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Abstract

Digital transformation is a key path to promoting high-quality development of the manufacturing
industry, which has a profound impact on improving the efficiency of enterprise resource allocation
and core competitiveness. Although most companies recognize the importance of digital transfor-
mation, the key influencing factors on how they develop digitalization are still unclear. This article
is based on data from Chinese A-share listed companies from 2015 to 2024, using machine learning
methods such as XGBoost to systematically identify the key influencing factors of enterprise digital
transformation and analyze their nonlinear impact mechanisms. Research has found that the pro-
portion of technical personnel, industry competition intensity, and number of patents are the three
most important factors affecting digital transformation, and all have significant nonlinear charac-
teristics. Specifically, the proportion of technical personnel shows an increasing marginal effect af-
ter exceeding the 30% threshold; the intensity of industry competition shows an “inverted U-shaped”
impact, with the inflection point located around HHI = 0.25; the number of patents has a sustained
positive but marginally decreasing effect. In addition, the XGBoost model is significantly superior
to traditional regression methods in predicting digital transformation. Based on this, this article
proposes policy recommendations from strengthening the reserve of technical talents, optimizing
the market competition environment, and promoting high-quality patent conversion, providing the-
oretical basis and practical reference for the government and enterprises to promote digital trans-
formation.
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MIOCEAE . EIREERIZ T, BURANIN[T]. P2 VB [8] I i 47 56 4 45 A 7 8 ABIE S0 A b B 4K
R A 2 (R HE BN B T AR

RUEDAE R FW, BFAELL T RMR: Bk, 280 T8 T S BB, ) T i —
PRI a0 BERAR, AL iR 2 A BRI SR IIEER ML AR . R, RIS 2 B AR X
HEMHT L Z RN, SEUER SIS TSR A RIS KO,
Se AR S . IS, BRI TUR A E M LR A M (QCA) S AW A IR 2 R Wb ], (R A5 TETE K
PR AR v ) O 2850 P55 5 A A P AT A AR T 25 T T = A AR 2R o DA

NIRRT A, ARSI F 7k, S E A B BT A BB B R RS AT R
KV . BRI S, AP . 38—, DIZ AR NRLRHA, RGN LASSO.
WM BEHLARAR S XGBoost %52 R SV 1E T b B4 /KF B ERE,  DLgiik sl 55—,
BT BAL KR (XGBoost), iz SHAP (SHapley Additive exPlanations) % 4t 2F-fiti % BX 51 K] 2 (A %) 21 52
P, JF{EB) ALE (Accumulated Local Effects) &l 4ifiZ: SC 8 R FR AR L Itk fema g A1 S ilm FHE,  BlanHR A4
BERBAAMEMBRN, AT ag 2 E RIE U KR, B=, @ SR (RIERESE &
RFIRE) SR ST FE (BN LR BEAT R A5G, W ORI FU 1R IR P S 1k

ARICHABRTTREE T 5 b, R TSGR AL R, RIS = S5 S ks b 2 |
e R IR EN R 2 U BRR b, AR EAR . HAGHEAEE 0L R, BT
g, WIRAR G HS GG, EWH S T AR MR I, B B R B <
7RG TH AR kL, BRI RE AR B A IR E . DA IR S R A
77k 5 N A BOR B AR R 3l 1 R SRAR 4

2. fAREIT
2.1. WSS

AL ETE AT A B KT BOLE, IR 52 e b B A R R 1 B R R . 54 G SiE it
FO R SR 56 R AN, A 508 T T 2 AT, 00 2 LA ) 5 i R 28 6F £k 250 A 7K SF- 1R T /i
BT, ARSCRANE 2 S D AT R R AL, RN AL 48 2 o e B AR N SR T i, DAMERT L4y
M T4 e S5 AR RE D

