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Abstract
The basic characteristics of IBM employees are analyzed by Logistic regression model and ma-
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chine learning model. Based on the employee’s age, department, education level and other cha-
racteristic values, the logistic regression model and machine learning model are constructed to
analyze and predict whether the employee loses. At the same time, it analyzes the correlation be-
tween various factors and employee turnover rate, and puts forward corresponding solutions
based on these factors, so as to ensure that employees have a sense of belonging, improve their
working conditions and reduce the employee turnover rate. Finally, different models are com-
pared to select the most appropriate model to provide a more accurate reference for predicting
the turnover of employees.
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1. 5l

HIREBERSR R RIS K, N JI800E H 28 o Al 3843 58 Ot 34 i B BLRR 1 D3 T3t 2K 202 24 11
WHRVT 2 A B A 2 — . 2019 3R E 1) 72 TR IR ARIA R 18.9%, H A EaE IR 13.4%, SHMEfT—
FAl, NDBHRE AR CEE, MmkRENIRN S, E531) E—HATHEARKRIRE, 553)
NFREKR[L]. B TR RERME KE AT BERH IR R R, 2 mEs— g
W, INBUFCRIIGETIRIZEE, w R R, FAh S AR R A . O TR I R R
B E A EEN AT OCE. SR TR AR R EEAFER . TEFER. SRERE. KER
K g T AR R [ 2]

SCEAH Logistic [FIAREBIFINLER S 2] i, i & MR RS 0 TR Z A, FEAIX L
RIFE A, X TR IR R REATIC S b 8 A it I A w1 B AR AEE R IR, I 1 R R I A
SEOEURAS, A E SO B AECR R IR LS, SR LA A R iR Ok, AN R v B 9 A A
®71, REARPGERE RIE.

Y5 E RN RIBNECK, #rg R TS Ha %, W iR R T, $ma TrRE, ik
N AIAEZRFIANA, T —FK R BRIER HER, RARERMISEE S, AR TS R
T E ARSI R3] [4] [5].

2. BIRAWER T E

RSB RIET 1BM EHRRHE KOVEMBIRSE, G5 0 TIFER. 3. SBERESEEE, —
3% 1470 17, 35 B FEWFIUREM R THRARRNE R, LR TR AR ARALE, ZEEL
— AN RAR R, 1 RoRIA T, 0 BoRiik. I TR ZAE & RSO, 25 e SR 29 205 33 AT T

HA R NI AAR & 7 TR EMAGENITE R E, BFHFEHE LM, HE3 HTET
KA R gL, 2B —do s . AR H, Hph 4 NMEM: RTHE. A THS. 2
M 18 & ARt [ AL BT A R A RS B, R AIRRIX 4 MR E, B4R 31T
3. Logistic EVARBYAY 53 7 B TR

Logistic [Al VA& —Fh SLZEPERNA, RIS,y &—AN e, tany=05L 1, Logistic
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TR S in T, BN TR AT S S A R AR IR 6]
3.1 BHANBEIRTEIRE

1) BRI E AT

Logistic [F]JABERY & —Fhit 75 — T 53 K45 R 5 Z A BRI B T (X, X0, %, ) LR RINZE
AT T . AL FEEMALMW R TRAERENREZE, L aaERNH P EARRER T8 E
(X X0 Xy ) s DSB8 R B, 2008 10 0. HAREINESAR R, AR - H TR
HA, LHRWEIES . HE Logistic [BIEBAIT:

1
P(y:1):1+e—(oz+,81x1+L+ﬂnxn) @)

A P AP EIROME; o NEIE; g ARIARL. P MBS ELE00~1, NTHETHESTE,
N b A P B SRR, AR R TR W

In(ijza+ﬂlxl+L+ﬁnxn (2)
1-p

2) AEHIESE

R A B AT S, NPT & B8 IR, WEIEHLA T, %8 8:2 LLfRl /I ZRae ik
o BN ZIUEHEIL Logistic BEAL, XHIZREMATIG TS HL, @D EIA, Bk R
BAAGE] AIC (HE/NRRA, A BRI R THE . ARHERZERIX N PAE, Z5RWTR 1P

Al

Table 1. Table of model parameter estimation results

= 1 RESHHEHERRE

RFHE REETHE PR 2 P

o -3.1978 0.18595 2.00E-16

R -0.4307 0.12536 0.000591
TR 55 Z2 IR AT 0.3983 0.10092 7.94E-05
H AR —0.2294 0.09862 0.019993
FREEH] —0.3682 0.10475 0.00044
BRI 0.4112 0.09568 1.72E-05
RIS -0.4327 0.0997 1.42E-05
TAEBNEE —0.3488 0.0969 0.000319
TAESM 0.2442 0.11087 0.027649
TAEWEEE -0.5920 0.10103 4.65E—09
T RN -0.6068 0.10761 1.71E-08
JELLON -0.9082 0.1874 1.26E—06
BTE LK A A AR 0.4540 0.10228 9.05E-06
KARWRE —0.2614 0.09947 0.008581
EAEFL YN [A] -0.2577 0.10594 0.015007
TAE G iE PR -0.2593 0.09656 0.007249
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Continued
S PACILERIS 0.7244 0.24144 0.002695
TE 4 ATHR AL -0.5576 0.18441 0.002495
HEX - /G AL RN 0.4219 0.15249 0.00566
0 H FE LR -0.6408 0.17885 0.00034
yay) I3 2.0058 0.21032 2.00E-16

