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Abstract

In the task of early sepsis prediction using ICU electronic medical records, traditional machine learn-
ing methods suffer from performance limitations due to their inability to capture dynamic feature
interactions in sparse tabular data. To address this, we propose an improved LF-Transformer deep
learning model. By constructing a feature interaction enhancement method based on multiplicative
arithmetic blocks and integrating a dynamic top-k feature selection mechanism via an Interaction
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Candidate Generator (ICG), the model significantly improves its representational capability for sparse
medical data. Validated on the MIMIC-IV dataset, experimental results demonstrate that the en-
hanced model achieves an AUROC of 0.841, specificity of 0.763, and sensitivity of 0.759 in sepsis pre-
diction, outperforming traditional methods significantly. This research provides effective algorith-
mic support for developing intelligent sepsis early warning systems in ICUs, offering practical clinical
value.
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JHR 3 (Sepsis) & —Fi BB 5] (1) 4 B M 98 hE R RLZR G AE(SIRS),  Fodk e itlid Hwst % s, & ICU
BET LB N2 —[1]. R HATAEHL(WHO) 2]/, FEEBRGHE T 70 REER B,
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JEFM, JFiEE SHapley 777550 0E T RFAEMEREIA 21, Srimedha %8 A\ [4]487~ T BEAFAE A HEZRMEOC R
PIEEEME . SR, X EE T VAR BB A HRE T I S S RHIE A BT A R . EAR Al-Mualemi 55 A
[5]f") Adaptive CNN Fl Zhou 5§ \[6]FI7EL TR AYE M RE B BT R —— AT #7881 MkEE S R4
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{2 ST HESE BB — @ RO, (B2 LSTM 2244 BR #1475 3k LTS 43 2 30 i AR 1E
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metic Block) &A% 1 HRHIEAS BEAMGELIE A . ASCET Bk gE, $2HEtE30A top-k FHAEIEEEALH K
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Table 1. Descriptive statistics of key features from MIMIC-IV database
3z 1. MIMIC-1V 835 XBFFHEG TR R

REAE 2 5 RFE 4 B Eitipa BIE + iz HRR R (%)
N OGiiHRAE EH (Age) PN g s 62.09 + 17.33 0.0

1 5)(Gender) T Bk 54.15% 0.0

A A ARAE 48 H (SBP) W 4E B 1 B A8 121.89 +21.64 26.84
I 45 58N E (SpO2) I A5V S 1 sh A AR AL 96.57 +2.98 24.80

2% (Heart rate) oI 83.14+17.71 22.77

I 2% (Respiratory rate) Ao BRI IR B 19.04 +5.28 23.97

A5 (Temperature) BRI 36.85 +0.56 78.19

S A 40 i 1+ % (WBC) [SE:)¥ e 11.11+7.17 94.91
1M FLER (Lactate) M35 ALK 236+2.20 97.87

JULEF(Creatinine) (EReli Era 1.35+1.50 94.55

IM#E(Glucose) I b 5y 145.96 + 60.89 84.69

SHZT & (Total Bilirubin) FFThREPEAd 2.05+4.71 98.86

2.2. BURETAE

2.2.1. BEAFFE

RWFFIEET MIMIC-1V B 11 364,627 BIEEFBIHEAT 4T . ABEFLM H &5 T B 14
HARAR, TR 6 /NI AR R ARRERE . FRATRH A& AN HEBR bR AR A R e T ik . HERR
FREALHG: (1) 6 ICU fEBEIC S 6l (n = 287,696); (2) ICU {EREI KA 8 /NI (95 Bl (n = 1724), %
JE BIIX I 3 AR I B R A AR A, EUWSRIN (D J, ANIE & AT IR ERRE OB 725 (3) BRI
RAERT IR KD T 8 /NIl (n = 28,692), FRIHWIEEE Hid ki, Gt EER. 21 BiRfmIERE,
AN 46,516 19115 -G 56 AT (1093 1 F - ik B RE T 237

2.2.2. $HEAIE

BT B IT B 1 SRR R, R 4 R A N

(1) BFFPRHE: XA AT AR Se 00 S R bR S5 R SR FEEUE , R MATIE R S MAREH 5075,
TRBNASRFAEAS RS ISR

(2) FRASRHE: 8 A AR H (B AR RF R AR A, X% A R A v A B 0 s e 1

(3) FHEACEE: FE TR BE 2R B B 5 (W% <30 30>250 WK/43), R R E0E e s
LSS B O S8 (D4R RS > 90 B 1d 3% 300 #), ARHEEHE TR IE .

