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Abstract  With the widespread adoption of artificial intelligence (AI), its integration into the
digitization of traditional Chinese medicine (TCM) has become an increasingly important research
topic. Recent studies in digital TCM have shown that pulse wave signals are closely associated
with multiple aspects of human health and can support the diagnosis of conditions such as diabe-
tes, hypertension, hyperlipidemia, cardiovascular disorders, pulmonary diseases, and kidney dis-
eases. Pulse diagnosis devices can acquire high-precision pulse wave signals rapidly, conveniently, and
cost-effectively, without causing harm or discomfort, which makes large-scale screening and

long-term monitoring feasible in clinical practice and community-level health management pro-

WeRE H . 2025-11-19; FE LR & A H 191.:2026-03-25, A TR 3 K [ AR 3 4 (62272133.62276265.6257634) W B, SKAL A& . 14 1-,
W5 E LS (CCP) 2 5, F B0 50 40088 A 1 2 26 W S AE 00 ki 3138 BEAL 2 > B35 . E-mail: zhangchl1992 @ qq. com. 3K
KMEGRISEE) L, Bz, WA S0, 30 5 40 sk ol A% Ak B R SR DL AR ) R AR AE BN . E-mail: davidzhang @ cuhk.
edu. cn, B AL HOF5 A, EEAFG G Z R 2 B EWRRE U, R GEEES) W L WA S, T E
FALF 2 (CCP) & G, E B I BON R 2 ) AW HEIR ] . E-mail : lijinxing1 58 @ gmail. com, T 7%, -, #4284 S 0f, op
EF AL S (CCP R & 5, EEFF AR 8 B A5 BAC S B R HLER 24 > BR 4245 .



9 S e A5 T 1] ok AR S 0 26 A T A AR e o 2077

grams for diverse populations. When combined with reliable diagnostic indicators from Western
medicine, pulse-based analysis can significantly contribute to computational health assessment.
However, pulse wave acquisition is susceptible to noise and outliers. In practice, signal quality
can be affected by inter-subject variability, sensor placement and contact pressure, motion arti-
facts, and device/environmental differences. These factors may distort waveform morphology
and can also introduce uncertain or incorrect labels, making learning-based diagnosis unstable in
real-world deployment. Enhancing the robustness of pulse wave modeling under uncertainty is
therefore crucial for practical health computing applications. Incremental ensemble learning can
iteratively fit classifier residuals, thereby reducing the bias and variance of individual models and
improving discrimination near decision boundaries. Nevertheless, conventional residual-driven
ensembles may repeatedly emphasize samples with large residuals without distinguishing informa-
tive hard samples from noisy or conflicting ones, which can lead to error accumulation. Moreo-
ver, many ensemble fusion strategies do not explicitly model the credibility of each weak learner
at the sample level; consequently, low-confidence outputs may still dominate residual updates
and degrade stability. To address these issues in pulse wave - based disease diagnosis, we pro-
pose a Trustworthy Incremental Ensemble Learning method based on Stochastic Configuration
Networks (TIEL-SCN). First, TIEL-SCN employs data-dependent stochastic configuration net-
works (SCNs) as weak classifiers within a residual-driven incremental learning framework to pro-
gressively fit residuals and improve predictive performance. Second, to explicitly represent uncer-
tainty, the proposed framework transforms each weak classifier’ s probabilistic outputs into
membership and non-membership degrees, reflecting both support for a target class and the
strength of the most competitive incorrect class. Based on intuitionistic fuzzy set theory, a com-
prehensive confidence score is computed to quantify the reliability of each prediction. Using this
confidence, TIEL-SCN constructs basic probability assignments (BPAs) that allocate belief to
specific classes as well as to an uncertainty set, enabling the model to express hesitation rather
than forcing ambiguous samples into a single class. The BPAs are then incrementally fused via
Dempster - Shafer theory (DST), which alleviates conflicts among weak learners and reduces
the influence of unreliable evidence. Finally, the fused evidence guides residual updates in subse-
quent iterations, improving robustness to noise and outliers throughout the learning process. Ex-
periments on real pulse wave datasets covering diabetes, hypertension, hyperlipidemia, cardio-
vascular disorders, pulmonary disease, and kidney diseases, as well as a multi-disease classifica-
tion setting, demonstrate that TIEL-SCN achieves better generalization and higher classification
accuracy than existing randomized learning methods and ensemble baselines, particularly under

different levels of label noise.

Keywords stochastic configuration network; ensemble learning; Dempster-Shafer theory; incre-

mental learning; disease diagnosis
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4.1 SCISEit
40101 SERE

Tk 78 e 5 A0 ok R T AR o b SCOR A CRIID Se it A=
PRI IR B IE 0 @ R B A 2 AR W R B
AL Al FE (Health) VB R (Diabetes) | & i (Hy-
pertension) . i Il i§ ( Hyperlipidemia) . «L» I J%5 ( Heart
Disease) . Jiili & %< J% (Pulmonary Diseases) M & i
(Kidney Disease) ,

© St YRR S 5T 0 L https: //hwl761. huaweicloudsite.
cn/col. jsp?id=103,
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Horp, PR PR B R Gk = A AR Y &2 5 4%
BRSO R SR AR I T
REH 4 mV/kPa BF KT Iy 4% &A% (5% 4
AW IR R I ) o kD B SR AR AR R
FE N 400 Hz, BF 3007 52 10E AR HER SR I Ky 1
A3 SR AR Aok AR AR S it i Y W S A RO T R A
HI7E 2 NGRZEWHE £10%) . i T MK AE =R AL
Hh i R I B R R Bl R R, O A R IS
PN O R Hol TR AL E R AR S AR IR
(0 Fe A P 5 15 R L e i BB Tl A2 0 B AR E 0 AT 110
i 2R A B ST AL T B R 2R R AL 1Y O K AR A
NEEZIHRZ

FE RS 1040 B 5 Bt L &1 R AR A 5ok T AR
AR 4 Hz (AR I I8 4%, I 10 P R 2 A% 1E 5 125 0
B H P W3z 2l 5 | A 1 J] S0 R 2 TR RS L SR R I A
H 25 (Short-Time Fourier Transform, STFT)
N T 4% AT 5 v 52 UK R A L A T S fi
FE VS, " oy AT 55 DL VS, B IR/
MLE” 250 AT 55 U Sl iR Wk 1,

