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Abstract Cancer is a genetically related disease with multiple subtypes, each exhibiting significant
differences in genetics, phenotype, and treatment response. Accurate classification of cancer subtypes is
critical for personalized treatment, as it helps improve therapeutic outcomes. However, cancer subtype

classification methods based on patient gene expression data often struggle to effectively distinguish rare
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subtypes in the presence of imbalanced samples. To address this issue, a cancer subtype classification method

called MFP-VAE (meta-learning few-shot prototype learning VAE) is proposed, focusing on handling datasets

with imbalanced samples. This method improves the sampling strategy to ensure balanced consideration of

different subtypes in meta-learning tasks. The model employs a variational autoencoder for feature extraction

and classifies samples by calculating the distance between the samples and their corresponding cancer subtype

prototypes. Experimental results show that MFP-VAE outperforms existing methods on two public cancer

datasets, significantly improving classification performance, especially under imbalanced sample conditions.

Furthermore, survival analysis reveals that the distinguished cancer subtypes exhibit significant differences in

clinical characteristics.
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Fig. 1 MFP-VAE algorithm model architecture
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Fig.2 Breast Invasive Carcinoma (BRCA) dataset training, validation, and test set partitioning
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Fig.4 Breast Invasive Carcinoma (BRCA) dataset hyperparameter optimization result
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Fig. 5 Glioblastoma Multiforme (GBM) dataset hyperparameter optimization result
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Fig. 6 Breast Invasive Carcinoma (BRCA) dataset epoch and episode performance
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Table 2 External evaluation of Breast Invasive Carcinoma (BRCA) dataset
Jiik ACC ES F1 53 % REJCIES ARI MCC
PCA+SVM 0.704 401+0.02 0.694 75+0.04 0.662 0310.02 0.6614510.06 0.503 1740.02 0.680 84+0.04
NMF +RF 0.7373340.02 0.70159%0.03 0.7799740.03 0.704 7540.02 0.458 0010.06 0.696 78+0.02
SAE+MLP 0.683 6410.02 0.75941£0.02 0.603 3440.05 0.7794010.02 0.526 861+0.02 0.61147+0.03
VAE+SVM 0.800 0040.03 0.7751140.02 0.648 6410.02 0.7309240.03 0.464 8110.04 0.61406+0.05
CVAE+MLP 0.687 1740.01 0.728 20+0.02 0.6753110.02 0.706 551+0.05 0.43086+0.03 0.623 56+0.02
Deep Type 0.6892440.01 0.7012240.04 0.7411740.02 0.7319440.02 0.4211940.02 0.625 6410.02
ERGCN 0.827311£0.01 0.809384+0.01 0.770 5540.01 0.793124+0.01 0.616 78 10.01 0.7349940.01
MFP-VAE 0.826 014+0.01 0.848 83+0.01 0.822 60+0.01 0.826 00+0.01 0.600 144+0.08 0.780 48+0.05
®3 ZHMRREMEEE (GBM) BHEEIMBTMN
Table 3 External evaluation of Glioblastoma Multiforme (GBM) dataset
Tk ACC LES F1 734 Hlal ARI MCC

PCA+SVM 0.768 2740.03 0.7732540.02 0.789 5340.02 0.766 121+0.02 0.5143840.05 0.69243+0.06
NMF+RF 0.7382440.02 0.7524310.04 0.701 0740.03 0.701 9640.03 0.447 1540.05 0.6239140.05
SAE+MLP 0.766 321+0.02 0.74538+0.02 0.734 554+0.03 0.748 26+0.02 0.464 131+0.04 0.669 84+0.04
VAE+SVM 0.742 07%0.02 0.73301%0.03 0.7143610.02 0.724 8510.02 0.4332610.09 0.646 5910.02
CVAE+MLP 0.808 184+0.02 0.794 67+0.01 0.772 831+0.02 0.781 5440.01 0.5732440.05 0.726 87+0.02
Deep Type 0.6834540.01 0.662 8140.02 0.629 9440.04 0.6517240.05 0.3789340.07 0.5770210.05
ERGCN 0.8608940.01 0.8450540.02 0.8398140.02 0.84526+0.02 0.626 1640.03 0.789 28 +£0.01
MFP-VAE 0.862 3310.01 0.88517%0.01 0.856361+0.01 0.86233+0.01 0.628 39+0.08 0.78757+0.05
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PR AR T RIFILE R . IR MFP-VAE FHE
T ERGCN B #, At — 0 LB 7 W R 7%
TESRE AR P RO, sk 4 fos, Hop
RS R AR IR, FRERE AL T R bR iR

AW TG TR A B R, AR DR AN [E]
R REARLE TC S SIS G RIS M AL T 7EAE
AR R G BU R, R TV TE VR AR S ik
WA, 7E BRCA 4l 5, HER-2 B IV AU
H 46 MR, HBHEE 7%, B TREEE . £
ERGCN 1, 1% 0 8L P Ak Fi5 A5 25 K T H R T
B, SRR, B EERERE 22 AN H 5
R, AUH 67.63%. IM{E MFP-VAE 1, iZI A7
flifebr CIE B F KT, SRR, A
Bl MR ACE 2 A7, KRR T 7R
Fis B R K B . 5 ERGCN M LL, 76 s B
A HER-2 (AT, MFEP-VAE HFERI . 7 [ %
FUFL 20 BT 2R 53 A2 9 19% 21% Fl 25%.
GBM i 4E & 3 Rl &Y, H 43 A #1545 45