AR SCAEWRFEH SR 2 R T v, LA I B SHE S0 14 8 S R e . 1o, 2 n R PERIA (Multiple
Linear Regression){E & 4Gt 77, M TR BB, JRRMEE M BRI 0 AT [9]. N T AT AR &1
16 - FRARAR AR S F0 A KUBS:, A5 N Lasso [7] ) (Least Absolute Shrinkage and Selection Operator), i L1
IEMML 4835053 R /AL, A E BERRE RECE S, M SEIUB A 40 [10]. habh, AR v
(Decision Tree) i, X &—FidESH7E, REWE AL Bln) B 2 I ARLE M X RAIAZ BB, [ 2 M+
AV HR 500 2% SR A FE[11] 0 DA 7k — 2B S - TitIkS BE ISR AR e M, AR SCfd F Bl B Ak Ak (Random For-
est), XEERLE ) T VA A K B SR IR AT B R B Y, ST LG B — R B AR B O AR . A
AR XGBoost (Extreme Gradient Boosting) 5. 1% 812286 BE 4 TH#H (GBDT) I s s i, B Hith
(AR 2R AR fe ) A e e R AL B RE 7, R B IR I T DU AR PRI 400 & XU

MBS EOANEREF, AW 7R GridSearchCV 454 5 #1238 WIRUE K 7%, 1R TS50 [ N 48 &
ML G - XGBoost 1F AN T % OB A, H i 240 5 11 OB 2 4000 4%« n_estimators = 200, learning_rate
=0.1. max_depth = 7. subsample = 0.8. colsample_bytree = 1.0. £ i1k )5 i XGBoost # AL 7E il K fE 5
TR RS e M7 T SR T Al Y, R Fe e Re s R I B0, DR A A i SR R 40 AT (W1 SHAP B 53
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i) ) = BT (PN ERAE W 4.1).
2.2. IEEMEETE X

TEPPAAE Y M RERS, A SCNRRERE AT GE AT & . WRTLARRERE 1 I 7 A BUFE T i b %5
FAACEB PR EFERE . BRI S, ASCHEHBEAR NG ILEE RZ VRSB ZR AR AR L& R, RE
PeE REUE, FEANEREERE, BANGRCRBE . A EEAENFEAR LRz EE S, A
— R FHREARSMIL G RE, FIRE ARSI O] fRRE 77 22 EVS o VAN BB ZEMAAE A TI0 RCR,  JAE R,
Tt AR T St A b B AL 7K T R TN B 58, FEARAMI A FUR MR . B IX =Iidehr, AR CLEEHE
AEFFEEN LR SR B L& A TR B, AL B BaE & b B AL i 78 1 B0

3. BiRKRIRFMEEEX
3.1. BiEKIR

AL FF 2015~2024 4F A e B A FENIRIAFEAS, FESIBR ST K ST Ak Bt SR A A S,
ADRE 1 17,698 MUMIE . £ 2015 AFNFEASEL w275 18 B B 7 AL X — MR 2 4E 2015 4R H
AT HIHC 7 A Rt A SR AR DN BE B Al B A e BRI, Il 55 PR s S Fo At Bt ok B R4 %
i 2 (CSMAR) MG 4R 5, ESG RINBE K B HUE ESG PFHIA R . Ny 1 FEAR S & E X B4 70 4 0+
Yo ARSOGAb T S TR 19 M55 G HE 19 10 Bt sl HEAT 1 A RRACEE,  FFAE YR SVEA I X $odla AT b fb
UL

32. BEREX

AW FIIAS B3 NP IS (LA 1) : B P00 A% & R0 P A% & o FLrbr o gl 00 AR Bk i b 8 A o TR R
THO A% o A B A R s (R R . AR R R

B A &, AL R B (Dig). ASUESE RAEM L, BT Bl AR ERSCAR T T .
ZJ7%A Al Python A1 Java PDFbox JEHREUAEIR 4530, FFilid—Milias “RERAEH” (N TR, K3
Wiy P XHEE) 5 “HoRSZERN 7 (Feah BB . B RN 2007 4 b A5) I 25 A 1 S B ] o 13047
CRVLHED, Geit JBdinl I AE . ATHBR A W AS, S SRS 1 EECE R, E Nk
PR AR A B SR AR BB R, R B A TR R B = [ 12]

TS &, R R s R 2 . B A R — AN Z R RIS R g R AERORZ T,
B peid s B iE = 28 WA, s SRS B A 5 SR R Re Ak fEHZUZ T, E NP R
SRR E M S AL, BOR WSR-S SRR EE; fEMETEH, AM ARSI A7 5 4
SAEEMAETEER, SLRMBREIN IR 52 R %M. B TIX—@48H, RN CEEF ISR
KRR AR YEE . Y FIA S GE S = AN J7 T, FFIRR N e br:

FiRGEJ1 2 B A R A% OB, BRI RN R . FR N R S, B %
M B RIE RS bR . X EEABAR 8 S B AV AE B & 5 3T 7 THT A BE IR AR N FIEE ARG £, AT SCRF T4
HARMINHSHE .