3.2. HEBIRO T4, K T
B3 1 sn, FIEAFRERREEETE—ILE 20 4, &5 EEERT P XSRT i L E T
B, NEAM™HERLEILLM. Logistic [FH TR R :
logit (p) = ~3.1978 - 0.4307x, +0.3983x, —0.2294x, —0.3682x, —0.3009x,
~0.4388X, +0.5172x, +0.2442x, — 0.5920X, — 0.6068x,, — 0.9082X,,

+0.4540x,, +2.0058x,, —0.2614x,, —0.2577x,, —0.2593x,, +0.7244x,,
—0.5576x,, +0.4219x,, — 0.6408X,,

3 A5 2 F) IR [ U 5 R RS HEAT T, A9 BRIP4l 45 R o ok 2.

Table 2. Logistic model fitting accuracy index
= 2. Logistic IRBMU S HERL IR

RN LD 5 LA %
HER R 0.8853
REUZ 0.8853
R 0.68
MR B % 0.8684

i14¢ 2 AT%0, Logistic [B] VTR HY [ FRIMHERR S 20 87%, UERRR LN 89%, it AT 3] W A IEREA 1)
BEMERE S, AR IEREARRE, REELN 96%, Ui B2 ZResxT IEF )R 558 1R 4F,
MRER LN 68%, AMERIMNE, 228X B RA R I A IR, HER A%,

4, PEEF IJRBR S BT

WL#S 2 ST R 22 BT ok [l VA 1) 8, AR YR 98 32 B4 7 B 49 8 m) A (R 595 71 [8]
4.1. HHEERIERIERE

FRAEIR BT N T i v 45 FE B0 1 550 1) RO AT AR 10, S 2 B U R B IE R G SR AE,  RAREML 2827
BRI AR AIBAT R . A H T HIES object 2574, AT LUK AEEE B RFE ST AT A gm GG
W EZ G, WX E S T A S AL, mE S “2EHEN” X—BENRE, EEER< R
B E R E S R 4% 3 Fios.

FHOE AT A, X 12 ANRHMEE S TN O TS ER” AR, B DG BUIX Se RS AR E HEAT AR LA DL
BRI EFRES R, SR MNBIE TR P RE AL EL 80% I BIE/E NI 4 4E, H AW NI 4E, &5 H
StandardScaler XHRFE(E AT T — L ACTE, ZRBMER T ZIT—4k, JEEREHIE ) SRR B 25 F 152 .
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Table 3. Table of characteristic variable selection results
3= 3. TR ERERE

R R RH
R -0.16
T 45 Z R 0.13
PR R -0.10
TAERNE -0.13
HRAL 28531 -0.17
TAE = -0.10
USTRAR L -0.16
JELSON -0.16
perayiEis 0.25
LS IPASITER S -0.13
T AT IR N -0.16
FH A LR -0.16

4.2. BARBRBIRE KV

4.2.1. K E4Por RER

KNN (K- Nearest Neighbor) Bl K £ 48315, ¥ Cover fil Hart T 1968 42, & — A Hlig LK
BT, R B RIS S Bk 2 — . 3BT sklearn.neighbors FEE 37 KNN A7, Xl ZREE %L
PEiEAT KNN 20 285BI 25, FFk Rt 2480 n_neighbors y 2. iz PR R IR A8 HEAT T, 75
FIRIPEAE SR AR % 4.

Table 4. KNN model fitting accuracy index
= 4. KNN =B S K E 1R AR

RN LD A%
HER % 0.881
REUZ 0.984
LR 0.211

MR B 0.8707

H UL E3LA R T, SRR (1 IE#R )y 87.07%. HERR A 88.1%. RIEE N 98.4%. 4istERN
21.1%. AUC {E>4 0.632. W] LIE HizH KNN AR THE ROR BT

4.2.2. REHIEE

PRF PTG AE— DR B, &l e S AR RUHES BS99 Rk 2 2R S8Bl, H1-%
s BN SEBI & K 728 38 sklearn.tree LR EE SRS, X ZREEHICHR HEAT DR AW 7 B AR Y
gk, FFiEFm IS E max_depth 7y 5. & AL HI SR SEAT F0, 75 BB VR AL 25 R 0 R 42 5.
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Table 5. Decision tree model fitting accuracy indicators
F 5. REMRBESHEEIRIR

PR bR Kb 2 8%
HERf 2 0.883
RESE 0.973
etk 0.132
TSR Ew 0.8639

UL EE T, 52 A IE#I 2 A 86.39%. 1HEMfIZE ) 88.3%. RN 97.3%. FrFitkN
13.2%. AUC {84 0.737. 7] LLFE HiE F e AT A TR & RO B 4T

4.2.3. BEHLFRMIER

BEALARFRE LeoBreiman (2001)#¢ i, ‘Bl H Bhik(bootstrap) HREEF A, MIRELHIIGFEALE N
AT AT AT K ANREAAE O AR R G, AR R RS B B AR AR B K A 23 R 2E B AL
FRMR, BRI (1 73 2485 A o WP EE 2 /DT ) 43 BT 7 - 3 sklearn.ensemble A5 g 37 o SRR AR 2R,
XN SREEHHE AT RS 3 R EERRN 2R, Rk FE RS % n_estimators 4 300. iz A A A HI X 44
BEATTO, 1920 R PPl 45 a0 R € 6.

