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Abstract

With the evident increase in demand for electronic book procurement in universities, this paper
proposes an optimized model, LHGCAT-XDF, by integrating the LightGBM and CatBoost algorithms
to enhance the efficiency of procurement decision-making. This model has the characteristics of
low memory consumption of LightGBM and low time complexity of CatBoost. Experimental results
demonstrate that LHGCAT-XDF outperforms traditional machine learning models in comprehen-
sive performance, effectively overcoming the limitations of traditional procurement models in
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precision and efficiency. This provides reliable decision support for electronic book procurement
in university libraries.
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Figure 1. Schematic diagram of the LHGCAT-XDF algorithm
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Figure 2. Flowchart of the electronic book procurement forecasting model
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] Ffr = AL B 0SB R e AT ONME R, AR X i T B PE O A R B B, RS
3oL 10 X ORI ) S8 Pl 5 PR TR YR 55 7 BRI (B MRS o X A R IR R Bl — > A (3 4%,
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Table 1. Overview of influencing factors in electronic book procurement

1 BTEBRWEMER—K

EAISE S R bR L[ I R
T BT EBTE G40 H L BB AR LN R RS S
o SR BT AR G 4 I T A T R B Vs
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Table 2. Model evaluation criteria
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VP e ax At
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Table 3. LightGBM classification model parameter settings
%z 3. LightGBM SRR S HIL

ZH il 24 Hfy
Learning_rate 0.005 Feature_fraction 0.8
N_estimator 927 Num_leaves 10
Max_depth -1 Max_bin 245
Bagging_fraction 0.6 Bagging_freq 0

XL S HGEAT IR, BRI ORI . O T AERRLR AT I [ AR R 2 T BT A,
ITT 2K . B, T 2450 N_estimators = 927, fF{3 AL kR RIAH] T 79%.

3.2.3. #RAIRTEL

N T TR IR FE AR T R R, XFEARBIE AL 7 A& Si ) % SI R (LightGBM . BENLARHK |
KNN. CNN)ZEAT 710, 5K 5 MR PPN TR AR AT T XL (e LS 4). BAREE b, PR HE
IR E] T 79.0%, B HEOS AR . fERSOREE T, PREEARMRNY 83.72% iz e T HARAR AL . A [m] 2
R S PERN FL 0 BRI R I T IR FE AR XL B 3h o RS AL LML ES 2 S B ALIE AT I IR B, (HR
AT A PN R AR A an IR B AR AR 45 AR 5 -

Table 4. Performance evaluation table for various models

® 4 BARBIYREITMAER

it LightGBM BEALAR AR KNN CNN LHGCAT-XDF
HERf 2 (Accuracy) 71.0% 71.5% 69.5% 72.5% 79.0%
¥ Uk (Precision) 77.63% 77.22% 76.71% 77.78% 83.72%
7 [ % (Recall) 0.59 0.61 0.56 0.63 0.72
5521 (Specificity) 0.83 0.82 0.83 0.82 0.86
F1 {E(F1-Score) 67.05% 68.16% 64.74% 69.61% 77.42%
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AR, Ak, $RE T —FET LightGBM 1 CatBoost (iR #x Ak, B LIGHT-XDF. 7EZ¢
FRMABINT LightGBM #1 CatBoost, i) CatBoost #2& 1 A7 () TS HESE, [t LightGBM 4
R T BRI R A . LIGHT-XDF SEAE A 2 (AT A B A i B P Pe sl A7 SR Tl .- s &5
REIR, MBTHARBA, LIGHT-XDF fELR&1ERe ERIUER . Aok TARK @ 7EA [F] B 45 1R TR AL
e Lk — BT ERE IR, RIGIUE LIGHT-XDF Sk &Mz LRE S, FF2RN F 2 R BoA,
P2 o B A L PR A SR T R AR

E&WE

MEAEEFH2RFEESTH “NTHEHEAREGREPREERE R HRR” (W5
21YBAL79); 14 i B TR (0 H % 5. 2023L033).
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