HH 2R TR 5 VA HE 2 R 5 e B A Y B AT SR A N R U R R . AR T B A AR L B A AR
T R IREG — DU BAUE R e b, CURBAIAEERE T W 55 Fafid 1t S vk 51 508
X LB PR 2R BE 0% 5 M B T R A 2 B AN R S R D

AN R A A R R SR ) B 29 N T e . AW LR BT e AR T . A BT A0 SR AR IX
[ A2 7= B (GDP) S5 F8An s [IRAT ML 564 15 7 B84 T 3RA5 M K G A Bt Ik e 7K o 1 e R] 2R i it AR
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Table 1 Variable definition and description

=1 BEENSHA

Ao A e R TRy A e
T A e s AR Dig A A 5 B A B TR DA A H b T AL ot 4
R FE N RD V-2 INER LN
HARN &L Tech BV BRI N N E 5 N B
TIEH= 5 L Int TG B =L B e
LTHRHE Patent LRI S EC 1 BCE SRx L
AR Size AEIDSS RISz Sk i
P B il Lev AR
T AR Tl G ROE A b R B A 2
PG — Dual HHLGEEHER-MANI BHO
JBER S Top3 T = M AR RR IS S Tl
TR Age Al b T AERR
BB A i HHI ARV £
AN SA SA 1R¥
Bl o AR = A GDP %41 GDP

4. REGRE SR
4.1. NEHNERZE S HERTER

WRAEZ 2 77 W, AREVEEREARN SHEARIMIEG MR PREREER . R 7R(Z &kt E
55 Lasso [FIA)RIFEA ILE 0 RE FIFEAAMUG IR L RE, 392975 0.20, B HAER #R AV BT K -T4F
AEJTTH PR RERE DA B . AHELZ R, BT ARZR LSS M ROLES 27 ] AR I H SEAL TR RE . PR 5
1) R2 1L F) 0.4546, Yt AR NIZRREA B R & BORIIING HE ), (EHAEASMUE LR RZ, = 0.3450 BAAIK,
B RIS . BEHLARMR SR IE I R 2 RO, ARG 1 B — B A e 22 AL, AR
HMUE R R T 25 0.3828, AIfEFE )7 22 (EVS,, )N 0.3829, UBHILIEIZALAE ) EAL T AR, Mgk &
% » XGBoost HE{E AT F ik RIMEA, H R? =0.8628 , R2, = 0.5648 , 1] fiftf% /5 75 ( EVS,,, )7RA 0.5649,

'00S

Table 2. The predictive performance of different machine learning methods
% 2. TEINERE S EERMTNER

T 752 RZ R2, EVS,,
Z AR 0.2027 0.2108 0.2108
Lasso [ 0.2027 0.2107 0.2108
) 0.4546 0.3450 0.3450
FEHLARAR 0.4271 0.3828 0.3829
XGBoost 0.8628 0.5648 05649
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T HAR T . X R XGBoost HIARENSAE 78 7“7 SN GRFEASRF AL (ORI, OREF R AOFEAS S T
REJT o IZSIRAEROEIRTHER TR G 1B AR R PRI & IR 5 IR ML L B, B R S
Fafrt. Uk, ANy XGBoost £ F Ak B A K1 T B SR R I, R R iR

4.2. FRIEAREMHF U REENRMIHT

High
Tech ) ;*{JL!!!ny_-—...
HHI co e Mo 94_"%5:. PERosas e m e
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Figure 1. Summary plot of influencing factors (XGBoost)
& 1. S2NE RFHZEE (XGBoost)

MRAE 4 1 SHAP BT 45 5, 7T DLZR Gt 7 25 BR300 A b 380 A 2 2R 2 FE PR s M) i) 5 A 0] B
B BAARE, AR R Gt (B0 B KT (A bR DR AE I R 22 S, R A AR 2
Z AR R ILFIKE) .

