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WE: HM: BEPMILTRAGAFRERE BIGRE R CERIGARER XGRS EIR) 1) 2 4 5
FEDX 3 B R e R0 85  Je (COVID-19) MFLIX RGN 26 (CAPY JiTHI /- Jetkfg. Jiik: R 7k
(Omicron) AFSARTIAECH) COVID-19 Afii2 3 AL Ahs 75 B YL 5L 1Y) CAP #1123 I PR B B3R CT 5245 %
BE BT HU R AR R | ISR AR Y . AR, W R TR 2 (ROC) 4
MEVPAG EEAME R R 3 2K P e . S5 SR 4% 8 MMUARGL AR AE AT 7 AN RS HE AL 3 S AR 2 2 B0 L Il R
FFAERER . 2 2R m . MR AR, AR A AR A2 R T AERIE i &k PR CAUC) y 0. 759,
Il PRASAEASS R AUC 2 0. 853, ZAHZHIM AUC 2y 0. 9. 516 JET AL [N 20T 7 M E I 2 40 22 4
Ry K RE T T AR A AR RS AE AR, 6 COVID-19 T CAP (1) % 5l 4 iy HAT /T 471k o

KR N TRRE; AU IRR By ARG 5 AR Rl
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2019 4EFH A R 5K YE (coronavirus disease 2019, COVID-19) & /™ S RPN R 514
SRETIRIFRE 2 (severe acute respiratory syndrome coronavirus 2, SARS—CoV-2) 5| [ &
PEAL G o Bt I 18] (HERS SARS-CoV-2 AW AR ey adbfk, BHERT/RVEAS SRR, DI bk, finAg
FEbE. MERIEAR R, B A (Omicron) AR SF#Ek 5 M i AR bk, DAACHR P AR bk, ¥
AR RS 8 Ph— M o AL bk

AR AL m] LU COVID-19 35 Rtk X 3k A3 MMt %8 (community-acquired pneumonia, CAP)
M CT PG B ORI 23 A K B A v T o P o s ISR AIE I DR SIS 56 = A Wl £ 9 /1 COVID-19 55
CAP [f1i2 Wi e 5 B B E(ME A o Ferrari 25 FEo 17 3 B (10 M0 s8R W0 4 i 55 Bl R0 A1 BH 2 /B2 9
PERT-PCR A ; 2022 4F, Wen 25 THYEGZH2% (clinlabomics) RIFTHES, KR AHK K< 2 15
AT HHZs G o AEARTIFTT, AT B ETF RVl — P S T3 AR A 2R e S I R RAG RA 56 1) 2
1 2AAEAEIX 43 Omi cron A8 SRR 5 1K) COVID-19 FNHAMR 154 5 LA CAP I {E

1 BRMGE
1.1 MRIR

[l A N 22 B VA XN RGBS B Omicron A8 SRR GL 5 | C HY COVID-19 fiffi2 g DL A oAt 0 25
YL TS CAP B2 BB I IR S5 % kL. g NbrvE: O BRI SRS W, L RS Hr 35k
@ &M Bl LM FRT-PCR &2 4 COVID-19; @ i, S UEMiuRED:. NGS ¥ l#his k CAP.
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Hebpprdt: O CT AL R @ CT BRI N EHAE <5mm BIERLETT; O EGEMH . Mpliz
AR, AReilki L BURALBE K .

W 5 E 4yl COVID-19 4 (76 1, AUFH @A FIE AL ) F1 CAP 20 (50 4], 045 B — i 3 Sl e J
JEEE R TR RTE + QRS EYY) . P COVID-19 il T- 2022 4F 12 7 20 H& 2023 42 [ 1 H
WIAI3K4S . CAP it T~ 2018 4F 11 J3 1 H & 2022 4F 6 JI 1 HME k.

1.2 CTREF

BB CT K14 1# H] GE LightSpeed VCT A% A7 CT. V4[] SOMATOM Definition Flash X{J§ CT.
AR Z Aquilion ONE 320 HE CT PYFHAS[RIFIHE 1 IREL .

