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Adaptive Integrated Model Based on Dynamic Weighting Network and
Its Application to Disease Prediction

Cui Yuhong, Zhang Hansong
(School of Mechanical Engineering, Tianjin University, Tianjin 300350, China)

Abstract: To address the static weight limitations of traditional integration prediction models, which restrict person-
alized predictions, an adaptive integrated model was constructed based on a dynamic weighting network. This dy-
namic-weighting-network-based model integrated three machine learning algorithms: logistic regression, support
vector machines, and random forests, using a meta-learning strategy. This facilitated the dynamic adjustment of base
model weights using key features, thereby enabling the adaptive regulation of the integration model. The adaptive
integrated model was empirically tested to validate its effectiveness in predicting severe risks for infectious acute res-
piratory diseases. Further, the adaptive integrated model was trained and evaluated using the clinical data of 1485
patients, and the results revealed that it achieved accuracy, F) and area under the receiver operating characteristic
curve (AUC) scores of 99.05%, 0.994, and 0.998, respectively, on the training set. On the test set, it realized ac-
curacy, F;and AUC scores of 99.55%, 0.997, and 0.998, respectively, outperforming other individual base mod-
els and integrated prediction models in all the evaluation metrics. Notably, it realized a specificity of 0.999,

representing a 3% increase over other base models, thereby demonstrating its stronger ability to identify noncritical
patients. Furthermore, Jacobian matrix-based analysis revealed a dynamic link between key features and base model

weight allocation. The model automatically adapts to changes in critical features, adjusting the weight distributions to
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highlight the most relevant base model for specific data patterns. This dynamic mechanism addresses the static weight

limitations of traditional integrations, enabling the adjustments of personalized prediction strategies. Further, the

adaptive integrated model effectively combines the strengths of multiple base models. By dynamically adjusting

weights according to feature changes, it enhances prediction accuracy and flexibility, thereby overcoming the static

weight limitations in traditional integration models. Overall, the model effectively provides a highly accurate and

personalized tool for disease risk prediction, exhibiting broad application prospects.

Keywords: dynamic weighting; meta-learning; adaptive integrated model; machine learning; disease prediction
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Fig.2 Architecture of the dynamic weighting network

JUAR TR ) FER 43 T S 38 3 3 ZS A EE N 458 e

TE ] r(x) VR A5 AAS T, B TS5 e |, A

H A AR TR A A ) 2 @, (), FRAREE A — LT 5L
RN softmax SCIRL A, B

. (x)= ka

th @3)

Hefy g =t =™ p OBRR IO 6,
ke AR ZE TR P S B it T4 SERRAE
SRR A B B 5 b, F5 R 50 kA LR (O
TG0, FiF R A SR . 6, R b, 8 ik 58 U
A BB AL AR, B

E:—%ﬁ[% InP(x)+(1=y)In(1=P(x, )] +

1 N K
A WZZWU{ In Wi (4)

i=1 k=1

s N WUIGREEFEALL (x,0) AUIZREESTE; A
B 4 Tl 908 L D) P Py . 453 5% o B o 45 2K — T
DAL AR TR RIS P A R AT TR L, SR
BEIE T REE AR SR, B/ NI R P(x,)
SRS y, ZIRIR 2. A S ACE 3,
R PREAS A T 28 SURH0 2 AR LE AR I3 52 S S 54
2R3 b BT TN AR R AN S A A T A 1
TRNEL, P O 5 L SEAR A Z I A 25 5. 0
TE NI o SR (entropy weight) , BRAEST ) B2
A, W7 1AL BE AR SRR ) i i, T A
KA TP ROTE OO, B PROCAR R TE 22 A 7Y
Z IR ACEE Z AR, 01k pR By LR ik s an =X (4)
PR,




£ 692 - RHR 24 (A AR 2 5 TR R

#5594 457

AT M2 % Adam P24k 2% 51307 W 2% 22
B, T e SR f/ MET R HE , 38 2o A% 48 R
E MWK (learning rate) 5, HaE(Cl FE ] 5&
RH
8,,=6,-nv,L (5)
M T R T 1 AR AR P, I 4% 2 2 R o A% AR TR
AL BTHR @, , FFAEA 5 BRI b 33 A AU 1 A
T2k L.

