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Abstract

Objective: To establish a prediction of early-onset preeclampsia based on artificial neural network,
so as to provide a basis for the early screening of the disease. Methods: A prospective study was
conducted on the data of 741 pregnant women who underwent prenatal examination and delivery
in The Affiliated Hospital of Qingdao University from March 2020 to June 2021. Univariate logistic
regression and multivariate logistic regression were used to screen the independent risk factors
for preeclampsia. The independent risk factors were fitted to the prediction model by artificial
neural network algorithm, and the receiver operating characteristic curve (ROC curve) was used
to evaluate the model. Results: A total of 71 (9.5%) pregnant women developed early-onset
preeclampsia, while 670 (90.5%) did not. Multivariate logistic regression showed that the inde-
pendent risk factors for early-onset preeclampsia were BMI before pregnancy, pregnancy times,
smoking before pregnancy, drinking before pregnancy, MAP, glucose, AST/ALT, serum free trii-
odothyronine (FT3), alpha-fetoprotein (AFP). The predictive model predicted that the area under
ROC curve of early-onset PE was 0.945. Conclusion: The prediction model of early-onset PE based
on artificial neural network not only provides theoretical and method support for early-onset PE,
but also buys time for early detection, early diagnosis and early treatment of disease, which has
broad application prospect.
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1. 518

T T #(Preeclampsia, PE) & — R 4k s A M i U B0, $B 22 IR AR 4% 20 & f5 th I g JR
EA KIEIRKRERI, PE Z&5IHRRAEF T TR ERE 2 —[1]. Hd T 34 BT RpE T8 E R R
AT, X 2B T A g S rb U R S 00 0 TS e L DA ], TR IR TR S RO R 2 AN AR
0, BEJLSET 2B A Y g 3w, BF) LI R ARG 22 (2] [RIutk, 0 I o] R R AR LR B PE
M faZeid, RECREENCE SO T i, v LA R AOm % . R i . SGERELTS .
N L2 X 2% (Artificial neural networks, ANN)&—Fft s F ZRALLT R i fi 28 5 fd B 22 1 &5 M) 34745 S A 2
FIBCARL, HET S 2 N T ESTAUR[3] [4] [5], HEARAKES. S E %880, A
PEEBOREWHEIT RUERR S . AT 7T G i N A 28 9 2% 3 A ) 2 L 20— iy 300 £ 2 T A 7R
PR e SRR AL AR AR

2. MM 5ERHE
2.1. HHRMR
AT FE RS VS 2020 47 3 F1~2021 4 6 1 A7 5 K MRS 5 A7 7= TR A2 96 4 1 741 ISE R
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AR TR R, ARG 5K M s ER et B R ftbite, ey SERH SR R0 TEX B
T AR RIATIR T AT . AW TP ATRHE: O NGB EREER (HCO) RN R IR @ HiF
PivtRlse s EIFERE N KL @ XIABTFE AN RIE: HERbriE: O ZRTH2kroymimEs; @ &
M BB B SR G RSO . TR SRR L BRI AR .

22. B %% PE HNiSHRIRIE

AW 502 JE A AR I 2 2 W0 P AR 2 43 2 e G A v L 5 22 2 U A v IR 7 1276 45 75 (2020) ) [6]
FIARTE: WE0R 20 B J5 220 U4 I > 140 mmHg FI(ER)&F 5K > 90 mmHg, A FAMTR 1 . JRE
FER >0.39/24h, SUREAMIEFLE >0.3, BENURE R > (+) BT A =R R ),
TEARMEEE LU MET 1 FhsE el RS2 R O, . . FEREERE, SRR %. HR%.
WA RGI)FH UL, faft - BILZR R LS, RIZRE <34 F.

