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Abstract

A large amount of data is generated in the field of credit evaluation all the time. On the one hand,
the data structure hidden in these data is of great value. On the other hand, credit data is usually
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characterized by high dimensional redundancy and lack of labels, so it cannot be directly analyzed
and studied. Therefore, in order to remove the redundancy of credit data and mine the data
structure, a credit evaluation classification model based on mRMR, XGBoost and Laplacian score
algorithm is proposed in this paper, combining the advantages of efficient and simple filtering
method, superior embedded classification performance and unsupervised feature selection me-
thod without sample category label. Firstly, the mRMR algorithm and XGBoost algorithm were re-
spectively performed on the labelled training sets in the semi-supervised data, and the Laplacian
score algorithm was performed on the labelled and unlabelled training sets to get the feature or-
dering respectively. Secondly, according to the ranking of features, the corresponding weights are
assigned to each feature, and the final weights of each feature are obtained by simple sum. Then,
the optimal feature subset is selected according to the weight size, and the irrelevant redundant
features are removed. Finally, a classification model was constructed based on XGBoost, LightGBM
and CatBoost, and G and F values were used to measure the classification performance of the mod-
el under different feature selection methods. Experimental results show that the model presented
in this paper has high G and F values under different labeling sample rates and data sets, which
can effectively screen features, reduce data redundancy, improve data classification performance
and recognition ability of minority classes.
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PERE
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Figure 1. Credit evaluation classification model based on mRMR-XGB-LS algorithm
B 1. £F mRMR-XGB-LS B35 AT 5 HARE
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Table 1. Data set distribution

= 1. BIRENT
e M= FEIESL Bl IEFEA
Taiwanese 4618 91 2 4.8%
Financial 3670 83 2 3.7%

M EAR G AT ] LI, BRI E, H TR £ LR R IUAR . ORI
4.2. SRR

B, B A TFEEE R 73 2R 70 ShH 20% M REA A IREE T, » K 80%IIREAAE NUIZREE T
HK, T RFEAANE ST A ST H 5 T mRMR-XGB-LS 52 1015 FIVEAl 2 BB R i 25k, 72
ZREE T RIRLL B 70 R RIS A FRic I ZRER L (BB REARAE X ATFEASE R Y ) MIEARICIZRER U (B35

DOI: 10.12677/0rf.2023.132044 452 1B 512


https://doi.org/10.12677/orf.2023.132044

RIS

FEARRHIE XY FFEARZEA YY), T U AR 2 S E AR A . AN — etk BCL A U R EuA51 43 il
320 1:1s 1220 1:3 A1 1:4. #:3%, 1 X" BiI% mRMR I XBoost FFIES R, £ X5 F XY _Filgk
LS. HJa, 2a3iEP XGBoost. CatBoost fll LightGBM.

N T RS [F R S 1 B A 2 A AR AR s 21 s PR 12 BB DA S 78 40 B UE A AR A A,
ANFRERY AT FAT A IRAE, B LBl [E— SR S8R — 80 W PSR AR S E AT X G o %)
T REENSHOEFEIRNE, AT E . EACEES, LS F p it LB N EZENSE. ]
P SEIR A3 R LS R p AEASAEREAN S0 N5 2 B,

Table 2. Parameters of feature selection

2. FHERZFESH

R LS " p i 485 HERHEAN L
Taiwanese 19 40
Financial 13 29

4.3. EITHIER
HH T A S I B B 2 m 4E AN AR 4R, @ T DM IR B H R, FIH IER(EESOE ARG R
Hor,  IERCOBEOMAEHRER pr, . G-means (G)[HAM F-value (F)ERA REAAVERE . B4 E CILE 3:

Table 3. Confusion matrix
%= 3. REWEE

HSEIEH ERSIES

T IE TP FP

NG FN TN
rr, =TP[(TP+FN) Q)
pr, =TP/(TP + FP) (10)
rr, =TN/(FP+TN) (11)
G =, xrr, (12)
_ 2rr, x pr, (13)

1, + p}’p

b, B8V EBAREABIEF NS, o S8 T AREAREAPOEF TR . G LA T
AL PRSI AR A TN I O PEBE, G EBOR, AURARRYRAROTEREBGR . F (L3 A58 1A
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Table 4. Comparison of G values of XGBoost, LightGBM and CatBoost models
%% 4. XGBoost. LightGBM #1 CatBoost ZM##EEK) G EXTEL

