WEFEESRF 2025 459 A5 46 55 9 ) https://xuebao.smmu.edu.cn
e 1148 - Academic Journal of Naval Medical University, Sep. 2025, Vol. 46, No. 9

DOI: 10.16781/j.CN31-2187/R.20240159 . % % .

ETHEBEXRKREMENEIEERGEDEEFDW

RS, MRS, T, AR, RS, ZRE, FEFT
1. B TR 2 AR 5 TR, FifF 200093
2BHEEERY: (T FERY) H—MEERE AR, L 200433

(HZE] a8 S SR IIR BE A 2 9 4 Rl 22 AL 7 ) R0k i e AN [ PR 2 bk B 07 ( AKT) S [R] A9 5%
BRI M E SR, ok IR RRIL G (GEO) HdifE T 3 AKI 4451 %4 42 GSE30718. GSE37838.
GSE53769. GSE108113. GSE125779. GSE99325. GSE174020 #4754 3, £14% 60 4> AKI i 2 5 E KA F1 79 4> ekt
BRI BB EREAS, #2 8 « 2 LbBIRI 3 AYI ZRAEFIIIAAE, FH T30 [ OGR4 I 45 LA % S/ N4 WP WAL 4 R 3 5
(LASSO) . BlEHLARM (RF) . SZHREmMEHL (SVM) - 3BIHFERR (RFE) | #FRBAEEHETHH (XgBoost) 4 Fitll
A S FIE U ZRRITAL, DA [R5 P AKT Y [R] SR PR RIE % . K B 3009 88 48 GSE99340. GSE1563 i
1T, 4348 43 1~ AKL B B HEREASFI 36 A HExs BB IEAEAS, MEN SRS UESR FH T 0k T e A 5L 5 i) LASSO
FERIFNS 2 B PEREMN . R ROC k. RS . A IS, WERIRE . FL 435000 58 B OCIDEUR B 4 28 R 2% AL )
RATIEAG . XF AKT % S48 251 T CIBERSORT 4 40 LI e DAk, I X o 2 i 1 ) s i) OGS 6 A1 5 e 8 40
RIEACEHEAT Pearson FHIC/M T, 46 % 5 738 LB TIE I 25 P 38 1% DI TR B ot 22 Do 245 A A AE P i) AUC 2 0.914 5+
0.007 0, A5 K 0.750 040.044 0, £ [E1ZK 4 0.923 1£0.048 0, #ERAE A 0.838 740.016 0, F1 43%0h 0.827 6+
0.020 0, XJ AKI j7=A: T A2 e HL ks B 1 /3 28 MERR, RN TSGR R e S 48 . 4 FibILAs 4 > Sk Ae A 1)
AUC=0.860, KififiE=0.750, £ M#=0.800, F1/3%0=0.774, 5230 1 % AKI B4 = 20 I0ERE, JE0kt 7 AR
Jpa Bl AKT LR SCHESER, 43700 CD86. C-X-C B/ pilafbE F ik 10 (CXCLIO) | kzhiEF 2 (DNM2) | J5jmks
A FOS. #FEF 12 (TCF12) | VGF MAAKEFIHEFEN (VGF) . A ERN S (AKAPS) . T HRA
i e S PR A LASSO AR 4E AUC 4 0.940 4, ST AUC 4 0.944 4, RTINS AKTREAS B H A = 28 3l e T,
UERA T LR A AR R s R R o TR IEAY 7 NI R R B 28 1R ELAT B i A 4026 MERE, AUC 9 0.928 9, BGIIE T fifiik
A PRI R FR) 28 HH BTk R AR o B 4IRS AT /R w06 B 4 . TEALAOAE R ANA . S anit . M1 795 g
fit, 42 B 4t . T AL ER SR AR AR AFEAS FIE RS BEEEAR (0] 22 55 A G 12 X (35 P<<0.05) . M1 AT I
it HAZANNEYS CD86. CXCLIO ZIFAK, 1EALMNERANIEY FOS SIEASE, PIhn B 4l CD86. CXCLI0 2 ik
K(¥)P<0.01). IEILIIEKRLEMLE VGF BIEAHDE . 5 CD86 FI TCF12 S AAHE, MMt B 45 CD86 5 A ( )
P<0.05) . 4 S5GMEOCHIREMZ ML FIZ2 L8825 2 /S dn Rt RE N w4l . B2 5 I i e A Bt 2 2L
AR ERCHEEH, WEN AKTEERTRTT T TS

[RER] SMEEH; WES,; Hldeed; AYERE; Rk

[SIRAZARST] KI5, R, 1L, 45 J5 T30 K ORI B A 28 W 4% Sk W B AL 15 B it (I M ZE 25 B K2
2:47,2025,46( 9 ):1148-1158. DOI: 10.16781/j.CN31-2187/R.20240159.

