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2.1 SRIOEIE
AT D003015 45 12 A B4 4 ¥ A
AutoML""® M 34 ( hitp : //39. 100. 246. 211 : 8050/ Data-
set) , NP U AE W ECIR A TE A5 B WLFR 1,
®1 FAEEMEVBIEE

Table 1 Unbalanced microbial datasets

Bt e

S .
D003015 227 812 1 255 1.55 96. 1
D001327 153 462 1170 2.53 94. 1
DO15212 162 359 1 201 3.35 94.5
D007410 153 274 1170 4.27 94. 1
D003863 145 228 1170 5.13 93.8
D012559 145 224 1170 5.22 86.7
D001714 149 315 1216 8.16 94.0
D0067877 140 86 1170 13. 60 93.6
D008107 136 62 1170 18. 87 93.4
D007674 136 59 1170 19. 83 93.4
D002446 137 58 1170  20.17 93.4
D004827 137 31 1170 37.74 93.4

2.2 XEEE®
2.2.1 ¥ ¥H%

SMOTE (SMO ) i i 75 > RO FE A S H: 3 4 %
LA A= BT FE A 5 AR 4l 20 B AS 1 43 A 9 B
ADASYN(ADA) 7€ %5 Jy s i 19 DX B0 Az Bl 0 22 4 A%
K_means_ SMOTE ( KSMO ) """ 4% & K-means 5
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K4 25 18], 5 GAN 97 38 1 A% A< I 45 i L 491 5
MFSP 455 5 B 43 fife | 25 (8 %1 4 B 51 AARH 7,
T Je ARG 25 P I [ B 0o 08 A RE AR
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A d A -SNE Bk B nr ik, B2 K

2
R
’% 3 0
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Figure 2 Augmentation results of different algorithms on datasets D003863, D007674 and D004827
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Figure 3 Comparison results of Recall, G-mean and AUC performance
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Table 3 Ablation experiment

Hm D003863 D007674 D004827
Recall G-mean AUC Recall G-mean AUC Recall G-mean AUC
FTMC-PCA 0. 05 0.21 0.52 0.16 0.38 0.52 0.13 0. 31 0. 47
FTMC-K-means 0.37 0.17 0.54 0. 49 0.21 0.47 0.47 0.14 0.51
FTMC-Screening 0. 60 0. 44 0.53 0. 65 0.45 0.52 0.42 0.45 0.50
FTMC 0.73 0.47 0.57 0.72 0.55 0.53 0.51 0.58 0. 60
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Figure 4 Results of various indicators for the FTMC algorithm with different clustering algorithms
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Figure 5 Performance results of the FTMC algorithm on three classifiers with different values of g, ¢ and w
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Microbial Data Augmentation Algorithm Based on Feature Transformation and

Minority Clustering

WEN Liuying, ZHENG Tianhao

(School of Computer Science and Software Engineering, Southwest Petroleum University, Chengdu 610500, China)

Abstract: The high-dimensional characteristics of microbial data, the high zero-value rate, and the scarcity of mi-
nority-class samples, which led to class imbalance, had significantly weakened classifiers’ ability to identify minori-
ty class. Existing augmentation algorithms are sensitive to high imbalance ratios (IR) and struggle to effectively
synthesize samples. In this study a microbial data augmentation algorithm based on feature transformation and mi-
nority class clustering (FTMC) was presenteed. Firstly, the feature transformation stage used the principal compo-
nents analysis algorithm to down thescale high-dimensional data to alleviate the problem of strong data sparsity.
Subsequently, in the minority class clustering stage, the K—Means algorithm was used to capture the local features
of the minority classes and obtain multiple clusters. In the cluster screening stage, based on the density and diffi-
culty of each cluster, combined with the IR and weight ratio, its weight value was calculated and used to screen a
subset of core clusters for subsequent sample generation. Finally, in the sample augmentation and filtering stage, a
linear interpolation algorithm was used augment to the samples for each core cluster, and a local anomaly factor al-
gorithm was used to filter outliers to ensure the quality of the augmented samples. The experiments were conducted
on 12 microbial datasets and the performance was compared with 8 sampling algorithms of the same type with 3 clas-
sifiers. Results indicated that samples generated by FTMC were more diverse, with an average improvement of
26.42% in the Recall metric. This demonstrated that the algorithm could correctly identify more positive samples.

Keywords: microbial data; high-dimensional; sparsity; class imbalance; cluster; data augmentation