F1 BERHESMHR

et FE VS, FH IR 775 253 1028
fdBE VS, w1 R 775 224 999
it VS, B I 775 450 1225

et B VS, 0 R 775 444 1219
faFE VS, il 35 9% 775 323 1098
fdt e VS, B 775 272 1047
fee e V'S, W PRI / R O 775 477 1225

4.1.2 BHRE

FHEAE TIEL-SCN B fE . Lk e e 4~ B
AR I BE AL 5 2] B AL A S X Le 3 1, A0 46 F B
JZBEPLAIZ P 45 58 RVELY (SCN' 5 98 B B WL
25 2 A5 % DRVFLY  DSCN' 5 45 i 18 Ji Bl HIL b
22 M 45 B8 EDRVFL™ | Bagging-SCN-" s 5% it ¢ £
42 7} Ml LightGBM ( Light Gradient Boosting Ma-
DL
R ARIE £ X B T T A R L A5 AR TR AH G S 4
Fo 38 2o 47 A8 SIS UE B A L B Y A A R AT 55 1
MA7IEAT 100 IR, RS 40 Bl AL % B 75 Y0 REAS AR S
YIZREE R4 25 VoA AR , e Ak, Bk TIEL-
SCN A F M, B AL B 10%6.20 %6 .30 % F1 40 %
(I 25 85 0 A 25 3E AT B 7%, 12 SR OF 34 G-mean I
Fl-score M H bR iE 2= AE R 52060 245

LA E BB BT .

(1) T A5 Bt AL Ao 28 I 4% A0 R 4 4 2 507 1R R

chine

{25,50,++,175,200},

()PP A B AL pl 28 W 28 B A L, TF 4k = 80
Bl A {107,107 ",--+,10",10"},

(3) TIEL-SCN %5 SCN, DSCN, Bagging-SCN
SRR AE T - FIBE AL S G B A B R A
{0.9,0.99,0.999,0.9999, 0. 99999, 0. 999999 } F
{0.5,1,10,30,50,80,100,150,200} Hfi i€ ; FEALHT &
EEREL T . A 503 IR ZEN 0. 001,

(4)RVFL,SCN R FH B 7 J2 9 28 45 44 , DRVF L,
DSCN.EDRVFL 3 H T B2 #f 28 X 28 45 1), & 2
BomyeE m(1,2,---,9,10},

(5) TIEL-SCN, Bagging-SCN 55 43 25 % 5 7 %
H 5 DRVFL.DSCN.EDRVFL %5 1% & # 25 0 4% 4%
P — 30, 59 40 BB o (1,2, -,9,10)

(6) TIEL-SCN AN 5 PR AU E 280 X 48 26
#9{0.1,0.2,--+,0.9,1},

(7) LightGBM F i) 50 & n_estimators N {25,
50,+++,175,200} ; L, /L, 1E WAL 2500048 R 36 Bl N
{1077,10 7,+++,10%,10° } 5 2% 2] AR N {0. 005,
0.01,0.05,0. 1} ;8 25 14 52 Z% i 2 %048 6 Il num_
leaves 7 {15,31,63} ., max_depth H{—1,3,5},

4.2 ZWERSH

TIEL-SCN FIUAH BRI AE L~ “fat FiE VS, B ”
AT 55 F B G-mean/Fl-score FlAR#E 22 L K
KESH RN 2~ 8,