G Taiwanese Bankruptcy Prediction Data Set Financial Distress Prediction
L:U 3:2 1:1 1:2 1:3 14 ¥WE 32 1:1 1:2 1:3 1:4 A
mRMR + XGBoost  0.618 0.618 0.566 0.617 0.584 0.601 0.459 0.505 0.498 0.522 0.485 0.494
LS + XGBoost 0.625 0.635 0.619 0.564 0.565 0.602 0.429 0.388 0.414 0.483 0.423 0.427
XGBoost + XGBoost  0.625 0.644 0.632 0.612 0.593 0.621 0.493 0.470 0.429 0.522 0.481 0.479
XGBoost 0.616 0.665 0.606 0.636 0.573 0.619 0.463 0.435 0.421 0.488 0.441 0.450
m-X-L + XGBoost  0.632 0.653 0.633 0.611 0.588 0.623 0.483 0.533 0.481 0.540 0.489 0.505
mRMR + CatBoost  0.593 0.576 0.537 0.543 0.492 0.548 0.438 0.418 0.432 0480 0.402 0.434
LS + CatBoost 0.617 0.598 0.552 0.521 0.487 0.555 0.419 0.398 0.378 0.404 0.360 0.392
XGBoost + CatBoost  0.632  0.603 0.574 0.547 0.505 0.572 0.435 0.444 0.424 0419 0.381 0421
CatBoost 0.628 0.594 0.574 0.540 0.479 0.563 0.463 0.435 0.421 0.488 0.441 0.450
m-X-L + CatBoost ~ 0.644 0.596 0.551 0.549 0.525 0.573 0.483 0.533 0.481 0.540 0.489 0.505
mRMR + LightGBM  0.591 0.595 0.591 0.605 0.572 0.591 0.444 0.449 0460 0.544 0.505 0.481
LS + LightGBM 0.651 0.624 0.606 0.588 0.582 0.610 0.413 0.404 0.428 0.395 0415 0.411
XGBoost + LightGBM  0.645 0.645 0.615 0.612 0.601 0.623 0.467 0.456 0.406 0.521 0.497 0.470
LightGBM 0.613 0.620 0.611 0.604 0.586 0.607 0.437 0.444 0.467 0.498 0.450 0.459
m-X-L + LightGBM  0.644 0.625 0.615 0.611 0.622 0.623 0.508 0.457 0.436 0.533 0.475 0.482

Table 5. Comparison of F values of XGBoost, LightGBM and CatBoost models
%% 5. XGBoost. LightGBM #1 CatBoost = #M#=EAIK) F {EXJLL

F Taiwanese Bankruptcy Prediction Data Set Financial Distress Prediction
L:U 3:2 1:1 1:2 1:3 14 ¥E 32 1:1 1:2 1:3 1:4 A
mRMR + XGBoost  0.485 0.493 0.432 0.476 0450 0.467 0.300 0.348 0.331 0.357 0.306 0.329
LS + XGBoost 0.517 0.525 0.500 0.427 0.447 0.483 0.252 0.212 0.268 0.311 0.248 0.258
XGBoost + XGBoost  0.508 0.534 0.511 0.475 0.468 0.500 0.320 0.304 0.256 0.348 0.296 0.305
XGBoost 0.495 0.560 0.483 0.514 0.452 0.501 0.301 0.272 0.260 0.328 0.270 0.286
m-X-L + XGBoost ~ 0.512 0.541 0.520 0.492 0.475 0.508 0316 0.373 0301 0.365 0.317 0.334
mRMR + CatBoost ~ 0.455 0.452 0.418 0.412 0360 0.420 0.278 0.265 0.278 0.333 0.245 0.280
LS + CatBoost 0.514 0.499 0434 0.388 0.357 0438 0.252 0.227 0.215 0.248 0.201 0.229
XGBoost + CatBoost  0.529 0.494 0.460 0.417 0384 0.457 0.273 0.289 0.266 0.264 0.226 0.263
CatBoost 0.524 0.482 0.455 0416 0.355 0.447 0301 0.272 0.259 0.328 0.270 0.286
m-X-L + CatBoost  0.535 0.483 0.545 0.425 0.406 0.457 0.316 0.373 0.301 0.365 0.317 0.334
mRMR + LightGBM  0.466 0.473 0.467 0.483 0.431 0.464 0.292 0300 0.307 0.378 0.325 0.320
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LS + LightGBM 0.549 0.522 0.490 0.484 0.469 0.503 0.243 0.240 0.260 0.255 0.248 0.249
XGBoost + LighGBM  0.539 0.534 0.500 0.493 0.477 0.509 0.301 0.298 0.247 0.354 0.331 0.306
LightGBM 0.513 0.506 0.499 0.495 0471 0.497 0.280 0.290 0.318 0.325 0.280 0.299
m-X-L + LightGBM  0.540 0.519 0.508 0.498 0.521 0.517 0.342 0.300 0.275 0.364 0.305 0.317