Table 6. Fit accuracy index of stochastic forest model
7= 6. FEHLARMIREU SRS B IEAR

PR bR Kb 2 B/ %
HERf 2 0.907
RESE 0.996

etk 0.31

A5 B 0.9014

UL E3LA R T, AR ER ) IERIE )y 90.14%. HERIZE A 90.7%. RN 99.6%. FEFtER
31%. AUC {84 0.785. 1] LLE Hig AN AR MR T AT L & SUR R T .

4.2.4.SVM &R

FE R R AL (support vector machines) & —F /3 AL, B (W IR AR T8 AR RFIE 2 8] 1R 1A) B A
KL 228, IR BRAEE A B TP SVM 15 3 SRug st 2 b i kA, b — SR g
M BRI R, AN T IR A G DU 2 eR A e MK TR R . SVM )2 2 B0l 2 SR AR ™ — I
R s A . i sklearn.svm REHEE ST PR SRR AR, XY SREEEE 34T U S 43 R EERE AL 25,
HiE S E C o 10, & BRI AR 34T T, 15 BRIAYPEfh 45 R in R~ 3% 7.

Table 7. SVM model fitting accuracy index
= 7. SVM iREMU S K E 1R AR

ERAEELD Kb BE AE%
TR 0.871
R 1
RS 0

TS TE R =R 0.8707

DOI: 10.12677/aam.2022.113155 1425 IR Esid


https://doi.org/10.12677/aam.2022.113155

UL 3LA R T, AR BIR ) IERIE )y 87.07%. #ERIE N 87.1%. REE R 100%. FE5tEH
0%. AUC {84 0.621. 7] LLE Hig FA N AR T HEAT L& FUR BT
5. FEMERBIFEL R 4hid

T FIAZ RO R TR RS . I GEATTN, FRATRR A O A AERR R . IERR . AUC {H =
AR 5 () Fa bt OB RS BE AT LR A, #3381 F 3% 8:

Table 8. Fitting accuracy of different models
8. FEEBEIEEE

R AR EHIR % HERI %% AUC

% 7t Logistic [7]14 0.8684 0.885 0.658
KNN 0.8707 0.881 0.632
TR 0.8639 0.883 0.737
BEHLARAK 0.9014 0.907 0.785
KRR E AL 0.8707 0.871 0.621

1) WEATE LSRR, SA B ARAT (RS R BINA KR, (BRI R AR LR b

2) BEHLARMBA A ROR B, FLUGR RS AL T logistics [A107, 1 KNN RISz 5 LB 2
R,

3) BAHLAR MR e S Ak B A 2 T AT (1 R i PR 9t LAY SRS o, SR A LR b S i
BT B SRRE I T3, R AR SR, SRS R 2 R SR BEAT TR, IS AT PR S, AT
DA R A SR S5 BRI 22, 7 LA B R LA PR L e SR T30 0 20 R T 0

8) T ZREARHE 2 IR A, T LA A (¢ BE A L 5 KNI R RS 855
6. BiX

RSO X SR IR, R T 50 53 T 5k DR 22 TR S s e — B A i T 2 TR 5 4 11
AL, HRARBRFCRRATTAT LI A AR L T L

1) BT AITERAI, BRI AN . £l SRR S F e SR e, AR B N % FE A
BHFESATE. P SRS PRI AN, eI A SRR R B L, It S R T
FEAA RN A GRS BRI, 5 EERES, B AA TAESIE ERAL. BT R R .

2) seie el scil. AR 34 TR A, BRI RE R, SO
R THIERNE. SO RNAZ ARG R O A, B, SRR, AN 17,
AR AA, ANk,

3) BT RIEHMBRUAR . B ER AR RO TS, AT 20 KBS
HHEH KT, W R A AL Aa% T8 M i i AHBIX . [RIAT A HEAT B SREC e fs
A LA 5 43558 26 VA T L SR A 7 1S A BE 0 1 TR KT

4) H A TR RTINS ARG, 83 A FRRGCHEATIRE] . S0 S0, FRh R
VP AS BIESh . BT R TR A FAS B AR G5, el R AE N L4 HT 53 T B MRS DR Fr KR 76 5 A I8 1 70
bR, WTIEHERE . TR AR, BT AR RS, B RGER, SOEX X bR H
Wis, —HEMMREIERZENE, RETMRHTEES, WERIEENLD LR IRE, #F
Y7 L O J R O A SRR, AR 7 LI ol bl I P R 5
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