cangs gt dulS)
duall oslsl .6
sl cslaall e Y Gl Jglan

£ opilasall (g0 dllaials gail) o e lihaal) oS 23l 538 o Lo .1

Ayad) lsall by Gy cpilasal) Gy LB 8 Dl Y Jalgad) Lo 22

SaaE ) V) alaill e s oo 5l B> 3 (36 2asi Ja .3

il gally Bliin¥) Cilasjlan Gpuend b (g5l 739l il Cilags (Sar S .4

S gl e ndl 3l
Ohysa dddlaal, (d.ad\ 4y cgé:\bjl\ l.m)l\) Labaul) Jalgall o ddlas) AV il dDle Slla .1




Ohss Bdlin) b (gpine (<o (Laadl Slsins ¢ ALY Jasl) c(yell Jaall) Dogagl) Jalsell 5 .
. s gl

el V1 ol oo lsa oo el 882 8 Aglian] AND ) (g5h 2a
Gl dlacy daiiall dualal) 4,0100].8
Crilagall ) Sl ) (pdall Sl Gl Ayl il cdlalSaal) dplaill HY1 (e deganall o indl 138 diny
a fly Aalaially Cilapall (o ABAl) it ) el QN Ayl clgde Jaliad) Cong Anih i) Ysual agins
GLESY Al ) didas e s 3 V) aleall e 2 A gl g M) ) adleal cJaad) 55 4 b
BBy Aliie Ciladg eling Lol

Lyl S 1.9

ety Jgend danjl (g Auhll 038 (oS

Ahall alad) Ul sV Ll
Ll Uy ls bl byl s B Qe
iyl daagie s AN Laadl)

cibaagilly il Julas zall Lol




SN Jazdll

Al il Ll




dade 2.1

cHall ) dle iy (G easall YT i 3 e iy (Y Bnlel) SIS e Aplud) Gluhl s
G ALaYL i) 3lsall cllaty bl aladiul cpilagall g duhy Jlae G 3l sl g
L plally oLl (SN i ks

e U Afiml) Sondll wanty Lo el cnyally duia) ABlud) bl aal (mpe S deadl) 120 g
ghatias Ailad)l Cluhdll 8 Lessiedl Slagidly b)) deadl) 138 sy LS L load Zubal oda Lgie

o) fia Ll Cagals Al 2gl IS (Lgailig

LY bl clulall 2.2

(Zhao et al,2019) 4u))
P bl eyl aladials cpplagall (el (550 zlgal skl ridagl) e
Slgics bl ¢ andl Jin dadadagy Lt gany St o (gind dpdill Dlsall dale lily sclibl) o
sl L) (gsiane <l
.Random Forest s JLall 8ya ¢ sl jlaai¥) alasinl 5 :daagial

-l z il 4)lae Lganll 383 iRandom Forest & lsa i ofs :quilidl

AyaY) ol Haa 3 Leall Al (e Cullh 30l Cilayia et dgran 1S
(Kaur& Malhotra, 2020) 4.
Osidagall Ghyen satill e lilaial) Auveanll Gl aladial tiiagd e
innn c83Ll) Jaai cJanll A dnadanll Jalsall o Sl e calall dpdll 3lpall iy sl o
(L
ndtiye D055 483 Apanl) GIKA] Cifiag Al sanl) Jalsall (e hilh ST Luadanill Jalsall sgustail
deall 2Y 43308 (he dns Laa cialy S el il e 20 ulas gy Al 2R3
(IBM HR Analytic Dataset -Multiple studies) 4
ALIBM iy alasials cuilisall (hsn 5ull ey s e lasl tiigll e
AR Sl Al alaes i€y chiiall Joall Ciliyy JE6 8 dolall clilall dllad ol il o
Adee loaags i 5| IV Gl @ dayy (150 gl ) e clidall aine i) 1 @

ccntbasdl) sy bl aui e aelis Al Gand )l Lleall Glphill (e degane Glo dabdl Giluhall adas
tob LS cilphill oda el il (Ka gl 23kl el Gl by

