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Abstract

Objective: To identify characteristic genes of SLE using an interpretable deep learning neural model
(PASNet) combined with bioinformatics methods. Methods: SLE peripheral blood transcriptome
data were collected from the GEO database of NCBI, and differentially expressed genes were screened
using R language for model training. A pathway-associated deep learning neural network model
based on PASNet was constructed for SLE disease research to identify key genes and pathways re-
lated to SLE. LASSO regression and random forest methods were further employed to screen disease
characteristic genes. The expression of these characteristic genes in external datasets was vali-
dated, and their clinical diagnostic efficacy was evaluated. Results: The constructed neural network
model demonstrated good predictive performance on the test set after deep learning training, with
an area under the ROC curve (AUC) of 0.82. The model identified 47 disease-related key genes, and
machine learning algorithms analyze and GSE61635 data validation further screened out four SLE
characteristic genes: ADHFE1, BCL11B, BLVRA, and BOLAL. SLE single-cell data validation results
showed that BCL11B and BLVRA genes were correlated with immune cells to varying degrees, and
the clinical diagnostic model constructed using these genes effectively distinguished the disease.
Conclusion: The BCL11B and BLVRA genes screened through deep learning combined with bioinfor-
matics methods can serve as potential biomarkers for SLE and warrant further research.
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1. 51§

A PIIRIE(Systemic lupus erythematosus, SLE) &2 — M E 2K H G g, HRWELHE
EUMRATIUNRE, WTRRZRTMARGZ BRI E 1], 12500 LA RG DR R IFRHE, 5
FHUA= AR B S H S o S IO, BT 51 K 248 B M R GBI SOREVER (2] WFATRET, T 4
. B 4. HIRRAGAMONK 40 LA % B4 i 55 S % 40 B A E SLE S5 1R N S AEAE R 1 D)
REFR o IXUEA AN R T IR I S it SZALE], Bt B Srh s re A il B S e Ry, i R
RYEMBH T ERRIEEAYEEE, SRR RNMZ R EHH(3]. SLE MIKKRIMEA &
FER B, FEAIRRHENE R AR . AT R B (ORI T ) O fiTh e e DL IR R G52
F55 . ORI JOsE 5 e SRR R 2 MRS KT DL e e T e A5 2 R R I AH
ER . AT FEER R, SRRTEE N SLE PEWR AT 340 75, HARWEEZE FFHESE, A
LA RGUGE R T ITEAIE[4].
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SLE B ARALHI 2 A M AR TE A B, 4R IIE T SRR A2 W 7V ORI ST OGBS, 1Ak, Bl
% 4= 3 N 2H S BRAE 78 (Genome-wide association studies, GWAS) AW & &, W& N1CL R EEZAN Y
SLE AH2C ()& R £1[6]-[8] X LERERI AR ] BE S B E RAUIRe R, dEm sl K 3 & R RN . —L
FiE 248 5%, 41 HLA-DRBI, CUIESES SLE IR 235 N4 5% . HLA-DRBI 2 H i T A1 1 i
FRIE A% IR DRl 32—, i 12 2k TR A S P4 R0 UG, B 2 /3 TR B N BE[9] [10]. HATER 1 S A LA
AR AL, AT RS A I 0% HE N A R R

AR, BEE N TR REHEOR PSR R, HAE DR 2 AU ) B i i T 34k 1 i 7 R S HF .
BLAS 2 21 5 IR FE 2 o) AR A LR R B s A 3 e 1 VRRAE SR IRE 70, FERIRIZ W TUJs Tt AN 245 P it
CEE T T R I BB A 11 IR R 2 5 e s 2 RIS a8 A% 2 i AR s i LR A T %
5 BB, IR ) 5EME B2 ik ag G, HREREINSYEE . 22T RIE
(7 TR, RSB A IRR BN, RS AE I TR AL, i (1) S S 2 W AN A iR T 7 4 ik 2
AR A AR SCHF[12]0 X AP EE T N TR B B A0 70 A iy 1 MBI AR, IR N BRI 1)
BAIRHLEITRE T8 K0 P4

AW TR IR 2 S B ME R %71, T PASNet A4 % A i R IR IR 5 2 S i 48 X 4 B 7R MK
GEO R4 H SLE #ei i CB AH I R AE %, SR JE KWL 22 21 7 it — 2B i . SLE %
REAESEDR, O UE AR IR J2S DR 5 G 2 200 i oz TR A DG, by 2 5 TR Tl A R VP A FL I IR 2 s R, DABA 4K
SLE FWi AH K 2 W A s 54

2. MRS RE
2.1. BURSKTH R TLLE

M GEO ¥(#5 /%L “SLE” 1 “Home sapiens” Jyoc##ial % SLE # A EPa4E. VS B 1. i
F R A sva X GSE126307 [13]F1 GSE81622 [ 14 5Hn 44T EHUKMCEE G, THERA R EHRE 2 M 1) 2
5, TG40 8. GSE61635 Al GSE135779 [15]1F A4 55 % R fE 3k R 347 i 2560 .