Bioinformatics analysis of acute kidney injury based on pathway-associated deep neural network

LIANG Shuifen'”, GANG Wei**, CHEN Wei’, ZHONG Caiming’, HUANG Linxi’>, WANG Yuanjun', GUO Zhiyong®"

1. School of Health Science and Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China

2. Department of Nephrology, The First Affiliated Hospital of Naval Medical University (Second Military Medical University),
Shanghai 200433, China

[ Abstract ] Objective To screen for key genes and important pathways common for different etiologies of acute

kidney injury (AKI) by pathway-associated deep neural network and multiple machine learning algorithms. Methods AKI
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microarray datasets GSE30718, GSE37838, GSE53769, GSE108113, GSE125779, GSE99325, and GSE174020 downloaded
from the Gene Expression Omnibus (GEO) database were merged, including 60 kidney samples from AKI patients and 79
kidney samples from healthy controls. They were divided (8 : 2) into training sets and test sets, and were used to train and
evaluate pathway-associated deep neural network and 4 machine learning algorithms, including least absolute shrinkage and
selection operator (LASSO), random forest (RF), support vector machine-recursive feature elimination (SVM-RFE), and
extreme gradient boosting (XgBoost), to screen for common key genes and pathways of different etiologies of AKI. The
downloaded datasets GSE99340 and GSE1563 were merged, including 43 kidney samples from AKI patients and 36 kidney
samples from healthy controls, which were used as external validation sets for LASSO model and nomogram performance
test based on the final screened genes. The pathway-associated deep neural network and machine learning algorithms
were evaluated using receiver operating characteristic curves, precision, recall, accuracy, and Fl-score. The immune cell
infiltration characteristics were explored in AKI via cell-type identification by estimating relative subsets of RNA transcripts
(CIBERSORT), and Pearson correlation coefficients were used to evaluate the correlation between the final screened common
key genes and immune cell infiltration levels. Results The pathway-associated deep neural network trained by 5-fold cross
validation produced an area under curve (AUC) of 0.914 54+0.007 0, a precision of 0.750 0£0.044 0, a recall of 0.923 1+
0.048 0, an accuracy of 0.838 7£0.016 0, and an Fl-score of 0.827 60.020 0 in the test set, yielding a robust and highly
accurate classification performance for AKI, and identified key pathways and a subset of candidate genes. The 4 machine
learning algorithms all achieved high discriminative performance for AKI in the test set with AUC=0.860, precision=0.750,
recall=0.800, and F1-score=0.774, and screened 7 common key genes for AKI with different etiologies, including CD86,
C-X-C motif chemokine ligand 10 (CXCLI0), dynamin 2 (DNM?2), proto-oncogene FOS, transcription factor 12 (TCF12),
VGF nerve growth factor inducible (VGF), and A kinase anchoring protein 5 (AKAP5). Based on the final screened common
key genes, the LASSO model had an AUC of 0.940 4 for the test set and an AUC of 0.944 4 for the external validation, and
the model showed a very high discriminatory ability for the AKI, which demonstrated the overall regulatory performance of
the genes. The nomogram constructed based on the screened 7 genes demonstrated the highest classification performance
with an AUC of 0.928 9, validating the outstanding contribution and overall action performance of the screened individual
genes. Immune cell infiltration analysis showed that there were significant differences in B cells naive, mast cells activated,
monocytes, macrophages M1, B cells memory, and dendritic cells activated between AKI samples and healthy control samples
(all P<<0.05). Macrophages M1 and monocytes were positively correlated with CD86 and CXCL10, mast cells activated were
positively correlated with FOS, and B cells naive were negatively correlated with CD86 and CXCL10 (all P<<0.01). Mast cells
activated were positively correlated with VGF and negatively correlated with CD86 and TCF12, while memory B cells were
positively correlated with CD86 (all P<<0.05). Conclusion Strategy combining pathway-associated deep neural network
and multiple machine learning classifiers can mine high-value key genes from high-dimensional, complex and heterogeneous
transcriptomic data as potential targets for therapeutic interventions in AKI.
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Tab1 Information of AKI and HC groups in datasets
Dataset Year Description of AKI etiology Description of HC AKIL n HC,n
GSE30718 2011 Renal ischemia reperfusion injury Nephrectomy biopsy 28 8
GSE37838 2012 Renal ischemia reperfusion injury Nephrectomy biopsy 17 8
GSE53769 2014 Acute tubular necrosis Well-functioning transplant biopsy 8 28
GSE108113 2017 Healthy normal donor kidneys 0 11
GSE125779 2019 Healthy normal donor kidneys 0 8
GSE99325 2017 Healthy normal donor kidneys 0 4
GSE174020 2021 Kidney transplant with acute rejection Well-functioning transplant biopsy 7 12
GSE99340 2017 Immune-mediated kidney injury Healthy normal donor kidneys 43 17
GSE1563 2004 Well-functioning transplant biopsy 0 19