51 (15 daiall




(Human Capital Theory) gyéal) Jle aly a2 3]
Lad cl) ccalagall Bylgay Bpa ) LSy ccilionsgall uniiliin) Youal il 2lsall i tasgiall @
L@yl Jd) Lyl
il (all gt ¢ peadl G ADL) el Akl sda cueadial dplal Glubal 8 Galkal
bl Calagal) o5 Al e il ¢ padderl)
Seall il Janog cdusesall Agiaa S5 i Aladl 5USH (553 cpotlagall (s () cliayall yedan : Y
Sl By pia Ohysally
(Organization Commitment Theory)  cedasill o5 43k s
Gsinally abalall SN (gine o ) Yy Cum chaliially Cilhgal) oy Al ALY ) o agghall @
cJaall Cals gall 8y0lae ddlaial (e
Lo s ¢ padasll Liajlly ¢ ool i) (s e clahall @S, sAiilad) cluhll (A (gl
ccial) i) )iy Aaeanl) IS £ ilat & Lald cgpuilasall sy
oy e g cAaliiall 8 il (ghay Jladl AN (93 uilagal) o cluhall cyelal 2 Y
cabasall Ghsy sl
(Job Satisfaction Model) salasll Liajll 73505 Bl
Lt Do Calagall Liay yiay Jaal) @il &lly adagll Liajll (s5ine o 30l 138 Jasys tasgdall @
~obsally sall
Aaaaglly e gal) bl e aaas ) claball Glel 8 aasna) :ARlad) cluhall 3 (gl
(Kaur& Malhotra, 2020) &) Jic
gl & gl o paal) ?ﬂ e g cheall AdlaaY) Bl dadipe audagl) Lyl (aleas) el
NI
(Organizational Behavior Theory) dsadanll LSslull 4, lal) L),
AEE) (3l 80 AR iy Jead) Ay 3 daclaadly Lyl LSO st e S5 tasgdall e
ccabsgall olee o duadagll dllaally cdaaidal)
Jasis Jaal) By e Daadanl) Jalsall il ol Aol sds Crandiod dilad) cilahpall A (il
adnid) 5ol Cilagall a3l e salal
Lald cpilied) (s e chasd) gl an] Jid daadanil) Jalsall sda o culahall cuyelal < R
gl z 3l 8 Laalaslly Adhe sannll bl a Lgaes die

(Predictive Modeling) N1 adsall 8 L5 z 3l slsald
cosilasall ()ysd e Adicaal) EilaaY L gaiilly Jalast) Calingy Ll il Jalas ) avid aggdal) .1




Random ie b lsa Ao Zaall Luwial) ciluhall aaes ciadiel :dild) clupall (B guladl) .2
.Gradient Boosting (daazll Gl ‘g:u,ajﬂ\ Jlas¥) «Forest
) ety ) 2l LS cCalagall (90 Adlaia) Joa ARy I3 aaa (ge 3Ll 028 K3 i) L3

Lind) sgadlly Aaludl il e (e 2.4

V) cpidagal) (s0 8 agd & S I8 Cuagad 8 Lyl ol Bl lelse ALl Clubyll of e a2 e
sl 23g) samll Jilatll (pe Lgalitid Ko illaadla sae Gllia

) Sl 3 ssal) Salis 1Yl
@il (Random Forest die cibajslea dullad duia) byl cojelal 1 1Y) alatl) il g .1
Adle A8y (bl ghen sl (8 el jlaas¥) (dpuasd)
apda gl (Adhe ganll sl HiE Qs e cluhall Gae @) ralpsial) Gn Al muag (2
cdaadl day A Adalall LSl agh o el Lo cJandl @il Calagall 4 e daeanlly
@l e bl 43)lie ~ U Lae IBM HR Analytics Dataset (e :dale duadly cilbibad) aladiaf .
) ddlaas sabyg dalide oo

Al byl b sl <Ll
hee nadt wdii (590 ol bl A8y fpead de @3S @luhall alaes 1gpadil) cilal) Ciea L1
oY) bl Masl 8 o Sl oda il ladiad 44
il Jla) & Ly dilany) clagilly Glu))lall juS alaal ol &5 A8 Gilad) Ao SuCal .
aleal) 52Y) 3 Ll A0S (10 Ry Lo g (AaSslially dpeadamll clylaill
e i) Aglany) Gl e Wle aiats b AL Lupall cilaball tduell cluall dgiaa .3

