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Abstract

Existing multi-label classification for disease prediction encounters problems in some cha
llenging scenarios. For instance, rare diseases are often hard to predict. These rare diseases corres
pond to few-shot labels in multi-label classification, and the rare occurance means that focusing
too much on their performance may lead to a decrease in the precision overall. Therefore, our pro
ject aims to find a solution that can raise the precision of these few-shot labels while maintaining
the overall precision.

We divide the prediction into two phases. In the first phase, we apply standard multi-label
training. In the second phase, we conduct post-processing to use binary cost-sensitive learning for
deciding 1f a patient 1s diagnosed with rare disease. This result determines if we leave a spot for r
are disease when predicting the diseases this patient 1s diagnosed with.
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275 ~ Liu et al. (2021) SRR 4558
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#filters | filter size | dropout prob. | learning rate P@5
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Tt~ EER2E
Ea B
#filters 550
filter size 6
dropout prob. 0.6
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(1) #EdEEF (Logistic Regression, LR )
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(2) tHE&4gRE& (Neural Network, NN )
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#filters filter size dropout prob. learning rate P@1]
700 6 0.4 0.0001 0.846516
500 6 0.4 0.0001 0.840335
300 8 0.4 0.0001 0.821582
300 6 0.4 0.0001 0.807543
300 10 0.6 0.0001 0.789209

T~ BEER2E

Ea B
#ilters 700
filter size 6
dropout prob. 0.4
learning rate 0.0001
P@ | FRFR A (£ £50.840516 » Tl EEFR T SLAE KAV EUE S
IR Z 2% -

7N~ THM

FEBRIR TN RS T - B SR EEE - LR VBRI R - =5
LUNHIZ RS 245 > W EHER A > FOHIE HYRTIEK(E SR S~ e B2k » I HK
e—fE/ME (B0 2 5,10) » PEERHETRNFS B L M HYRE ©

(—) HREERA > (€58 —PE B/l SR AV RERG DU [ Ak
1. HRREEYE 7R
2. PFEEBHYERERRE

(5) KE P& RNy Tl A E R R RS B AR RN - e
e B DS R (A

20



1. AR - BI~K-WE A5 RoaimE 1 ~K- 15 50 - T K Al mey 5=
LRLSTS
2. fERE - BI~KMEAL TR0 R

ZIUEANE R R R PTER R R AR R RRAVR A o SEORE ATK(E LT EY
26 (VA et e ISR RIS TS

£~ Bhig
BeAPTRE LAY 7 5 B 5o N {1 35 R -

(—) FEAHE ML HEGHE—PEERNSIER I E BRI AR 2w
BUNGERE - et IR T H ARSI RIR R -

(=) BTV ATKEZA T SBK(EAL T8 BIREEE TR R  ERAYSOE 2
LAY R P B TR 2O — (i 1)« 5 PP S Pl e 2= S gy R
EEIEIFRE RS - MIFTER A S8 B B AR RN - Bt
ENRFERKE LTt 2 a2 R -

I\~ BERSR
A FIMatlabB/E LRI T ZER ©
(—) BEHUR AR SO AE -
(5) BURRAIRIENE -
(=) TERMERER ICDAR SR IR T o

B~ BFEEER

— ~ HERRE

(—) BMIMIC-ITE R} 7 ¢ Training SetBiTest Set e
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# of Instances # of Instances with Few-shot | # of Labels
Training 49,354 6,824 8,758
Test 3,372 600 8,758
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Multi-1 f;szry #rf:c\lxi/;:gti #correct
abel m | p@s R@5 psp@s | P few-shot
sensitive n Kth o
ethod .. predictions
method position
N/A 0.6607 0.2226 1.2485 0 0
LR All 0.5556 0.1895 1.0505 3,372 27
LR 0.6368 0.2150 1.1929 1,003 17
NN 0.6447 0.2179 1.2125 620 13
B i
0.75 30
e 27 1
e
0.7 TH
ﬁ% 065 ® 0.6607 e 17 0.6447 4%:
S ® 06368 813 =
10 A
0.6 i)
]
i
0.55 ®0 ® (5736 0
N/A All IR NN
PR EREE
Bl — - S5 — P E e LRSS — PR FIR A R (B B BRsHER -

KL H TR Ry IEMETRN A L R ) AR (56 Pl Eeas e S B ilm S5 5 © FEHER
A2 LRI R PR AR 4 ORI

FEFREAES —PEERFEALR » 5 ZFS B EINEE 57 S 2R EA4E
oo (T T PEERRT o BRI 50.6607 - H 1R 550.2226 » PSPAy1.2485  1fii
REETHHHETHE ARG o BRTA R ARESE A B R4 E R - i
R 50,5556 » B[E550.1895 » PSPA1.0505 » 1 BT A i A EE S{E A & 25 TEHI
ZE RS A 2TENS A ERER g TR 25 RS - 3558 — P B LR T —
TCRCAHIETE AR B A FE R - AEHEZR F50.6368 - FE%£50.2150 - PSPFy
1.1929 » 3 H 1,0030737 A BV EE S(Er B TR 22 R > IERERVA 17 - 5%
EL {5 FANN RIS TER 550.6447 » A [E1% 5502179 » PSPE1.2125 » EF1620075% ALE
B S(EL B TEHZE S5 o IERERTA 13(E -

H] LB R bR T AR ST pr B A IR A4y > (ERRE IERETRNAE RAR
T o TRF S STE B A R 455 BBl - IEREFRHIZE R E RS » 15
HERAN MR 10% - $E3E 58 —FSEHETR ARG EAERRRR A e
LREGENNAVEE R AN S IR H 2R R PRm B E AR AT WY & Z [ > et
RN/ N 3%

23



(2) S PEE(EHINN

T+ A~ NN TR

Multi- | Binary #few-shot soorrect few-
label cost- predicted 1
. P@5 R@5 PSP@5 shot
metho | sensitive n Kth redictions
d method position P
N/A 0.7738 0.2616 1.6081 11 5
NN All 0.6453 0.2210 1.3710 3,372 67
LR 0.7409 0.2523 1.5468 1,003 40
NN 0.7555 0.2565 1.5760 620 41
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