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Machine learning in rheumatoid arthritis: advances in clinical diagnosis, treatment, and

complication prediction
Y AN Shutong, LIU Qi
College of Medical Technology, Tianjin University of Traditional Chinese Medicine, Tianjin 300000, China

[Abstract] Rheumatoid arthritis (RA)is a chronic systemic autoimmune disease characterized by synovitis and progressive joint
destruction, leading to a high disability rate and complex complications that severely compromise patients’ quality of life. Although
traditional diagnosis and treatment have been shown to significantly enhance patient symptoms, challenges such as the difficulty of
early diagnosis, substantial individual variability in treatment response, and the high prevalence of complications, including
cardiovascular diseases and interstitial lung disease, continue to be focal points in clinical practice. Recent rapid advancements in
artificial intelligence and machine learning (ML) technologies offer novel opportunities to overcome these bottlenecks in RA
management. By deeply mining RA multimodal medical data, such as patient imaging, genomics, and electronic health records, ML
models have shown potential advantages in early diagnosis, stratified management of treatment response, and modeling of complication
risk, such as early warning of cardiovascular events. However, barriers such as data heterogeneity, limited model interpretability, and
challenges in clinical translation hinder its widespread adoption. This paper systematically reviews the latest research progress in
applying ML to RA diagnosis and treatment, aiming to provide a theoretical foundation and practical reference for realizing ML-driven
precision medicine in RA.
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12 R A AE  B B  STT JORE T R BURE L R
WA I, PR R SO R AH Ak L DR . HETEEER
HRCATE IR 245 1 5 RIS T VR 5 R R 17 5 e A P
FR 2450 D Y MR8 55 0 2 TR B AT BE M A
M HFEEH R T 752 A & Ginterleukin, IL)-10
EHUR R T A AHAZ R 25 K AT 2 B0
B A9 AN R, A 2L 1B T8 15 A Joit
BiAA %S, HAZZE 29 RE B8 B8 1R, wE DUR G
RA™ . LB Bt RA (12 W 32 BEAK 35 558 I R 3
SEI R A DL SR A A, (H O BRI o R
PRS-, 5 5 R KT R BRI, DU Fe b o ik
A TH] 2 R 5 77 B JEE DA BB R T RE 1) RS, [
) H T N S B, AN [R] 6 R T 29 R U
WARAE IR 22 577, AR sAG 12 Wik R LI i IR
Xt RABGTT AT -

ITAE R N L8 fE Cartificial intelligence, A1 IZ
M, M85 %~ ) (machine learning, ML) /E N AT ] —
933 e — T A T BN R GRS O Bl AT
H 325 SR R o @ i A, ML
AT NI AT H A b AR AN T X 35 ks 22 AT T
BGRSE . M1 ML BERS AL 2% a4 s, IRl

x1

AR B H] R R AT AR , DRI N P - B 4k
BEATHIRZ W TR 1k PR AN 25 A 5

ML 9% H 70 A H B Jo B 2 B A i
WA 3] 4T, B S o1 b e B AT Ik, B
BRI 5 B A 7 W, WA YA SO ) L
(support vector machine, SVM) . fii Hl £ #& (random
forest, RF) « ¢ /N % WAL 4 Fl ik 12 57455 (Teast abso-
lute shrinkage and selection operator, LASSO)%5; J¢ i
B SIS R ARG ER AT A B, AR AR 2 DR
B e 2 R AR S, B A R K L R 4 ATRR AL
>3 5 2 B o S A L M AN I M ST AR L
SO IDEERASS - ¢ AN TRt /20 (NS =7 N R (- /i i
Ik 5 Ak =% 3] 8 5 PR 58 58 T A o i i, i i A
Wl HEAT A IEY . AN FRISIE R BAR S it
KA H R B A d A, 2 o — B R TE VA A AU
G FR, 7R AR IR SR RA B U ROR . B
BRA YT AR B B o I, N B
WA 1o PR, ML FIHRIE R, N RASITIRBE T
PHINLIE 5 Pk, SCR B 7E RGEMEE ML 7E RA &L
FHRAELTT P I BOHTIT TR e, W RA 2T IR RE Tk
FIRHHR KR S E % .