2 A% 51T

ASCOWEET 1485 i SRR T8 A% i 132 e AR
FIGREE , AL AR PP | AR R
BEAG | &K R E IS ] A IERE R |
J&E.C M ER . AEA . D- R LR B T
T |y A e ARG A LT AL 14 AMFRIEAR &, $2HEAH
I BT 7 ZE4E ma N R R 43 SR A ANl E AR
HAEREREZA L 80% , IFFAEHREL 20%.

Sy ik B SEAR TR 55 ST AR AR 1 S B AR e A (R 4K
W E5I MGG, R E R, ¥ z-score FrifE
5 B B0 4 R 43 R FEIN 2R 4E (60% ) . Jn Il 446
(25% ) FIAAE (15%) . oy, SEYIZR4E I F Ry
PRSE N ZR, FFELRE 5 P78 IR UESS & P& 1 22500
S, FREBMUFAE T4 5 Jeil ZRAE B s 7 B
R R TN A 3 FH TR O TARAAE 1) o, DAL AR TR Y
S R B RIES U GG, IR ERM
JCNGREERIT, Tl SAE M ZRooi . ik
A D) A A Sy T TR A Yy i i AR, AU T
PEAGZAR TR (A2 AL RE . FEASBERY i I 2 AN PEA i
FE7E PyCharm JFEIREEHELT Python 155 SEH, 1K
#it Scikit-learn F1 PyTorch HEZE.

2.1 EEBI%

FEBRI IR 3 BB BiRE LS ZE0E
Bl | T AR RS EE TR 2
PERRHIE TR E. 7758, fﬁﬂ”%% HoE 3 B
AL LR.SVM Fl RF. iX 3 ZAEAYLE AR 5 F
IO A 2 B B A T R PO HodR LR
ﬁiﬂ‘]é}%'@ﬁ%’éﬁﬂ L FLA TR LR R T AR R A

FE A% 3 o0 ME 4t Vi AT S AR5 0 XSS ) 2k
@3@3% SVM JEF% ik, KA S 42 a)
AP, JCHAE /A S R b R
I ; RE VR AL sy, 38 o 4 i 2 AR T SRR
FERPEEHLR , A RLFEAR T 1005 U, % 5 2%
P AT BAT BRI S, HK, R TR R R

5z kg, AR S HGE AR S g X
B URZE A PRSI RAE SR N AL, IT4a ) i A
PRFIEERE. RIS 7R T AR i XU P A5 72 £
IR, BB R ayc-

LR AR A L1 8% L2 B4k, fE5 250 C i
RYLH4{0.01,0.10, 1.00, 10.00}. Wi 3 Fizw, M
R E], JESHALEH L IENE, C=0.01.

0.982
0.983 0.983 0.982
0.981
0.981

57151

0.980

12 0.978 0.980 0.981
0.979

0.01 0.10 10.00

3 LREERBWBSHIAM
Fig.3 Hyperparameter tuning of the LR-based model

SVM R 4% sREICR F RBF £ FE51 2% C
(4% 2 35 {4 {0.10, 1.00, 10.00, 15.00, 100.00} ,
gamma 8 ZRJEE H7{0.001, 0.010, 0.100}. 41E 4 F7xs,
SVM i 28 H &R C=100.00, gamma =
0.001.

0.10 0.975

0.985

1.00 0.976 0.980

O 10.00 0.971 0.975

15.00 0.969 0.970

100.00 0.963 0.965
0.001 0.010 0.100

gamma

B4 SVMEEBFESHIAMN
Fig.4 Hyperparameter tuning of the SVM-based model

RF R 68 25000 B PO T« M et 3t
200, e K S 050, 100, 200, 1000} , 5t SRR B
{10, 20, 30, 50} , f/NF 19 S EL(S, 10, 20}. 4nfEl 5
PR, MRS RS H], BB SEA G RS
Hh 100, S REREE A 30, F/NF19 sUBCH 5.