MR R , BORN 515 H(Tech) ATl 38 4+ A% B2 (HHI) A& 1) £ i (Patent) ) SHAP {8 4% 4%
K, Vb A H B K B R R deik o Jorb, R N 03 Ll (Tech) v BUE KT . B S5 (1 1 7] SHAP {# 53
i, BEEHER N B A w1, HEF KT . X — 85 R 7 HR Re e B P A R i
H DAL o AT M58 AR BE (HHI) IR 2 ISR ABh & 3, o 58 4 Tl 7 P15 (B (L B0R) 2 2273 A fE 1R 1) SHAP [X ],
KA 55 15 B PR T AE IEAH R R o

Hk, T RHE (Patent) S & N 35 (RD) IR I H B 1E 1) 56 R RRAE,  UE BA BT 7= HH 5 0 RS
R A AR A TR . X R AT S S AU B AR K, Re e it — 2 %k
FACRE ST HITE e T TGTE 527 o He (Int) () 2 AT AR X 20880, AR S AT S AR v A AR 1] X sk, i B i lb N 38 1)
HNR SR TR BETE — B FE T F SRR AR R

TR ZAYE B (AR B rh, AR (Size) B e BRU{EL X 97 I 7] SHAP B, 158 BH R 2 il (R L 4% T ) 08 4 S5 4
R, B GHEBAFER . =06 (Lev) U 2 LA B XU R FEN . = E BEnT Ae il am 2 N
REJICRIT AR ROR), AT BEIR M5 45 4B SN S AL RS, SRR AN R M 45 L0 R 261 R B ARZR MR A
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RT3 (Top3) f TR t i 8 73 A £ S ) DX, W7 e £ v 6 AT ey R BB AL, AR T
HEHCT R . PR E — (Dual) IS Ma eSS, (L {E B P 7 SHAP (L # ZF sliis oy S Rl 7
RUIBU TR IR B Z TR AR, 28 7T RE PR R SRR A ORI 401 1) 4 5 A i

4.3. KXEIRENE X bl #HF B TR

o1 bR 418045, SHAP EHFAHT =) “BOR AR GLEL” o “ATbsesuiE” M “ LREE" 2
B A R B R 3R . E— P, A B 2R R ARk &l (Accumulated Local Effects Plot, ALE)§E
HERR T RFAE T AR DG 0E, 0) FE TR B — R AR T A FH PR R, AR 23 A D B el DR 3t o b 4
PR R TR o 38 T SR F R ] AR R AL s Ay B SE AN R 3R RV R AEAEL, AR A 5M X 3R 1K) ALE {8,
ZAERT 0 BRI R ZON T A R B (], S MDA R, O U B S e 2

43.1. HFEARAF &EE(Tech)

First-order ALE of feature 'Tech’
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Figure 2. Technical staff proportion ALE chart
B 2. HARAGISEE ALE

FEAN G 15 L (Tech) ol Al A0 % BURE JEE 1) SR AR = 3 8 S AL ) I 255 L R A Fr) A ) SRR B 1 O R
W 2 Fios, 43R A G Fe A TR K T (29 0~0.3 [X A, ALE {f o e FLAM SR TE 0.1 I i 35
K, RIFUEBBAEAR N A R T 7E — E R E LR &I T B B RLRERE . SR, AR NS
Fboemie) 0.3 G Tt AUS, ALE HZE 2L U8 EI& s, A bRy B sh. X RH, — B4l
RANA & R BN — @ BUE, K7 A2 5 oK 1 i [ R85 BB Bl RE,  AROK U HE B B0 A0 % 20 (1 R 8 S it
EAA . BB RN G 5 e — B4R T (L 0.5), ALE (RIS KNGO 6 10, Sz B4+
TERS X A, R AR NS B EIE R A G, B s e TRoe, F82h b
PRSI BT L

BRI S, SR EHE T HAR N BRI B A 5 B G AZ O IR BN ) . FL R ma R 187 S ) 2
PR R, MAAIE—A KR BN BIE” « fERENZBIEZ /T, AABNIERG R 1— FE
ZITHE, HARNA N 13 2 R AR, X — R SEIE A SR 1, Al A8 s Th e B %
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M, HERSHATAEER S ARAA AR SRR, DRI AT
4.3.2. TSR E (HHI)

First-order ALE of feature 'HHI'
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Figure 3. Industry competition intensity ALE chart
Bl 3. Tl S5RE ALE