WRAEFR 2~FK 8 PR ML L R LA,
TIEL-SCN 7EA[FAE 55 5 A [ e 75 LU 461 T i 28 6
RE XS 10 25 00 T At X b AR AL, R i 2 A i Bl VS,
R IR Al B VS, (R IR 7 A MRS AT 55
TIEL-SCN 7 /& M2 75 4] F 19 %) G-mean Fl F1-
score WL FHETF . Horb, BRI Y SCN & K Pk g
P TSR MO/ RVFL, Bx T SCN 2t T i
B 38 o 48) 8 P 28 0 45 B AR 1Y R AP iz A PE BB, I
4N, DSCN #1 DRVFL 7E SCN 5 RVFL By &5l 5]
A THRZM G5, 38 i 2 Fa )2 il B 3 o 1 AR 4k
FILGETT REEAE — & R IR THE S PERE . SR,
TR )2 S5 K0 BTl R 1) 2 808 2% FE R R TU A 3R 56 L il 3L
Gy TER BRAEA AL T KA S G, 5 0] 2 7 e M
Fo R MR R I Bl e B K R e MEAS 2. EDRV-
FL R AR TR BE 25 K 2% G5 2 J23 i o 4 Sl A e
Sy R, L K Bagging-SCN % ] Bootstrap ¥ k¢
Fmg LA SCN Ry g5 43288 P45 G 5% Voting FF4E
B 2] SRS AT SR, AH A T RVFL Ff1 DRVFL 7
REBIAESS LA — & PERE & T+, (H B AR 1S 45 A R,
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F2 HEXEBEEE VS HEREMES DK ERE
o AN T B A5 0 7 A 43 2 g
i 0% 10% 20% 30% 10%
ZH L=175,C=10" L=75,C=10" L=75,C=10" L=25,C=10" L =200,C=10"
RVFL G-mean( %) 88.50+2. 44 88.5242. 70 88.00+2. 74 86.00+4. 29 80. 60+8. 25
Fl-score( %) 85.70£2. 56 85.13+3. 24 84.15+3. 28 81.81+4. 83 72.354+9. 60
E 21 L=50,C=10" L=150,C=10° L=100,C=10" L=100,C=10" L=100,C=10"
SCN G-mean( %) 89.4742.33 89.38+2. 92 88. 63+2. 80 87.17+3. 68 80.89+8. 93
F1l-score( %) 86.802. 50 86.21+3. 10 85.02+3. 20 82.87+4. 30 72.634+9. 60
- L=150.H=10, L=125.H=9, L=200,H=38, L=100,H=6, L=125,H=9,
- c=10" c=10° c=10° c=10° c=10°
DRVFL
G-mean( %) 89.14+2. 74 89.18+2. 23 88.26+3.18 87.10+4. 04 82.11+7. 30
Fl-score( %) 86. 46 3. 25 86.38+2.58 85.114+3.47 83.28+4. 66 74.55+8. 88
¥ L=150,H=5, L=125,H=6, L=125,H=5, L=100,H=3, L=125,H=7,
DSCN - c=10" c=10" c=10" c=10" c=10"
G-mean( %) 91.0742. 00 89.52+2.51 88.53+2. 97 87.48+4. 32 83.59+5. 55
Fl-score( %) 88.38=+3.10 86.90+2. 55 85.30+3. 52 83.53+4. 29 75.40+8. 73
- L=100,H=10, L=125,H=3, L=150,H=9, L=25,H=9, L=75,H=6,
EDRVEL c=10" c=10" c=10° Cc=10° c=10°
G-mean( %) 89.17+2. 11 89.89+2. 67 88.40+3. 11 87.11+4. 28 82.57+7.01
Fl-score( %) 86.2742.42 86.94+3. 17 85.40+3. 56 83.30+4. 75 75.16+7. 63
E Xl L=50,M=38 L=150,M=14 L=100,M=5 L=100,M=5 L=100,M=5
Bagging-SCN  G-mean( %) 92.47+2.33 92.16+1. 83 91.98+2.11 89. 86+2. 36 87.90+3.53
Fl-score( %) 90. 104 2. 60 89.40+2. 30 88. 80+ 2. 60 85.90=+3. 00 82. 40+ 4. 20
ZH n_estimators= 200 n_estimators=175 n_estimators=125 n_estimators=150 n_estimators=175
LightGBM  G-mean(%) 90.73+2.16 89.12+2.53 88.61+2.74 87.20+3. 61 82.41+3.75
Fl-score( %) 88.32+1. 69 86.29+2. 08 85.41+2. 46 83.0043. 25 74.7843.15
S L=50,M=10, L=150,M=5, L=100.M=6, L=100.M=5, L=175,M=9,
- 1=0.1 1=0.3 X=0.4 X1=0.5 1=0.8
TIEL-SCN
G-mean( %) 93.13+1.82 92.56+1. 86 92.21+2.08 91.11+2.36 88.23+3.49
Fl-score( %) 90.90+2. 10 90.01+2. 20 88.90+2.50 86.90+2. 90 82.80+4.10
X3 HEEBEERE VS. 5MEMES LN 6
ok AN T B A5 0 7 T A 43 2
: 0% 10% 20% 30% 10%
S L=125,C=10" L=50,C=10* L=25,C=10" L=150,C=10" L=75,C=10"
RVFL G-mean( %) 76.2243. 60 74.07+4. 36 73.314+5. 16 72.114+6.53 67.91+8.47
F1l-score( %) 68.12+4. 63 63.29+5. 25 64.31+5. 92 60.58+7.73 52.80+11.57
S8 L=125,C=10" L=175,C=10" L=125,C=10 L=150,C=10" L=175,C=10"
SCN G-mean( %) 79.214+3. 99 77.63+3.57 75.3244. 95 73.07+6. 29 69.5347.71
Fl-score( %) 70.73+5. 07 67.97+4.53 66.50+6. 29 62.13+7.99 55.30+9. 79
8 L=25,H=2, L=125,H=4, L=50,H=3, L=50,H=4, L=125,H=7,
DRVFL - c=10""° c=10""? c=10" c=10" C=10°
G-mean( %) 77.6243.99 75.85+4. 37 74.714+4. 63 71.94+5. 30 68.14%10. 30
Fl-score( %) 68.96+5. 03 66.32+5. 05 66.01+5. 34 61.25+6. 69 54.35+12. 28
- L=200,H=5, L=200,H=5, L=125,H=2, L=50,H=3, L=50,H=14,
DSCN - c=10° c=10° c=10° c=10° c=10°
G-mean( %) 79.44+3. 64 77.36+3.72 75.394+4.73 72.9246.01 68.72+9. 84
Fl-score( %) 70. 96+4. 62 67.704+4. 72 66.57+6. 00 61.98+7.63 54.49+10. 42
58 L=25.H=5, L=75.H=10, L=50,H=38, L=25.H=5, L=50,H=3,
. - c=10""° c=10" c=10° c=10° C=10°
EDRVFL }
G-mean( %) 77.93+4.03 76.1743. 84 75.2044. 56 72. 4446. 09 68.2149. 91
F1l-score( %) 69.23+5. 07 67.50+4. 38 66.42+5.53 61.85+7.09 54.43+12. 81
e L=125,M=10 L=175.M=5 L=125.M=3 L=150,M=14 L=175.M=2
Bagging-SCN  G-mean( %) 84.03+2. 65 82.58+3.31 79.54+3. 38 79.5943. 42 72.2145. 74
Fl-score( %) 75.5543. 37 72.924+4. 21 70. 724+4. 30 68.65+4. 35 57.98+7. 29
S5 n_estimators=150 n_estimators=150 n_estimators=150 n_estimators=150 n_estimators=175
LightGBM  G-mean(%) 81.29+2. 84 79.7242. 96 77.9943.51 72.73+4.16 67.88+4. 23
Fl-score( %) 73.1142.58 70.19+2. 64 69.48+3. 34 64.25+3. 92 53.26+3.76
2¥ L=175,M=10, L=175,M=9, L=175.M=3, L=175.M=9, L=175,M=5,
TIEL-SCN X=0.6 X=0.3 X=0.1 X=0.5 X=0.5
G-mean( %) 84.10£2.96 83.63+3.25 81.99+3.39 79.96+3. 36 72.99+5.58
F1l-score( %) 75.62%3.76 73.97+4.13 73.17+4.31 69.02+4.27 58.76+7.09
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F4 HXEBEERE VS. 5MEES RN R
ik AN T B A5 0 7 T A 43 2 g
’ 0% 10% 20% 30% 0%
28 L=150,C=10" L=50,C=10" L=175,C=10° L=150,C=10" L=50,C=10"
RVFL G-mean( %) 65.53%3. 00 63.99+2.70 63.15+2. 93 59. 9444, 82 55.02+8. 94
F1l-score( %) 56.97+3.79 54.99+3. 29 54.05+4. 20 49.01+8. 19 41.58+14. 31
S8 L=50,C=10° L=25,C=10" L=175,C=10" L =200,C=10" L=100,C=10"
SCN G-mean( %) 66.08+2. 45 64.37+3. 33 63.81+3.45 61.44+4. 37 58.99=+6. 70
Fl-score( %) 57.714+3.06 55.58+4. 34 54.69+4. 78 51.10+6. 98 46.51+10. 98
- L=200,H=5, L=50,H=38, L=200,H=14, L=150,H=14, L=200,H=2,
DRVEL - c=10° c=10° c=10" c=10" C=10°
G-mean( %) 65.73+2.73 64.59+3. 26 63.714+3. 65 61.124+4. 90 58.14+7.02
Fl-score( %) 57.3443.45 55.98+4. 43 54.59+5. 02 50. 75+7. 68 45.75+11. 77
- L=100.H=5, L=200,H=3, L=75.H=4, L=25.H=3, L=50,H=2,
DSCN - Cc=10° c=10° c=10° Cc=10° Cc=10°
G-mean( %) 66.02+3.11 64.39+3.11 63.28+3.45 61.63+4. 36 56.87+4. 91
Fl-score( %) 57.65+3. 88 55.60+4. 05 54.16+4. 78 51.29+6. 96 44.39+8.05
54 L=25.H=6, L=75,H=10, L=100,H=10, L=125,H=5, L=200,H=10,
EDRVEL - c=10° c=10° c=10"' c=10' C=10?
G-mean( %) 65.94+2. 88 64.68+2. 92 63.83+3. 89 62.02+3. 92 58.19+6. 87
Fl-score( %) 57.7843.49 55.924+3. 88 54.69+5. 23 52.2945. 97 16.57+11. 26
S8 L=50,M=5 L=25,M=5 L=175,M=5 L=200,M=3 L=100,M=3
Bagging-SCN  G-mean( %) 69. 4442, 29 68.10+2. 46 66.79+2. 86 63.62+3.54 61.97+3. 66
Fl-score( %) 61.07+2. 86 59.31+3. 21 57.67+3.96 53.28+5. 65 49. 49+6. 00
28 n_estimators= 150 n_estimators= 200 n_estimators=175 n_estimators=200  n_estimators= 200
LightGBM  G-mean( %) 67.81+2.39 65.86+2. 69 62.73+2. 89 60.59+3.13 58.50+3. 22
Fl-score( %) 58.47+2.52 58.34+2. 82 56. 68+2. 92 53.60+3. 12 50.90+3. 13
2 L=50,M=09, L=25.M=10, L=175.M=38, L=200.M=10, L=100.M=10,
- X=0.5 X=0.4 X=0.1 X=0.4 X=0.3

