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Imbalanced medical image classification based on

intra-class compactness of features

Meng Yuan,Zhang Yizhe', Zhang Gongxuan, Song Hui
(School of Computer Science and Engineering, Nanjing University of Science and Technology, Nanjing, 210094, China)

Abstract: In recent years, algorithms and models based on deep learning have achieved significant success in various image
analysis tasks. However, compared to common natural images, medical image datasets often face highly imbalanced
problems, which lead to decreased classification performance. Imbalanced data causes decision boundaries in the feature space
to tend towards the class with more samples. To solve this problem, this paper proposes an imbalanced medical image
classification method based on convolutional neural networks considering intra - class compactness of features (Z - Score
Compactness -based Convolutional Neural Network, ZC3NC). First, feature maps of training and testing set samples are
extracted from the last convolutional layer of a convolutional neural network. Then, we introduce a new Z-score based
measure to test the deviation of the testing set data feature maps relative to each class of the training set in the feature space.
The measure of deviation is based on intra-class compactness, which focuses on the distribution characteristics of the samples
and is insensitive to the imbalance of the number of samples in each class. Finally, based on the calculated deviation, we
classify the testing set data. Experiments on the DermaMNIST dataset show that without any additional data or neural
network model enhancements, the balanced accuracy of the proposed method increases by an average of 11.15% compared to

the original convolutional neural network model, with a maximum increase of 14.08%. This verifies that the proposed
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classification method effectively improves the classification performance of various convolutional neural networks for

imbalanced medical image data. Furthermore, compared to the state-of-the-art imbalanced classification method, Under -

bagging KNN, the average improvement of ZC3NC is 2.36 %

Key words: convolutional neural network, class imbalance , medical image, feature, classification
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Fig. 1 Class distribution of the DermaMNIST dataset
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Fig.3 The framework for imbalanced medical image classification based on intra-class compactness of features
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Fig. 4
extracted from a ResNet18 model trained on the Derma-

MNIST dataset

Two - dimensional representations of features
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Fig. 5 Illustration of comparing new samples in the fea-

ture space
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Table 1 Information of datasets used in experiments

Datasets Instances Classes Majority Minority IR
DermaMNIST 10015 7 66.95% 1.15% 58.30
EyePacs 88702 5 73.67% 2.16% 34.14
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3.2 ELIWAMF KA Pytorch EZE, £ NVIDIA
GeForce2080 Ti GPU 48 GB RBM i Ubantul8
Mz 55 #% LI %% . % FH Torchvision™ $& {1t 11 25 44 FH
TXF Eb A BURRAIE (9 45 B R 25 I 2 BT L AR IR K

it AR HE7E 00 2 B0 I 25 W 2% B Bateh K/
H 256, Fe 124 2 # oM 0. 01, H Multistep 5 W& 1
%® E/)’/E?ﬁ > % A 0.1, epoch B 5 KUl 2R (5 A
100. & B 52 U 61 2% pRi % (Cross-EntropyLoss)
A & W4 Al 31 (Adaptive Moment Estimation,
Adam) LA I AREA A EH #4711 %5
3.3 iRMriERR X TSP RS AR 4 2 MR
RANREAR LT S e — A4 BB A PR RE . A SO
SR B W SV A R 2 VTN 1R AR 1A U
fify i (Balanced Accuracy, Balanced ACC) Fl il #X
15 1 &£ (W eighted-Precision,, Weighted-P).
Balanced ACC A i |+ J& A [m] {5 A - 1
{8, B 25 T8 28 LA IR AR 0 F 250k, AT AT 47 1 75t
AP B s A X (9) F s

L TP
Balanced ACC=— P e — 9)
C £4i=0 TP, + FN,

Weighted-P & —Fl 25 & % & & A KA

B RIS 2

B 4G 1 FE (Precision) F1IZ 28 B 7E SR A b (1 L 41
AT, SR Je R A, an = (10) BrR -

Weighted - P =

c TP,

TP, + FN,

TP, + FP, " &\, . .
! >(1P,+ FN,)

i=1

X (9) M CT10) i, CARER KR £ 1 Fh 225

TPACKR E RS, BVSEPR Ky 1F 28 H 0 s ok iF A 4
AH FNACR B 2, B SCBR R 1E 28 H 10 2 1
KA FP AR IESE, RIS By £ 2 H 15 U
HIEZE AR .
3.4 XBWHERSHSM N T RUEZC3NC i H
R4 R, 20 5 #E DermaMNIST il EyePacs %4
i 4 bl R PO 2k B M & W 4% ResNetl8,
ResNet50™ , ResNeXt50"*" Al Googl.eNet™ i 17
D, B A ST 1 5 IR R B 48 SR R AT O

