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Abstract

Data classification is a prominent area of machine learning, but data imbalance is a common issue
across major fields. Although many machine learning algorithms have produced favorable out-
comes, they rely on the assumption that the default dataset is uniformly distributed and the cost of
false separation for different categories is consistent. Consequently, they exhibit poor perfor-
mance on unbalanced datasets. In this study, four optimization methods were selected to address
the issue of unbalanced data in the diagnosis of thyroid eye disease. These methods, including
WCE loss, LDAM-loss, Focal-loss, and Minimax, were used to compare the positive and negative
sample imbalance in the dataset. The experimental results demonstrate that the unbalanced op-
timization method produced a better classification performance than the original model. Fur-
thermore, the experiments revealed that the improvement of results varied with the proportion of
positive and negative samples, with LDAM loss and Minimax exhibiting better robustness under
severe imbalance conditions. The Minimax method, in particular, demonstrated superior classifi-
cation performance for minority classes. In conclusion, the comparative experiment presented in
this study can offer valuable insights for the selection of classification algorithms under the condi-
tion of unbalanced thyroid eye disease diagnostic data.
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i H Y, & WA Tomek Links K KA%. SMOTE (Synthetic Minority Oversampling Technique) [3 i K AE
S, DU R AN BUR S 2] L R STV, AR IR A 21 L D R B R AR
00 g T B v /D BRRE A ) 40 2 B, LR focal loss 7¥[4], £EAE ST M@K 2 N 550 s &
B — AR ) 7 e, DA 281k Re, W ISR 2] 7715 AdaBoost [5]. Random Forest [6]555% .

FFOIR iRAH SGHR 7 (Thyroid-Associated Ophthalmopathy, TAO) & —FRERVE B & G tEom, EE Sl
HRERG . BT RHLAEREIR, Senma i iAMRAIE 77, HEFECRM[7]. X T TAO i2Wr, R
B ERFAE AT FIW R TV . 5 NSEEUIR ANV A I AR A L IR FEEAT TAO 2W[8]: MEEANGS&
MRER 2R HH FE AR BR AR L AR AT TAO TRIN([9] . ABATTI 77k S T RAFRCR, (HRAATT R AP
Bt S BT 0 28100, FFERBEFRA PRI T RO, MESEbriz Y, APEEREA ZES.

ARSONT P AN AS T4 F R BRI B s B8 7 I S 1 4 RS R AN P 30E S oy SRR Bk, seim 2l
R, AR T RIR R, SOk R Sy R EE A A B AN S SRR

2. ARFE

RSO TTIERAR R, S RFIEfE N BP (Back Propagation)fiZ2 M 45[10], $fG5rKRes R, 4 Fh
ANPHTARAL 7120 R AR AL 2 bR B Al T e, TR 2.3 &2 2.6 7Y

2.1. BP ©2ER4E

HF AT R, ARSCHTE SRR R —A BP &M%, MEammE 1 fin. Mgs 3
B, SAlNRINE, BROEZEMEHE . SNE YR N IR ELENE, BROEZE 1 4E R v N R4 2
M=z —, HTRAZ, Bl ENgE R 2, BJa%id softmax BREGRIGHA NS RLER. NTH
1B A, BP ML LEUIZRRY B B2 18 F T % 317(Dropout) [11], %N 0.2, RKIIGE ML T
H 0.2 MEREABIRE -
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Figure 1. Structure of BP network
& 1. BP M£% L5 14 E

2.2. $5AER ENFNpEYE

ARG R IR EH A . 2B — AN EOEEENEE BB RIERE, R NEAEF T iHHEES,
Tt B A2 AT HARIRIRAZEE) MRI $4E4, & —F1#E XM AT MRI BGMSEIFRZE. 5
FIWRE TR B E AT E, B8 828, R LEN. FTEI. WEIL. FFENL. . B8l
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JHIR ERML. ASCAEH pyradiomics EXT 8 2oy EIFR SN FR-AE, B—RILHE] 1648 4EFEAE, H
FRIER A LB 1 Fror, Hb shape fIRRERAR UL FIREEAE, firstorder N—F&it&, fidIRER
HRWLIX S MG R I oA, FLRISASERFE . 8 FRFREEIL 13,184 HE2H 2E 41k o