LY alally e lilaY) oS Banl) cilinladl) Gl

prand o 5ol (e oy Lo cAines cilelad §f clS)d cingind cilu)all alies 18aiaa Ay Ao <) .
i Jee Sl e il

Lial) 5eadl) s GG

cbsall sy (G 8isall Jalgall (ganadil) Jalailly dugoiil) A8 (o mang 1 JalSie gl e

Jalsal) s Lmsand edpad) 3)sall Aalad) illall alasials 1 ooyel) Gland) (8 Agadatl) Sladyal) i
caaly zigal (b dpaadatilly dadalaglly A8 ganal)

Jots i emnd gl 38y o Aol yeaihs ¥ s clilee galatind 50 oSy sl ) dalal)
cgtbl) Ghsall e 2adl Gadaill alll Slua s

51 (3 17 dadall




ssadll 2o duaal :lad)

T Ayl sl S Cagu
) ylsall dale iy Gle 5 (gisas (30 (G35 pisas sl @

ASsblly duadanl) byl 3y il s
i b allly leall Cindl dad e Las ciiie Cilicsga b Gukill ALG Sllee Cilaagi i @
R







adie 3.1
Allals pll el o) #iga ok b duhal) lgle cadiel ) dlaal) mocass ) deadl) 138 Cangy
Sy - La3gang (Al aaine cBadinall Gandl (Bl cprdiual) mgiall £o5 Gy DA (e iy cuilagall Gyga
G e Las (3835 aliie (S8 Al 35 LS mamgy @ DY) SUY) 43S (8 Jaadll 138 Laa
Aaalsl) Jaall iy (8 Gaalaill AL ABgige @il ) Jgaaslly Lgdlaal

£SA) il aladiuly Lebias cllly Aoyl 3))gall daled) bl HLasY dlaad) Ga) deadl) 138 masy WS
giaiiag Ldiadl ACaA danida G5 Lay ¢ o likia)

Gl 3yhag dangiall 3.2

Gand) Aaglal Lagiadlal @lldg ¢ capntl) Audatl il Lose e latll jbagll mgial) o dufll sda cuasicl
s cosbagal) hyes el agdy il Hlgal) ilily pailad ddatl dcagl) mgidl aladiu) & Cus Lailaly
Ay cpilagall Ghss Adlaialy gaill o o8 celihal o183 zigal jlidly skl Aulill meiall Cidagi &5 G
Adle

cAalall duyill 3)gal) Uil 2elgd (he dayatiaal) Apadyl) UL Jidat A (e cdaell) Ganl) Byl aladiad 25 N
Ll (adanny V) alell il o (e 230 Gadad o3 LS L Aandaiig dand g9 £ and il i (panals Al

ol uaially dlgieal) il patall G LAl e adiny (5505 z3gad sling ccnlilull 8 4uasl)
tob Lo Gandll Clghas ciladg

Aigise palas (e Andall 3lsall dalal) SULl) gaes
cdalaill Lgindag Wiags e ST Lgadatiy cilild) dalleas .
LBl Ohss (B 8isall cbaall Ll
palial V) latl) il jld alasinly e llaa) olSY z3gai ey
anlly A ydige alatinly 2 3salll ol au

I | g5

Applied Research
Quantitative Research

s dalail) gl

Python
Scikit -learn
XGBoost




Scikit —spandas (e clibal) dalas cli€e A e Python 4ad aladinls cililall Julas 3w 2
.XGBoostslearn

e Cross Validation
e Confusion Matrix

el Slad 8 Llasial @bl clesens ST e 3XIBM HR Analytics <bly desene ladl o
T sl and A dsaalaiilly duadaglly L sanll Cibiall (e degena o (ggind L LS il 3)lsal
+JalSia (g5