7E DermaMNIST K dfs 46 b 19 4 L 52 56 25
mFE 2R, RPBAEFRREMOPERE . &
AL, ZC3NC PN F8 BR FE A I HT A 5 5 1Y i A
A A #E T, Hob Balanced ACC F ¥ #2 Ft
11.15% ,Weighted-P V-3 F} 2. 33%.

K 9 J& /8 T 7 DermaMNIST ¥ 4 I il %k
() ResNet18 5 AU (5] %5 25 — )22 4 B0y Il 25 46 Fn R

(10)



< 586 -

F RO 24 (A AR

%59 &

®2 7EDermaMNISTH#iE&L FHLRER
Table 2 Experimental results of different algorithms

on the DermaMNIST dataset

J A JEAS A +ZC3NC
] Balanced Balanced
Ace Weighted-P Ace Weighted-P

ResNet18 56.51% 74.64% 64. 46% 76.46%
ResNet50 45.62% 70.46% 53.10% 72.39%
ResNeXt50  53.18% 72.84% 57.30% 75.77%
GoogleNet  61.98% 77.711% 67.36% 77.90%
Avg 54.32% 73.91% 60.56% 75.63%
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Fig 9 Two - dimensional representation of training set

and partial test set features
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Table 3
on the EyePacs dataset

Experimental results of different algorithms

JEARE R JERHL +ZC3NC
e Balanced Balanced
Weighted-P Weighted-P
ACC ACC

ResNetl8 47.19% 72.48% 51.11% 72.54%
ResNet50 47.70% 73.65% 51.92% 73.94%
ResNeXt50 48.19% 73.93% 52.34% 74.39%
GoogLeNet 48.46% 72.57% 49.63% 72.22%
Avg 47.89% 73.16% 51.25% 73.27%

7£ DermaMNIST F1 EyePacs 548 4 I, 43 %l
5 2 kb B3y E R T 4 86 4R 1Y U7 B SMOTE
(Synthetic Minority Oversampling Technique) """,
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Table 4 Experimental results of different algorithms on the DermaMNIST dataset

- SMOTE KMSMOTE UbKNN ZC3NC
Balanced ACC  Weighted-P Balanced ACC Weighted-P Balanced ACC Weighted-P Balanced ACC Weighted-P
ResNet18 60.65% 73.25% 59.00% 74.92% 64.07% 76.12% 64. 46 % 76. 46 %
ResNet50 49.87% 71.89% 47.15% 70.71% 52.94% 72.16% 53.10% 72.39%
ResNeXt50 55.34% 73.35% 52.60% 72.35% 57.05% 73.84% 57.30% 75.77%
Googl.eNet 64.75% 76.92% 66.57% 77.59% 66.91% 76.62% 67.36% 77.90%
Avg 57.66% 74.35% 56.33% 73.89% 60. 24 % 74.69% 60.56% 75.63%
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Table 5 Experimental results of different algorithms on the EyePacs dataset

- SMOTE KMSMOTE UbKNN ZC3NC
Balanced ACC  Weighted-P Balanced ACC Weighted-P Balanced ACC Weighted-P Balanced ACC Weighted-P
ResNetl8 46.54% 70.77% 48.09% 72.26% 48.77% 71.05% 51.11% 72.54%
ResNet50 46.02% 73.91% 46.66% 73.01% 48.83% 72.52% 51.92% 73.94%
ResNeXt50 47.46% 74.28% 49.72% 74.35% 48.19% 72.78% 52.34% 74.39%
GoogleNet 47.38% 70.00% 46.89% 70.34% 49.05% 71.41% 49. 63 % 72.22%
Avg 46.85% 72.24% 47.89% 72.49% 48.71% 71.94% 51.25% 73.27%
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Fig. 10 Average experimental results of different algo-

rithms on the DermaMNIST dataset

"
80.00% 73.16%72.24% 72.49% 71.04%73-27%

70.00% ]
60.00%
sooou  47-98%46.85% 47,895 48.71%° 2%
40.00% |
30.00% ‘
20.00% ‘
10.00% ‘
0.00% ’ i I