TIEL-SCN
G-mean( %)

Fl-score( %)

69.46+2.37
61.09%2. 96

68.42+2.58
59.63%3.36

67.39+2. 84
58.27+3.93

64.62+%2.95
54.28+4.71

62.13%3.91
49.65%6. 41

F5 HEXEBEMRE VS, O RERES LR R

AT HE R 7R 1 2 2 T R

Sk 0% 10% 20% 30% 10%
28 L=150,C=10 " L=175,C=10 " L=75,C=10" L=150,C=10° L=50,C=10"
RVFL G-mean( %) 68.35+2. 83 67.82+3. 21 66.80+3. 74 64.34+3. 90 59.45+7. 71
Fl-score( %) 60.51+3. 74 59. 85+3. 87 58.70+4. 71 55.50+5. 34 48.31+11.79
ZH L=150,C=10" L=100,C=10"" L=125,C=10° L=25,C=10""* L=200,C=10*
SCN G-mean( %) 69.14+2. 85 68.76+2. 82 67.41+3.37 64.61+3.91 60.7348.17
Fl-score( %) 61.73%+3.71 61.22+3.38 59. 62+4. 20 56.11+5. 09 50.534+11. 41
8 L=200,H=5, L=75.H=10, L=50,H=5, L=25,H=38, L=25,H=2,
DRVEL - c=10""° c=10° c=10' Cc=10' c=10""°
G-mean( %) 69.21+2.75 68.61+3. 26 67.79+3. 69 65.56+3. 72 61.80+7.11
Fl-score( %) 61.91+3.75 61.19+3. 86 60.19+4. 55 57.174+4. 70 52.194+9. 35
8 L=25,H=3, L=100,H=2, L=25,H=14, L=25,H=2, L=25,H=3,
DSCN ' c=10" c=10" c=10" c=10" c=10"
G-mean( %) 67.72+3.29 67.45+2. 91 65.41+3.50 64.41+4.08 59.39+4. 82
Fl-score( %) 60.31+4. 28 59.914+3.49 57.614+4. 36 55.91+5. 31 49.19+6. 74
S L=50,H=3, L=75,H=F6, L=175.H=5, L=175,H=6, L=100,H=5,
EDRVEL c=10" c=10" c=10" c=10" C=10°
G-mean( %) 69. 60+ 3. 16 68.81+2. 96 68.16+3. 75 66.06+3. 43 61.73+7. 69
Fl-score( %) 62.51+3.85 61.58+3.58 60.48+4. 68 57.794+4. 37 51.89410. 35
EXi0 L=150,M=9 L=100,M=5 L=125,M=5 L=25,M=4 L=200,M=5
Bagging-SCN  G-mean( %) 73.69+2. 54 71.9342. 28 70. 6642. 42 67.6743. 04 65.76+4. 24
Fl-score( %) 66.28+3. 30 64.38+2.73 62.87+3.01 59.17+3. 95 55.56+5. 92
S5 n_estimators= 100 n_estimators= 200 n_estimators= 200 n_estimators=200 n_estimators=200
LightGBM  G-mean( %) 73.1042.17 71.90+2. 48 70. 4042. 65 68.60+3. 15 65.30+3. 47
Fl-score( %) 65. 602, 29 64.20+2. 56 62.60+2. 68 60.00+3. 14 55.20+3. 38
o L=150,M=10, L=100,M=10, L=125,M=38, L=25,M=10, L=200,M=10,
i X=0.7 X=0.3 X=0.1 X=0.4 X=0.1

TIEL-SCN
G-mean( %)

Fl-score( %)