AKI: Acute kidney injury; HC: Healthy control.
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Fig1 Pathway-associated deep neural network
architecture built by modified PasNet
" The input and pathway layer connection weights, which
were initialized by the binary mask matrix M and therefore here
they behave as sparse connections; »®: Weight matrix between
pathway layer and hidden layer; ®”: Weight matrix between

hidden layer and output layer; x,,, x,,-**, X,,: The expression

value of the genes input into the PasNet (n=4 943); PasNet:
Pathway-associated sparse deep neural network; AKI: Acute
kidney injury.
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Fig 2 A heatmap of the absolute weights between 10
pathway nodes selected by modified PasNet and hidden layer
PasNet: Pathway-associated sparse deep neural network; GPI:
Glycosylphosphatidylinositol; PI3K: Phosphatidylinositol
3-kinase; NGF: Nerve growth factor.
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Fig3 Machine learning algorithms for screening common key genes of AKI with different etiologies

A: The LASSO coefficient curve of the candidate gene set (trajectory of each coefficient of LASSO as lg4 changes); B: The curve of

AUC for cross-validation as 1gA changes (in LASSO regression, 10-fold cross-validation is used to adjust parameter selection based

on the evaluation metric AUC); C: The trend of out-of-bag (OOB) error as the number of decision trees varies in RF; D: The top 20

genes were obtained using the method of decreasing average Gini coefficient in RF; E: The importance of genes obtained according

to XgBoost algorithm; F: Venn diagram of the intersection of 4 machine learning outputs; G: AUC of 4 machine learning algorithms

based on the expression samples of candidate gene set. AKI: Acute kidney injury; LASSO: Least absolute shrinkage and selection

operator; AUC: Area under curve; RF: Random forest; XgBoost: Extreme gradient boosting; SVM: Support vector machine; TPR:

True positive rate; FPR: False positive rate.
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Fig4 Immune cell infiltration analysis of AKI expression profile
A: The distinct immune cell proportion of non-AKI (healthy) and AKI samples. "P<<0.05, "P<<0.01. =79 in non-AKI group, n=60
in AKI group. B: Fraction of 21 infiltrated immune cell subpopulations determined by CIBERSORT in non-AKI and AKI samples. C:
The correlation between levels of immune cell infiltration and 7 screened genes. AKI: Acute kidney injury; CIBERSORT: Cell-type
identification by estimating relative subsets of RNA transcripts; NK: Natural killer; AKAP5: A kinase anchoring protein 5; CXCL10:
C-X-C motif chemokine ligand 10; DNM2: Dynamin 2; TCF12: Transcription factor 12; VGF: VGF nerve growth factor inducible.
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Fig5 Construction and evaluation of nomogram based on final screened key genes

A: Construction and evaluation of nomogram based on 7 screened genes; B: Nomogram classification instance and the corresponding
probability based on screened genes ((P<<0.05, “P<<0.01); C: The calibration curve of the constructed nomogram. CXCL10: C-X-C
motif chemokine ligand 10; DNM2: Dynamin 2; TCF12: Transcription factor 12; VGF: VGF nerve growth factor inducible; AKAPS:

A kinase anchoring protein 5; AKI: Acute kidney injury; Pr: Predicted probability.
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