K3 PRI AT L TE S BR EL (HHD) X A B A e R FE ) — B R AR S AR e fadh . BEAAR T
HHI 53805 A BURR 2 )50 R S B SR F) AR M T [ ROREARFAE . 25 HHI BIR(25 0~0.1 X [N,
ALE 3B BN B i 0, 2R WIAE T8 S+ B9 78 70 B T 37 A B v il i s 5 o O A B 5 P 5 P T 7
S P T B R R AR R AR . AR, 2 HHIL B 0.1 )5, ALE {HIRVE EJHJF7EL ] 0.25 i 500
W IE, BB TR e b . e RGBT, Al R A e B SR T B AR 5 1T g
SCE3EiTE A i PO NI (i G A N P

SRS, %G R ILFE S o B A BT AL R R LR A “ (8 U 27 AR 2 MR AE . S
SEARE S SR AL A MV BT AR, T 58 T PR AT REHI 59 K0T AL R RO AR A, AT PELA Il (K
TACHERE . X HEHE R 1 AN SE A PSSR Al B A e TR ) 2R U XA I

4.3.3. TF|HE (Patent)

1P 4 mT %, & REC R (Patent) S i b 505 A A AR P 1) SRR s s A0 52 B0 M R 4 U [ (R 32 o 2809328
WRIRRIE . 4L IR A TRAL (2 0~4 [X )i, ALE fEBEE RIS B Inmifas BTt (BRG]
B, X R AIE R MR AR 2R B A B PR T B S Gtk S L B kR, (H
AR AN 2. LR B 3.5 UG, LRIBCEX S AR R 3 ORI IR 3, JF H3g s
B, BERLRBEIAD 45 DU, ALE B BT RERIF AR .

KREER LRI AR M BIHT = o B A B RS PR AR AE B R O aa . W, &
FUERNBAROIFRE I RIS S, H AR A RO EC T RIS 1S HBE G LR i 5 i FRF S i,
FOX T A B K STRRIZ BTG N, HEAEIA B — 58 BIE 2 JG TP IR AR, Sk R ILIA BRI 8. 1X 2 8,
L R AN R ISR S B A R HE S8 g, H B AR T A U BRI Ak WRUSOR 1T
67, RS2 BRI N4 SRR,
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First-order ALE of feature 'Patent’

Bins : 10 - Monte-Carlo : False
10% 20% 30% 40% 50%60% 70% 80% 90%

Feature 'Patent’

Figure 4. Number of patents ALE chart
B 4. EFHE ALE

LEEBORN GG AT 58 40 2 S5 HA R O IR R R 1 704, L RIBCR I PR a7 1 Al 2
TR A FOFAR AR SCRHEMIT B, 1052 — S ARG 5253085 5 A ZRE ) L IRBh I &
GPEAR LR

4.4. RENERE

4.4.1. HRgWNEE

TESGIE M5, ASCRA RAEH SRR AUKCHE A AR & . [, i BT R
RGN, ASCR AR E 75 (2020) M E AP RI E G10 5 MEABIME TN AR & . iZF8brilE it oA
IIATIETR LA AR 5 B AAR DG I RRAE I, R MEAR R . R, B RE I (5 B R Z A4
FEA G BB AL B A K-l [ 18] AR 3 FUSE R, BENLARM AT XGBoost FA FHLL
BRRRT 2 ek FA, TR R — 2.

Table 3. The predictive performance of different machine learning methods

= 3. TRINNERF IBRHTUNR

T 752 RZ R2, EVS,,
E-quACl=] 0.1835 0.1937 0.1937
Lasso [A]J-] 0.1764 0.1824 0.1825
RS 0.5061 0.3305 0.3305
BENLARAR 0.5058 0.4219 0.4219
XGBoost 0.9263 0.5965 05966

4.4.2. BERHEFIEE
NRTIRWE FEAE R AR, AT e 1 HLER 2 S IR AT EE 0 #T o A5 A XGBoost 4 Ay AL
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Figure 5. Summary plot of influencing factors (random forest)

Bl 5. f2umE FHEE (BEHLARE)

4.4.3. ZREMERE

DN ARAIEARAE 5B HE T R fa v, ASHT 7T R Repeated K-Fold A2 g PR . 5 87k 73 B 3 2 4
FEFALL, Repeated K-Fold RE7E 2 M FEA KN 73 vh RZ VNSRRI A R AR BE ALK 237 >R 00 O 152«
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