24 OGE LightSpeed VCT &F A7 CT: # K 120kV, HIEHRR, FTE)ZE 1. 25mm;
(2 SOMATOM Definition Flash X{J§ CT: & HiJk 120kV, Hzal&EH i, EH)ZE lmm; @G Aquilion
ONE 320 #F CT: & Hi/k 120kV, HZEHMR, FEZE 0. 8mm. FHHHE 512 x 512,

T B4 e SO GRG, 7R R B A R AT AT BN BB AT 414 . 04 TR A B N 1
FIRE NG o

1.3 EEAFHA

KGR PALBE . S REAE (1 PR 3R 32 R BRI ik 21, H ()2 SEELEHR i R stk gak/b G 5
HAS TR mA, SEmEHETNE. 55X P BURZ AR RN Tom x 1 mm x 1 mm FEATHREE,
o BG4 R & 1) [F PR AR SR TR R, DA AN R AR R S 80 g . IBST CEHR AR Wbr & Wb
WEALAEY, imaging biomarker standardization initiative) FEE{XHEEUHRAE 4 B 2 L 0 g 4
TUE PR IR BEARFF AR 24 R o AR5 Bin Width &k 25 (pyradiomics B 7 BEIME) #EAT K
HHUL, 2 EEU AR S 1 2 BT ENLRERS U L AREE ) SRR, 2N HECE RS SRR R )
BIR . TAR BRI RE th ) BRI 2 5 AR5 58 J o

Jili R 548 = L) 15K A PACS H IR DICOM #% 3 I BE 44 AL 864 ok nifey 4820, SRIE K
B 3 AN B IF IR KA ITK-snap 4. 0 fRAS s BHJG B 1 400 9 B i i8 )2 F 3 22 ) = 4 J8 % i [X 3
(region of interest, ROI), AJHLFH ROI f1 1 A7 HAF W TAELK I =4 8 s AZ R A AT o
o Ay BIANERARINE D0 T B PR O RS AR R Ja il R iR s B AR AN w4 B e i gt S 1) ROT
B HARFFAE RSB SR A IL %, I A HFERAH QB S5 A8, a0 i A sl S U 70 3, A8 I R
sz CE 1, DT SRR i 2 F ko J7 k2 A B Bl A B CT G b 7 i i A il 2 0 k-
CT B i 7€ 2] 1000 £ -1000 Z [H] LUR /s BHUFXF LURE o A T A8 4 3 25 S s DG HERf,  FRATT ATy 23 %10 1
M WAL Iishlk L LRI IEH 2L, R ) ks 20, LA B3 &k 18 56 2 0
;A HEA PR URAE, IR BRI X AT R, ROT ) i HEBR R BB 5 AR < 5 mm [0/ N 154k

(a)
W (a) B (b) 435l Ay RN . DX 3 ) T T ) S CT MG, 20 os BRI I A

Bl 1 COVID-19 B (s CT G R LB X a2 1 7 ek P
Fig.1 Region of interest in the chest CT image of a patient with COVID-19
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AR P RFERE . {FH python *F & N Pyradiomic JFJi T HAFEMPRAEWRFAE, $EHURFE
Fir IBST AndfEs S LHRHC 1288 AMFRAE, FEMRRMES: (1) 252 N—Fr4EfiE (first-order
features). (2) 14 DNTIREFAE (shape features). (3) 1022 NEHUFAE (texture features),
B O KEKFEME (gray-level dependence matrix, GLDM) #51F:; @ KEILA4EFE (gray-
level cooccurrence matrix, GLCM) $§fE; @ KEI/NXIEHFE (gray-level size zone matrix,
GLSZM) H5fE; @ AHABAKEE Z5E [ (neighboring gray—tone difference matrix, NGTDM) 4F1F ;
® KEEVEFEHFE (gray-level run—length matrix, GLRLMD RffE. $2HU T J5U4G B4 — B Re il A
SUARHE, T 2 ADNUBBEAS: ADUIERAS . B b s A .

FRAEIEBERI R AE . AERPIEIE BRI R gt e b, EF bl 24, A Scikit-learn T H A IET
10 $7 A2 XCH6 UE Y di /0> 26 60 W 4 FN 3k B2 55 1 77 7% (least absolute shrinkage and selection
operator, LASSO) [RIHIEFEIAHRIIALZARFE. M CT B i th RECA N 0 [FRRIE . kA T4
EGh L AR e B, BT ARED M (pearson FHIE R E, Y FIHFME Y pearson A R %
KT 0.9 0, BEANr—FURFAE T LA 55— 8RS, B —Ay, B2 ZTURMED 4k
HARFFIE AT REORT 0.9 TR,

1.4 lmREHE

[l B COVID-19 Al CAP SBH AR N LIGETl 2« I AR AN B LS 0 S A0 I e dle, (s
ol M AR Z 50 PRI R AESE 7 RIS AR DAL E R C N AR H L BT, IR
by BEESER R, D2 ZRARSE 35 NS AR bR . IGREFILIE AT R BAE 4.0 WA I AR AT
ES R (s NPSE Sz A RVEFIEAPSE S A E VRV prid e Sata =