Table 1. Abstract for different types of features
= 1. MRI # iR & AIHFE

FFESE A FHEHCE
shape 14

firstorder 342
glrlm 304
glszm 304
gldm 266
glem 418

T MRI 521G 4 2= B SRR 4R FE R 5, T DLIE 75 B4 & BEA TR AE 4 o A SR PR IE S 230047 B4
Yo —MNFIIRHEN MTFA LT 2 SRR
o ZRHIEXT TIEERIA A SARE G E N B E R
o ZFFIEARIZ S R T A B A PR RFAE R AR G o
ISR U ¢ G 56 SR Aff 2 REANREAE XS 36 R BB 3 A RS RO R 1 = =, 2 p {E /N T 0.05 B
AN A ZHRHAER TR B AR S B B 2R XU ¢ 856, A SOK 13,184 4E4F
TERRHER) 5129, R JE T 5 9 P RFAE 8] PRIV AR A 58 R BRI 8 P INMRFAE 2R HEAR S, AR R
ASHEART 0.9 B, ASCUAXENEHERAH IS, Sl rh — ANRRAE DR DR E T4 . B VARA R 2%
PRI, ASCHE— % 5129 4ENSAEHE— PR3] 1163 4.
R RA SRS 4 FpAS P AL v T 4
2.3. WCE Loss
FHINBOERANMBURSE ST 77k, R NI BRI ok, 18I 38 KD BERRE AR A R s
FEARAST- M7 1] . AR 45 95 (WCE Loss, Weighted Cross Entropy)/& — & 8L S kU v, S+
s, HAR R
L. =-wylog(p,)—-(1-w)(1-y)log(1-p,) (1)
ERF, y RFEEAREQEFEARN 1, AFEAN 0), p, RNV IEFEATMESR, w02 1 ZEK
WHG B w AT DO IE AR AT R AR R B TRk, R BARE TP IEREAECE N m, SRR E N
n, W4 w=# I, AT RUSAIE — I 25 IE FrORE A o 45 5 B B S IR AR [, 2245 2% R B T LA
FRNT- 1728 S K%
2.4. Focalloss
TR IR 451 % B AR I 158 B w1 T REAS () B bR B R Dk, BV 5 RE R B A B A A M Sy
G REAR RIS, £ 3FIX— 8, Lin 22 A$EH T focal loss [4]. X T /0@, HARUW T AIR:
L/Z :_(l_pz)ylog(pz) (2)

X,y AT S, AT HEESFEANBE. p R0 K8 BER, WRMANIERH p,
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B 1, BHHZAEA R IER B 5 0IZR, MR (1- p, ) (AN, T 5 AR AR vk =
BINNIERH p 35 0 I, FORFEA D REFR HAECLINZR, XN (1- p, ) BB AE 2GR, ATATHE i

MG FEA AL
My =08, focal loss ff 2B — MRS SUE R,y BIERROK, BAROCE X FEA .
2.5. LDAM loss

LDAM Loss (Label-Distribution-Aware Margin Loss) [12]5/MEiIZZ AL S 4855, B Cao S5 N$2H,
HAZo0 AR K oy i A 2 BRIt TG KD BERFEAR I 0 BB R T E 2 Fox, =Mikk
ZHERFEAR, BLRDERIEA, BENEER-FE T N AR AT, S RA AT EEE T 1 SEbr
GRRIATE, oy, My, 53 IR 1 NS 2 By K F )i MR . — AR, FEREEPE IS LT, A
KBNIE D S e/ NEE B —RE, (AEEHURAFEE O T, BTSRRI D, HRBILIEND
B A2 B R RFE T F U BERAEA 73 BB IR 2, Atk LDAM Loss 575 e D E RFE AR PRI 22
K, WK A S e 2 BRI, NI K D BRI B

Figure 2. Binary linear separable classifier
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PBEBLREARIIERIN (31, 31)- (200 )oooos (0, )} 0 FF (oo, ) RS (3137, ) )
B, R, f R AR

H:f(xi)—yl. 0<i<nm (%)
KE) P 0 FoRZIEIR G AIAEMZE, (ERFRE S, @ H R 0 RATEER/N.

018 (1)) ®

t9:max(f(x,)—y,)2 (7

F(6) 7k A2 B VA vl /i FH (38 iR = i ok, (7)o Rk . @ SR U s A PP ok B L 2 T
BORIR, SERRUR S S G — RN AN EE R BT TR, (B Ay SRS 7B s AN~ Al i H B 1)
B, Xu SF AR T MO AT (Minimax) 13RI — )8, B 0 R A 2 v L4,
HANBHE DA AN REFHRI TR ZER R, B RS AR S R IRRAE N & R .