73.74%2.62
66.33%3.41

72.52+2.32
64.98+2.78

71.09+£2. 69
63.30%3.35

69.33+2.94
60.83+3.82

66.01+4.21
55.81+%5.88
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: 0% 10% 20% 30% 10%
28 L=125,.C=10"" L=125,C=10" L=100,C=10° L=75,C=10° L=175,C=10"
RVFL G-mean( %) 78.3943.09 77.4043. 45 75.914+3. 84 72.9946. 67 69.50+6. 95
F1l-score( %) 71.24+3. 94 70.17+4. 28 67.724+4. 81 65.48+7.72 58.91+8. 69
28 L=75,C=10"* L =200,C=10" L=25,C=10"" L=50,C=10" L=175,C=10"
SCN G-mean( %) 80. 44+2. 86 78.93+3. 26 77.35+3. 42 75.82+4.54 71.1946. 04
Fl-score( %) 73.7243.61 72.40+3. 98 69. 79+4. 29 68.71+5.13 61.21+7.25
- L=75.H=6, L=25.H=1, L=25.H=2, L=50,H=09, L=200,H=7,
. - c=10" c=10" c=10" C=10° C=10°
DRVFL )
G-mean( %) 79.76=+3. 00 78.26+3. 59 77.17+3. 33 75.0745. 39 70.76+8. 73
Fl-score( %) 73.17+3.85 71.98+4. 16 69. 60+4. 28 68.23+5. 94 61.15+10. 14
- L=200,H=7, L=200,H=6, L=125,H=9, L=150,H=10, L=200,H=38,
DSCN c=10" c=10" c=10" Cc=10° c=10°
G-mean( %) 82.08+2.72 80.56+2. 97 79.55+3. 33 77.80+3. 63 73.97+6. 36
Fl-score( %) 75.36+3. 44 74.02+3. 63 71.99+4. 18 70.69+4. 10 63.98+7. 64
54 L=100,H=7, L=200,H=7, L=100,H=2, L=75,H=10, L=200,H=38,
EDRVEL - c=10"° c=10° c=10" C=10° C=10°
G-mean( %) 79.9142.99 78.414+3.15 77.46+3. 19 75.63+4. 66 71.6747. 01
Fl-score( %) 73.514+3.71 72.3243.98 70.544+3. 92 68. 64+5. 27 61.93+8. 32
S8 L=75M=10 L=200,M=6 L=25M=4 L=50,M=5 L=175,M=3
Bagging-SCN  G-mean( %) 83.99+2. 28 83.33+2. 32 81.17+2. 14 79. 45+3. 20 73.214+4.19
Fl-score( %) 77.28+2. 88 76.80+2. 83 73.61+2.68 72.34+3.61 63.23+5.03
28 n_estimators= 200 n_estimators=175 n_estimators=175 n_estimators=150  n_estimators=175
LightGBM  G-mean( %) 81.60+2.55 79.90+2. 81 79.704+3. 37 77.9343.49 73.534+4. 25
Fl-score( %) 75.2042. 39 73.40+2. 65 72.20+3. 23 70.51+3. 36 63.80+3. 86
2 L=75,M=9, L=200,M=9, L=25,M=10, L=50,M=10, L=175,M=9,
- X=0.1 X=0.3 X=0.5 X=1.0 X=0.4

TIEL-SCN
G-mean( %)

Fl-score( %)

84.37+2.64
77.65%3. 34

83.47£2.77
76.94+3. 38

82.46%2.24
74.90£2. 81

80.57+2.83
73.46%3.19

77.37%4.05
67.39%4.86

F7 HEXEREER VS. BRES LN 8

AT HE R 7R 1 2 2 T R

Sk 0% 10% 20% 30% 10%
28 L=25.C=10" L=50.C=10"" L=150,C=10° L=175,C=10" L=125,C=10"
RVFL G-mean( %) 75.50=+3. 21 74,7444, 21 73.05+3. 82 70.55+5. 22 65.16+10. 39
Fl-score( %) 68.46+4.03 66.29+5. 20 63.87+4. 66 60.41+6. 14 51.76+13. 32
ZH L=125,C=10""* L=50,C=10"° L=150,C=10"" L=50,C=10"" L=100,C=10"
SCN G-mean( %) 78. 004 3. 40 75.25+3. 56 75.134+4. 02 71.7544. 94 67.2645.96
Fl-score( %) 71.06+4. 32 67.99+4. 45 66.45+4. 91 62.04+5. 80 54.7247. 47
- L=50,H=3, L=150,H=7, L=175,H=5, L=100,H=10, L=175,H=14,
DRVEL c=10" c=10" c=10" c=10" Cc=10°
G-mean( %) 75.79=+3. 81 74.48+3. 87 72.96+5. 55 70. 90+5. 89 66.23+10. 22
Fl-score( %) 68. 75+5. 00 67.65+4.79 65.16+6. 30 61.27+6.49 54.17412. 46
5 L=100,H =8, L=75,H=38, L=100,H=3, L=175,H=5, L=125,H=6,
DSCN - c=10""? c=10° c=10" Cc=10° c=10°
G-mean( %) 78.98+3. 32 76.43+3. 30 75.56+4. 48 72.324+4. 46 67.50+6. 99
Fl-score( %) 72.0344. 22 69.17+4.13 66.88+5.47 62.60+5. 24 54.96+8. 76
5 L=100,H=6, L=150,H=3, L=50,H=2, L=175,H=2, L=200,H=9,
EDRVEL c=10" c=10" c=10"* c=10" C=10°
G-mean( %) 75.8143.18 74.5143. 59 73.2443.56 71.07+5. 10 68.30+9. 12
Fl-score( %) 69. 06+3. 97 68.03+4. 60 64.17+4. 65 61.71+6. 34 56.15+11. 48
EXi0 L=125,M=9 L=50,M=38 L=150,M=2 L=50.M=5 L=100,M=2
Bagging-SCN  G-mean( %) 83.8042.72 80.9943.07 78.2443.19 74.76+3.76 68.36+4. 88
Fl-score( %) 76.86+3. 46 73.734+3.85 69.55+3. 89 65.05+4. 42 55.824+6. 12
S5 n_estimators= 200 n_estimators=175 n_estimators=175 n_estimators=150 n_estimators=150
LightGBM  G-mean(%) 80. 00+2. 70 77.60+2. 88 75.30+3. 04 72.2043.71 66. 80+ 4. 44
Fl-score( %) 74.2042.53 70.50+2. 73 66.80+2. 86 62.43+3.45 54.404+4. 02
2 L=125,M=10, L=50,M=10, L=150,M=9, L=50,M=38, L=100,M=9,
i X=0.3 X=0.2 X=0.4 X=0.4 X=0.5