Gl ading 3.3

Adliae clabiia b Oshary Gpilge S 0 Aalall Lyl 3sall by (pe Aupal) 038 (8 Genall adine )5S
oailaall Ladly Miar g L€l bl oda e alaie¥) 25 3y .desiia Jae Cling saaie cilelld Jadig
Ahall 8 e’ A0S ) jes Las (82300 duscsgar TLEY) (90 ¢ (il gall diaanilly dudaaglly 382 ganl)

gl (ggiceally (e Lain¥) Allall ¢ uindl ¢ sanll 1a2 sanl) il yuiial
A (el el 2 (Bl (Gienn Bl g ¢ i) annall (o riagl il
Al slall G Ol Ll hwt Jaall A il L) (gine i cdsadinll il
Asaiall

sl Jidat e bl soa (K85 Gum duahal) CalaaY aiadle (520 o 2l Gl adine Hlaa) 2
bl il cp A Las) i LS (el oISH i pladtial 40 ailly Guilasall ohs
Eiaal) 29 3.4
OSas il e vie Jlae¥) cpe ST a1 dangially daalall 35 (ha 230 Auhall 238 3508 aaT
feh LS gaag
Lo geasall 2gaall 1Y
@eshll e gy die @AY sl sl o Yy ¢ ceshall pilasall (hsn Balla Jidas e dulall o8 i
alailly e lilal) oISY i aladiu) e duball 565 WS L0568 daaidati Cigyla ol £))a) @bl oo gl
Al Lalasy) ) & ausill (90 ¢ adagll Gl gl & V)




Lyl agaal) s Lals
il o e Lee ondne dussde sl agians Cpilige Cargind Yy (dpdall 3lsall dale cilily o duhall adies
Ll diagiad dlelpe (gg0 A Al o yale (<0 Lehlind (Ko Yy ccpidagall dolad dale Walal o

Ll agaall s

bl e i L gag cBaaaia Jee il Jia dale clbily pladiny Dt ot dhra Ole all Lasip Y

sl il ad daedanl) AN Cliageadll Jdas o 5l G any i 3 A dudall Ll

dial) 3paal) Tad
o) i o e Las e sia) Ua] (8 Lebilat g eBadaa duie) 58 (DA lgaan o i o dudpall adied
oadanll bl o Jaal) Ay 8 Aildiee Cilyany Al a8y g5l el gl S uilagal) s

(Software Engineering Perspective) cbaall dusia jshaia (e alaill aveai 3.5
Jr el 1 alat Lol oy o Guilagal) lhgn sl mhsad pokit peain Y claanl) dudia joliia (0
Loy Lty oy Glld Gl pcsgall Jaad) A3 dals (ggatil) #3gail) ad o 5ol8 JalSie allas paecad callay
@s® IS& (gpml zagalll Juadiy lgaallaay cdopdall )lsall Clly aess e (Software Architecture)
Jaall ailigal) @5 Adlaial Joa Baae Ciljais apoil

agd o L) Sfsall 5] aeled A pe diaylay gl x5l el (Dashboard) dibidas dgaly sk (S LS
Cplasall s Jine B L) Congs $Som il ATl 8i5all Jalsal

3.6Software Engineering Perspective for Employee Attrition Prediction
System

In addition to the machine learning techniques used in this study, a software engineering

perspective is essential to ensure that the predictive model can be implemented effectively
within real organizational environments. While machine learning algorithms can provide
accurate predictions, their practical value depends on how they are integrated into operational
systems that support decision-making processes within human resource departments.

From a software engineering standpoint, the proposed employee attrition prediction model
can be incorporated into a structured software architecture that connects data sources, data
processing components, predictive models, and decision support interfaces. This integration
allows organizations to continuously analyze employee-related data and generate predictions
that assist management in identifying employees who may be at risk of leaving the
organization. The system architecture typically consists of several interconnected
components. The first component is the Human Resources Data Layer, which includes
employee demographic information, job characteristics, performance indicators, and
organizational factors. These datasets are stored in organizational databases or human
resource management systems and serve as the primary input for the predictive system.
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The second component involves the Data Processing and Preparation Layer. At this stage,
the collected data undergoes preprocessing procedures such as data cleaning, handling
missing values, encoding categorical variables, and feature normalization. These steps ensure
that the dataset becomes suitable for machine learning analysis and improves the reliability
of the predictive model.