1.5 1HEME 5Tl

AT TR AL 2% 2 T7i——BENLARAK (random forest, RF), RF syl 4E ik,
fFH#R A baging (bootstrap aggregation) MIEHRAEISFEM V2, SRR I SOHRAE A Bl AL
R RE AT R o MO I N Z IS, REAS A, B2 nT ARt 2= ik IR
fl. RF {EACEEZ A FHEL SR . RO RAT A ER ML DL S e 75 e ) 7 Th EL LA LS 2 21 5 A
HEERHR . AINGES TN, BV 3738 SRR, DL S BER 0 B ML 252 508
[ B SR A A Y S I B K B AR R AE Th 26 R 1A (area under curve, AUC) A3 BRAERFAL Hh 2k
(receiver operating characteristic curve, ROC). HF|T I 1K1z Ak g8 S i4T B I RE, [A
B A 5 — 7 T E— 20 G AR R L I i oL 5 O

1.6 ZHiHF9HH

FTAT it 43 A8 Python #00E R R BATFHAT « LS B R R A CEIME + brfE2) sirh A7 3L,
T SSTREA ¢ A5 Bl 8 - B e U R IR HEAT 0 M . 0 R R LIS T RN, M 2 WS ek Fisher K
TR I HEAT 0 M o 2R DR ZE B B IR U N 2 (R 228 AR (R U o0 M FH T IR 2 2 W 2 Al A o . 15
AUC AVPAS 231 fg
2 #HR
2.1 AO%it=E

COVID-19 BAAIHT CAP B A v K& 126 s R AIE 1) 8 5 I R 2k DR LR WL AR 1. B4\ COVID-19
Wiz B 55 B CEXHER (68.3+£10.5) %), CAP #HiZHl 33 4 CEEHER (54.0+£17.1) %),
P<0.05 A&l A BEER.

2.2 IIsR¥FE
AR 2 P i R AL 1 5 DR SR IE AR (B A AN 22 (R BB AR P AT O, e 2% 7 I RFFAE G RF
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AL, AIEER (age), JRME (uric acid, URIC), M4 74)Jk (partial pressure of oxygen,
Pa0,), FERRYERIZIM Ceosinophil, EO0S), FEHKPERIZNMI (basophil, BASO), V344141 ffl il 21 &
¥ (mean corpusular hemoglobin concerntration, MCHC), /MR % 4 %% & (platelet
distributionwidth, PDW),

H 1 ANOGEH 24

Table 1 Demographic characteristics

I IE CAP (n=33) COVID-19 (n=55) Overall (n=88) P
i Mean (SD) 54.0 (17.1) 68.3 (10.5) 62.9 (15.0) <0.001
(3 w‘
N Median (Min, Max) 57.0 (24.0, 86.0)  70.0 (35.0, 88.0)  66.5 (24.0, 88.0)

Mean (SD) 218 (102) 294 (168) 265 (151) 0.073
UIRC/(umol/L)

Median (Min, Max) 240 (0, 429) 240 (0,978) 240 (0, 978)

Mean (SD) 45.5 (39.2) 70.4 (37.1) 61.1 (39.6) 0.016
Pa0,/mmHg

Median (Min, Max) 62.0 (0, 111) 71.7 (0, 169) 69.8 (0, 169)

\ Mean (SD) 0.065 (0.058) 0.038 (0.050) 0. 048 (0.054) 0. 084

E0S/(10°/L)

Median (Min, Max) 0.050 (0, 0.240) 0.010 (0, 0. 180) 0.030 (0, 0.240)

\ Mean (SD) 0.291 (0.315) 0.202 (0.168) 0.235 (0.236) 0. 230

BASO/(10°/L) ) )

Median (Min, Max) 0.200 (0, 1.400) 0.200 (0, 0.600) 0.210 (0, 1.400)

Mean (SD) 329 (44.4) 343 (9.32) 338 (28.8) 0. 083
MCHC/(g/L)

Median (Min, Max) 340 (90.0, 356) 344 (318, 365) 343 (90.0, 365)

Mean (SD) 15.6 (2.85) 16.4 (0. 350) 16.1 (1.80) 0.104
PDW/%

Median (Min, Max) 16.1 (0, 17.0) 16.4 (15.7, 17.5)  16.4 (0, 17.5)

&2 MBI
Table 2 Patients clinical characteristics
RFAE B. x SE.x  OR.x CI.x 7.x P. x B.y SE.y OR.y Cl.y 7.y P.y