TIEL-SCN
G-mean( %)

Fl-score( %)

83.81+2.31
76.87+2.94

83.48+2.41
76.22%3.01

81.23+3.10
72.54%3.78

78.12+3.25
68.41+3.81

71.47+4.49
58.93+5.63




9 K e 5 I ) KA A5 5 43205 04 AT A Y AR AR ) 2087
F8 MHAMBIEEE VS.HRF/BMEES LMK s
. A Ta] H i 7 R Y 4 28 1 e
Sk 0% 10% 20% 30% 40%
28 L=200,C=10" L=100,C=10"* L=25,C=10 * L=50,C=10" L=50,C=10"
RVFL G-mean( %) 61.3944.13 59.9344. 11 58.1044. 19 57.30+4. 48 53.80+6. 18
Fl-score( %) 67.96£3.15 65. 5443, 12 63. 843,30 63.863. 12 62. 00 3. 60
S L=175,C=10"" L=150,C=10"" L=175,C=10""* L=100,C=10"" L=50,C=10"
SCN G-mean( %) 65.34+2.73 61.73+3.52 60.73+3.43 60.13+3. 86 58.72+3. 80
Fl-score( %) 68.9441.92 65.9142. 90 65.2542. 39 66. 60-3. 06 64.51+2. 62
- L=50,H=3, L=25,H=10, L=50,H=10, L=50,H=10, L=50,H=10,
DRVEL c=10" c=10" c=10" c=10" c=10"
G-mean( %) 61.88+3. 60 60.97+3.79 58.82+4. 29 58.28+4. 46 54.78+5. 26
Fl-score( %) 68.4042. 83 67.362. 86 65.3543. 22 63.87+3.38 60.87+3.63
58 L=175,H=5, L=175,H=6, L=125,H=6, L=200,H=7, L=175,H=3,
DSCN ) c=10" c=10" c=10" c=10" c=10"
G-mean( %) 67.45+3.41 62.52+3. 68 61.29+4.13 60.92-+4. 38 60.18+5. 12
Fl-score( %) 69.10£2. 70 68. 062,77 66.05+3. 11 64. 67 3. 20 61.66-3.53
8 L=50,H=5, L=25,H=6, L=50,H=9, L=100,H=10, L=50,H=5,
EDRVEL c=10" c=10" c=10" c=10" c=10""
G-mean( %) 61.9043. 64 60.9743.79 58.9244. 19 58.43+4. 46 55.1345. 26
Fl-score( %) 68.41+£2.91 67.362. 86 65.40+3. 11 63.9243.58 61.95+3.56
ELi0 L=175.M=5 L=150,M=5 L=175,M=5 L=100,M=9 L=50,M=9
Bagging-SCN  G-mean( %) 70. 6742, 22 67.82+3.03 67.43+3. 17 65. 89+3. 28 64.91+1.55
Fl-score( %) 71.4841. 83 68.8842.01 67.8742.21 66.98+2. 71 65. 85+ 1. 22
SR n_estimators=125 n_estimators=150 n_estimators=125 n_estimators=175 n_estimators=100
LightGBM  G-mean( %) 70. 492,15 71.81+2.45 70.77+2. 23 68.20+2. 47 65.26+2. 59
Fl-score( %) 75.8343.03 74.9243. 27 71.8243.05 71.39+3. 36 68. 743, 20
P L=175,M=9, L=150,M=10, L=175,M=6, L=100,M=6, L=50,M=8,
X=0.8 X=1.0 X=0.1 X=0.4 X=0.9
TIEL-SCN
G-mean( %) 74.2242.45 73.39+2.92 72.39+1.87 69.93+2.25 67.01+3. 42
Fl-score( %) 77. 44+2.20 76. 46+2. 61 75.42%1.70 73.04+2. 12 70. 45+2. 90

A W R 2 F T M LA S B 1 R e e 5
A, TIEL-SCN [A] # 00 T 3 0 #6 B 2 T M) A Al
LightGBM, /R4 LightGBM B £ £ 8 1) 5 4E &b 33
A 1 LA B2 2D R0 A0 P B T W 45 40 5 24
RFE LA IE NG 5 2% ) RAESH B 5 32 B R
M, TIEL-SCN FEAER 1 5 & Wk 2 Hw 4 7).
4.3 HBLLIE

J B UE TIEL-SCN 5 BEHCA RO 48 1 7 1k
LA EAES AT TR S5, % X TIEL-SCN
AR RN F

(1) TIEL-SCN: LAECHE A M 19 SCN 2y 55 43 2
i o R PR SCHR 04 AT A 30 o 4R o S HE 2R,

(2)IEL-SCN : DAEHE MO i SCN 2Ry 55 53 2
SR BRI 180 B 4 T 1) ME B 4R B2 T SR W, R SR L
FLRE B B 5 D-S TF R HIE A S

(3)TIEL-RVFL: LUAE B K i i) RVFL y 55
Oy R A SCHE H 1) AT A 348 o 4 2 ST HE R,

(1) TEL-SCN: DL HE #odls HMi i) RVFL 2 55 47
AR S R UL 6 B $E TH 1) M B A 2 T R R

SR TE A RS 5 D-S IEHE BIE Rl A SR

9T IR RLAE S [R] WE EL T A 04t
PERE LI 3 /R T N4 00 84T 55 A A [R) M 75 L 431
TR

FEAH TR 42 URE SR T SR B0 AR B 1 SCN AR Sy
5572 oM RE AR M 5 AP 2 G-mean ¥
F T R ARBIE R ) RVEFL 48 s A, e HoAe
@ RE VS, w I AG A& FE V'S, O E R S5 AT 45, P RE
PR A, 45 SR R . SCN SR BUE I8 4K 1 A W
BT 43 T B 5 2 T S S8 A R T 45 A B
BLWT AR Ak 4 RER I L 5 T 55 4 2R 2R I A B iz
TEPERE  TE 2T 55 73 25 st rh T 3 R B Ry Al
Gy,

