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Abstract

In the job recruitment market, information asymmetry leads to “adverse selection”, which increases
the difficulty for both enterprises in hiring and job seekers in finding employment. Online recruit-
ment platforms have become even more crucial during the pandemic, placing higher demands on
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the accuracy of person-job matching. Traditional matching methods are limited, and deep learning
technologies, especially the BERT model and ensemble models, have garnered attention. In current
research on person-job fit, scholars often represent Chinese text data using common methods such
as TF-IDF word vectors and Word2Vec word vectors. However, due to advancements in science and
technology, the BERT model is now better at capturing textual semantics. Therefore, this paper in-
troduces the BERT model into the field of person-job fit. This paper proposes a person-job matching
method based on the BERT and ensemble models to improve matching accuracy and efficiency. Af-
ter comparing the prediction results with various machine learning models, it was ultimately found
that with the combination of these two methods, the accuracy of the talent submission model con-
structed in this paper reached 0.886, and the accuracy of the job acceptance model reached 0.926.
The effectiveness of these two models demonstrates that the combination of the BERT model and
the LightGBM model can provide a precise model for recruitment platforms.
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BERT 72 Google T~ 2018 fE#£ Hi f)3& T Transfommers [ X[ gm it 2 45 MR A 1]. & A& — PR FE 2 >
EEAEA, ReW R S IEHE S RAE. HAZGAET Transformer Jwtd 2%, 5 W 1(a)FiR[2].

FEAL IR NSO IS AR, e 2o b AT g A AL BRI N7 B B, A 8 N ) o IX A )
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Figure 1. Classification model based on BERT pre-trained model
B 1. BERT FIZRIRELHY 53 248 A

Y5 BERT B SHOMBL R, XBULHE], FHZrRd FEAMY 75 i & 1B SCRe,  JE X i 5%
PPt T Al SR, 6 TR 2 B A U T S AR T ME DLIEDER ) RS . R Google XA AT
Bk O ATF T AT TN ZRR R, (BB AR 4y 5 N R R A 5E3%, P 7E PRl I A4
BRI L PR AT S TN RS A A AR5, Huggingface /A @) 82 T — /N KBTI ZRpi B4 X,
ZAEDXIC T T 2 PP AN G Y R FOAR S B W . B Rt R LS TR SR — 0, St X BE R
R TR IR . Al XGRS T BN BSR4, {38 F P R 8 75 i hoof LUAS RIS AL F 4
NI B A2 o i3 e A4 IS A A

VAR 3 A W 4% Wi J& A\ Hugging Face b #kEf) BERT FIIZRIERY, J5i 2 —AN4ras
2], WK 2.

AU H T 44 chinese ROBERTa L-12H-768 B TIIZAAREAL[3], HIIZFEMIFEH Common Crawl 1]
HHOCEESE, EE T K4 100GB [ SO TSR SCA . IERE A () BertModel /228 H L& =AM DT
JZ: BertEmbeddings ({k \JZ)- BertEncoder (4#15)2)LL & BertPooler (J1L)E).

BertEmbeddings B 512%768 A7 B i N4, S R Ab B 5 KA 512 NMFAF I SCA . BertEncoder
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Figure 2. Schematic diagram of the BERT model
[ 2. BERT f&REUREE
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Figure 3. Dataset information
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3.2. BIETALE

JRIRBHRET 2 I T 4500 LRERE 15 2 269,534 &K ALCF LA K 700,938 TiAT Nid. Tk
PRI G 1 R e (R AL PR G R AR B SRAE) a0 B VAL (BSOS B A N B ),
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b, FEREI T HRAHEBHRMSIER, Wk 1 1 MRELERE . R (] IR AR E S
W R TR ERFE B AE B R S, RS T 15 MRHIELERZ. BAh, KT RIE 5 K AL
I TT 2 A AT NG R, B3R T 4 MFIEYESE .
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RAE[3].
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BT A RO AR IE4ERE , JE R BERFE A I R A . gl il 35 b o2 5 N 4 Sl rh g 3t
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Figure 4. Cross features
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4. RBBEER SR

2ot BT R SR O B8, B AT ARRIE R 1 “delivered” ARIC(0 AR AL, 1 AR OB BEN
FUWT AN A AT B 1 H AR B [4], [, ¥ “satisfied” AR10(0 RRAINAT, 1 RN EEN
DAl A E 2 2 S RO I H AR S B [5]. BEJS, SR ZERIRHIE . SURFFIE . A5 KL AC BAFAE,
PARIET NA WA W R Gt R, 1E b i AR ) S By N AR B [5]. fEURIRAL |, FRATH A A%
AT N PR TN 5 5 A7 A7 T R FEE (R T 0 e A o — 2 28 5%, DB TR (1 45 5 i 8 A I P Ay T
k.

TER R 0y BRI, ZRREEAR T IE, WGt =M b A EELR), BAEALEE S 2] 1
SVM. NN AlRSER . ST a2 HetA s F R, R AR 58 P 55 I 7 iR i 5%
NRAGIONE . FUE T DRI R TR B, AR Sk F ok S SRR, BRI . Bl
ML XGBoost M1 LightGBM 4£[6].