LS 704 49 F 83 MR, ASCEFH AR
/D AT AR 2 T R R AT R AT . AR R
MFP-VAE 7t & i 48 b5 1 ¥ B T miLEi R, 5
ERGCN L, FE#fi%. HERA F1 533t
I LN 12%. 15% F1 8%. 14k, 7 GBM 3
e b, 3 P B AE 4R 2 Hda br T U T R UF
SR, TR, SIRESEIIBAEL, AT
FEH ) MFP-VAE BEAE M R 78S F (1) 14 5g UG
THLRARTE, KW 7AEA RIS 1A R
3.4.2 WHEITEMFERR T L

BRCA F GBM W A4 & £ W AN $R A
RO EEEE R AN 5 s, b Al B DU AR
PRI

BRCA %t #& 4 " , MFP-VAE [J DBI &y
0.368 5, 5 Deep Type fHEL, (KT 0.0548, 5
ERGCN #tt, B#MK T 0.0064, 5 Subtype-DCC
AL, BRART 1.5157, REILH AR RE .
7£ GBM #ifE4+, MFP-VAE [f] DBI 4 0.326 6,
55 Deep Type fHEL, FEAKT 0.5513, 5 ERGCN
HE, FEMKT 0.0108, 5 Subtype-DCC # b,
FEAC T 07740, HA5RERIBHAIL R . Subtype-
DCC {E NSk 2 77k, BIMELE | IS 2301
BEF, MKIHZREC 7R T gL a8 5 =1 T7 15 1
Mo bRdEREY, HSAELTTEMLE,

T4 FLBRRIAMSEE (BRCA) BIEEMEZ MM R MR (GBM) RS LR & T RSMRITMNIERR
Table 4 External evaluation indicators for each subtype of Breast Invasive Carcinoma (BRCA) dataset and

Glioblastoma Multiforme (GBM) dataset

BRCA GBM
" it i I Pt 2 gy HZEE

ERGON M 0.8646910.01 0764124001 0723454001 085797001  0.83905+0.02 0740724002  0.86613%0.02
PENEIE: 0.897 74+0.01 0.716124+0.02 0.67630+0.01 0.883 73+0.01 0.8235240.02 0.71428+0.03 0.666 661+0.01

F1 7% 0.8516110.02 0.706 12+0.01 0.65637+0.01 0.8637310.01 0.81384+0.02 0.764 71£0.02 0.8482010.02

MFP-VAE KR 0.8458040.02 0.868 471+0.01 0.861 78+0.01 0.8592940.01 0.850 67+0.01 0.829 65+0.01 0.888 671+0.01
FEREET S 0.81800+0.02 0.843001+0.01 0.8210010.01 0.82200+0.01 0.848 0010.01 0.819 0010.01 0.8053710.01

F1 % 0.81105+0.01 0.8363610.01 0.8210210.01 0.8219440.02 0.8233510.01 0.8256510.01 0.847 631+0.01
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Table 5 Internal evaluation indicators for each subtype of Breast Invasive Carcinoma (BRCA) dataset and
Glioblastoma Multiforme (GBM) dataset
. BRCA GBM
DBI SI DBI SI
PCA+SVM 4.264510.16 —0.045540.02 2.734540.02 0.031520.06
NMF+RF 3.6745+0.15 —0.0564+0.02 3.243140.02 —0.012740.09
SAE+MLP 3.1421%0.17 0.012440.03 3.1625%0.05 —0.016610.12
VAE+SVM 3.53451+0.14 —0.023440.02 3.86781+0.04 —0.056440.10
CVAE+MLP 1.0313+0.21 0.513440.01 0.903 14+0.05 0.334940.05
Deep Type 0.423340.05 0.596 81+0.02 0.877910.04 0.337710.04
ERGCN 0.374940.02 0.782240.00 0.337440.01 0.7828+0.01
Subtype-DCC 1.8842+0.18 0.146240.02 1.100 6£0.05 0.298410.02
MFP-VAE 0.368 51+0.04 0.787 1+0.01 0.326 61+0.01 0.798 51+0.01
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—$E T+ MFP-VAE 7 i 15 51 1E R AR 5 1 B
BEGRIIRE ST,  AE TR Wb P B A P 1
WG {E F1 2 %071, MFP-VAE &R
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Table 6 Ablation experiments of Breast Invasive Carcinoma (BRCA) dataset and Glioblastoma Multiforme (GBM) dataset

F1 3%

ACC

ARI

MCC

RIGITES WIRES UEES H %
BRCA MLP 0.805890.02 0.78773£0.03
AE 0.81589+0.02 0.80773£0.01
MFP-VAE 0.848 83+0.01 0.826 00£0.01
GBM MLP 0.815120.03 0.82213£0.02
AE 0.82512+0.03 0.85213+0.01

MFP-VAE

0.8851710.01

0.862 3310.01

0.804 85+0.01
0.764 85+0.02
0.822 6010.01
0.803 62+0.01
0.813 6240.01

0.856 36 +0.01

0.807 37+0.01
0.81637%0.01
0.826 01+0.01
0.81195+0.01
0.82695+0.01

0.86233+0.01

0.52182+0.13
0.596 82+0.09
0.600 1410.08
0.5953840.08
0.566 53+0.10

0.628 39+0.08

0.706 810.06
0.756 81+0.05
0.780 481+0.05
0.7141040.07
0.753 10+0.05

0.787 5710.05
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Fig. 8 Subtype survival outcomes in Breast Invasive Carcinoma (BRCA) dataset and Glioblastoma Multiforme (GBM)

dataset
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