Balanced ACC Weighted-P
JFA5R) mSMOTE ®WKMSMOTE mUbKNN mZC3NC

B 11 BELEEyePacsHIEE L LR EHER
Fig. 11 Average experimental results of different algo-

rithms on the EyePacs dataset

25 1, ZC3NC Mk A BT T & KB MM &
0 4% AN 1457 12 27 e 1080 4 i oy S PERE , &
28 ML -7 73 2 77 1k LA St et W T L AL, 2
R 8 — L3 IR AR SOy ke — M A
RO RS 3 38 T 2 ol s AR 2 X 45

4 Zip

AR SR X A AR Al 22 1) 2% THT RS AN - i = 2 [T R
BOPE AR B 7 JE IR HE , Bt — b BE TR AR S N K

2 % i

[1] Chen X X, Wang X M, Zhang K, et al. Recent
advances and clinical applications of deep learning in
medical image analysis. Medical Image Analysis,
2022(79):102444.

(2] MG, X o BE | 50 . B2 4 S 10T S0Pl B G T
5L W R G LR B, 2018, 29(5): 1471 —
1514. (Zheng G Y, Liu X B, Han G H. Survey on
medical image computer aided detection and diagno-
sis systems. Journal of Software, 2018, 29(5): 1471—
1514.)

[3] CaiL,GaoJ Y,Zhao D. A review of the application
of deep learning in medical image classification and
segmentation. Annals of Translational Medicine,
2020,8(11):713.

[4] Singh R, Bharti V, Purohit V, et al. MetaMed : Few-
shot medical image classification using gradient -
based meta-learning. Pattern Recognition, 2021(120):
108111.

[5] YangJ C,Shi R,WeiD L,et al. MedMNIST v2: A
large - scale lightweight benchmark for 2D and 3D
biomedical image classification. Scientific Data,
2023,10(1):41.

[6] Quellec G, Lamard M, Conze P H, et al. Automatic

detection of rare pathologies in fundus photographs



588

F RO 24 (A AR

%59 &

[7]

[8]

[9]

[10]

[12]

[13]

[14]

[15]

[16]

[17]

using few - shot learning. Medical Image Analysis,
2020(1):101660.

Batista G E A P A,Prati R C,Monard M C. A study
of the behavior of several methods for balancing
machine learning training data. ACM SIGKDD
Explorations Newsletter, 2004, 6(1): 20— 29.

Hassan A R, Haque M A. An expert system for
automated identification of obstructive sleep apnea
from single-lead ECG using random under sampling
boosting. Neurocomputing, 2017(235):122— 130.
XuZZ,Shen D R,Nie T Z, et al. A hybrid sampling
algorithm combining M-SMOTE and ENN based on
random forest for medical imbalanced data. Journal of
Biomedical Informatics, 2020(107):103465.

Ghorbani M, Kazi A, Baghshah M S, et al. RA -
GCN: Graph convolutional network for disease
prediction problems with imbalanced data. Medical
Image Analysis, 2022(75):102272.

Frid-Adar M, Diamant I, Klang E, et al. GAN-based
synthetic medical image augmentation for increased
CNN performance in liver lesion classification.
Neurocomputing, 2018(321):321—331.

Li Z W, Liu F, Yang W J, et al. A survey of
convolutional neural networks: Analysis, appli -
cations, and prospects. IEEE Transactions on Neural
Networks and Learning Systems, 2022, 33(12):
6999—7019.

Curtis A E, Smith T A, Ziganshin B A, et al. The
mystery of the Z-score. Aorta, 2016,4(4):124—130.
Kirkwood B R, Sterne J A C. Essential medical
statistics. New York: John Wiley & Sons, 2010:
126—128.