SRR R SRR R AN E 6 PR, P aue W H
PreAg. TERBARIRAIE e PR, LR AR L1 1EWI{E
(R B REPE A B BRITUAR L , SRR 5 2 iy
AL S AR B AE 5 SVML IR T3 IR AE 314 B
PR E TTRREE | SRR AU A 48 BOR IR A 7] T
PIANRHIE s RE AR [ S RRIE S HEY , B4 5



2026 47 H

SRR, fe 28 SR R B S B PR B R B A

FETRLE . FETSh AU MYE 18 4 R R K 52975 110 o7 FH - 693 -
R
FHE.
Aye
0.985 0.985 0.988 0
o 0.985 0.984 0.9870
=
K
= 0.985 0.985 0.9860
0.985 0.985 0.9850
10 20
fie /N1 A
(b) KN HECH 100
aUC
0.9860
0.985 0.985
0.98538
o 0.985 0.985 0.9856
& 0.985 4
z
I 0.985 0.985 0.9852
0.9850
0.985 0.985
0.98438
10 20
f /N1 R

(d) &K RHCH 1000

B 5 RFEZEZFBSEFR
Fig.5 Hyperparameter tuning of the RF-based model

aye
0.9858
0.985 0.985
0.9856
=2 0.985 0.985 0.9854
j; 0.985 0.985 0.9852
0.9850
0.985 0.985 0.984 8
10 20
fe/NFT
(a) KA HECH 50
aLL
0.9860
0.9858
1
2 0.9856
Z 0.9854
z
i3 0.9852
0.9850
0.9848
(c) JARATSECH 200
1.000
0.998 | ——LR
0.996 | ——SVM
0.994 /‘\___.__._._.__3_._‘
0.992 F
S 099 |
0.988 |
0.986 F
0.984 F
0.982 |
0.980 1 1 1 1 1 1 1
0 2 4 6 8 10 12 14

FRAE Rt
6 ERBUMFHERELE

Fig.6 Feature selection process for the base models

R A8 28 S UE DL 5 15 3] 1) fe A8 S 5 5 A
RAUFFIE T2, TERIZRER h b A T SRR R T, FEA
FERTU S0 B T BN R FIoCI ZRd , DRAF S i 9
TAEAS , HI T 5 ST A 1 TR R 2.

2.2 A%

TURERI Zid R T AU SR TR R A | 412K
PREAEER N B S BRI KR Z BRI 4 4B
Be. JURFIEAERF LS 3 SRR A PTIAE 2R LUK ke
A B SCERRRAL. 38 i A BEASE TR 1) A R 5 R PR
BRERI, FAGHRBUNT 300 CGE U2y s
AL AR UE 7S BLAE H ) A1 S BRI I AT
AEFERE, B

r(0)={p,(x). p,(x), py (). AEH <300]}
(6)
Forh S A Ecl o 38 5 5 FLT R R AR AR 25 R 15 .
I Y SEBLR FACE (B S = A5 50 M F 300 B,
ZHHEZRIED 1, 2NN 0, B AR R 5 e
(R FEA Y AL, SEEUAS [R) B AR A AU A 11
AR
TEOCRERI , BETouilZRge , SR 5 T8 XSk
S M R E R IUES A A, Wik 3 MHES
B ShAAEE 45 T R s 20 i EL I RE LS 16 %58
F1{0.10, 0.15, 0.20} ; #5125 s %k A Y {0.10, 0.15,
0.20} ; L AL A% B ) i 2% 2] % n Y5 H {0.001, 0.010,
0.100}. WSEA SR 7 B, YEEPLLTE R
J70.15, 2 =020, 77 = 0.010 ], 52 pREIE f5 /).
J T s R ABdESE I GEROTNGES
I R—AVNGREE , T INGooRR]. BRI Z I iG
TR S ZASALEE M 25 M A, 25T Adam I0IEAR AL
WA 2% 0.010 AT, R stepLR SRMIEShZS
PR R (KR 10, FRAFCN 0.1). YIZAER
IeFrgl 300 522 JE ] (epoch) , BRI E LI
3 ANBYEL: P TET ERE T, KR A B Y
EAE B B A, I L AL il 15 B A



694 - RHR 24 (A AR 2 5 TR R

H598 BT

BRI A1, A5G A B AL i o 5 P i e 1)
PR LRI B TR LT AT, SR s A

LRI IZRZSEG T J FA R LN Sty ) 8.