RASTEREZLER

Table 1 Summary table of common algorithms for RA diagnosis and treatment

Algorithm type Typical algorithms Theory

Advantage Disadvantage Applicable scene

Linear model  Linear regression, Predicting output

through Efficient computation,

Cannot  automati- Linear relationship

logistic regression

feature linear combination

(regression or classification)

Support vector  SVM Search for the hyperplane

machine that maximizes the class sepa-
ration, and the kernel func-
tion handles nonlinearity

K-nearest KNN Predictions are made through

neighbor majority voting or averaging
based on neighboring sam-
ples

Ensemble RF, XGBoost Two strategies of random

learning data sampling and random
feature selection aggregate
the results through voting or
averaging

Neural network CNN, RNN, Multilayer nonlinear trans-

Transformer formation for learning fea-

ture representation

strong interpretability,
and support for proba-
bilistic output
High-dimensional
data performs well and
the kernel techniques

are flexible

Simple and requiring
no training or adapta-

tion to local patterns

Random forest can re-
sist overfitting and is

highly parallelizable

Strong ability in com-
plex pattern modeling

(for images and texts)

cally handle non - problem(binary
linear and be sensi- classification)

tive to outliers

High computational Medium - and small -
complexity and pa- sized high - dimen-
rameter sensitivity sional data(text
classification, image
classification)

High computational Low-dimensional
complexity and sen- small data, with dis-
sitive to noise tinct local patterns
The random forest Complex nonlinear
may underfit sim- tasks

ple data

Requires a large Unstructured data
amount of data and (image recognition)

computing power
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ML 25 & A5 5k 6 RA -5 3112 W il
W E . KA KAT % (undifferentiated arthritis, UA)
A BEJE 9 RA AT BE , T I 2 Joe A7) 2 1l A e A
BT, Hu 862505 432 451 UA S5 1EAT 9 14 1 Bl
Vi, 15261 (35.290)E N RA, RF BEASEE R 18 4
TN E YR &S (alirasound 18, US18) 5 lifi bR %
LR, XoF 1245 SR e I A vt 1) LI SR AP M Y 1
AR B IR b, T D 5 R0 A% % % (Shapley
additive explanations, SHAP) 73 #T 10 % t JC #8 A% &=,
UESE US18 A1 2 27 5717 T 3 US18 b 73 AT K 5% 1
THECS BT RA ORI = oC B2 . 5 — W Fe I BAaE
o WIRIR T T2 51T N RAF I 143 ] RA &5
W FBEAL S I SRS IR TIESE , U AHEE AR I 254
B A REE AS FBAHE P RAR 2 R AR R
PUREIR 1B - R I3 T At 2 (European Alliance of
Associations for Rheumatology - Outcome Measures in
Rheumatology, EULAR-OMERACT) . Ji§ 5 A 1fi. 37 175
BLCO~3 70 ) AN R A2 JIE K (0~3 73 ) JEAT IR 73, F A
Foy i B AR 22 I 2% DF 73 5 8L (ResNet50) 2 1T Al 46
E2E RA AT BN B, fe 28 AU VT 0 45 R S R AR 2 W
DRFF— B R 2 BT il B U RHES A2 BEAT RA
ISR

ML 25 & S AZ Sk It ] 0 RA IR RORE .
JRBRFASE A RA G B I 201 I AORE, 9 T3k
FERGE I IE AL LA, Saito 5 S B H T34 X 28
Jrvh B 5 B 48 34 (second metacarpal cortical
index, 2MCD Fil #ll ‘& % J& (bone mineral density,
BMD) , fix & I 45 G IR bR F 2 ) 1 BAT ik fg
5z AL RE I TN RA JE B BB AL 1 ML . (]
JF P97 (interstitial lung disease, ILD) /& RA [fJ 975
PAAR I AIE » MeDermott 55 M H 5E 5 1+ H ALK Z
14 (quantitative computed tomography, QCT) X} RA
ST R AR R X TR i #S et R P 2 AR Rk [l ) 2y
s KB RA 15 filh 58 42 g 14 8] R A2 A AH 5, HL& O
fili AU RA B8 T SE R = T A RA R .
DAS-28 ¥ 73 s i R VP4 WG sV AL e s e,
Zhou 5"l I X RA BB 3 28 AN K15 PE 4 (Disease
Activity Score based on 28-joint count, DAS28) %% & 5K
6y AT 4R AR A5, A 2 0 21 2 PR B U AT T RA
SR IR RCTLD R TN, L o Ry RO - DAS28
PR TH i RAAR S 50 o R v CIL 3910 T 393D An
R W VR T S5 R € 9 RA-ILD H A 57 76 56 PR