2.3. MXTMEFRAIESE

FRPEAIE 72 IR D SCHR A B, 572 B 3L R TG b 1 AR RS Rl . FE 2 iAW IR RS P
R (RR %2 13 JESRATAT N Geih 22 GORRU S ORISR AR, FEAFE. 468, 2201 BMIL “FIyzhikiE
(MAP). ZiR. P2k FIGS . BEE R ARRBEA =R s . 2207 3 H R BIHE. 2207 3 A W25l
MEPRFR A M. REAARE L, RS SR A TR MR, JRER, A
AHVRIEThREAR A 55 . T42 20 TR A= Riim & 25 5, F2A HIGE A (AFP). S BRI a
B (HCG-B)~ Wi# &5 —BE(UE3), HrIAE S5 A o H AL 5 5UE (MoM) g i 22 BAFN BEAA R 2 AT RS OE

2.4. WHETRALIE

AHIEFE BT A BRI SPSS 20.0 #HAT G TH IR R GE T b KT B AE > 10% 11 HE ik B B
TR, ) 4% B o B30 51 FH 309 B2 A KAk 77323 (Expectation maximization, EM), HEATERIAL HIIETE . [H]INHIHER
s AP AELE B S A LSO G B 0 - @ SR R logistic [ 7 VAT TRINFE bR 001 E TRk, RS iE
F 2 K logistic 5] V352 B TN H6 b (1) i 24 e

2.5. EF ANN R 4 E PE FUMEE At0E

12 H1 SPSS ¥ A 45 1) Bernoulli Bk UK 741 B ST G A% R 7:3 B ELA AT o BE ALK 43, Hh 522
BI(T0%)ERILREE, BATHIALYILR, 219 GIVEINAAE, HEATHIRLGHE . # 2 K & logistic [5] A AT 5 i 4
TRIAEARZAN ANN A i AT R I 25 A 75K SPSS H ANN (1) 22 J2 BN 2 A e, BAG 5 m) % % |
PRAEIEE . BN R A Z R T ERNR 7], BARERIEN: MIANSECNZHT BMIL 2R,
FEUR FARTROE . ZARTGE . MAP. AST/ALT. i i 28 — ML F IR IR & R (FT3). AFP_MOM fH. Hi%j
Wi, 4L 10 MEE, FTEMANSEELR <R M “HdTR” TXafE, 7 —1k, 4
F[0, 11X 18], HHSEEE NG EER KT PE, Hrh 0 NREAER KR PE, 1 AKEFRPE., W
LRV E N A BN REERIERE, B S 1~50, YIZREA g “HEARER” | (RAL By “ BRI SLYERREE
#14h Lambda {4 0.0000005, #J# Sigma {4 0.00005, [a]F&H LN 0, [AIFG AL BoN+0.5. BB T A
AERA RO PEY B TIIIAE R, A i) 32 TARRAIE 2k DL A S 28T THIAR AUC.

3. ER
3.1. B L3 PE BYEE R Logistic BV 4T
A FCEL N 741 BIRE TR %, Hdg 71 $1(9.5%) &4 F KA PE, 670 11(90.5%) 4 & A F & 7Y
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PE. 2R HH % logistic [T HUMTEAR VLT, FrfRZat BMIL 229k, 7=k 2200 3 HARE
WM. Z2RT 3 RSN, IR R S 0. MAP. EZIMHEL o 4uiit. /. AEA.
Hi%HE. AST/ALT. FT3. AFP_MOM 1§, 15 WifghrA giit2453 (P <0.05), W% 1.

