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Abstract

This study investigates the impact of various sampling
techniques on machine learning models' performance
in handling imbalanced datasets. The experiment
compared sampling methods including ROS, RUS,
SMOTE, ADASYN, and Gamma Distribution,
combined with classification models such as LR, RF,
SVM, and KNN. Four datasets with imbalance ratios
between 10:1 and 15:1 were used for testing. The study
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employed Minority Recall, Majority Recall, and F1-
Score to evaluate model performance on both minority
and majority classes.

Experimental results show that all sampling methods
significantly improved models' ability to identify
minority classes. RUS achieved the best Minority
Recall performance but affected Majority Recall;
SMOTE and ADASYN demonstrated the most stable
performance, enhancing Minority Recall while
maintaining satisfactory Majority Recall. Gamma
Distribution sampling provided a balanced solution
between these approaches. Among the models, RF not
only performed better on original data but also showed
excellent stability when combined with sampling
techniques. We found that no single method performed
best in all scenarios. For practical applications, it is
recommended to select appropriate sampling methods

and model combinations based on specific
requirements.
Keywords - Imbalanced data, Sampling, Machine

Learning, Logistic Regression, SVM

1§ 4

PBEEY o R4S > TR I
(Imbalanced data) & % s sgn|enik AE X F 7
T § RO e Y ik fr T
BEO ST APREDEIE wFFD
ST[17]~ 3E e RI[12] % > 3R 2 TR T e BiE
CEEuE R E A PR B
S EE Y S AL AASTIE TR AR 4o
FF g R PR RPONE T TR
B BE Y AR R Vb S B

M eni i oA & B > 51 ~  Majority Recall %

*ﬂMﬁMwL

>

Minority Recall i¥ & #7em® i 4p 4% o



2. % jriF
217 THEFHE

BRI T GEF AL G B TRl R 2 45
BAFuhE B FRIFAIL B BN EE R
SRR o BJR R A +*
BaBEEY ﬁi%mdﬂﬁﬁﬁﬂui
LR PG RdE A T ERR AT R R B

PR FEA[8] -

22 B2
B Lo S E R AL e IR S
e T
- FLRER < I ﬁiii—i%ﬂ? FRE - ¥ i R
o2 AT TR N KA R A M Behli -
EHEPTOR T TR A AR R AT o -
v i $% $k (Oversampling) fo % £

Holg W) B 2R
ﬁ%? LRI EP‘-”}‘!

oy
_,’|!;+

(Undersampling) e % > 4p B F7 3 BE 77 © 3 40 > dc

B R At R S B u R A c[13] 0 i
SMOTE # i o’ fcdg |t A i (4B m ke 4 &
R A RUT A T HEF R A B F e b g ) 0
Rlic 4 % 2 L RF % & SVMSMOTE 2]+ #t
AT R S A TR AR

£ £ H % Fl-Score 2 AUC #p %+ [11] -
K@ B P B BB SRR iy cR A o
Fops g PE R LT A R T AL (data 1eakage)’
T ARG RO R[16] 0 L H 5 AFH
FRSHCAR USRS P § PRIE TR - bl
<2 LRI T AL MR B

€

Ee
%

F_L

&
-\]ﬁ
Ry

f’r fF]—‘%;: £

T R ST I R E y  B
RS S|P ST ST
233 4

Brr ¥ (Accuracy) H_¥ * hfFE 8 - fv 4t
WATHEERE B LS RE

SEEEE S RS SR EEL SR
o [15] » F1¢ > AFZ 3 % Fl-Score ~ Recall % %

I

3. #A12 2 2
31 $EF ¥ #3

B %"Ti&fﬁ% (Logistic Regression, LR) * ** 3
Bz AR o v BTRRE 3 - BRI
FOUTERIFE AR /A e /10 EE g 4 eh
Bg LR RLR? HFR B E KT EH
[10][14] - €8 #+k (Random Forest, RF) - f&
TEY2E Ao FiEi o RF 4 S
A-H M (decisiontree) e [4]> 2 RIZ FEH IR
TAES f BRA RS B2 kR F
B KA AT R R IR R B E T AR
BHERIE ST 5 Bk AR EFNIRE S KA
#H O A EDERE R -

L # v £ (Support Vector Machine, SVM)
P EEFS - BTG kLS TR 2 Y
FALB] e AFEL R P MPET A SVM o 5 B4 T
- B R DAY BT R FIEE S AT
& o KiT#% (K Nearest Neighbor, KNN) & - a7
hDRERY DEEEY 2 E[6]c & KNN jwd
P b e AR BT AR K B A ep
BE KA BN TR R PRI HF(FS
FAEE AT ERE ¢ o B e 45 D A
Fen K B asA - #4958 K B AR A a0 3 o ) &