Wen Y D,Zhang K P,LiZ F,et al. A discriminative
feature learning approach for deep face recognition//
The 14™ European Conference on Computer Vision.
Springer Berlin Heidelberg, 2016 :499—515.

Ali Amirshahi S, Pedersen M, Yu S X. Image quality
assessment by comparing CNN features between
images. Journal of Imaging Science and Technology,
2016,60(1):060410.

Abdelzad V, Czarnecki K, Salay R, et al. Detecting
out - of - distribution inputs in deep neural networks
using an early-layer output. 2019, arXiv:1910.10307.
Narayan A, Berger B, Cho H. Assessing single-cell

transcriptomic variability through density -preserving

[19]

[20]

[21]

[22]

[24]

[27]

data visualization. Nature Biotechnology, 2021, 39
(6):765—774.

Mclnnes L, Healy J, Melville J. Umap: Uniform
manifold approximation and projection for dimension
reduction. 2018, arXiv:1802.03426.

Pang T Y, Xu K, Dong Y P, et al. Rethinking
softmax cross - entropy loss for adversarial
robustness// The 8"
Learning Representations. Addis Ababa, Ethiopia:
OpenReview.net, 2020, arXiv:1905.10626.

Galdran A, Carneiro G, Ballester M A G. Balanced-
highly

classification// The 24™ International Conference on

International Conference on

mixup for imbalanced medical image
Medical Image Computing and Computer: Assisted
Intervention. Berlin Heidelberg, 2021:
323—333.

Zhu R, Guo Y W, Xue J H. Adjusting the imbalance

Springer

ratio by the dimensionality of imbalanced data.
Pattern Recognition Letters,2020(133):217—223.
Tschandl P, Rosendahl C, Kittler H. The
HAM10000 dataset, a large collection of multi -
source dermatoscopic images of common pigmented
skin lesions. Scientific Data,2018,5(1):180161.
Marcel S, Rodriguez Y. Torchvision the machine -
vision package of torch//Proceedings of the 18"
ACM Conference
Firenze, Italy: ACM,2010:1485—1488.

Grandini M, Bagli E, Visani G. Metrics for multi-

International on Multimedia.

class classification: An overview. 2020, arXiv: 2008.
05756.

Flach P A. Performance evaluation in machine
learning: The good, the bad, the ugly, and the way
forward//Proceedings of the AAAI Conference on
Artificial Intelligence. Honolulu, HI, USA: AAAI
Press,2019:9808—9814.

Xu H Y, Zhang H, Han K, et al. Learning alignment
for multimodal emotion recognition from speech//
Interspeech 2019, the 20" Annual Conference of the
International Speech Communication Association.
Graz,Austria: ISCA,2019:3569—3573.

He K M, Zhang X Y, Ren S Q, et al. Deep residual
learning for image recognition//Proceedings of the
IEEE Conference on Computer Vision and Pattern
Recognition. Las Vegas, NV, USA: IEEE, 2016:
770—1778.



5 A i

JUAF TR S PN B P 0 S 4 2 P 00 2 D ik

589

[29]

[30]

Xie S N, Girshick R, Dollar P, et al. Aggregated
residual transformations for deep neural networks//
Proceedings of 2017 IEEE Conference on Computer
Vision and Pattern Recognition. Honolulu, HI, USA :
IEEE,2017:5987—15995.

Szegedy C,Liu W,Jia Y Q, et al. Going deeper with
convolutions//Proceedings of 2015 IEEE Conference
on Computer Vision and
Boston,MA,USA:IEEE,2015:1—9.

XIS T e SR ST A B Y B2 9T R RS W S DR S
WHOE . 1A i Sc . R K k4%, 2021. (Liu

N. Research on medical intelligent diagnosis and

Pattern Recognition.

[32]

[33]

decision support based on imbalanced data. Ph. D.
Dissertation. Tianjin: Tianjin University,2021.)
Douzas G, Bacao F, Last F. Improving imbalanced
learning through a heuristic oversampling method
based on k - means and SMOTE.
Sciences, 2018(465): 1—20.

Hang HY,Cai Y C,Yang H F, et al. Under-bagging

nearest neighbors for imbalanced classification. The

Information

Journal of Machine Learning Research, 2022, 23
(1):118.

AL A ag)