3. A&
3.1. FHEIREL

DAy M SRS 0T A 5 T B P B SR AL S LR RE ), ACHIE JU 3R T O SRR R DA Tk A
—IPREL,

(1) =TI B0 E 1 REUE 2 ARk

Wi PR &S th 2 A 38 B AE BT AE SR PR, X AR LU/ Oy A%, A 10 A2 AL e 6 Sk
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PRI [8] 3 H0 K8 o 0 S SRR . ZE 2 N I T DUR Tt B P ME . 7 2. sOKME AR/ ME S St
THRHIE, TR % % O B R . BB BIARBIR AR 00 A, FRATIE I 3 & DR/ NA 6 /NI,
1M HEHE T SRR BdE BB S AR R38R, DU 702 HR) MAA M E(O2Sat) . i
45 FE(SBP) P3N ik (MAP) RT3 (Resp) HEAT 44T -

(2) IR T K VP RHAE

FENER G, L R ILRME I RGN BE RSP IRAL T HEKYE . Atags T2 Eh
& RFE FAE R VP Fa bR, DA 9m A 4R (1) 1l PR ZRAE g

SRR T R B, AUt e P AR T HE B (Septic_shock), FLiE T MR T i)
BORIRPREFIE: B TAEAR D BB G005 VOB M E N 25 4eR5- 398k > 65 mmHg,  [F) AR
TEAIRAKE > 2 mmol/L. 47 B EH P sk E <65 mmHg, $8 5 IR E A 1; 25 M35 FLER K <2 mmol/L,
FREEREEG I 1. ZAe¥old B G iR sh 17 50N, R G S B feft 7 Bk .

16 DhREVEAL 7 TH, IR R Z(BUN) 5 LET (Creatinine) ELAE MR 9 N3 Mk R o IR 31 B0/ VLT ELAE AT
USRS ThRE AR, R AR LRI 7K1 165 T I PR 22 U7 0 T =i i, Re B8 R 7R IE /e 1) B DhRe kiR
WAL, AZIRARRT X 4 B RIS S S B B R ME.

AE DIRE I PPl >R FH 30 K L UL B2 (Sa0,) 5 RN 8K JEE (F1O0) ELAEAE A% 048 AR . AR T 75 230 ik
M5 M) PaOo/FiO2 LUAE, SaO,/FiO: I8 ot 77 s M B H A GIRE, NGRS I ER 4 7R

[ 51 NAR T 8 (0 28 M8 4 T ) VE R PEFRIRAS A o iR bidiid B4k O AN ML P S &R, Refig
W R B LB ) AR e . teAh, S IHZL R S VLR LA B A T R0 PRl S DhRe A RE R, 1%

AR AE ™ B RGP AR v B TP ] IR 2 R DR RERS XU, NIRRT SRR I 2 4 2% .

SRR, IR T SV R BB MR s a8, MR BB LU, ki AU R B2 5 W N Sk
FELLAE, AR fa o e fHL 25 LB L LR A .

AT TG FR I M 30 B 1V EUE 3 BT R AE S5 I K T X0 0 R & B GRS T, H 50 B )RR
AN FE R T AR AL SR

3.2. PIEIER

AWFFEHE S T — ML T LF-transformer ISR B0, i ik b S A S 20 m 1) 22 Sk 2 T HL A 5 4k
AR, SE5E TR BB PR R IL BE ). BB DL MIMIC-TV B 88 020, BL 3.1 /N IR 1077
RS RFAEAVE RN, A U A R EERE A2 15 R AR ) 7 ST 45 3

LF-transformer %0 BIBNE T 5] N7 40 ML, 23 00 20808 AT I RAAE AT R . BT &,
ifiid Column Transformer 1 Raw Transformer H)HE Fafeikic SERBURER R, BE/EHIH CLS Tokenizer K¢
BHE AR AERT Transformer I AAG I, BRALH CLS Query-wise Transformer 153 58 BURFE AL 2R o

