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Abstract

In today’s era of big data, imbalanced data widely exists in many fields, such as medical diagnosis,
financial risk assessment, industrial fault detection, etc. The extremely imbalanced distribution of
sample categories has brought great challenges to data analysis and mining. With the increasing
dependence of various industries on data-driven decision-making, the problem of imbalanced data
has become more and more prominent, which has seriously affected the performance of various
machine learning models, resulting in poor performance of the model in identifying and predicting
a few samples, which may lead to a series of serious consequences, such as missing rare diseases in
the medical field and ignoring potential high-risk customers in the financial field. In the past, the
processing methods for imbalanced data were mainly divided into single over-sampling and single
under-sampling. Single oversampling increases the number of samples by copying a few types, but
it is easy to cause over-fitting problems; Single undersampling deletes most samples to balance the
distribution of categories, but it may lose important information. These traditional methods are
difficult to effectively improve the classification performance of imbalanced data in complex data
environment. This study uses game sampling method to break through the limitations of traditional
means. Taking the imbalanced data set of diabetes as the research object, after fine pretreatment of
the original data, the balanced data set is generated by single oversampling, single undersampling
and dynamic game sampling respectively, and a random forest model is constructed based on this.
The model output under different sampling methods is compared, and the advantages and disad-
vantages of each method are analyzed.
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Figure 1. Schematic diagram of oversampling
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Figure 2. Schematic diagram of oversampling
B 2. ERHEREE
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Table 1. Dimensional analysis

=1 BEESH

W SMOTE Tomek Links IR
0 A BT AR R AR MR B AR DR E T Il KA S
AT RHTREA e Sulb; St RRREMIENZS LA
ﬁﬁﬁ}ﬁﬁéu[ﬁ] ﬂﬁé%lkuﬁ%(ﬁ’g%%ﬁgg {‘%%ﬁ;‘éﬁéﬁﬁg{%‘%\ T%%%ﬁ%ﬁi@ﬁﬁézkﬂﬁ

X 150 (7] i 48 5 /> R 2 B

ERE DR ER B ERE SEEAETIREAMEE PEATEEIRE 5%~20%)
<5%) I K L7 e 7 b

2.3. BEHARMEE

Bagging AV EE— Rl — AR AR ABEAT I 25, SRR 2] &, BAIAACEL, MREAS B 2 A JE
an, ARREREA ST DS, IS R EBIER 2 I BEHLARMGE Bagging R IOACERAR
Mo FENLARAR[SIBRIACR A CART SENEEE 2148, REMr KA BT, & —FeRENLALE— & R A

DOI: 10.12677/sa.2025.145136 185 gt FE 5N


https://doi.org/10.12677/sa.2025.145136

FHENZRF 21 4%, BENLARAR n BB Qs 3 fos:

SR, BEANE
FilgE —>| RN |—>| S '—

A

I, BN | BRI "
s FillE2 ——| IR |—>| m | o e

IPRFAE. BEAHE

Filllgrgek Rk ik

Figure 3. Schematic diagram of a random forest
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Table 2. Variable explanations
R LERE

AR EAATR B3y 2
Pregnancies PREIREL
Glucose 1 4 7 2 WA B
Blood Pressure Il (mm Hg)
Skin Thickness S JRAE 5 5 (mum)
Insulin 1375 1 & 2K (mu U/ml)
BMI DA o AR B (A (kg)/ B i (m)?)
Diabetes Pedigree Function R PRI 2R 0%
Age R (D)

BRI 70 FHR 209 Outcome, Ros 2 B EATHEIRIE, 1 AR EAREIRIA, 0 AFRAREWE R i
L IEGREAR I AT, IEREARCEA R R B, FOREARCR BRI BB Z .
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Table 3. Explanation of the positive and negative examples

= 3. [Ef IR

TR N IER] TR R 5
FENIER TP FN
=Ry Skt FP TN
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4.1. XM

M FH B2 7R b AR 5% 22 50O 05 12 I PR PR e SRR AL AT G BT o TH AR AR AR B 2 [R) DL R
LA & 5 73 FhR 25 (Outcome) Z [H KA G R EL, SR DMK REUERE 2. Mo Hrds Ranlal 4 wan, e

FHEZ BRI RN E

1.0

BloodPressure

-0.6
SkinThickness

-0.4

0.2

DiabetesPedigreeFunction

Age -

0.0

Outcome -

Pregnancies -

SkinThickness

DiabetesPedigreeFunction

Figure 4. Correlation heat map
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BTN B (Glucose) 5 72 7 B BE R (Outcome) E IV R IEA 5, FH52 REUA R 0.65. 1X 3% B I 3% 55
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AT RN % . T PR 451 (Skin Thickness) I 1 & 2 (Insulin) BEAR X W R A — 0, (HE
115 Outcome [IAHSCHEAINTHS, MR REHHIN 0.25 A1 0.3, JEISHSMESHT, HE—D T 4
FERE PRI IZ W ) B R ENA R R, N RS R @ R A 1 S A B PR I A

SEG B 7R Glucose 5 Outcome FH2% R X 0.65 (p<0.01), EIRIE 1 AT 25 AL B R A% 0095 FLRFAE
M HIERFEAE Glucose FFEHEENEA I, U6 Z 7 L RE MR AR BN SC B A= VI B (M SO,
X 5 HbAlc(HEAL M AL 8 P/ A SR AE 2 W AR A I I PR S B — 3. (5 BMI A SGYERACA,,  HED DR AR
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Table 4. Experimental results
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KA T Y TES BHER |EAE F1 M3 AUC
Rk 0.7208 0.6071 0.6182 0.6126 0.8120
SMOTE 0.7662 0.6338 0.8182 0.7142 0.8290
Tomek links 0.7402 0.6190 0.7091 0.6610 0.8185
BAHIERFE 0.8491 0.9412 0.6333 0.8871 0.8893
4.3. R

AT FRARTELE A MR RETR AR DIV IRA R, 1207 IR TE PR 12 R 5 BT BT I 7 #6 77 T 2 A Ahvs
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e A 5 FH P 2 P BB A 0 o IRV 63.33% A 4 56 T R I8t il 20V 70 KB 3, {HL AT Je o 82 AR P XU PR 4
BEATAME, XBFF S IDF TR RIR & e @i . SMOTE B AR FHENFL, FNHAERE
HEFZE . F1 20800 AUC 5548 F5, 75 PEr40HE 77 T A B 8UR s Tomek links J7 2500 & fabr i A — i 1942
FHER, ABAIXT AT A VR RO RACBR (B 7E & R bR LR IUARXS B2, 1 B i g 4738 2
(1) b RN KA 7 310 B P RE 95 A5 e THEE AL IR P e
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