Table 1. Basic information of the datasets in this study

F 1. AMRARBEEERR

4R 4E 1D W& HpE R
GSE126307 GPL13369 T e 8l
GSE81622 GPL10558 (el el
GSE61635 GPL570 el vers
GSE135779 GPL20301 e BT HE

2.2. SLE &R XEFRIEERE fFik

M R i E Limma f%) SLE FEAHIIE B B AT 1% % 57 55 [K] (differentially expressed genes, DGEs),
e britE N P<0.05, [log2FC|>0.25, HIRIHFRZRA R ZEMRER, DMEN IR 2 IR 5N
Wik R AL “ggplot2” Fl “pheatmap” 735l L il K il BRI o 7E 5 B2 50 120 B e, 50 4 9 4
ABENLIE A M3 (SLE H: 34, 1% AN 34), DLTHBRMNE 28 B AR 12 ATk 72 r b 30 O 00 4 1)

H

i
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2.3. {R AR AE X RE S I ME Mg IRE

LA PASNet [ 168 g JEftll, #E—A 5 R TEAVE R E VI R AR L 22 > I 48 A . R4,
FEWUANAFRZER: MANZCERR) BARE . REZ MR Z . 20 8ol U B 747 5 B EE 4200 80%
RS BRI R R G, AR 20% 8RR B R IR B 4R . A Reactome di e 17] i B4k
Paterh Z R FER N2 5 PTA R, TRk Do A RBOCT 10 DAisEE Y SLE TR . #AT
FEDR - @ (R0 R RIMEAERE, AR R N ERE S 2 HOCR . FERAR TEE RN AEYERE
AERE, MR 7 BT AT AR . R AdamW {EAMRALES, @i 51 AU LML, 4320k
TAE5E Adam DU ERAERELEY7) 55 T AT RE S BURAR R L REW SN P AL Dyith— D4 s AR S8 e P AT AR
FATEINZILREFFIAN T dropout AR o ZBAME I AERF N AP BENLEFFE 4T, PR T HaM
NSRS, AR IE VAR R A RN, JERM T L2 IENETE, B AR R R A I AL E
PO T BAG AT T, ZAOER R IR o RXROOUEL T AL SR AN R 1R AR SRt B A
), SE PRI TR WA BRI AR, OB RRR E R AT SRR B T TR

2.4. SLE &R4FAEE FE 89 % T FnLEiE

SREL LASSO [A] V5 505 RN BE AL AR PRI 6 SREX ) PASNet #7 R HLE) TOP 50 JE[AIF1 TOP 10 JiE #%3E
RIEATE— 28507 i A3 | R B S 48, fH R & “glmnet” , 5]\ L1 IENILREAL & LASSO
B, b B PRI EH E T 10 %58 XRAIER T A IR ARAE LAIRAFRFIEREA o P F B AL A% bRk (Random Forest, RF)
I3 RN T RS SLE AHICHE R AT B 2 HE 7 AR RAAERE A, ntree BI{E % E N 1000, ¥4 RF #1 LASSO
AR B HE R DO AR NRHERE D . (AN RS GSE61635 F1 GSE135779 BailE Rk £ R ik 7K
Fo MBI EA B, L2 E LIERHIE B 28 (Receiver Operating Characteristic, ROC) [ 18] %} 12
Wi SLE friErf b .

2.5. $EEFE L MBABERE ERIEA S

M GSE135779 H3R15 5 B IEH FEAR 7 6 N\ SLE FEA PBMC FiAMEFE. {4 R £ Seurat AbFE%L
i, B EES] . CAZRRAARR G EE R <10% AR TRE 0 . SR/ NMFEARTRRT 2000 15548 5 28 K 1E47 )5
—AMJE M. (R ScaleData THAER I K RT 2000 548 S R HEAT4H78, 3-8 RunPCA ThAEFEAL
PCA #E5 . #%#¢ dim = 20, 1§ FindNeighbors 1 FindClusters £& %041 il 58 250 20 AN 78
=0.8). SRJ5 1 H RunUMAP ZhEEHEAT il AL o
2.6. lIEARMFERBIE