o A 2 WU FAL R LRI ZE M 45 (convolu-
tional neural network, CNN) X}~ J1 77 7K i 5 A5 57 5
(1) &3 X & #4740 41, 3857 1 44 9 DLAD-10(Deep-
Learning Algorithm Detecting 10 Common Abnormal-
ities) Il CheXNeXt(Chest X-ray NeXt) [] DL #5754, 7]
LA Rt i B B 2 A Uiy B8 T ) S SR B, [
FEA 2T RA-ILD [F8 g™,

2 HTFEME ML B ESERIREELTT RA

ML &5 & 5 PR I 45 A7 2GR & RA 12 i
o, PEIAR PR Z R KPR Canti-cyclic citrullinated
peptide antibody, ACPA) 7& RA 2 Wi {1 R¢ J ME 48 4
HIR % 3 HAR ACPA 2 IR, IXHLH /3 RA 2
Wt ILAE IR A B AN 173 6 RA B35 41 A
1L CD4" T 4 AT 7= PR By sr i, LA 95 4 391 B il o
RA B 11T G FEAAE D9 I ZREEAA S 1 12 2 PR 12 T A
AL, AZ B T I0 RS ACPA FAPER RA B35 1012 bt
REGEN 0.85, K55 229 0.75, &7 Jk PRI P 50486 11
Z B RHE ARG T R W RAPY . S, —
S Bt 5 R 25 R 2 08 A T 8 £ (gene expression
omnibus, GEO) B S FE A (1) RA I £ , 488 FH
AL K] AH 5% Y 2% 43 BT (weighted gene co-expression
network analysis, WGCNA) 55 LASSO. 32 #F [n] fE HLi%
VA REAIE 7 B (support vector machine recursive feature
elimination, SVM-RFE) Fll RF &7 25 11 J1) 1 JIE o
RRM2.DLGAP5.KIF11.AKR1C3.MCEE. POLE4 #ll
PFKM, CD8 * T 4# Jfii ' (¥ GDF15. IGLC1. IGHM,
CD8A. GZMA Fl PRF1, I /)N B2 28 i 5% Bk % D) 1
MAPK3.ACTB-ACTG1.VAV2.PTPN6 fll ACTN 12",
T LR F CXCLA 5 CXCL7 ¥ m fE RA RHAK
AR ERY . WATRIE T AL FH B 0 e 4 SR A S R
Uit 56 £ $2 Tt (extreme gradient boosting, XGBoost) 5%
Wi H RA # MIER1. PPP1CB. ICOS. GADD45A Al
CD3D iX 54 L i 2 [A] 5 SLFNs. PIP4K2A A1 TL6ST
X 3NN YRR AT UG & EAT RA 2 I . — 5%
1 BA 326 5 72 5] RA L 8 51 UA 113 41l {gk Jié & B 3 14
A1 JE I BN A% 41 B (peripheral blood mononuclear
cell, PBMCODNA FEASHEAT H RGN A5 SVM 5
iR UA 17 RA 73461 DNA FHEEAURRAERS , JE i
TUA HE Y, T Geng 257 W@ it 4 I GEO i 1
RA 1 4L ZUR) 2 D 1 &5 L, LA 233 i RA A
126 {315 HEL, S5 ) LASSO B4R H T IGF2BP3 Al
YTHDC2 54> m6A HIEEAL AR T, A LA R, RA
A MIGF2BP3 A YTHDC2 BE T . 5 — i
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FH > S0 P 00 46 6 RA B8 A b 1k 22 S Rk
IncRNA {4 Ff§ SVM.KNN.RF Al Logit %347 DL, #%
7 DLEU2.FAM13A-AS1.MEG3 FISNHG15 iX 4 Ff
HA RARRIER IR, EATA 1E 8 RA B2 7 L
PRI REDY o B XS AR 25 A 1E A 9% RA (metabolic
syndrome - rheumatoid arthritis, MetS - RA) & & , M
GEO %4 PR 3743 T 341 RA EHE AR 14> MetS
Hdi 4, FH LASSO A1 RF 31t TYK2 1 TRAF2 7
YE MetS-RA MV LER EWE . 540, 4 H ML %
B S5 i PR ABCHE T B8 1 0 5 g AT RS 1
0, NI B A TF R ITE . A W suhE T B
1) 35 [A] 26 0k B B %5 5 (graph-based gene expression
module identification, GhGMI) 5.5 3 BH 35 I Bl 4F 4
YA 815 Nk [R5 P AT kY. AT A ST K B
ML &5 & JE PR 5 H 0 X RA TR ¥R 12 W AT BE 7 43
LA EAENH.