FIFIFIEREARBAREE, 1% 7:3 HILLBIRI A GREFIHRER . S0 A7 B AFE S 2 DA AT i A £
ERIFZ0n M5, BAVING T — RV =028, BTG REE 1. % 2):

Table 1. Prediction results of various models for whether talents have been delivered

= 1. 3 AA BB IH(delivered) Z R BTN LE R

TR Accuracy Precision Recall F1 AUC

R 0.771 0.339 0.541 0.405 0.709
FEHLARAR 0.842 0.722 0.829 0.771 0.839
XGBoost 0.870 0.814 0.834 0.823 0.836
LightGBM 0.886 0.776 0.750 0.760 0.848

Table 2. Prediction results of various models for whether recruiters are satisfied

2. HXIBEER DA (satisfied) BAR B FUNLE R

T A Accuracy Precision Recall F1 AUC

) 0.877 0.766 0.740 0.750 0.844
BEHLARAR 0.899 0.737 0.842 0.785 0.896
XGBoost 0.925 0.812 0.866 0.836 0.908
LightGBM 0.926 0.821 0.867 0.840 0.919

ARG IR BRI RN E SR, R T ROC I ZE AT AUC B AE VPR FR AR, SR PPl 25 AL ) TR0 PE RE (6] -
Horb, AUC fHAENS S RLAEAN R 7 S BIE R BV RER I 55 5 FE U HM (DT)  BEHLARAR(RF) XGBoost
A LightGBM X PUFP SR, 73 B0 AN ASE HARE R R BIIESS, AL T &2 ROC
ek, HAEERaTE s, Koo
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Figure 5. ROC curve of the prediction model for whether talents have been delivered
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Figure 6. ROC curve of the prediction model for whether the job recruiter is satisfied
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Table 3. AUC values of various models

3. &R AUC &

T Auc (delivered) Auc (satisfied)
R (DT) 0.709 0.854
BEALARAR(RF) 0.839 0.896
XGBoost 0.836 0.908
LightGBM 0.848 0.919

ML 3 TR, AE TIN5 15 808 (Delivered) B R, BRRSEM AL, HoAt = AMER R PF 5 45 b AH
i, {H LightGBM A RGIIZRRCRIENE— %, LT REHLARARAT XGBoost. T AE TN i 37 17 15 2 /& 75 A AT
(Satisfied) KR, LightGBM FER (R BL A FE 9 ¢, HLANZRABCR IR A0 T Hofth = /MR, I £t
HERITERE. BRI, FRATESE T LightGBM BLALE Ay & AN S T RLAR A

5. &t

LightGBM HiE A &A% S, 1X LS H Rk $ DL L 45 A AR A8 IR TE TR AL IR A, £ i35 5 A
R TR R A R 7], 8 T A AR I A IR, I A SRl A TG SO L 5 BERT £ 8Y8],
XA1F5T BERT #8 5 LightGBM B4 B A K ILECHAS 7By BRAR B4R, AT SEB A K I RC 4 g
Hedio SR, BT AT R AR T AA . BIAL AT A = J5 T 7 S0 5%, B2 AH N (R S0AIEAT N
Kl , RIS A il B 1 SE B 25OR A 7R 7E SR P IR N BGIE

SE 3k

(1] &AM, ARV, 2500, 55 2T BERT SEBERRES 2T ARE B REIRIUR )], 2EAHER240F, 2024(11): 1002-
1007.

1 ErfEvg, &8k RS, % ET BERT HIE/DFEOHE@ETEEA. b EH T, 2024, 19(10): 101-106.

1SR4 B SRS BERT YRS 1 2 bR%5 SCAS HIE B4R R VE ], A BRI H, 2024, 40(3): 49-52.

1 S AA B G N RUCESE AR AL BT 2 BB AL [D]: (AL 2=A0ie 30, dbad: B EREst 3 5 K4, 2021.

1 XU AT RS S0 NBRUCECRF 7E[D]: [l 124718 30]. RJ&: iK%, 2023.

1 B, B, &5, & 5T BERT B i SR U R EE[T]. tHENLLAE, 2021, 47(1): 79-86.

] AEAE. HETF BILSTM 1 XGBoost [ ix IGHEC /7 ¥EHE 7L [D]: [AlE2A0018 5], KiE: KIEH T K2, 2022.

1 R, PR BT EMS WG AR RGN AT SRR 0], B 5 51 R B, 2024, 8(3): 10-28.

DOI: 10.12677/csa.2025.151006 53 THEAURF 5 R


https://doi.org/10.12677/csa.2025.151006

	基于BERT与LightGBM的人岗匹配模型
	摘  要
	关键词
	A Person-Job Matching Model Based on BERT and LightGBM
	Abstract
	Keywords
	1. 引言
	2. 理论知识
	3. 实验分析
	3.1. 数据来源
	3.2. 数据预处理
	3.3. 特征提取

	4. 模型构建与结果分析
	5. 结论
	参考文献