AL THAL AL
0.32
0.10 0318 0320  0.318 030 o410 0312 0313 0312 030 010 0332 0316 0315
0.30
0.28
0.28
> >
= =
= 015 0.26 £ 0.15 026
0.24 0.24
0.20 0.209 0.209 0.209 0.206 0.206 0.206 0.22 0.20 0.208 0.208 0.208 0.22
0.10 0.15 0.20 0.10 0.20 0.10 0.15 0.20
Bt BIL S 7 2% Bt BIL 2% 77 2% BEHL 2K 5 2%
(a) 7=0.001 (b) 77=0.010 (¢) 7=0.100

B7 wEEEBSHEMR

Fig.7 Hyperparameter tuning of the meta-model

TENZRSE, RS2 5 P38 U UE AL B AL
i AR, A epoch BN THEMEIE TR
Loss HPiO Ui %%, 22 Loss HhiZk. @& 8 Fr
AN T s e YU 17 8 N RE VA [ 2.3 [ ]| 4 N =5 7 B
Bz AR S B, IR 7E 30 4> epoch
JEEASERE X 7] (0.204 7 £ 0.000 1) , B U5 g Hi i 2%
FROE St 0.204 4. LRt F i uE 4 2% B o351 47
RTINS 00 T 77, BHAYTZIAI Loss
HE NN Btk 22 /F 0.0005) , ERIEEAITE
SRR > T YA B LA, xR A ARk
HA G

0.214 F — Y%k
LN e
0.212 |
* 0.210
5\]7:\:

R 0208

0.206 |

0.204 K L L . L L
0 50 100 150 200 250 300

AL

8 I EEMINER Loss HiZk

Fig.8 Loss curves for the training and test sets
N T i S ZSACE N TR AR A B, 235

SR 254 v A — EE AR B BRARAS A 7 ] 4k
o3t B9 RoREREA P — AR AL,
loss hZ I BIFEA—Z, 78 30 1~ epoch JG ik AF-Fa
D). o, RF AYALE B, ACETRETE 0.39 +
0.02, SVM MR EFELE 0.35+0.01, LR MIAER
FETE 026 £0.01. B 10 B RdEdfEd bR —sppA
MR AR, 3 FhEEE AR 0 A B P2, SVM 1Y
WEFESE 035+0.01, RF AE L 0.34+0.01, LR
(IALEEFE 0.31 £ 0.01.

0.45 H

\ " Ik o g b ik
o -&‘V\/\MV/"‘W'”“/ W‘w%*m&"!‘L't“‘f‘v“'ﬁk\”A“WW"‘ﬁl‘w'/V‘UbW""wh&W\ )
0.35 “«,AJ,V‘MWA‘,M‘;‘Vw«%fu’:‘«_N«WMMNA,,W‘,PM’,M;»(\’g\w M

&
X 030
0:25 | bbby Ay
—LR
0.20 —RF
—SVM
()15 1 1 1 1 1 1
0 50 100 150 200 250 300

E ARV /

9 NGEPEFEAEFANETN
Fig.9 Weight changes for a sample in the severe group of
the training set

0.40 } -
SVM

038} ~RF

0.36 Hif it M b L
[ T R
B o3t

0.30 }

0.28 1

0.26 ¥

100 150 200 250 300
AR

E10 YNEEPEEEARFEANETL
Fig.10 Weight changes for a sample in the nonsevere
group of the training set