Figure 1. Model architecture
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HBe(Multi-former), A R DE T M S TH MRS L . FATROIZ IR IS RHE A S5 &, K
BT IR IK) LF-transformer Z&44, LB e IRERAE T AT (O MERR 32 o 5k JR (KT A SR n ] 1
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Figure 2. The overview of Multi-former

2. FEBARRTEE

£ Attention BEH 5| NFRHUE 86, F THIIRRHIER RS HORR, @It Prompt tokens (P),
WHEIE Q= XW2, S K = XWS , MY =XW", TGS HEw oY e R, WIEHEN 12
HFoR. HETIXEAM, 408 Attention B INVE T 4 H 1T o ML F R

o* :soﬁmax(Q\/[;jVeRNXd (1)

B o A B KRR AS EL M B PR A, AR G 7 WL A A R AAE 1) S IR R A A 2850 38 i i —
— B B MR EX R B B A IFAAEAR. Ak, ABFFRGIAN T RIEHEARLIE 2). Hd, ICG
(Interaction Candidate Generator) B HUE AFILESE HAS BAE RS, LB E oW 1B —1T ik top-k
AN RAE, IR A T R IE I R R R AL B, (S HAEZ T softmax [FHEIT T 0. XEHCR AR BURHIE
AEH AN, RN FRAH ORI b ANMRFEREATAE B, o ke A /N T NRHIESEFE N (1] 2 B 4.
A BETHE DR FRRME ZE BAR B I [F) B S 3 IS T R R . BRI A0 2 S R A i i 28 S5 46
HYEFE ) 50%, SEIURHEREZE .

ARG 25K F 45 2K B B INASE SR 2k ek 8, & IR IE 0

Loss =—[ w-ylog(p)+(1-y)log(1-p)] )

IRALAZ A 45 5K bR 08 1L B AL TN R AR 70 477 55 LSRR A8 70 A1 2 18] (1 22 oKk SRR SR #2023
e, FSERRAE y BUE {0, 1}, 1 p ARG IE A TRINAEA o 24512k B B Ak H Ao s IME T
Moy A 5 H Lo A Z [R5 B2 5%, T ERTHR R K 70 R RE . O 1 IR A AR R I R (1520,
N TREW € R™ > 1 I 558 ALY ZR0T B AE R A () S B o 22 SO 1 2K R B0 H 5 softmax B BR 2
Be& MM, b softmax pRHUH SURSI A SR A0 F H WL 200, DIX TR R AR, Bl JS 5 T e BE R 7
A TSR SR BR -
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F T P 2 A5 R oyt A 465 SR R4 A5 T (0, DIX TR EEUE, Rbid 5 Bk & & i REER AR . A&
WEFCKR ] T 208 a8 F R E e, BB B R (1) DERESKET M 0 B 1 [KEERES. 2) 1
B B UK TN SR 85400 — A 885 B, 1M EZEBME T BUBE (IR LR R B — BRI IR
HAVERE = BURE + FERE -1 (3) mHUE 1520 848 BUm oK 1 R 5 o~ g U E
4. BRENNS 5195
4.1. NEIFE

A SE I ZRAEE I B W% 2 Fiaw o

Table 2. Experimental environment
2. LIOIE

(TEEEIN: AT IR
CPU Intel 12400F BIERS Windows11
GPU NVDIA RTX4060 Cuda fRAS 12.1
WAE 32G Pytorch filiA 2.0

4.2. FERBEHKLE

FERETL SR AT, FA T SRS HOAT T RGN B DA R e . B 4RI 70 751, >R 8:2
0 BRI RS MR £, DIV A2 AL RE 0. i IRSCIR S5 R mT I, A58 —
BOERENLAN T 420 FEDLALSRNS L, RA Adam IRACES IFBEE AR ST R Se—4, [RIIN St~ > 520k
SR, IS UESEI R AETES: 5 A epoch WA BT, H527  FREFRERJFORAY 0.1 £ #EALFL R/ (batch
size) e BN 64, FETHE BRI ZRa e P 2 18 U1 . BRI ZREE IR (epochs) BERE A 150 48, 5]
NP, HRAEEEVEREAEIESE 10 > epoch W R ERTHI 2 1EUI1Z%, ABTIEE G . XEESHE
WP T MR REE R, 722 DRI IR G #E -