Table 1. Single factor logistic regression analysis of early-onset PE

%= 1. B%3 PE B logistic BV

Bl B SE OR vl P
TR IR
() 0.11 0.08 1.12 0.95 1.31 0.17
Zati] BMI 0.38 0.10 1.46 1.19 1.78 <0.001
ZAIR(IR) 1.36 0.57 3.88 1.27 11.87 0.02
RN -3.56 0.94 0.03 0.00 0.18 <0.001
A TCHE PRI 5 s -0.99 0.98 0.37 0.05 2.53 0.31
A7 T fe L e 0.10 0.83 1.10 0.22 5.66 0.91
ZAHT 3 H AR 3.16 1.05 23.61 3.00 185.61 <0.001
ZAHT 3 H =T 1.59 0.76 491 1.12 21.57 0.04
5B )RR 2 75 4R -151 1.09 0.22 0.03 1.87 0.17
A& ARSI 0.51 0.78 1.66 0.36 7.69 0.52
UEGRFUR S I 1.15 0.68 3.17 0.84 12.02 0.09
el d 0.73 0.91 2.08 0.35 12.30 0.42
MAP 0.25 0.06 1.28 1.14 1.44 <0.001
140 M 13 (< 10°/L) 0.56 0.19 1.76 1.21 2.55 <0.001
ZLAN A H(x10/L) 2.26 112 9.56 1.07 85.76 0.04
ML E FI(g/L) 0.03 0.03 1.03 0.97 1.10 0.36
/R (x10%/L) -0.02 0.01 0.98 0.97 1.00 0.02
H&EH (/L) 0.15 0.08 1.17 1.00 1.35 0.05
RUBLTZ (umol/L) 0.00 0.09 1.00 0.84 1.20 1.00
i % 9% (mmol/1) 1.23 0.41 3.42 1.53 7.65 <0.001
AST/ALT 2.36 0.79 10.60 2.24 50.17 <0.001
PR B 0.32 0.67 1.37 0.37 5.12 0.64
JREEA -0.13 0.72 0.88 0.21 3.64 0.86
ZUGEEN 0.20 0.62 1.22 0.36 412 0.75
J& PH 0.44 0.49 1.56 0.59 4.10 0.37
R E 40 0.62 0.42 1.86 0.82 4.26 0.14
RefEE K C -2.02 2.35 0.13 0.00 13.43 0.39
FT3 1.80 0.49 6.02 2.32 15.62 <0.001
FT4 0.04 0.08 1.04 0.89 1.21 0.63
TSH 0.06 0.13 1.07 0.83 1.37 0.62
AFP_MOM f# 1.94 0.62 6.97 2.09 2331 0.00
HCGB_MOM {& -0.15 0.51 0.86 0.32 2.33 0.77
uE3_MOM 18 -0.17 0.80 0.84 0.18 4.00 0.83

W T BMI: ZRT SRR MAP: SFIBhfikE; ASTIALT: SRR HHEER: K PH: JRERBUE: FT3: M7 = ml e iR
AL FT4: IMAEHTES FRIRE, TSH: (RHUIRIRIE: AFP: HIREM; HCGA: STI(EtERILE £ uE3: s =R,
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3.2. BB %A PE BYZEFE Logistic EVIS 4

¥ IR RN logistic BIHP AR MR ERENEEE, &R KER R PEENRAZE, #HT72R
% logistic [F1H 5387, BeZ45 H 2217 BMIL Z2IR . 2 15 WO 2200 2 T GH  MAP. 4 &) 8% - AST/ALT .
FT3. AFP_MOM 14, 9 Ii46Hr A Giit 24 (P <0.05), NE KM PE MR &, W#E 2.

Table 2. Multivariate Logistic regression analysis of early-onset PE

2. BA R PE £ Logistic EYAD

= 95% ClI
A B SE OR - R P
ZRi BMI 0.28 0.06 1.33 1.19 1.48 <0.001
ZIR(IK) 1.10 0.26 2.99 1.79 5.00 <0.001
ZART 3 H NI 2.76 0.65 15.77 4.40 56.49 <0.001
ZAi 3 H NN 1.69 0.53 5.42 1.93 15.24 <0.001
MAP 0.22 0.04 1.25 1.16 1.34 <0.001
AST/ALT 1.26 0.41 351 1.57 7.85 <0.001
FT3 1.19 0.24 3.29 2.07 5.24 <0.001
AFP_MOM f{# 1.48 0.36 439 2.16 8.92 <0.001
1 T A 0.99 0.25 2.70 1.67 4.36 <0.001

TE: ZEH0 BMI: ZERTEHATREL MAP: PIIZIMKE; AST/ALT: REHABLAFERAN: FT3: Mk S MR REER: AFP: HA

BH.