ML ] FH 29 60 25 B IR 7] 4 B RA - &CE 1
WA A WAL 153 445 TLD ) RA AL 20 RA
BT KR A, SR LASSORF i 53¢/ — 7 [0 )5
(partial least squares regression, PLS) 4L [F]4& Hi KL-6.
D- SRR CA19-9 I RA-TLD 78 £ ML 7
FEIRR BT T B MLIE N R T R, RA
ERE /AT IR B0 ML 2K 18 I P G 25 5 T
FH RN B i, 2 15% 109 RA 83 2 HH LA A
R, A WFFAE I LASSO 4545 SVM/RF 5355 RA
P PIHICRE R TR 5 1 22 S RIS R DR R A, 4K
i 7 AURKA. BTN3A2. CXCL10+ ERAP2. MARCO.
PLA2G7.EAF1.SDCBP 1 RNF19B £ i 7E 6 J7
R IRAT RIS R I RA 230 E B Jhks A A AL
o I 22 95 5 8 RF B3 V5 41 28 9 2% (recurrent
neural network , RNN) &5 5 7% 0] A 2504 Bh H B RA &
T R ML IR R B Feng 45 MM
LASSO. RF A3 % [7] 4 (logistic regression, LR) A2 X
AL % i 25 11 (low-density lipoprotein, LDL) < iff
T 4 i (regulatory T cell, Treg) g BU AR s AE [
(total cholesterol, TC) 7K /& RA £ &0 IfiL & 5955 (1)
fE K Rl % . LASSO 5 RF 5738 B, NFIL3, EED.
GRK2.MAP3K11.RMI1 A1 TPST1*, 545 9 # miRNA
(let-7¢-5p.miR-30e-5p. miR-4446-3p. miR-126-5p.
miR-3168. miR-425-5p- miR-126-3p. miR-30a-5p F
miR-125a-5p) %f RA 3 ik i FE A AL B AT 80w (112
Wi O (51 o KGR RE IR W e R B R R, D itk
Gente 25 F 245 & Logistic [ 54T, EHL T 4 Ff
AR P A0 1 b i o LU AR A R AR i, A 2 M

i 28 T [ X Carea under curve, AUC) A 0.995 [ RA
IR, HR SR 5 R R WG, T T O
BLIE RATE N 2 2/3 19 AR AR LA - #6507 (rheu-
matic musculoskeletal disorder, RMD) 5 3% [ ] 2 F
T PR AU o

3 HREFREYI ML S RS EIEM 812 7T RA

ML 45 & A [R A S 40 M AH S Ay B4 v 1t — 2D
Bz RA. A B F0 8 40 M 2R A0 T L A A T2 55 T
I RA IR B AR, 38 0d GEO $udii PE b RA $odfi &2
()22 DR 5 844 ANMERAETAH R R IUAE £, LASSO
G328 £ 9 [H R B MMP13 T 5 55 GABARAPLI [%
RATE 9 RA BIbR o Sl , 4 8 T AH OC 3 ]
SLC35A1. PRPF39. MAP4K3. TMX1 #1 FAM96A E
AIELEZ AN, W T 00 RA 52 1) B &5
b LR A AR B ALE T 9 2 B AR 6 2 B DR ik e
b B EEEER, Fu SR 134 F ML
TRALE T RA BRI A 5 AT U 5, $R 8 7 Mol
& FL IR A AH OC B A, 12 Wi B 28 AUC P ik 0.918,
qRT-PCR ilF 52 NDUFB3.NGLY1 1 SLC25A4 7£ RA
s RIE. NIRRT S5 RAC R, Yang S5
s I 2R ALL D7 V4K B 5 B R 41 i ) 8 AH O B KCNN4
AN SLC25A4 DA K 2 5 1 SR A0 B G 2 (1) GATA2 %
L BT A BN RAVRITHE A Adami F55 I
A A1 B2t &, A8 32 % 23 43 T (principal compo-
nent analysis, PCA) J7 V% &K 9L & 1 K 1) PINP 1
B-ALP ]G 02 Wi RA. F5 4, AR LI {8 5L A0 46
ZLAMGIE A DL S5 A 2 () MSResNet S5 0 AT R
U X 43 58 ELYEF #: 4 Cankylosing spondylitis, AS) < H
R % Costeoarthritis, OA) AT RA 34 FIPERES" . A
35U B ML 25 A 5 RA %5 U0 AH 5 1) 40 f br & 4 75
A EInA RAZWTEE SR AEN A .