KH Logistic [BIAALEG (1) CBEEE N 5, #4% Nomogram 154!, Nomogram A& —FEJE T A,
FHF TS 2 F MR, A2 ANBENEE. HWEEEREMEH R 11 “rms” €, 115 ROC
28 NI A (Area under the curve, AUC), A= RliAse v il 28 PFAf 15 12 W A 1k
3. R
3.1. SLE LM B fnE R & FH ik

GSE81622. GSE126307 #LIX#R IE & I 5 33545 80 AMFEA (control 2H: 34; SLE 41: 46), 11,356 N3&
Rl ek B (15 1(A))o i R &L “Limma” M 80 MEA L H 1399 A2 ek A, Horb a4 B2 701,
AR 698, H “ggplot2” FLF1 “pheatmap” B4 K R (E 1(B), Kl 1(C)).

DOI: 10.12677/acm.2025.1541247 2837 Il PR 2 2 3t


https://doi.org/10.12677/acm.2025.1541247

up-regulated
down-regulated

GeneRegulate

GSE81622+GSE126307

9L096SEWSD
71096SEWSDO
CLO96SEWSD
0L096SEWSD
80096SEWSD
90096SEWSD
#0096SEWSO
CT0096SEWSD
00096SEWSD
86656SEWSD
96656SEWSD
¥6656SEWNSD
T66S6SEWSD
066S6SEWSD
88656SEWSD
986S6SEWSD
¥8656SEWNSD
T86S6SEWSD
08656SEWSD
8L656SEWSD
L9865 LTNSD
S9865LTNSD
£9865LTNSD
L9865 LTNSD
65865 LZNSD
LS86SLINSD
GS86SLTNSD
£5865LTNSD
LS86SLTNSD
67865 LZNSD
L¥86SLTNSD
S¥86SLTNSD
EVB6SLTNSD
L¥86S LTNSD
6£865LINSD
LEB6SLINSD
SEB6SLINSD
€€B6SLINSD
LEB6SLTNSD
67865 LTNSD

(A)

® down-regulated
unchanged
® up-regulated

regulate

TTTTTTTT T T I I eI I T T T T T T eI T T T I T T T I T T T I T T T oo

logFC

HKIBR 25

12
9
64
3
0

(anien’d)oLbol-

©

- R R MY FIR, UIE S SLE ML

#

e AN
N
2838

iE

z

Ui

Y

R AT, BEAUHESELIE 2(A). BEELIZRTERUE, RIS )i %

\\X

TILEEH

T

(B)
Note: (A) The expression levels of the dataset after batch effect removal; (B) The volcano plot of differentially expressed genes

in SLE; (C) The heatmap of differentially expressed genes in SLE.
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Figure 1. Data preprocessing and SLE related differential expressed genes identification
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JEBCEAFAE, @I AT B A SRS, MR T 5 5 ) OB DR R B ) e o AT TR AR
R 2 3] 2 () W B A 0.0004, L2 IEMIAK T (1)1 E N 0.0007, H[a]Z 1) dropout ¥ 0.7 F1 0.6, Epochs |-
PR M 3500

N T VARG SLE FUEH FEARPTIERE, FRAT TR E IR 4L AT T 4038 SUIRAE o« X FPPPAl 77
FIE AR AT, ERRIERTERHIAFEETIZG, BR—ATEETI, DT
ST AR, DARRER R AT AT SE ARt v 5. ENNREE I, BLALR) AUC M 0.82 (K 2(B)).
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Note: (A) Framework diagram of the model; (B) The area under the curve (AUC) value obtained from the receiver operating
characteristic (ROC) analysis of the SLE test dataset is 0.82.

Figure 2. The framework and model performance of deep learning model PASNet used to discover SLE related genes

2. A5 SLE s X EE B AT R 5 S M M ER R PASNet 252K H it At

3.3. PASNet 2BV L I AY SLE EiFiE X ERH#H—E T IMNB IR IE

JE B AT AR, SRS BIRLE S BT T, MTTHRSE RERS X 2 SLE AIEH A i L
K| F1 S B I IR 45 o 5 TOPS0 (KA1 TOP10 JH % 9 840 2 R 3 T2 5, L3R4S 47 N JERl. LASSO [H] 14
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IKIEIK A

SRR 22 AN EERI(E] 3(A), B 3(B)), fefE A ME N 0.01844573 . BENLARMEIETRERT 20 ZEH, BEAL
FRARPLTE ML ntree = 1000 (4] 3(C))o IXPANFILLE RHCCEE, K3 14 4> SLE MHCEF (A 3(D)). LA
GSE61635 {EN/MBHEARLLIUE 14 /> SLE AHRHER R L K, Hd ADHFEl. BCL11B. BLVRA.
BOLAL X JUAMRHIESE R ZE I ZR SR AN S £ h it ik a3 — B H AR B35 2 (8 3(E), 1 3(F)).