£E SR W X e 7 1, TIEL #H4 T IEL ME 4R
BvEReLes . TIEL HEZRAE 5L T 5k 25 B B 4R 7 3R
WL AT B BRI LS 5 D-S UE 85 BLiE L a0
XF 55 43 2% a5 AR AT AT A R AR 5 R AL G
BRI S AV A R A MR R YRR 25, AT A
R UG T 5 5 ) ke ko e ¢ 68 SR f4 f T RE 0  0E T



2088 it = N 2 Eird 2026 4F

x99 ENMBEVS.EFRESLNEMIBER
AT LA W R B 23 S BE (G-mean: %6)

0% 10% 20% 30% 40%
IEL-RVFL 92.96+1. 70 92.06+2. 22 91.8441. 87 90. 56+ 2. 38 87.40+3.72
- TIEL-RVFL 93.02+1. 82 92.434+2.01 92.14+1.92 91.02+2. 22 88.00+3. 65
iR VS, B IR ) . )
IEL-SCN 93.07+1. 86 92.17+1.83 91.98+2.11 90.59+2. 36 87.90+3.53
TIEL-SCN 93.13+1. 82 92.56=+1. 86 92.214+2.08 91.11+2. 36 88.23+3.49
IEL-RVFL 83.6342.27 82.6942. 16 80. 9843. 49 76.9243. 11 71.0744. 97
o TIEL-RVFL 83.79+2.27 82.98+2. 44 81.56+2.95 78.04+3. 32 71.96+4. 90
e VS, & I
IEL-SCN 84.04+2. 65 82.724+3.31 80. 99+3. 38 79.594+3. 42 72.2145.74
TIEL-SCN 84.10+2. 96 83.63+3.25 81.99+3. 39 79. 96+ 3. 36 72.99+5. 58
IEL-RVFL 68. 6442, 39 66. 30+ 2. 65 65.7343.01 63.9743.49 60. 324 4. 42
N TIEL-RVFL 68.81+2.50 67.0942. 44 66.52+3. 00 64.60+3.53 61.05+4. 15
i e VS, & IliLAg ;
IEL-SCN 69.15+2. 31 68.10+2. 46 66. 80+2. 85 64.02+3. 54 61.97+3. 66
TIEL-SCN 69. 4642. 37 68. 42+2.58 67.3942. 84 64.62+2. 95 62.13+3.91
IEL-RVFL 72.78+2. 48 71.82+2.72 70.91+2. 59 68.72+3. 14 63.14+4. 10
o TIEL-RVFL 73.4142.59 72.5142.74 71.05+2. 45 69.31+2.91 63.81+3. 84
R VS, O BER _ _
IEL-SCN 73.69+2.52 71.9342. 28 70.93+2.41 68.76+3. 04 65. 76+4. 24
TIEL-SCN 73.7442.62 72.5242.32 71.0942. 69 69.3342. 94 66.0144. 21
IEL-RVFL 83.73+2.31 82.99+2. 34 81.92+2.35 79.79+3. 31 76.28+4. 08
TIEL-RVFL 83.98+2. 27 83.05+2. 37 82.2242.49 80. 24+3. 00 77.054+4. 02
fa e VS, il 5 .
IEL-SCN 83.99+2. 28 83.33+2.33 82.12+2. 14 79.844+3. 20 76.6144.19
TIEL-SCN 84.3742. 64 83.4742.77 82. 4642, 24 80.5742.83 77.3744.05
IEL-RVFL 82.21+2.45 81.06+2. 82 79.96+2. 90 77.61+3.01 69.95+5. 01
TIEL-RVFL 83.24+2.41 81.68+2. 60 80.21+2.70 78.10+2. 86 71.43+4. 86
e B VS, B
IEL-SCN 83.5042.72 81.3943.07 80.5843.19 77.9443.76 70. 984 4. 88
TIEL-SCN 83.8142.31 83.4842.41 81.2343. 10 78.1243. 25 71.4744. 49
IEL-RVFL 71.3943. 29 70.08=+3. 52 68.69+3. 28 66.40+3. 49 62.45+3. 89
P - TIEL-RVFL 74.004+3. 22 72.76=43.27 71.3742. 94 68.89+3. 48 64.69+3.71
IR i LT IEL-SCN 72.4142. 31 71.114+3. 46 69.7241.97 67.4142. 49 64.80+3. 03
TIEL-SCN 74.2242. 45 73.39+2.92 72.39+1. 87 69.93+2. 25 67.01+3.42
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(g) fHtHE VS, BEBRS /W 0L
B4 SEHURAE S BT

TETCME 75 4514 F , TIEL-SCN 1 4> 25 P e B 55
Sr AR B R IE I 4 T R E SR A B 5 AN
FROE. ME. GRS e o 8 i g, v G-
mean A H B0 BB, BLAL, G 0RO B P
WERE XA M T — LRI LR, S
BORURE 43 B T2 5 25 R W, TIEL-SCN {7 4R B
A8 55 43 2 4 B AT AR50 S B AR e iz Ak kg, R

BT LA X AR ] 43 AT 45 B R A A S L HLfE
% PR AIEAE 52 BR g o 22 88 i TS SOR
4.5 HESXENH

TIEL-SCN 5 4 J% BF 32 S e T o K 4%
SCN #i DA S Al 5 a5 o /8 . B I 2R A 5k
N i ANFFIELE BE S o i 4 BE (51D 2 €, SCN
B 20 B L, e s M, Ho,
SCN 315552 2% B 4 v 1 a1 AR B30, R otk 353
B ONL® + L°) . TIEL-SCN T8 & 24 )i
AR FF RN G EIRE OM « (NL* + L") L
Mo fEa i B E 4 OMNC + D%, Hit,
TIEL-SCN M E 4 OM « (NL® + L°) +
MN(C + D%,

4L TIEL-SCN B33 8k %, % 10 &
7~ T TIEL-SCN 7L A Dk P2 9 73 RAT 55 AN ()
Mg P KT 1) 56 B 2 B0 B LN ek ] 55 4 2 B ]
ST 45 W] TIEL-SCN f4 Il 25 i 8] 52 3] 55 43 2
i B DA K 55 43 26 2 1 B 5 i A AR A I R
BF [ F AR B R 25 R B AE 4 T 55 IR R
E(BLE &