4 ML EEFRM RA 2547738

e 3 B 2 32 A 25407 BRI T RA 103
B LU T 56 1 PR 9 R
(methotrexate-inadequate response, MTX-IR) JF 11|
K FH Bl 983 3K BE [ 7 00 il 771 Ctumor necrosis factor
interference, TNFi) {67 [ RA 35 14 I 2% S0 b4, X
FLEE DRI e 45 SR A8 H REF A1 LASSO [B1H % H P~ A 4%
ORI JEVEAC 4R, H B 240 7 has-circ0002715 5 has-
circ0001946 4y HE S [, 7] A T FUl MTX-IR RA i
BRI IR TNFEIT bR &) FFH, i MTX
WRITHTIE 4 JH A R JE R AR A0 A BT R I R
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&G MTXRT7 . [ I, MTX-IR & 5 & ik E 40
THECH <, WL 4 i - Eom 1 2 000 N/mL S
MTX ¥G7 58 55 M . Zhang S5 5% BT B 4K
M BHB B B PR AL BEAT BT S 1 245
IRIT RA BOREHERE, Jsb 1 25W0AN RS, RN 45
F 3 i 28 T AR 4 PR &R 4t (adaptive neuron fuzzy
inference system, ANFIS) F1 XGBoost ML 45 78 ] il
ZJ7 AR IT A RE . BT SRIATT RA 1)
— i 2 e e T, R R 4% 25 B AR A AR B
ERIT4HT, B 2438 5d LASSORF Fl SVM-RFE 5.2
K53 T X HER N MMP9 A iZ 250097 RA 1A% 0 #E
R Ye DRI 7 AR (8] RA BB 280 2t
I AR R M G G, KR 1D 12 (ong
short-term memory, LSTM) 12 8 A7 2 Tt RA & 3 ft
SEOL AR TG BT BRI .

£940% 1) RA 350 Rs € 25067 JC O, A
ML AT S T AR B A 25
Rivellese 55 I FI| 2 & B 450 LA S FEZR B HTIR T
RA 8 WA ST RNA JIF, FIF 10X 10 fF iR ESL
SR T V2456 7 45 R VR ) T 57 % 8 B
FHIR T 403k PRUR 5 FE R B UAH OC 1 39 LA, 3
TIOM 25 W) A R T A B2 23 ) ik 0.744 F110.681.
Ukalovie 55 FE £ 3 i PR ECHE 1) A 58 IR AIE J7 12
TFR 55l RA A=V 58 5 1B i 254 (disease-modify-
ing drug, DMARD) )57 2% TN A AL, 3] 328 A R
Pt Cadalimumab, ADA) FK H 78 Cetanercept, ETN)
BV IT RS = . 0 RA SB35 40 I CD4” T 48l
BEAT RNA T 7 & DNA HHEALT Y, R XGBoost Al
RF B MK 22 e DR AN 22 S FH R AK AT R (differen-
tially methylated position, DMP) I £ H 145 2 0] 45 2L
T 2855 0 ADA RVETN V69T SR, AR EL 25403607
TR AT R B IR R v RS, H
1 3 43 73 7K 84.7% 1 88.0%" . Al , 18
SVM B TT L B 45 i PR 37 4 Bt A0 &1 il i 7
DMP 3 73 ) T 458 4 AT 3 S0 1 583 o SR oK Ry
HIT R GEHUR . AUES T RA SN
e s LT, 08 0 R AL rh 404 AN BRI 2 S R IA
F: A (differentially expressed gene, DEG) AT I RE &
53T, A8 ML Hh (0 G B SR R A i i e 3 b £
G3RNAL, 439 SR r R 4 B 3K B TP 2R DR B A
CD8" T A3kl , A B T4t %5 RA /M4 45 245
Baxter 25 ii F§ XGBoost 25 £ 5 481 51 £ 2 I PR 5 I
KO DI 5 F W RA BB 5 SRR TR
(AUC=0.90+0.02) VA J 455 547 B i 2 FoAh F R

