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An Imbalanced Data Processing Algorithm Based on Similarity—
Discernibility Matrix

YI Xiaoyun, JIANG Danyang, LIU Xiangyuan, GUO Zhijun
(School of Information Science and Engineering , Hunan Normal University , Changsha 410081, China)

Abstract: Imbalanced data classification remains a significant challenge in machine learning. Conventional methods treat feature selection
and oversampling as independent processes. On the one hand, this independence distorts feature importance evaluation and introduces sam-
pling noise; on the other hand, feature assessment typically considers only the discernibility between samples from different classes while ne-
glecting the similarity within the same class, making it difficult to accurately identify discriminative features. To address this issue, this paper
proposes a unified processing algorithm for imbalanced data based on the similarity—discernibility matrix (ISDM). The algorithm introduces
the Similarity—Discernibility Matrix (SDM), which simultaneously captures the discernibility between different classes and the similarity with-
in the same class, enabling multi—perspective quantification of discriminative information for both samples and features, thereby providing a
unified measurement basis for feature selection and sample quality evaluation. The algorithm first employs SDM to remove redundant features
and construct a low—dimensional feature space, then performs clustering and weighted interpolation on minority class samples based on SDM~—
computed sample importance, ensuring that feature selection and oversampling collaborate under a consistent information measure, avoiding
performance loss caused by information fragmentation. Experimental results on 12 benchmark datasets demonstrate that ISDM achieves F-mea-
sure of 85.69% and 84.43% under CART and NN classifiers respectively, and AUC of 91.67% and 92.23% respectively, with average im-
provements of 2.22% to 9.88% over comparative algorithms, validating the effectiveness of the algorithm.
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Linitialize SDM = (¢,) . ¢,=[0,0,,0]

2.FORi=1ton,j=i+ lton DO

3. Compute ¢, using Eq. (1)

4.END FOR

5.Red =D, SDM' = SDM

6.WHILE d¢; € SDM'suchthate, # [0,0,:-,0]DO

7. ¢ = argmax,_._p FI(c)

8. Red = Red U {¢"}

9. Ye,with ¢,(¢)=1: ¢, < [0,0,-,0]

10.END WHILE

11.Compute SI(x) for all x € U,,,; and partition the samples in-
to p clusters via S/ quantiles.

12.Compute G, for each cluster C, using Eq. (7)

13.FOR each cluster i = 1, 2, ---, p DO

14.  WHILE generated samples < G, DO

15. Generate x,,, by interpolating two random samples

from cluster i using Eq. (8)

16.  END WHILE
17.END FOR
18.RETURN Feature—selected and oversampled dataset
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Table 1 Dataset information

R1 HEEER

Hltk FEA S FHIERL AT 3
Ecolil 336 7 3.36
Vehiclel 846 18 2.89
Vehicle2 846 18 2.88
Pima 768 8 1.86
Yeastl 1484 8 2.45
Kddcup—guest 1642 41 29.98
Kddcup-buffer 2233 41 73.43
Kr-vs—k—three 2935 6 35.23
Colon 62 2 000 1.81
Leukemia 72 7070 1.88
Gli_85 85 22283 2.26
Electrical 10 000 14 1.76

IW-ST . MC-DP . IW-DP ,MC-CDA FI IW-CDA 7 Ff X} [t 3
B BRI 9.85% .4.90% . 11.88% .5.80% .9.26% .4.94% F
2.77% ;1SDM B3ETE TR 4 119 AUC H8 ARk 2 i e 1
(T IR —) , BRE3E R 91.67% , 8¢ 7 Bkt FL 315 4%
942 TF 5.22% . 3.51% . 8.56% . 3.34% . 7.12% . 1.71% FlI
2.34%.,

