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Abstract
With the rapid development of Artificial

Intelligence, the demand for interpretability in market
applications has risen, and since models with high
accuracy usually perform poorly in terms of
interpretability, the purpose of this study is to improve
model interpretability and maintain the accuracy of the
original model, this study proposes a method to
simplify the CatBoost model into a single decision tree
by pruning and merging decision paths, so that users
can understand how the model makes decisions more
intuitively, thus improving model transparency and
trust. Users can understand how the model makes
decisions more intuitively, thus enhancing the
transparency and trust of the model. Experiments are
conducted to validate the proposed method on
different datasets, and the results show that the
simplified model maintains good accuracy and
improves the interpretability.

Keywords: Artificial Intelligence, CatBoost, Decision
Tree, Interpretability, Model Simplification
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Algorithm 1 Determine Optimal Feature and Split Value for Minimum
Weighted Variance

1: function SELECTBESTFEATUREANDSPLITVALUE( conjunction_set, fea-

ture_splits)
2 Initialize min_variance + infinity
3 Tnitialize best_feature, best_value. best_left_conjunctions,
best_right_conjunctions < None

I: for cach feature, values in feature_splits do

5: for each value in values do

6: left_conjunctions. right_conjunctions, variance = CALCULAT-

EVARIANCEFORSPLIT(conjunction_set, feature. value)

T if variance < min_variance then

8 mm_variance = varwance

i best_feature = feature
10 best_value = value
11 best_left_conjunctions = left_conjunctions
12: best_right_conjunctions = right_conjunctions
13 end if
14: end for
15: end for
16: return best_feature. best_value, best_left_conjunctions.

best_right_conjunctions

17: end function

4. RHRA%RE
A FERT 2B FE'W”FI‘} BoXuiET

TR e & [ feT AL

TR AT

AFRENE
AFLERF I ZBEME T RFRYG

4T A PR R T B e
10 BaFpci® s 4> » w5 Auto MPG ~ Abalone
— 2 {r Wine Quality - 2> izt FH & ¥ £ UCI
ML #&35 &2 (UCI Machine Learning Repository)[14]
¢ oarPeiE o Auto MPG TR B £ ’ﬁ 7 B F e £ 392
EN p*n‘w' o B enEIERNT B e 2 o Abalone ¥

8 B £ 4177 Ei"ﬁ‘?}i » AR P R
CePE 5 o B {8 > Wine Quality FHL & F 11 B4+

£ 6497 £ FAL 5 Eiiﬁi?']%)*?iﬁﬁﬂ%’ﬁ'fo



42 R &K

ARSI AR SHREIRFTREE
A 4 e XN rr 4 E_F 27 Catboost 4p 170 F % =
LEHED TR A A LB Catboost BdFft
ERPEPALIT TR M EARHT
fRf LA AT
4.2.1 A-KEmiE %R

AP DI LI FTREREATT AT AN
B4 e R S
27 CatBoost 4p T F S % T+ /& K #+{- CatBoost
RS T m AL S ko iz AR A - fcfr merged-
conjunctions ' LF R &3 e TR B chb i BT
{2 % 3% %o i {HHeH MAE {r RMSE 514 CatBoost
P 25%14ph o dm F oA AR A RS P R
4> Catboost 4%4p 3T o #Xm & MSE = & > /& %ﬁ#’ﬂﬂ'ﬁ:
s ERpt SEPE R E I TR R T
WA RATHCAIAT AR R 7 R R A harR T
oo ded 1977 0 209 T 5 AR
12 CatBoost #-73) # gt 2 {4 %JY Catboost #
FEME R E Ao

3 »cf it CatBoost ¢ H

dataset MSE MAE RMSE
Brppt g | BR[| BRI R
Auto MPG | +42.12% +23.76% +19.21%
Abalone +12.52% +10.77% +6.08%
Wine +27.48% +15.08% +12.89%

% 1.7 F 7 & CatBoost £ i 5§ #HE FE 1t

4.2.2 A-RAEFEKL & B%E

F B P DG fe sk A KAEHECR T A R e
Catboost #-3| e 4 F ficfr e B B A I F
SR FHRREEFTHR- R0 FITERETAL
W20 §RFAEL PR LR E S o wf RK
%_CatBoost #-2] 27 /4 X B &8 38 PVC £ &
B ehL B2 AZE 20 0 BT OF MAp T
Catboost » F]ff 1 {8 ek X AHHA A K &85 '
¢ BN L R e e MAEACE B Mg
et L gtk o LA PVC EE 2 5 0+
T HIIFTHEEF PVC £ B35 20 20 - PVC

A FEARC] PRz S BHECA P hE RPEIREF
- R JEA P A G AR 4R 4 Catboost
R4 e & PVC WREP > HFE & P

Catboost =1 PVC & & 3| M5 » F4 N4

& BHACTH S PVC B f ¢ M)