(AUC=0.58+0.10) FBLAY, DLHSEHLGT RA 38 1A
HEVRTT o

RA BR A& RO SR E AL, b E AR 2
RAIRARIEIR . RA Z) i ™ 5 & YL (serious infection
SD, Hetland 2“7 I8 1 e 1H 2445 A ML B AR X 8 404 44
{FHFEIE B AT IR IT ) RA B B 347 /0, itk —
SGAESE T AERS TR L 5 | B A AR e o R I 2R i)
o A ] A 5 STXURS: % D) A 9%, 1717 Mehta 55540
A8 F LASSO 73 A 45 H 5 A b AR 28 11 X LA &
BB, RA B SRS 23 3 0.

5 REEERE

BE & ML FE D HE S, B 257 4038 1 T 46 AN W 2%
PR A 1 i S 3 T 25 DA T 4R 5 2 09 A % 1) )
SR AN AE bR B, T R BB AL T R
MRIT I8 . BT TF R H K2 RA MK ML
B (R 2), X e A (4 2 S 2 5 0 2 2 4
BTG 22 BE DR 22 R 4y T L AR A A TG A DG 1)
SR, H BT BAETEW TR A SR, N B R
75 WG S TR T R, HOML A U ROt R
L 30 00 60 2 LA 00, s PR At A0 OG5 VR 40
G 25 2 T 5 A S T B A A TR A A A A
55 2 SRR AT R G T, SR E R R R R
HiRGHE = AR 12 W U, Sl B IR PR S AR B 02T RA,
HAT VAR N A (B 1) o AE LN 1l R S bR AT
AR RR IR ME, Bhi% 2 — & Q) A R & 2 A5
P, A o [ 28 K DR 46 K R A 15 20200, RA
(12 Wi b it 5 BLALHE B3 A R AR I AR, F
X Ao 1 TN B B AR DA R I 28 KGR R K P
T 55, X R I F BN, SR ER K A
LT RS D T A AR R R R . 538 45 48
V4 BT A ST AR R T B B P T I PR 12 W, WU 5 2
FEHTH R EE AR NI 8 R 56 5 K
BUACER Y, 1K 5 AR S S 2 R M5 B HLAR DA K
K e A M, H v X — TAE MR e m, HAEBE R,
R, RA ST BL A H RESR @ AT AR,
S I 504 T AR G 4 R BN R A R
H ML I 238 8 75 AR K 5 5 aa 30di (2 24w vF
ZW A E AR E WD, RETARE 2
RIS SUISIE AR B 24 55 7 OR X BB AT A
DASRAH re VA 26, AELATY DGV 56 4 R kb R B8 ot
b BT 51 R R AN B 5 1, TEVESEELET, SRR
NI RASE F RS B 4 /0, B 22 AN A5 B 7 S 568 =
FMR)Z T . 9 7 42 B Y 1) ot 2 3l A A eT
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#*2 MLIXEEIZET RA R HH & AE

Table 2 ML empowers diagnosis of RA and its complications

Algorithm Modeling indicator Reference
ML diagnosis of RA
RF Ultrasound scoring system -US18 [12]
Clinical baseline data
ResNet50 Clinical and ultrasound scoring system -EULAR-OMERACT [13]

Clinical blood flow within the synovium(0-3)
Synovial tissue hyperplasia and hypertrophy (0-3)

SVM, LASSO Clinical baseline data [15]
QCT pulmonary scan
RF,SVM Clinical baseline data [17]

Joint characteristics: joint deformity, tender joint count, swollen joint count, DAS28 score,
joint function, and joint radiological staging
laboratory indicators: circulating anti-citrullinated peptide antibodies, ete.

Treatment situation: methotrexate, hormone therapy, etc.