R/ % 0.074 0.019 1.08 1.04~1.12 3.866 0.00 0.074 0.019 1.08 1.04~1.12 3.866 0.00
BASO/(10°/L)  -30.983 15.791 0.00  0~0.97 -1.962 0.05 -30.983 15.791 0.00  0~0.97 -1.962 0.05
E0S/(10°/L) -9.056 4.216 0.00  0~0.45 -2.148 0.032 -9.056 4.216 0.00  0~0.45 -2.148 0.032
MCHC/(g/L) 0.063 0.024 1.07 1.02~1.12 2.655 0.008 0.063 0.024 1.07 1.02~1.12 2.655 0.008
Pa0,/mmig 0.017 0.006 1.02 1.01~1.03 2.765 0.006 0.017 0.006 1.02 1.01~1.03 2.765 0.006
PDW/% 2.188  0.703 8.92 2.25~35.38 3.113 0.002 2.188 0.703 8.92 2.25~35.38 3.113  0.002
URIC/Cpmol/L)  0.004 0.002 1.00 1~1.01 2.199 0.028 0.004 0.002 1.00 1~1.01 2.199 0.028

e QR DSRARINIE, y h 2 RIS, B B, SE WRRHELR, OR WK, CI b OR 9 95% HARIXIN, Z hZkitht,
Pt

2.3 FhxmAE

T T R AE L B R B 2 e AR R T 8 AR AL SRR AN T AN RAREAE 2 A T AR 4 2
I RAFAERL AL . 221 A8, JE I ROC Mgk 7 AT vr Al 3 ANBLZY Y 7 bk fe, THE AUC, YR, R
BORE . 5 BERN Fl score. FTAAAIT, Z A EBIAAUC fe i, HUCRIGIRFFERIRY, &5 T
CT MR A AR, K 3 WoR T 3 MEERIAE I ZRAE A Bl AE b (1) 43 2B P e

K 2~ 4 SR 3 MRS T R ST COVID-19 M3 I, 1658 MR B PR 7R A AN M 71
RO BEANRAEAEBEA Y R RTINS A R A R F . & 5 BORGSARAL BT I
IRFFAEAR I | 22 20 2R 43 Sl A N 2R AR AT R v 1) ROC i 2k el o i T PR LR 3 (] )3 i 8 LA 41
T2 2 SCH I PR BRAT AE R K 25 F Rad—score ##E nomogram ¥ (] 6).

3 iTig
COVID-19 #4704 34 CT 4F 5 7] B A B T-SCALUma 9] (1 L 0% 0, (R 00T 1o S5 RS A W5 32 T s
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R3 HBAARA, AR, S AR 7 I fE

Table 3 The performances of radiomics, clinical features, and multiomics models

AR Y12 I PRAEHEAS 8 LS Rl
A

EXS R HE ERS MRRHE Pl S g
AUC 0.82 0. 759 0. 87 0. 853 0. 94 0. 900
VT 0.75 0.778 0.79 0.815 0. 74 0.778
R 0.88 0. 882 0.90 0. 882 0. 84 0. 824
etk 0.52 0. 600 0.62 0. 700 0. 55 0. 700
Fl score 0.75 0. 833 0.79 0. 857 0. 74 0. 833

FEAAE=0.5
FEA =100. 0%
1 = [0. 55, 0.45]
% = COVID-19fiii ¢

& $
ANEAR e~ ktﬁ T 2K BE BRI < -0. 24]
0. 49
78.8%
[0. 42, 0.58]
COVID-19fili %

oA a‘“ﬁﬁm%ﬁiﬁﬁ WERE <0. 49
0. 45
33.3%
[0.65, 0.35]
COVID 19Jifi

{ JE 4 I Kl K FE < 0. 42

0. 47
21.2%
[0. 38, 0.62]
COVID-19Jfi %

T

{ 2 - ﬂi%l§< 0.03

K2 TR RFIER) RE BEAYHIGN COVID-19 Fife &l
Fig.2 Flow chart for COVID-19 prediction by RF model based on radiomics features

JEEAALLHE S 1) i 3505 CT RS S AN Al 88 S i) o L1 25 WF 7T &5 B s Al T CT 2 W #4348 T2 R
B, AR TR B IR FE A X A BT AR AT R o BEAE O T35 R B A= A0 g3 CT W45 4531 COVID-
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19 FIHABRE 28 (WF 5T o, REUE (70%~94%) FIFF Mk (24%~100%) HWFEAEMRKZER, H
A R AR AR R, IR CT 4 AR (0 T A5 1 4 s DA IS A 1) S 2 s ok 7 Pk . 3R
MIEFCER M, SAUE I R GRS AE D2 W 0 7 AR LG, AT w38 5 A8ORHE< AR 78 X 4 COVID-19
I CAP JIHIERIN, 7= TR e A RS RRE  EFa b5 o