Table 2 F-measure comparison of different algorithms on CART classifier

F2 AEEETE CART 4325 ) F-measure Lb 5 (%)
BiE g RAW ISDM KNMRS MC-ST IW-ST MC-DP IW-DP MC-CDA IW-CDA
Ecolil 78.79 85.58 79.36 79.61 79.94 78.50 81.00 85.90 84.05
Vehiclel 48.13 61.09 49.56 54.27 55.25 58.84 58.46 62.91 62.25
Vehicle2 90.88 95.03 91.09 93.34 89.14 92.78 91.04 89.67 92.93
Pima 58.99 67.58 59.82 61.94 59.09 62.01 58.96 67.51 65.95
Yeastl 44.95 57.31 50.00 53.84 52.07 56.25 50.73 59.48 57.73
Kddcup—guest 97.23 100.00 97.13 98.26 97.23 99.05 98.18 97.23 100.00
Kddcup-buffer 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Kr—vs—k-three 96.15 99.53 100.00 99.43 96.31 98.28 96.97 97.65 98.29
Colon 64.33 76.47 65.28 73.58 43.87 62.23 59.29 76.32 65.58
Leukemia 84.67 94.55 90.51 96.36 84.14 91.92 94.14 91.96 90.55
Gli_85 73.52 91.21 74.05 75.70 73.29 72.07 78.78 80.89 83.24
Electrical 99.97 99.97 99.97 99.96 99.71 99.97 99.66 80.79 99.97
RSN 78.13 85.69 79.73 82.19 77.50 80.99 80.60 82.53 83.38

1 :MC-ST 5 IW-ST 4351y MC-SMOTE 1 IN-SMOTE ({455 , FIA].

Table 3 AUC comparison of different algorithms on CART classifier

£3 FEEXRECARTHERE FHAUC LR (%)

Bda g RAW ISDM KNMRS MC-ST IW-ST MC-DP IW-DP MC-CDA IW-CDA
Ecolil 92.70 94.83 90.49 87.51 86.34 90.09 86.08 95.99 92.54
Vehiclel 74.19 79.27 75.06 75.73 74.17 75.08 74.40 78.89 78.29
Vehicle2 95.14 97.68 95.30 95.89 94.78 96.91 95.32 96.06 97.66
Pima 74.35 77.35 71.02 73.54 77.13 73.76 75.96 78.11 76.06
Yeastl 69.37 74.57 70.66 70.89 67.30 73.14 73.89 75.10 72.26
Kddeup—guest 99.03 100.00 98.06 99.94 99.03 99.97 99.94 99.03 100.00
Kddcup-buffer 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Kr-vs—k—three 98.24 99.98 100.00 100.00 99.85 100.00 98.91 99.96 99.95
Colon 72.50 84.13 81.75 83.75 58.63 77.88 70.19 91.25 75.19
Leukemia 88.78 97.98 92.89 97.89 88.78 97.78 95.78 91.89 93.78
Gli_85 79.64 95.42 84.20 79.61 79.50 81.89 81.65 86.77 88.97
Electrical 99.97 99.98 99.98 99.96 99.76 99.98 99.80 87.41 99.98

XA 86.99 91.77 88.28 88.73

85.44 88.87 87.66 90.04 89.56
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TE KNN (k= 3) 702548~ , ISDM B ik R A R B 5+
F-measure 8 FR1E 7 5088 45 I8 B 0 AE , SRS A
84.43% , %5 7 PR LUV 3 4 T 7.58% . 8.94% . 10.16%
6.46%.9.21% .4.16% F12.22% ; AUC $§ b 78 6 AR 4 I

BBV AR, SACF B 92.23% , 587 FodS LS8 23 5
& T+ 1.69%. 1.84%. 2.50% . 2.36%. 3.13%. 1.65% Fi
1.56%.