G:minrllgjgkijg(f(xf)_yif ®)

AW AWK RE, BB N 4, BAE EANEER, kRS AT BE . %90
I BRI B 172 A5 2 TR) B KA 2Rk B e

H [ (] AT B 2R b, ] DUR AN R v, s — AP s 4, EH6) 100,
S5 200, BBAFERR AT DB SR8 3 A, BABEE 100 S, HBan N AR

1
loss=Ei?mg,(—yk’g(l’t)_(l_J’)log(l—Pz)) ©)

A,y RRABRZE(0 5L 1), p, R KRBT AIBER . BRI M A% Bk, R R
RAF B, Wil loss RATREM/INRIAL 268, BT RANANBREE NS, FikfdE A
AT A IR R AT

3. SCIf
3.1. HEE

AR IEAR A A B—AMER A B SLARER 300 FIHREE MRI F94#, &F—1F1#
AR BRSO EARBHE A A TARVE . ZBRAE LS 200 51 FFOIR BRAR G FE BR 23, 100 f19F
RIS, AR 2 BRI . 28R SR R AL SRR AT 2028, 222 RR AR B EURT B 4 I
22 7. BIAEEEEKRE LIEE LR 163 ] TAO H3, Hb 58 Atk EE R, 105 HIEHE
FERRF, R M EATF T EA .

H g ARG Bk 2 R,

A0 MRI 28 25 S AR B R A8 R AR #02EAT T MinMax H—4k, IH— 1 A= (10)Frw .

Table 2. Experimental datasets

2. KWHIEE

Bt IERHE EHE WE SEHH
MRI 18 4 K iE4E 100 200 0.5 1163
B EE B B AR 58 105 0.5524 26
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x=—tiTTmin o1k (10)

X — X

n

R, x WEMEHE, x WE—LRORE, x . RENEE, « REHE, & RRASL,
3.2. SIS

XtF IS, A SCHBERLE 80%EEE AIZREE, 20%E R /E MRS, FHET HATE XA,
SIS 25 BN FLAT A X UE (R S5 4H

R EANTES BB W T

1) WTHLAEAL, RA pytorch HEZE N AIMZ 4L Crossentropy BRI

2) %IF WCE loss, fE Crossentropy fii &k N TR E S, SHILEFGFEARILE], }[0.66, 0.34];

3) XIF Focal loss, RHISCRA[4]FH IS, BSHy=1.5;

4) %17 LDAM loss, KHSCHR[12]H S8, HZSHC=30;

5) X+ Minimax J57%, A4 bacth f& N —~ KA IEZR I ER AR HAG RERIERA, 2l 54 m
gk, LR /M

BORYIIRS 21 2% 3x 107, SRR ZIBIOE[ 14 RSN A B 2] 2, (] adam AL, batch-size
36, FEANTTERIZE 50 epoch.

BT HARA A, 8 R bR 2 S Rl ) e — 28, R ARSCR AP FL 43 3(Average-F1).
“FYJRE B2 (Average-Precision) 337 [A] % (Average-Recal ) FIHERf R (Accuracy)/E N iFAN FEFx .

TP+TN

Accuracy = 1D
TP+TN + FP+FN
Average-Precision = 0.5 s (label =0)+0.5 s (label =1) (12)
+ FP TP+ FP
TP
Average-Recall = 0.5 (label = O) +0.5 (label = 1) (13)
TP+ FN TP+ FN

Average-Precision x Average-Recall
Average-F1:2 verage-rrecision X Average-neca.

(14)

Average-Precision + Average-Recall

BRULLIAE, 5N T 23R TAERHIE 28 (Receiver Operating Characteristic Curve, ROC)HE4T 1A,
ROC HiZL AR A AUC, AUC K5 SRR LT .

33. XBERS S

3.3.1. MRI & AF BURESLINER

7 3 4 MRI S8 4 5 HOs 45 5206 i TL A A8 ORAIE P45 3, &) 3 &AL ROC #iZk. M FrhmT
DA, M TIRLRBA(CE), HAr 4 Fomikmtkaef — e 4T, Hrh WCE loss J7VE P E RS 3R i
=, 3] T 0.71, LDAM loss /71 AUC &=, AN 0.803. Zi& KA, Focal loss /715 &R I, 7
HERR L P E B, SPY FL 8 =Ttk e fe b LA 2] T KME, EMAERZ N 0.747, AUC 7 0.759,
FEREIZN 0.693, A RN 0.742, I F1 775804 0.696.