AR ATEL G| o
32 HE R

3.2.1 8 % (Random Oversampling,
ROS)

HENT AT B
TR sl L

;\u

| rﬂ’fiﬂ\j\—l@h‘ FLE
CIREE G TR

H 8857 EREAERE[2]

3.2.2 ¥ T ## (Random Undersampling,
RUS)

% ROS Ap 7 ot = 2 B R~ 7 o
BuEARTEERE LR R ITHE Y R
HAOCRBLIFRIALE TR AR
Vo R gLt a4 2 K [2] e



3.2.3 SMOTE (Synthetic Minority Over-
sampling Technique, SMOTE)
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3.2.4 ADASYN (Adaptive Synthetic Sampling
Approach, ADASYN)
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1D Dataset Repository Ratio #S #F
1 car_eval 34 UCI 12:1 1,728 21
2 us_crime UCl 12:1 1,994 100
3 libras_move UCI 14:1 360 90

4 thyroid sick UCI 15:1 3,772 53
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TP: True Positive; FP: False Positive;
TN: True Negative; FN: False Negative.
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Performance based on F1-Score
Sampling
Dataset ~ Model Non SMOTE ADASYN RUS ROS Gamma
LR 0.855 0.835 0.827 0.638 0.827 0.603
1 RF 0.880 0.910 0.911 0.738 0.914 0.893
SVM 0.871 0.913 0.913 0.678 0.913 0.602
KNN 0.097 0.527 0.546 0.537 0.097 0.612
LR 0.494 0.480 0.459 0.455 0.479 0.456
2 RF 0.464 0.484 0.489 0.447 0.458 0.495
SVM 0.510 0.471 0.450 0.438 0.445 0.449
KNN 0.416 0.440 0.430 0.405 0.423 0.402
LR 0.553 0.745 0.728 0.400 0.729 0.720
3 RF 0.567 0.839 0.823 0.409 0.683 0.790
SVM 0.813 0.753 0.717 0.489 0.697 0.648
KNN 0.813 0.760 0.760 0.491 0.758 0.694
LR 0.154 0.451 0.449 0.327 0.446 0.323
4 RF 0.838 0.868 0.875 0.710 0.875 0.805
SVM 0.000 0.486 0.481 0.342 0.483 0.330
KNN 0.500 0.529 0.516 0.415 0.522 0.440
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Performance based on Minority Recall
Sampling
Dataset  Model Non SMOTE _ADASYN RUS ROS Gamma
LR 0.777 1.000 1.000 1.000 1.000 1.000
1 RF 0.843 0.903 0.918 1.000 0.940 0.895
SVM 0.851 1.000 1.000 1.000 1.000 1.000
KNN 0.052 0.888 0.873 0.926 0.052 0.820
LR 0.393 0.780 0.793 0.873 0.800 0.820
2 RF 0.360 0.493 0.527 0.867 0.380 0.580
SVM 0.393 0.767 0.780 0.860 0.760 0.800
KNN 0.327 0.713 0.707 0.820 0.473 0.707
LR 0.410 0.840 0.840 0.910 0.880 0.920
3 RF 0.420 0.760 0.760 0.880 0.550 0.750
SVM 0.710 0.840 0.840 0.960 0.840 0.880
KNN 0.710 0.870 0.870 1.000 0.750 0.790
LR 0.087 0.883 0.879 0.853 0.879 0.909
4 RF 0.776 0.840 0.844 0.948 0.844 0.749
SVM 0.000 0.874 0.861 0.879 0.874 0.918
KNN 0.381 0.602 0.606 0.866 0.580 0.490
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Performance based on Majority Recall
Sampling
Dataset  Model Non SMOTE _ADASYN RUS ROS Gamma
LR 0.997 0.967 0.965 0.904 0.965 0.889
1 RF 0.994 0.993 0.992 0.940 0.990 0.991
SVM 0.991 0.984 0.984 0.919 0.984 0.888
KNN 1.000 0.875 0.888 0.871 1.000 0.925
LR 0.984 0.879 0.863 0.838 0.872 0.853
5 RF 0.985 0.957 0951  0.834 0979  0.941
SVM 0.988 0.878 0.861 0.831 0.863 0.855
KNN 0.980 0.875 0.870 0.817 0.939 0.854
LR 1.000 0.967 0.958 0.806 0.952 0.949
3 RF 1.000 0.997 0.994 0.818 0.997 0.988
SVM 1.000 0.967 0.961 0.848 0.952 0.934
KNN 1.000 0.967 0.967 0.827 0.982 0.964
LR 0.998 0.867 0.867 0.780 0.865 0.757
4 RF 0.996 0.994 0.994 0.953 0.994 0.993
SVM 1.000 0.887 0.888 0.785 0.886 0.762
KNN 0.991 0.957 0.952 0.848 0.958 0.952
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