Table 4 F-measure comparison of different algorithms on KNN (% = 3) classifier

T4 AEEEEKNN (k = 3)4 225 EHY F-measure L (%)
B e RAW ISDM KNMRS MC-ST IW-ST MC-DP IW-DP MC-CDA IW-CDA
Ecolil 77.11 83.88 75.94 81.43 77.24 82.43 78.28 89.54 82.33
Vehiclel 52.33 62.15 53.03 59.83 57.34 60.24 58.36 62.04 59.94
Vehicle2 89.75 90.46 94.09 88.45 87.33 89.77 87.02 83.52 89.33
Pima 58.53 69.07 60.13 65.91 65.71 63.16 62.16 67.48 66.51
Yeastl 48.78 59.85 49.09 57.34 56.61 58.26 57.05 61.61 59.95
Kddcup-guest 99.05 100.00 95.31 100.00 100.00 98.18 99.05 97.14 100.00
Kddcup-buffer 98.18 100.00 100.00 100.00 98.18 100.00 98.18 100.00 100.00
Kr-vs—k~three 90.79 97.65 97.53 86.70 91.95 84.68 91.21 89.52 97.11
Colon 59.86 78.32 71.23 68.25 54.22 63.05 61.04 78.06 73.66
Leukemia 81.10 94.55 85.57 64.83 75.85 94.85 71.11 90.18 92.36
Gli_85 71.67 89.29 65.15 70.38 69.91 70.12 78.78 73.94 78.72
Flectrical 87.38 87.89 97.24 86.89 85.39 86.97 85.43 79.63 91.25
EHIE 76.21 84.43 78.48 77.50 76.64 79.31 77.31 81.06 82.60
Table 5 AUC comparison of different algorithms on KNN (k=3) classifier
*£5 ATEEXRAEKNN (k=3)4 %8 FHIAUC LB (%)
pIETE S RAW ISDM KNMRS MC-ST IW-ST MC-DP IW-DP MC-CDA IW-CDA
Ecolil 94.27 95.23 93.89 93.98 92.35 93.97 92.18 95.42 92.58
Vehiclel 80.77 80.28 79.14 81.89 80.81 81.90 80.25 81.59 80.20
Vehicle2 98.88 99.11 98.99 98.81 98.00 98.99 97.99 96.14 98.35
Pima 76.72 80.40 78.29 78.20 77.65 77.78 76.05 79.19 78.46
Yeastl 75.08 76.07 75.29 76.73 74.13 77.07 75.62 77.50 76.13
Kddcup-guest 100.00 100.00 98.02 100.00 100.00 100.00 100.00 100.00 100.00
Kddcup-buffer 100.00 100.00 100.00 100.00 98.33 100.00 100.00 100.00 100.00
Kr-vs—k—three 99.31 99.98 100.00 99.90 99.32 99.27 99.30 99.91 99.97
Colon 76.44 85.94 88.44 81.69 84.69 71.19 79.94 87.13 77.75
Leukemia 93.38 97.78 96.00 90.11 90.09 98.67 86.71 94.93 95.47
Gli_85 92.05 93.97 78.71 89.45 89.82 86.23 90.39 85.42 92.98
Electrical 96.67 97.62 99.71 95.94 94.62 96.14 94.77 91.50 97.88
T 90.30 92.23 90.58 90.56 89.98 90.10 89.43 90.73 90.81
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Fig.2 Average ranking of F—-measure and AUC evaluation metrics for various algorithms
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Table 6 Comparison of running times of different algorithms
F6 AEEXIZITHELLE (s)
. ISDM KNMRS MC-ST IW-ST MC-DP IW-DP MC-CDA IW-CDA
R FS 0S FS 0s 0s FS 0Ss FS 0S FS 0Ss FS 0S
Ecolil 0.09 0.89 75.50 0.37 8.84 1.42 0.23 2.37 7.88 0.05 3.38 0.05 219.35
Vehiclel 1.17 1.33 304.90 0.26 7.79 37.59 0.31 35.06 6.40 0.45 6.83 0.45 274.42
Vehicle2 1.12 1.24 291.92 0.23 9.26 3591 0.24 32.89 6.48 0.40 6.67 0.41 260.25
Pima 0.55 1.72 214.51 0.39 7.52 35.11 0.39 69.40 4.41 0.41 21.33 0.28 151.22
Yeastl 1.58 2.71 735.25 0.58 9.77 39.61 0.56 36.25 7.95 0.70 13.20 0.73 211.29
Kddcup—guest 2.45 191 1 840.60 0.32 75.18 72.22 0.13 63.14 62.98 0.15 3.25 0.18 1 027.00
Kddcup-buffer 3.94 1.64 3 334.60 0.12 295.09 121.50 0.11 108.00 126.68 0.12 2.03 0.16 3175.90
Kr—vs—k—three 6.59 0.70 2 354.40 0.25 100.87 112.30 0.24 101.75 76.46 0.22 5.20 0.26 1 827.50
Colon 0.41 0.48 97.81 0.13 14.24 12.04 1.37 9.02 5.49 1.75 1.51 0.22 65.16
Leukemia 0.98 0.41 341.72 0.35 21.81 126.41 0.14 119.24 29.76 0.50 1.26 0.60 63.04
Gli_85 5.77 0.46 1421.20 1.64 55.15 2901.48 0.06 592.38 73.75 2.92 1.41 3.30 89.31
Electrical 202.12  25.79 36 733.70 5.96 8.34 8019.23 8.81 8141.20 18.99 341.60 152.62  82.87 250.08
T 18.90 3.27 3978.80 0.37 51.15 742.07 1.05 775.89 35.60 29.11 18.22 7.46 634.55