% 10 TIEL-SCN il Z Bt 8] 5 #E 32 A 18]

AN [5) L W 75T B 5 T Cs)

B HHHE 0% 10% 20% 30% 10%

XS HL L=50.M=10 L=150,M=5 L=100,M=6 L=150,M=5 L=100,M=9
iR VS, B R IRt E 5.122140. 4981 8.9681+0. 6801 8.3523+1. 0363 8.96814-0. 6801  10.442341. 0453
HEFERT ] 0.0116=40. 0038 0.008320. 0018 0. 00903-0. 0030 0.008374-0. 0018  0.01252-0. 0046

XS L=125.M=10 L=175,M=9 L=125.M=38 L=150,M=9 L=175.M=5
et VS, &R YIZRmtiE  14.319141.3321  15.19234+0.9001  11.4563+1.0671  16.140141.2401 10.5483+0. 9201
HEPREFE]  0.014740. 0029 0.0132240. 0034 0.0124=+0. 0023 0.013340.0034  0.0089=40.0018

TS L=150,M=9 L=25,M=10 L=175,M=38 L=200,M=10 L=100,M=10
it VS, = Ak I E 16, 140141, 2401 3.380140.5941  13.5001+0.8001  20.9201+1.2261 11.6001+1.6061
HEPIRF ] 0.0131420. 0034 0.0099740. 0037 0.01294-0. 0029 0.01454-0. 0039 0. 01324-0. 0041

KSR L=150,M=10 L=100,M=10 L=125,M=38 L=25,M=10 L =200,M=10

R VS, O HE R Il Ziifa] 17.94014£1.3601  11.6001+1.0261  11.456341. 0671 2.380140.3941  20.920142. 2261
HEBERFE] 0. 01362420. 0037 0.014040. 0038 0.012440. 0023 0.009940. 0040  0.014540. 0040

KESH L=75,M=9 L=200,M=9 L=25,.M=10 L=50,M=10 L=175,M=9
faBRE VS, Jili 59K YIZEmEE 6.840141.0701  18.83214-1.1881  4.38014-0. 3941 6.12214-0. 4981  15.1923740. 9001
i B s} ) 0.0103+0. 0034 0.0128+0. 0036 0. 0099+0. 0040 0.0106+0.0038 0.0122-+0. 0034

P2 L=125,M=9 L=50,M=7 L=150,M=38 L =50,M=10 L=100,M=7

i B VS, 5% I ZkatiE  12.888141.2001  4.586140.3481  14.3521+1.0901  6.1221+0.4981 8. 1181+0.9201
HEPERT ] 0.0120240. 0026 0.008220. 0026 0.01134-0. 0030 0.01062-0. 0038 0. 00962=0. 0035

Kbt B R L=175.M=9 L=75,M=10 L=175.M=5 L=75,M=6 L=200.M=38
) VSRR /E s PIZRI R 15.192340.9001  8.6001+1.0301  10.5483+0.9201  5.5601+1.0401 16.7361+1.1511
HEBLRF ] 0.012240. 0034 0.01147-0. 0038 0. 00854-0. 0018 0.006974-0. 0022  0.013224-0. 0032

5 ZERiF

7 LT ) H T BRI BAG 5 BBOR 03 AT 55 4R

W7 — b T BE AL T B 4 B AT 0 A e ) A
HI(TIEL-SCN), H:#, TIEL-SCN LA SCN Jy 55 43
AR RO T B B 42 T 0 4 2 2T SR % 5 B
5593 A ARk 25 LA TE PSR 1 B X ORE A 1 40 1) g



9 S e S5 T 1] ok AR S 0 26 A T A AR e o 2091

J1o BEAh, R4 o 4 WA Y Y & 4 M fig , TIEL-SCN
155 B B0 R0 BRI 55 4 S A LD R A AL R 2R G
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Background

In recent years, new-generation information technologies
have deeply empowered traditional Chinese medicine (TCM)
diagnostic and treatment devices, enhancing the signal sens-
ing capabilities of smart TCM equipment such as pulse diag-
nosis devices. They can quickly, conveniently, cost-effec-
tively, non-invasively, and painlessly capture high-precision
pulse wave signals. By integrating these with accurate diag-
nostic markers from Western medicine, the application of ar-
tificial intelligence in health management, health monitoring,
and health care has been made possible. However, pulse
wave signal sensing is prone to data noise and outliers, so
improving the robustness of modeling pulse wave data under
data uncertainty conditions holds significant practical value
for computing human health.

Incremental ensemble learning models iteratively fit
classifier residuals, effectively reducing bias and variance in
individual models while enhancing discriminative capability
near decision boundaries. Stochastic configuration networks
(SCNs) are a class of incremental randomized neural network
models, its data-dependent supervision mechanism for pa-
rameter learning ensures the model’ s universal approxima-
tion property (UAP). Hence, to address the binary classifi-

cation problem in disease diagnosis using pulse wave signals,
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this paper proposes a trustworthy incremental ensemble clas-
sification method based on stochastic configuration networks
(TIEL-SCN). First, TIEL-SCN employs data-dependent
stochastic configuration networks (SCNs) as weak classifiers
and adopts a residual-driven trustworthy incremental ensem-
ble framework to iteratively fit the residuals of these weak
classifiers, thereby improving predictive performance. Sec-
ond, the proposed trustworthy incremental ensemble framework
maps the probabilistic outputs of weak classifiers into member-
ship and non-membership degrees, computes comprehensive con-
fidence using intuitionistic fuzzy set theory, and generates basic
probability assignments (BPAs). These BPAs are then incre-
mentally fused via Dempster-Shafer theory (DST) to achieve ro-
bust modeling of uncertain samples. Finally, experimental evalu-
ations on pulse wave datasets covering various diseases—inclu-
ding diabetes, hypertension, hyperlipidemia, heart disorders,
pulmonary disease, and kidney diseases, and a typical case of
multi-disease classification—demonstrate that TIEL-SCN
achieves superior generalization performance and classifica-
tion accuracy compared to existing randomized learning mod-
els and ensemble learning models. This work was supported
by the National Natural Science Foundation of China no.

62272133, 62276265, 62576344.