Table 6. Comparison of AUC values of XGBoost, LightGBM and CatBoost models
% 6. XGBoost, LightGBM #1 CatBoost ==&y AUC {ExFEL

AUC Taiwanese Bankruptcy Prediction Data Set Financial Distress Prediction
L:U 3:2 1:1 1:2 1:3 1:4 PIE 3:2 1:1 1:2 1:3 1:4 PE

mRMR + XGBoost 0931 0935 0940 0935 0932 0935 0.912 0905 0.906 0.897 0.892 0.902
LS + XGBoost 0.951 0949 0941 0933 0931 0941 0.881 0.888 0.872 0.877 0.887 0.881
XGBoost + XGBoost  0.951 0.952 0946 0.941 0.933 0945 0.903 0.915 0.897 0.912 0.901 0.906
XGBoost 0.949 0947 0.952 0.941 0941 0.946 0.912 0910 0.906 0.914 0.913 0.911
m-X-L + XGBoost  0.943 0943 0943 0940 0.933 0.940 0.906 0.901 0.892 0.899 0.901 0.900
mRMR + CatBoost  0.947 0945 0.948 0943 0941 0945 0.927 0.928 0927 0.931 0.927 0.928
LS + CatBoost 0.952 0950 0948 0942 0939 0.946 0.913 0910 0913 0911 00912 0912
XGBoost + CatBoost  0.956 0.958 0.953 0.945 0941 0.950 0.921 0.924 0.928 0.928 0.923 0.925
CatBoost 0.955 0953 0951 0946 0.944 0.950 0911 0.910 0.906 0.914 0913 0911
m-X-L + CatBoost  0.952 0.953 0951 0.947 0943 0949 0906 0.901 0.892 0.899 0.901 0.900
mRMR + LightGBM  0.939 0.939 0.942 0940 0.938 0.940 0.914 0915 0912 0.910 0.900 0.910
LS + LightGBM 0.953 0949 0943 0943 0935 0944 0.899 0.898 0.889 0.896 0.895 0.895
XGBoost + LightGBM  0.951 0.957 0.950 0.948 0.940 0.949 0.912 0915 0911 0914 0.908 0.912
LightGBM 0953 0952 0.952 0946 0.946 0.950 0.918 0.923 0915 0.913 0.918 0.917
m-X-L + LightGBM 0946 0.949 0.949 0.945 0945 0947 0911 0.921 0909 0912 0.905 0.912

B 4 f3 S vTRUEH: ERZHEIEOT, AR AT mRMR-XGB-LS B kM5 H AL 728
BRI G A F A AL E T LS. mRMR Al XGBoost = R AE 1488 T i I SRAL 20 20578, g o T JR
UEFHERIR S . Mo, FES D EAREFE FVPAL 2 BB, AR G EM FAERISE 2 fom
X UE B AT T H 1924 T mRMR-XGB-LS B2 15 VAL 7 8 Re e o, T LA SOIRRITAR . ook
(RFAE,  HAEBE G 2R F EAR AR AR U0 D BERFE A, $RTHERRL AR RE . i 6 WS, BARAAHE
B AUC HHEZ FFATERT, (HRAKRUL S HAF A, ZEAKR, SAl4ERFE 0.94 f10.92 4, X
MU BH 1 AR SO FR A Bk A 12k
5. &5

EHVEAS I SE bR R o, SRS TS KBRS R IEWE, 1 W EIE £ 7/
W BHRFAE I B 7 V2 A SR BRI o Dyt AR SR —Fh T mRMR-XGB-LS 532 145 I PRAil 4 28455,
R8I F - e B R G SO I R A Y o IR S5 I RRAE AR S A, AR T B — R EIE SR T VAT
A ORI U4 . ToRARE B P — 4RI IR B VA B AR B . BhAh, fE 2 AN KR S AN (S VR4S 2
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FEAH, FET mRMR-XGB-LS 5L RE -G /- B8R G M F ARG, BoR T ARSCRTT
TR R o

A JE A it — B AR TAE 035

1) B I FE R o A2 X6t 43 288 Il R P, T ot [ O o S 2 M B RIS B 7 v — N R LI
B

2) ASCRBET A —RER HAE AT 73 800, AT e A U AR BRSP4 S DL o i B — A Y
MIASIE,  $ i A ) R e e R B W 2 — MBS FE 1 R
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