1 (DFS 15 08 43 4RI 1 P 53 SRRE B BORER s @447 B9 FS e/ IMELITHL 2 /5% , OS St/ IME LUNHLAHA 7% .
KNMRS 1E Ry 2l R AR e 56 07 vk Rl FE R L R A7 BAE RS040 S RAEAY MC-ST I IW-ST 3L R B 1T 8 I i R AIE L 7
PEAE (1 Gli_85) ik #E M FEIEEL (18.2) 2 T ISDM. FEiR o AE RS AR AT RE I 4 R HE R R, 25 [ i, ISDM
B HTEEH ,MC=DP A IW-DP 78 Z 5080 55 F B A0ERAE 3B ad AT R R AR e R M, 7 (5 43 28 1k B %) ) e I8 8 e
B>, FIAL T MC-CDA Fl IW-CDA, Hr VT IS TR B, P v ARSI ) T 3 T R AT R

Table 7 Comparison of the number of feature subsets across different algorithms

®7 FEEEFEFENBILE

e RAW ISDM KNMRS MC-ST IW-ST MC-DP IW-DP MC-CDA  IW-CDA
Ecolil 7.0 6.6 5.6 7.0 7.0 6.0 6.8 6.0 5.7
Vehiclel 18.0 18.0 11.8 18.0 18.0 17.2 18.0 17.4 14.2
Vehicle2 18.0 17.8 11.0 18.0 18.0 17.0 18.0 17.0 14.1
Pima 8.0 8.0 5.8 8.0 8.0 8.0 8.0 8.0 7.9
Yeastl 8.0 8.0 7.8 8.0 8.0 8.0 8.0 8.0 8.0
Kddcup-guest 41.0 1.8 8.4 41.0 41.0 1.6 28.6 1.4 2.8
Kddcup—buffer 41.0 1.0 3.4 41.0 41.0 1.0 27.0 1.0 1.0
Kr-vs—k—three 6.0 4.0 4.4 6.0 6.0 6.0 6.0 6.0 4.7
Colon 2000.0 7.0 6.4 2000.0 2000.0 32 3.4 3.4 7.3
Leukemia 7070.0 2.0 7.0 7 070.0 7070.0 2.0 2.0 2.0 4.1
Gli_85 22283.0 7.4 18.2 22 283.0 22 283.0 4.6 4.6 4.4 6.9
Electrical 14.0 13.0 3.6 14.0 14.0 1.0 13.0 13.0 13.0
2 ISDM 3 o 44 i G0 — Ab BRHE SR  FT % 1 1% 48 7 WA R AiE i
5 #iE 5 1 RAEAN ST FAT SR B o 92 5 3k U AL A P A

B, ) s 25 R S 26 DX 70 B R AR AL , S iR 1 B — AL
ARSCHR L T S R AR B O AP B o — A B S R 2B E RO , SCBL T RHIE 2 () S A S e
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