3.3. ANN =By

B EIRFERRAIN ANN BB AT R 25, BB 114 FERJE 6 N1, H oo
2 MR o 5 TR bR () F B R ] 1R, RO MAP, #i&iBE . FT3. 24217 BMI. AFP_MOM
B 2201 3 AW, 22k, AST/ALT. Z25T 3 H NI . BTyl ZRaEn) 58 AL PE TE#A Tl 2 4
93.3%, WAGEM F AR PE IEMTINZEN 94.5%. {E VI ZREEFNIIRAE 1Al 15 21 22 2 (a7 i 20 ) 4 455
RUFI AUC 4 0.945, JLIA 2.
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Figure 1. Ranking the importance of each indicator
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Figure 2. Multi-layer forward neural network model for predicting

ROC curve of early-onset PE
2. ZEEHIHE MR F % B PE By ROC #hiZk

4. 7ig

PE R4 &I I 8] (AN [ 2 R PE (R Z2E < 34 )R & 7Y PE (RIRZLFE >34 J), AHCHE
Fute P AT REAFCE A R R AL, BT A B T 5 i Ak 22 H 2B = 1564, FR AL PE X B 22 i
R M SO e (8], H A I A 58 4 B W L L IR B R WAL, 22 DR 3R AL (5] 0 2 [ A A2 s oA [ 11
G BT SRR A TR A AR R 2R R U AN R, ETT R BT B AR BN IR B R A ,  BEAAY S I
WL, SR 7R W 3L, IS P S AT 55, i A SR R R L R R R A H R
BRI, B 52 R B 00 B DARGE IR o 1200 2 B B AR B2 B (SR I 4 B /NSl kg 28 1 1) e,
B SRRSO EA S, SEGEARERS, A B MERA, XX Bk B L#S = AR ™
HIF, AMEIRIH @ B A IO AR, R R R R T[],

5N PE M2 R BUR R AL H A EA 00697 T B R 2R iR oA F 8T B, Rlithin
BEAE SR [ A A2 B0 T R B0 R B PE (A AT, LUK 1) fa B AR B2 B 2 B fIC . H ATZE 500 T
W77 A FERH, BT R IR B S5 A AN &= M =k . R B 2 it
FRIDEE 3[R TN K 77 v o AH T O A RO VE RN T Im R, A7 B 5T 32 W 22 TR FRIEG-& T 1) 77 vk e
R ST AR AR R N [10]. ARHE T E UCR A ANN 247 5K 8 PE TN, M TAE S Sl
Ji R REREAE 78 R, [EIIN RO R R Y AR B RN 4y AR B K 45 G T S A B DR v ) T B, S
BRSO AER 25, PO PRI R AR

AP 5 8 I R SCHR [T LA R 5 % FRILERG T, WP e 722 N DGt 22 50RO DG SL IR = A
ARRHEEVE L, 5K T B HEAT B IR 2R logistic [A1U9 4047 LA & 2 IR % logistic [ 3437 & 284 52 4+
A BMIL Z20%. ZART B 2R MAP. #i&iBE. AST/ALT. FT3. AFP_MOM K5 &7
PE RS Sema e 3, X 50 AW 74 S2U[11] [12] [13], AR tHIER 7 R R B PE A2 2 fh P & 3L R B0
g . HRHE ANN LR B EEHE T3 50 MAP 5500 % RN V), 25 FERTRE NI IR 51 O BUAH O
MR BN 1 FeAL, IX ATy Ja SR IR TN ARG 7 R A RELEE o i 22 S S0 ) ot £ 2 P R R R Ay T
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$2 I i H ZA 3 i B R AR AL IR RE S R R T PE IR B DA O, X S5 AR IR IRE R % N PE fER R R 4518
—[14].

5. &

ZR L PR , AT FUIE F 2 )= 1) R 0 R0 4 A4 S ) 7 2R PR A R 4114 205 e D09 L € 71 (AUC =

0.945), AI gl PRFI S A2 Wr S AR (R SCHE, [ I 20 45 H 1 MAP Z21i BMI S5 T 45 B 7T 4
PRI 7 2 (1000 3 il SR At o (AT FU SR A R S5 X (PR A, SEBia B R T id 5 R B Rk . Ja
G IEHE— Y KA R A S FEA RG], S rhte s KREA W FERS R, FEBRIER b & B2 3 B A
A, AR G TR IR R . ANN BB R A GO B PE $R4E 7 BRI AN SCRE, AT AT 7
WIRBLES PE M, NBORIRYT S IR S, A RN A AT 5

&E 3k
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