The third component is the Machine Learning Model Layer. In this stage, machine learning
algorithms such as Random Forest, Logistic Regression, or other classification techniques
are applied to analyze historical employee data and identify patterns associated with
employee attrition. The trained model learns from past organizational data and generates
predictive insights regarding the likelihood of employee turnover.

The fourth component is the Prediction Engine. This module is responsible for applying the
trained model to new employee data in order to generate predictions about potential attrition
risks. The system can periodically update predictions as new organizational data becomes
available, ensuring that the analysis reflects the most current employee conditions.

The final component is the Decision Support Interface or HR Analytics Dashboard. This
interface provides visual representations of the prediction results, allowing human resource
managers to interpret the data more effectively. Through dashboards, HR professionals can
identify high-risk employees, analyze contributing factors, and implement early intervention
strategies aimed at improving employee retention.

Integrating machine learning models within a structured software engineering framework
significantly enhances the practical applicability of predictive analytics in human resource

management. Instead of functioning solely as an experimental model, the proposed approach
can evolve into a decision-support system that assists organizations in monitoring workforce
stability and implementing proactive employee retention strategies.
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Practical Implications of the Proposed System

The findings of this study highlight the potential of integrating machine learning techniques
with software engineering principles to develop intelligent decision-support systems for
human resource management. Rather than limiting the research contribution to predictive
model development, the proposed approach demonstrates how such models can be
embedded within real organizational software systems to support strategic workforce
management.

From a practical perspective, implementing the proposed predictive model as part of an
integrated software system allows organizations to continuously monitor employee-related
indicators and identify potential attrition risks at an early stage. Early detection of
employees who are more likely to leave enables organizations to design targeted retention
strategies, improve workplace satisfaction, and reduce the operational and financial costs
associated with employee turnover.

Moreover, adopting a software engineering framework ensures that the predictive model is
scalable, maintainable, and adaptable to evolving organizational needs. By integrating the
model into human resource information systems (HRIS), organizations can automate the
process of analyzing workforce data and generating predictive insights without requiring
continuous manual intervention.

This integration ultimately transforms predictive analytics from a purely analytical exercise
into a practical decision-support tool that assists managers in making evidence-based
decisions. Consequently, the combination of machine learning and software engineering
provides a powerful foundation for building intelligent HR analytics systems that enhance
organizational stability and improve long-term workforce planning.
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Proposed Title for Publication
Artificial Intelligence—Based Predictive Modeling of Employee Turnover: An Empirical
Study Using HR Analytics

Abstract

Employee turnover remains one of the most critical challenges facing modern organizations
due to its financial, operational, and strategic implications. With the rapid advancement of
Artificial Intelligence (Al) and data analytics, predictive modeling has emerged as a powerful
tool to support proactive human resource management. This study aims to develop and
evaluate an Al-based predictive model for estimating employee turnover probability using
HR analytics techniques.

The study employs the IBM HR Analytics Employee Attrition dataset, consisting of 1,470
employee records and 35 independent variables covering demographic, job-related, and
organizational factors. After performing data preprocessing—including encoding categorical
variables, data normalization, and handling class imbalance using SMOTE—the dataset was
divided into training (80%) and testing (20%) sets. Four machine learning algorithms were
implemented and compared: Logistic Regression, Random Forest, XGBoost, and Artificial
Neural Networks.

The results indicate that the XGBoost model achieved the highest predictive performance,
with an accuracy of 90% and an AUC score of 0.92, demonstrating strong classification
capability. Feature importance analysis revealed that job satisfaction, monthly income,

overtime, years at company, and work-life balance were the most influential predictors of
employee turnover. Notably, organizational factors exhibited stronger predictive power than
demographic characteristics.

This study contributes to the literature by integrating predictive accuracy with managerial
interpretability, offering a practical early warning framework for HR departments. The
findings highlight the strategic value of Al-driven HR analytics in reducing turnover risk and
supporting data-informed decision-making. Future research is encouraged to validate the
proposed model using real organizational data and explore explainable Al techniques to
enhance model transparency.
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