4.3. {REITE

N7 AR R, AR T — RV EAMNITEN SR . Hh, AUROC (Area Under the Re-
ceiver Operating Characteristic curve)ifi i 115 ROC #hZE F (THFRIPAL LY (1) 40 PR RE, TR bRXT 280
AU, BUETEEIN[0, 1], H 1 RR5EERDE, 0.5 LRV,

TE Rl FATIE R 7 AN R

HUR S (Sensitivity), WK B3R (Recall), T PRI B 1ESSBEA [ fg

Sen =TP/(TP+FN) 3)
557 [ (Specificity), FH T PPAE AL IR S SAE AR fE
Spec =TN/(TN + FP) (4)

Herbr, TP (True Positive) &R IERf R I IEZRFEAEL, TN (True Negative) R m IER IR FEEFEA KL, FP
(False Positive) & 7~ i FI A IE R 61 ZRFEAR S, FN (False Negative) 3R /n i N G 2R IE R A R, X eLtg
FRILERE T — A TEBE VP AR 2R, RS AN [R] A FE S BB ) PP A o FRAT DR 2 T IX S FB bR, B A
WFITHE H B R 5 BAE WF 90 OR AT RGEVEXT L, DABS ALY () bk

FEVPAS AR, FAVEEN AR AEA FIG R 5t PRI @i, ERAIE Rt Bomr
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AL RS S SOV 2, PUATRIZ(IRIAYE) AT e R S ™ E A R A, fERCLEIR &Iy St WIaE
i B R AR R P DU G 1 R T o PRI, XS AR K R A th Sk T AR S B e PRS2 P (13
H

EE

BAVF IS T % Rh e SRR (B 54 i) LF-Transformer. KA #0124 (LSTM). XGboost), £
MIMIC-IV 4 FiFATI0E, & MEALE ROC #h4: WL 3.

ROC Curves of Different Models
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Figure 3. ROC curves of different models

3. BIRETAH ROC fHZk

0.4 0.6

False Positive Rate

0.8 1.0

LRSS REY], /R LF-transformer ARU7E S TPFN 4R FR LI I AR . 7E AUROC PFAf
o, SRS T 0.841 AR B, M ELJR G LE-Transformer (0.829). XGBoost (0.822)F1 LSTM (0.801)
B B ERTE . X — S5 R I0IE T 51 N AMformer F5E5 0T 38 A 7Y 76 i B0 S TIOATE 55 b A 2k

B0 T HARIE FiEAR, FTES AR W 3.

Table 3. Evaluation metrics of different models

3. HERAZ MR

433 LF-Transformer
LF-Transformer
XGBoost
LSTM

AUROC

0.841
0.829
0.822
0.801

0.759
0.746
0.732
0.712

e
0.763
0.748
0.738
0.715

XEEPEAN R PRI S5 A L e A B B, I 5] N FReyR R B gE ), B3t LF-transformer 7E4F/EAC H 48

DOI: 10.12677/airr.2025.142033

338

NTHE RS HLE ABT T


https://doi.org/10.12677/airr.2025.142033

e 5

BT RS T W1 TE, AR S 7 AR IREERE T B 1R 1R 01 A6 0 (BUBR ), (RIS R AR5 17 25 o A e S
FE, TR REAR TP RE R SE0 T 98 o 356 T I PR sk ke b B R0 UG B 3 LT — 2

5, RH SHAP L% U fE ¥ LF-transformer BAYEAT AR 04T JEIE SHAP BIA IR AT
FAEEAS RS TN R P (BB, I AR MEAS TS SHAP {H, 2 HIRFERCE B LS R AE 55 T 25 2
ARG 2R o MR AR B 1) B BB SR T SR M, S5 IR 4 B AT e R0, FRHEL FiO,.
Temperature. WBC. GCS. BUN/CR Fl1 SpO,_min X #: 74 J]lhfr 5 352 75 N R E A S M R I 2 o
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Figure 4. Feature importance analysis of the improved LF-transformer model (SHAP values)
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