33.2. REFBEYIEESWESR

W L BT AR HR AR SR IR 45 2 4 B, [ 4 9 SR RUAE AR B B R R 4R K ROC i 2. R
AILAE H, AT HE AR (CE), HAR 4 B RAERT A abs EIEREES A $2F, FHoh R I I 12 Minimax
JriE, EHERRA 0.788, 3 F1 43408 0.785, “FIkE#iZ N 0.792, “FHAERK 0.816, AUC A
0.859, ik 1 HAlLIERE.

DOI: 10.12677/s€a.2023.123049 501 B TR R


https://doi.org/10.12677/sea.2023.123049

KRR 2%

Table 3. Prediction accuracy of MRI testset (positive and negative sample ratio 1:2)

% 3. HREAE MRI HRENIAEELHARLLS] 1:2) ERIFUNERZ

eSS iRIIES Rl LES RRCREICIES P34 F1 404 AUC
CE 0.700 0.610 0.697 0.592 0.738
WCE loss 0.710 0.710 0.715 0.680 0.783
LDAM loss 0.733 0.670 0.648 0.648 0.803
Focal loss 0.747 0.693 0.742 0.696 0.759
Minimax 0.727 0.690 0.706 0.681 0.758
Receiver operating characteristic example
1.0+
0.8 1
% 0.6
g 0.4 4
= ,’, CE ROC (AUC = 0.73768 )
,,’ —— Re-weighting ROC (AUC = 0.78343 )
0.2+ // =~ LDAM-loss ROC (AUC = 0.80313)
Pid —— focal-loss ROC (AUC = 0.75889 )
e ~—— minmax ROC (AUC = 0.75758 )
0.0 == Chance
0‘,0 012 014 016 018 110
False Positive Rate
Figure 3. ROC curves of each model on the test set of MRI
dataset (1:2)
[ 3. BRETE MRI BHEEMIXE(1:2) LA ROC HiZk
Table 4. Prediction accuracy of extremely severe patient testset (positive and negative sample ratio 1:2)
* 4. BEBEREEBENARAERREARLLA] 1.2) ERTUNERHER
eSS HiRIES Rkt ES a2 KEIEES P35 F1 404 AUC
CE 0.727 0.732 0.750 0.723 0.820
WCE loss 0.758 0.754 0.774 0.752 0.824
LDAM loss 0.758 0.772 0.792 0.756 0.848
Focal loss 0.758 0.754 0.774 0.752 0.832
Minimax 0.788 0.792 0.816 0.785 0.859
Receiver operating characteristic example
1.0 -
0.8 /’/
% 061 /,//
= CE ROC (AUC = 0.81987 )
/// = Re-weighting ROC (AUC = 0.82407 )
0.2 7’ ~—— LDAM-loss ROC (AUC = 0.84764 )
,’, —— focal-loss ROC (AUC = 0.83165)
// = minmax ROC (AUC = 0.85943)
0.0 == Chance
OjO 0j2 014 0j6 OjB 1:0
False Positive Rate
Figure 4. ROC curves of each model on the test set of
extremely severe patient dataset
4. ZRBVENEFBELIRENILE LA ROC #hZk
DOI: 10.12677/sea.2023.123049 502 BAF TR S R H


https://doi.org/10.12677/sea.2023.123049

KRR 45

3.3.3. BT ESHALGIERSEEER

DAL PRAN S SR 1 IE REAC LU BIISIAE 1:2 Zids, T DR AN P-4l 58 7™ s (1% 0L, A SCKE MRI
G R AAT TR, HL S0 EREAR, 200 Bl SOREAAE NSRBI AR, IR EL 20% 504 AR A,
Fx T WCE loss IR EZ L N[0.8, 0.2], HABSEEEMINGIES FCRRF—8. LRk s
fias, 5 NEAAL ROC HiZk. M TIRELHAICE), H4& 4 MOmErtEaekIBg — i, Heh
LDAM loss J7iE{E AUC FIUERER s, 43708 0.748 A1 0.836, 1Ml Minimax 77 VA {E R 4x = THEA 845
AR T fibERe, HOPYIREERE AN 0.653, PR FEIRA 0.707, “F3 F1 73408 0.667.