A Rt BEATHENPVC B4k 29757 o
T E PVC ' ]

Catboost

CatBoest vs, Decision Trea Feature Imsartance Plot

Auto

Mpg

Abalon

€

Wine

# 2. CatBoost & /- X #+ PVC £/ E & (v &

423 AX A2 v EREA T

PP DL ARTHREATT RREET
f2F o @ d 3t Auto MPG 7 #% § cdicd 43 el 55 1
Fih o AT B % 1 Auto MPG % R TR o i B R
AR 1 kB A KA R F A S R
FAR AR Y AR oA E & BLR dpliciE <
BB RN BCEAR S BRI ANE S KR 3 TR
BRI RAR e g2 e b ppd G i
F LT R 2 ST A R AR T R o 44
T 15 ﬁﬂg IEARLE S o) e L N = W A LI
% KT RECAE i % P IR B R
Bood i @EEETA T 6 R E S B E WA
BBw 15 BESBBERS RS RQRP > 5 H
¥ F 14 iF T horsepower X3t 84.5 fr 12 e

i

model year % 1977 & 115 o #yt ¥ H|dr > gt



horsepower <>+ 84.5 ¥ model_year i 1977 {$ e @

FRE G REMPG T i L 4 o

displacement

<=110.5
yes no
displacement acceleration
<=94.0 <= 14.75

yes no yes no
Prediction Prediction Prediction Prediction
= 36.47 = 33.46 = 31.78 =28.97

Bl 3.4 AR T 1

BmAAKEY

AT R = 7 #- CatBoost A iv 5 H - 4%

AT A BTRE REL G T ST
Bt Al AT RE Y P AR AT A2 EFT
BEAVE LT L RFEL DRAHATY
® & £12% Conjunction Set » j&A HF 7 & 3] i
WEE TRt X R A BT e 2
hE - AR S O ] PE AR e AR AR
ARME- HPCTREEZ AL FTRECR

PR RES E O R A i M ofE it

6. 3%

(1]

D. Castelvecchi, “Can we open the black box of
AI?,” Nature News, vol. 538, no. 7623, p. 20,
2016.

A. B. Arrieta et al., “Explainable Artificial
Intelligence (XAI): Concepts, taxonomies,
opportunities and challenges toward responsible
AlL” Information fusion, vol. 58, pp. 82-115,
2020.

M. T. Ribeiro et al., ““ Why should i trust you?’
Explaining the predictions of any classifier,” in
Proceedings of the 22nd ACM SIGKDD
international  conference on  knowledge
discovery and data mining, 2016, pp. 1135—-1144.
S. M. Lundberg and S.-I. Lee, “A unified
approach to interpreting model predictions,”
Advances in neural information processing

systems, vol. 30, 2017.

(3]

(6]

(7]

(8]

[9]

[10]

[11]

[12]

[13]

[14]

C. Bentéjac et al. “A comparative anal1620 ysis
of gradient boosting algorithms,” Artif. Intell.
Rev., vol. 54, no. 3, 1621 pp. 1937-1967, 2021.
P. Biecek and W. Samek, “Explain to Question
not to Justify,” arXiv:2402.13914, 2024.

M. P. Neto and F. V. Paulovich, “Explainable
Matrix - Visualization for Global and Local
Interpretability of Random Forest Classification
Ensembles,” IEEE Trans. Vis. Comput. Graph.,
vol. 27, no. 2, pp. 1427—-1437, Feb. 2021

J. Hatwell et al “Ada-WHIPS: explaining
AdaBoost classification with applications in the
health sciences,” BMC Med. Inform. Decis.
Mak., vol. 20, no. 1, p. 250, Dec. 202

I. D. Mienye and Y. Sun, “A Survey of
Ensemble Learning: Concepts, Algorithms,
Applications, and Prospects,” IEEE Access, vol.
10, pp. 99129-99149, 2022.

M. Rose and H. R. Hassen, “A Survey of
Random Forest Pruning Techniques,” 9th in
ICCSEA 2019.

A. 1. Weinberg and M. Last, “Selecting a
representative decision tree from an ensemble of
decision-tree models for fast big data
classification,” Journal of Big Data, vol. 6, pp.
1-17,2019

T. Vidal and M. Schiffer, “Born-again tree
ensembles,” in /CML, PMLR, 2020, pp. 9743—
9753.
O. Sagi and L. Rokach, “Approximating
XGBoost with an interpretable decision tree,”
Information Sciences, vol. 572, pp. 522-542,
2021.

Dua, D. and Graff, C. (2019). UCI Machine

Learning Repository

7 . %N)%T

BB E AL ED it s s P h

Bt 112-2221-E-194-014-MY3 -