3.4. FHEER K L AMBEERIE S

it—2E863F ADHFEL. BCL11B. BLVRA. BOLAL JE K| 7E B /K S L i 2245000, FRATT i
() SLE S.40 8 PBMC M FHAE AT 007 o K 5 BIIEFFEAR 7 6 SLE FEABET RIS, FL3k1F 20 4
SHRfE o R G A B ) AR S 1 A DA 20 SRR ERE R B 4EM . T 4R SRz B A A 5 AR
AAGYIN 5 FhANML A 4(A), 4] 4(B)). BLVRA 7E SLE AR RIE L & T IEHEARRIA, BCLIIB
FRIEMET IEFEAEARE 4(C), K 4(D)), 5 GSE61635 HiifisE bRk —E.

3.5. #33# SLE HRTHEERE SiEAR SIS & E

N T A BSASAAHFHERE BCL11B 1 BLVRA & & #EH T SLE BR A2, AVEH “rms”
BREFLE (1 5(A). ZIRARRELENIZE B AUC 28 0.9035, ik E AUC 68 09139, E/RT
HRIFFGE (] 5(C), Bl 5(D)). BtAk, ZemiicnE th & qh FRA SRR, 45 RRIIE |5
RURZS ZEHEAR/DN, BRSO (18] 5(B)). X U85 TN SLE IR 12 Wt 7 #k &
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Note: (A) LASSO regression coefficient path plot. The vertical axis represents the regression coefficient values; the lower
horizontal axis represents the Log Lambda values, and the upper horizontal axis indicates the number of genes with non-zero
regression coefficients in the model as Log Lambda increases; (B) LASSO regression cross-validation plot. The vertical axis
represents the likelihood deviation, where smaller values indicate better model fit; (C) Random forest gene importance plot;
(D) Venn diagram showing the intersection of genes identified by the LASSO algorithm and the random forest algorithm; (E)
Differential gene expression levels in the training set; (F) Differential gene expression levels in the GSE61635 dataset.

Figure 3. LASSO regression and random forest algorithm screening of SLE disease characteristic genes and validation of

expression level in external datasets
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Note: (A) (B) UMAP analysis of single-cell data. Different groups and cells are marked with distinct colors; (C) Expression
distribution of feature genes in normal samples; (D) Expression distribution of feature genes in SLE samples.

Figure 4. Expression analysis of characteristic genes in SLE PBMC single cells
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Note: (A) Clinical prediction model diagram; (B) Calibration curve. The curve demonstrates that the accuracy of the prediction
model closely aligns with the ideal scenario; (C) ROC curve and AUC value of the clinical prediction model in the training
set. (D) Receiver operating characteristic (ROC) curve and area under the curve (AUC) of the clinical prediction model in the
test set GSE61635.

Figure 5. Nomogram of SLE disease characteristic genes and clinical diagnosis

5. SLE BRI HFHERFE Slim RIS R 5112 E

DOI: 10.12677/acm.2025.1541247

2842


https://doi.org/10.12677/acm.2025.1541247

HRIBK =5

4. g

RGN BRI (SLE)E A —Fi B A 7 24 R R AN 535 I PR S P 1 B 5 S s » FLmf Do IR
BAHANGEHE N TIRAIER SLE MEUHE /- FHUHI, il 2041 SLE S35 1 IR A5, #2498 SLE &
P I R R IR DGR oy TS S R D@ B, AHIE T I I — b B AR PR IR T 2 o) WS R 5 A W 5 B 07
156 SLE FER FRIA BB AT /081 o 1200 ISR DLAE AL G (1 AR M5 B S AR S 2 ST iR AR L, LR
RURESR A — @R . ok, BRI S| N—ZARIES S, MERae)smmlsgRAas —E
PR fEREYE . Lk, PT DB B AR IC, BENETE S A4 AR FAE F HR 3R O R I RRGEE 5[12]. e, Eid
BIFEAREANGERE, ] LA ROR IR B 2 SIS R I ) B R i SR e RN R e A AR, AT B v i
MERE .