Table 5. Prediction accuracy of MRI testset (positive and negative sample ratio 1:4)

5. HRBYE MRI BHREMIAE(E SR ALLS] 1:4) EBFUMERER

AN GRS BRI ES RRORSIEES P F1 508 AUC
CE 0.780 0.645 0.623 0.625 0.642
WCE loss 0.796 0.550 0.458 0.497 0.701
LDAM loss 0.836 0.643 0.640 0.634 0.748
Focal loss 0.820 0.602 0.694 0.594 0.708
Minimax 0.816 0.653 0.707 0.667 0.725

Receiver operating characteristic example

1.0
0.8
]
©
< 0.6
[
2
=
v
o
o
o 0.4
2 ’
= e CE ROC (AUC = 0.64242 )
/’ —— Re-weighting ROC (AUC = 0.70101 )
027 e LDAM-loss ROC (AUC = 0.74788 )
PR —— focal-loss ROC (AUC = 0.70768 )
g —— minmax ROC (AUC = 0.72545 )
0.0 1 == Chance
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Figure 5. ROC curves of each model on the testset of MRI
dataset(1:4)
[ 5. HREVE MRI BURENIXE(1:4) £BY ROC HAZL

3.3.4. SRS

AR 3~5, nJLUE W, MR ARG A X, WCE loss, LDAM loss, Focal loss, Minimax JYFf
A TIE N R, AR A AUC ¥ — 1T, R T X DURh 700 AN~ Hahs 4R 1 A7 1k

Hrp, 78 MRI 2 G A R EQE AFEA LS 1:2)3250 4, 045 Rk G4 T+ 5 £ 12 Focal loss 7714,
HXFE LDAM loss Al Minimax, $&7+ /72 WCE loss J7i%, {XRTH T 1.0%MER .

TEM S B B SR (E OREAR LR 1:2)5256H, Minimax kRIS, EATE R EXIER T &
1 fE. WCE loss, LDAM loss, Focal loss =7 7A#EMfiZ%—3, {H LDAM loss [1] F1 73 %0 &, 15684
BN D ER TR 2 T R AN R O, AR, AR OTVAR AUC ST 0.8, JB TR — M AHNE
(R ds, G A E A W] LUK LT A -
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1E MRI 5o H 2 BREQE AAEAR S 1:4) L, LDAM loss J7 1 Minimax J724K IHAE B0 g
RKIL, WETEIE TN IR LEAERTE, Hh Minimax [9°F3 F1 0 %dsm, $#27H 7T 4.2%, XU
BT DERI o MR A . S AN RN BT v BARTEHER A AUC _E#E 1T, (EEH BRI
AT IR A SO AR R A B IX LR, A BRI e AR R, R R AR LU 45
2 R ESCHEAT T4 BRL 00 EE AR B 2 5 23 R 28 00 73 e 8 R T ) T~ 2 450K .

AT =R AT UK, AP IR BRI OEOREAR 1), 4 FhOE#RefE BT A TR dRbr b
A FT G, (H 24 AP B 1 K5, LDAM loss A Minimax ZHL H 58 47 (&M 1, o2& Minimax J572:,
XS BERI KR LY, RAERATEZSW oy B, FONEEAAE R ADEEE, el iF iz
R R EAUVH B2 W 2 — 5% . IUIAEA- PRI g™ B, BHEFF A Minimax J77%.

4. 5L

AR SCER T FH T AR R0 12 W8T ) MIRT 5245 20 2 i S A R R0 38 00 4 HH B PR 1 SRR AR A P AT 3
%, % T WCE loss, LDAM-loss, Focalloss, Minimax PYFfA P54k ikt 47 75256 . 7E4E AR
() WX AR ARUAE L T  FASSPHEEARAL 7 R I 5 00 2 AR L 5 T b 2208 A FH D5 463 58 S0 2R I R R A R
R T APEARA T E A RN . SEI 0 R IBE E SOREA LU AN [R], 25 D7 iR 285 SR B FHAEAE — o8 22
o FERRFEAHSRAT T, FEA 3 S HE 5 B PO B A% FR (1) B2 e BE K, i SRAEAR 43 SR I HE 2 R P e
HEFFAEFH focal loss J77%, NS BT HE TS FEARRIAE W RAEA > KM 5 R BERRAR, A
WP b TR 2 R HHR AT AT, A Minimax J7VES MUY EIF IR . AEEEAPE LT,
FANAP BN BN TR T RN R, S B A Minimax 77, XD HERI 24
PERESE L o A ST R 7 [R50 EE 2 56 e AE AN P 2887 DR R IR o5 12 W 25008 1 2% A 1, 040 R B0k 11 g B AR 1t

1T
EE&ME

AT R H ARSI E VB, 5 4S8 61906121,
P
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