2.3 JTIEEITL

K ave EURPE FRSE P SR bR S AR
WAL TR PR, ik 1 PR, JURR AR
YA A LA PRAh &5 R R B . YIIZR4E
M UERR 20 99.05% , F 7350 0.994, aye 1H R
0.998 ; MIAEHIHER R Ky 99.55% , F, 234k 0.997,
auc THH 0.998, 45 3 BT £ P Fp 5 4 45 bt
FasE. YIZRERMRE MR B ME 11 P, B
RURBAE 1AM U IE TOREAS, BRURREETE 0.990 247, 4%



2026 47 H

BERLLEE: FET Sl AU 2% 11 8 S5 B K2 s T 1o A © 695 -

SREFGIT 1. ASSCRATINZRAE 23 JZ I SR i SR, 3 i
3 1 RS 5 U R ) Rt A 18], R T 7RI 2%
£ ESI RIS IS, 4, TECHANI 2Rl 7
e, ARSCT A B BEALER 1% IE WAL i i ML G 15%
(BEMLRIE RN 0.15) R ZoTie s, AR0m ] 1R
XGRS ML UG . RIS, FEH R s R A TE )
I (A= 0.2) , (15 HERTR A 73 A B 14, sl b 1
AR LG, ST TR R IR Lz AL
fig 7, TN E5 SR B A TR, R T
B Rz AL RE ). B A g vERf M Py 204
WBER, ZE I TR AR IR, AR P A it 4 A0 4 [l
AR L TE B AR, JEHIE XA R
S U AL 55, RUATIT & , A8 HAT B0 4 Tt
HERPEAN XMV RE , ELikk e T 45, REREAE L PR
PP RS ROt A T 1.
®1 TREFHER

Tab.1 Evaluation results of the meta-model

PEALIEbE | HERIER % | BUREE | RS F ayc
RS 99.05 0.988 0.999 0.994 0.998
AR 99.55 0.994 0.999 0.997 0.998

0 256 0 0 45 0
o o
X %
i fu
1 12 1 1 177
0 1 0 1
T {2 T {2
(a) Y%t (b) MiAEE

11 JTHERAREER
Fig.11 Confusion matrix of the meta-model

FETFh ST TR Z SRR | XF L oA A i
NP BB A 7 D 2R A AT A Tl e, dnfel 12 A
7 2 Fw, ST TN 28 | aue By o0 BRSO HE
EARIIOL T B — B AL | U S BEdE bR vy T AR A
AU, Wi T RRNRRIAEEAE B IR ). & 2 wRoR
T 3T Bagging ., Boosting , Stacking 3 FE St A7
DL TRIAE 5L, AT B — AR | A48 2R F T A

U3 2o i 5 A R SR B2 P o) SR AR R S B
HERR 2R BUSRE RS SR b, SE AR T T S vk
. FTLUR I, A SO R OB R G B b EAT58R
=T Bagging . Boosting , Stacking &4t 5 il A= 7.
25 FTR , JUBCRY A R i i Sh A A E AL A
IR 5 BRI TTRREE , A RCE S T 2R

P, SEBLT bl A A A T AR 76 B ) S0 1 .
N T PR TR AR AE AR b i S S A
PETEHLER, B 13 o 1 s A h A A AL R

1.000

0.990

0.980
R
|~ i
SR
v F,
0.960 F =+ ay.

PEREFE b

0.970

JLA Y LR SVM RF
TR

E 12 mERSEEBFNEEEXT L
Fig.12 Comparison of the prediction performances be-
tween the meta-model and base models
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Tab.2 Comparison of the meta-model results with those
of the base models and other integrated prediction
models

LY /% | BURE | FRRE Fy ayc
T 99.55 0.994 0.999 0.997 0.998
LR 98.23 0.986 | 0.967 | 0.989 | 0.994
SVM 98.01 0.983 | 0.967 | 0.988 | 0.994
RF 98.01 0.986 | 0.956 | 0.987 | 0.991
Bagging 99.33 0.991 0.999 | 0.99 | 0.996
Boosting 99.10 0.988 | 0.999 | 0.994 | 0.993
Stacking 98.21 0.994 | 0933 | 0.989 | 0.998
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Fig.13 Weight distribution of the test set samples
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oxygenation index ranges
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