TRIE 2 5] 28457 PASNet St i FH T 20 A R0 S0 5 A e £ A TS, 5 Al 23 2 T A
TAREAT LA, PASNet R TN AERG LR AUC [HIAS] T R3E 1 0.6622, A& T M LB 2 . Ft
DA TR AR B 43 A 7 B0 R 8 BRI M 4 AR [ G B R IR, o I e e AT RS HE ) 20 2 i,
AUC H 5 55515 0.82 F1 0.73 . i FlN ) A5 436 % AN OGS L [R5 2 B 5 LA RR AR A 19] [20] 6

AKHWFFEAE SLE ) DGEs F1iH %)t BLVRA #1 BCL11B iX 2 ML, ‘AT fE3 5 SLE KA K
J&, [FIH 7 B A R IO R 0 S e S AP AE — B IR R . FR UL SLE I R Tl 5 A5 84 51
2RI, ROC 2R RIS I pHh 28111 Sz 5% i J2L DR ) 2 ()2 W A8 EL A e i A T M 1, AUC {HL7E 0.9 DL L

BLVRA & [X] g6 ) fH 4% 208 JR B A (Biliverdin reductase A)J& —Fh S8 (B, F M40 KA HHER Pk
FERKEZEPEH. BT ZRIEIEREXE, 2MAETIAR NADH K PEIR Sk 200 51, 12501 R (e
NADPH 5% NADH f77E (15 L AL R SR R AN IBLT 2R AT 40 A AL IR SR 3R, 25 1 40 3 (4R
IR SRR T [21]0 PRLLERAE N — RS IR BRI, BEOSTERR A 5L, R340 % 52 A AL R
Manf[22]-[24]. WHFLRM, MHARMUEGIENER, EEA BEMPR ML ThEe, XLkt
AR T AT 2 Mg b A E M R E, Rl RAE B & e Vi . O MU0 A e 22 1R AT
PP S5 A0 o

TEGRIERGH, AL ERELN 2 BLVRA RN RIAM FBANASAL . GX g 7E S K i il
T8 P G2 SRS R A AL O o R A B3 O A SR A SR I R R 0 A A R R SR R T S I
Rio BFFERIL, BRSEZRIE R A TF W20 413 0 90k e 8@ 75 T 91 2 40 M PR 7 3 4 i A 26 -10 (IL-
10)IA B RAFPUR AR EF[25] [26]0 TL-10 A& —Ff EEHTR AN T, eIl 4 K7 1=,
VAT G I N P4, AT IR 98 R S N R 2 2R 45345327 o

BCL11B B:R 4t (845 88 EIAE R SR -2 — PGS 70 1, JCHAE S)% R R I B EAE
. YE28 FOXP3 4HBIIE (28], BCL11B fEYATI 1 T 4Md(Treg 41 M) Th e 4ERF A G 52 i 52 Hh #3151
o a[29]. FOXP3 ST T 41 235K T, i BCL11B j&@id 5 FOXP3 IAHEAER], AEH%
B R HEE SR, W TIAEHE Treg 4000 7L MITIBE[30]. Treg ZH MAE S bt 15 fh y28 o N AN S P e 2
R CEE, HIRERE S 2R A S REMEER AR AT, 75 B A T 4010 /b5 38 5E i 72
t, BCLI1B &R K EE B E K RETEF31][32]. BFFtEY, BCLIIB @ EE— &5 FirsEaERE K
ik, W B YR T ARKIR B MIIRE. Blin, 76 T 400k B LFEd, BCL11B 25 i R4 i i)
ok, WRAR T 40HE 324 (TCR)MS 58 4 1 1E 5 A5 3833 ]

BCL11B [N [ D fe e BURAL 22 S BU™ HE (1 %)% R4t % . /£ BCL11B & RIREA 1/ AR AL
RN AR BN R E N S R A, OS2 ERIEMETE T MHThRER ™ HE R EL[34]. XN
RO G Z IR, SBRE RGN B SPUR NS, BEmsl & 8 S mErm. X — kI —52
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IESE BCL11B fE4Efr s fa S ot EH . 7E N2, BCL11B FE K15 WA 7 5 R JFUR 1
P25 BRI AN B S MR I R AR . B, 76 )LE RS B, BF7E KB BCL11B A
FEFNMEAR, XA R0 i SRR IIRER A, MmN LE X R G ML PEIRIE 1) 5 B35,

5. &

AW AT R IR B 2 DB, 256 RS B 5 50355 SLE %G Sk BT RStk o by, ik
i BCL11B #1 BLVRA {E5 SLE [ AL o B SR B, XN ERIFE SLE B R AEFIK e B
HEERREER, H5 SLE KBRS RrsE . SR, WFAHE R 2B T 5 A0, Bt
ZAYFHEYESISKE, BCL11B 1 BLVRA 7E SLE FF I EAASFHLEI MR e . Bk, £KkH
RIS T A IR — D IR IX B AN SE IR ) Th B8 B LA FE ML .

E&ImHE
B K HAAR R4 H (32060157);  FE KR AERAHT LI Zk1111(202210601048) .
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