DCNN Chest X-ray image [18]
SVM Combined detection of RA characteristic genes for CD4" T cells: LOC731186, CR748316, [20]
LDHA,IGFL2,CMAH, MUC1, PDCD1, PIM1, SOCS3, SBNO,, BCL3, and NOG

WGCNA, LASSO, Combined detection of RA characteristic genes for CD8* T cells: GDF15, IGLC1, IGHM, [23-24]

SVM-RFE RF CD8A, GZMA , and PRF1

XGBoost Combined detection of RA characteristic genes for T cells: MIER1, PPP1CB, ICOS, [27]
GADDA45A, CD3D, SLFNs, PIP4K2A , and 1L6ST

LASSO Combined detection of RA characteristic genes for platelet: MAPK3, ACTB, ACTG1, VAV2, [25]
PTPN6, and ACTN1

LASSO m6A methylation regulatory factors: IGF2BP3 and YTHDC2 [29]

SVM, KNN, RF, Logit ~ Serum exosomes LncRNAs: DLEU2, FAM13A-AS1, MEG3, and SNHG15 [30]

GLMVQ Synovial chemokines: CXCL4 and CXCL7 [26]

WGCNA, LASSO, Synovial genes: RRM2, DLGAPS, KIF11, AKR1C3, MCEE, POLE4, and PFKM [33]

SVM-RFE RF

RF, LASSO, PLS Clinical baseline data [34]

Blood tests: blood cell count, erythrocyte sedimentation rate, C-reactive protein, immunoglobu-
lin, lactate dehydrogenase, hydroxybutyrate dehydrogenase, KL-6, D-dimer, fibrinogen, fibrin
degradation products; etc.

Tumor markers include carbohydrate antigens (CA19-9, CA242)and carcinoembryonic antigen

(CEAD
LASSO, SVM Genetic testing for depression in patients with RA: AURKA, BTN3A2, CXCL10, ERAP2, [37]
MARCO, PLA2G7, EAF1, SDCBP, and RNF19B
LASSO,RF,LR Laboratory tests: blood cell count, number of immune cells, lipoproteins, cholesterol, etc. [41]
RF, ENR Genetic testing for theumatoid arthritis with atherosclerosis: let-7¢-5p, miR-30e-5p, miR-4446-  [43]

3p,miR-126-5p, miR-3168, miR-425-5p, miR-126-3p, miR-30a-5p and miR-125a-5p
Monitoring the efficacy

of drugs using ML
RF, LASSO Serum exosomes: has-circ0002715 and has-circ0001946 [52]
LSTM Determine the patient visit rate: meteorological factors, air pollutants, and patient historical ~ [57]

visit data
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Algorithm Modeling indicator Reference

Ten-by-tenfold nested Rituximab-related 40 genes: SHC3, XCR1, TCN1, DLX4, PLEKHG, etc. [60]

cross-validation Tocilizumab-related 39 genes: SHC3, XCR1, DLX4, MYH6, TCN1, etc.

Cross-validation Clinical baseline data for monitoring the efficacy of drug treatment [61]

XGBoost, RF DNA methylation sequencing of peripheral blood CD4" T cells after drug treatment [63]

SVM Clinical baseline data on the effectiveness of leflunomide treatment [64]
The efficacy of leflunomide treatment on peripheral blood differential DNA methylation sites:
cgl7330251, ¢gl19814518, ¢g20124410, cg21109666, cg22572476, ¢g23403192, and
cg24432675

XGBoost Whether RA will undergo surgery: patient”s clinical baseline data [66]

RF': random forest; CNN: convolutional neural network; DCNN: deep convolutional neural network; ANN: artificial neural network; Bi-LSTM: bidi-

rectional long short term memory; AM: additive model; SVM: support vector machine; SVM-RFE: support vector machine recursive feature elimination;

SVM-RBF: support vector machine radial basis function; LASSO: least absolute shrinkage and selection operator; LSTM: long short term memory ;

MSResNet: multiscale residual network; GBT: gradient boosting decision tree; SSGB: stability selection gradient boosting; LGBM: light gradient boosting

machine; XGBoost: eXtreme gradient boosting; glmBoost: generalized linear model boost; GMM: gaussian mixture model; ANFIS: adaptive neuron fuzzy

inference system; RC: ridge regression; ENR: elastic net regression; KNN: K nearest neighbor; PLS: partial least squares regression; CC: consensus clus-

ter plus; DEC: deep embedded cluster; LR: logistic regression; MA : multivariate analysis; MLR : multiple linear regression; SFS: sequential forward

selection.
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