RERR R AI AR < -0. 0
0. 49
17.6%
[0.57, 0.43]
COVID-19Jifi %

0.0
5.9%
[0.5, 0.5]
COVID-19fili %

K 3 EEFImIREFAER RF B TG0 COVID-19 iFE Kl
Fig.3 Flow chart for clinical features—based RF model COVID-19 prediction

AT, RIAER . URIC. Pa0,. EOS. BASO. MCHC. PDW ;2&[X 4} COVID-19 R CAP [
FFEFR. Dai ZE IS E R URIC, MCHC Z5J&[X 4r COVID-19 Fil CAP [ FEESeH5. G COVID-19
B, FRATTAIN PDW Z AT () DGR AR, A04% BASO 70 P [ 70BN 15 A8 g MR T4 AL T A
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[l (R BT o AT RIS 4 SRR 24 R PR 1A 7 (1 PDW B4 < 2. 12 £L I fia) BE A= 3278 SARS—Co V-
2 %Gk, EOS F11 BASO T ik /> 75 COVID-19 A 8 Wo AHH ST COVID-19 41 EOS [ BASO 7K FHAK,
SPIEIAE T CAP 4. EOS HLATHAE MBI S il Mk, A7 F9C ™ Rom 40 8 1l EOS T4 rT fig /& COVID-19
LW VPRSI A bR, AR BOS KO S R UG RISET R A K. AR
COVID-19 & BAFFI CAP 5 PB4 Pa0, ZK-PAR T IE M A, S HUA R Gl 5 5 SUMv R il 5 45 45
FRM o e BT R FAE COVID-19 B AU A DU BEAR L CAP B SE 22 . ARHFJT COVID-19
YF IR T CAP 41, IX T R85 &4 N COVID-19 Hixt By i K

P 7 30 e ST AR W < 0. 55
FERAGE=0.5
FEAR =100. 0%
18 = [0. 47, 0.53]
2 = COVID-19fifi %

e R

K4 4RI COVID-19 WL
Fig.4 Flow chart for multiomics model COVID-19 prediction

COVID-19 5 HAp BBy (HIN1. H5N1. Jiu/sk. WRWCIE & MOpeE Siee. I EESE) i
SEREAE R DA ER Y AR W 3 R I 2 RS OR A e mT s O vl e R . A
BEAEWE ST, SR 4L m] DL RN b T R A 002 ) S ek s Rk, SRR AR RS X 4
COVID-19 55 HABRTEE 5 R CAP (AT AT ik HINRASE ™ T 14 PhbLas 2% ) Sk M i S (R 4L 2 B R oy
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Hr COVID-19 Al CAP [ % mliZ Wide, JLrp RF BB IS W eREfe o ASHIESTAE ] LASSO ZE4¢ 8 AN A
TV 0 5 R AR AR R T RE SOARAR A A, L rp a0 i 28 /NI A 1 e 1
DEB AL DE 1 — P ERGUBLAFALE, JF HAE 2 AL 5 B v, R T o 40 v 407 2 4 ) e R A A T
COVID-19 IREEAFAL . JXFTRER T, Pl et JEE Rl AR B8 Ml 58 -2 1] ) DXl T e 75 22 245 [ ook v 5 i
(RIRFAIE B AT RS B v B PR IR e B R AL

1.0 — 1.0

==

o
[ee]

, 0.8

~ ~
> B
+ +
hat het
Z0.6- Z0.6
- +
(o) -
0.4 0.4
Z o
= =
& &
= 0.2 =0.2
" —Clinical nodel mean ROC (AUC = 0. 86 % 0. 14) e o e, 00y
/ : e (e Fusionmodel (AUC=0.90)
—Fusion model mean ROC (AUC=0.94 + 0. 09) ootoe )
usion od e ; CT Radiomics model. (AUC = 0. 76
CT Radiomics model mean ROC (AUC = 0. 81 + 0. 21) okl T Reforence 1ine

(=)

‘ ~eeReference line ‘ ‘
0 0.2 0.4 0.6 0.8 1.0
FPR (1-Specificity)

(a) IZrsE

0

0.2 0.4 06 0.8 L0
FPR (1-Specificity)
(b) MR

5 BRI, ImREFAER ., A AR ROC L&

Fig.5 ROC curves of radiomics, clinical features, and multiomics models
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URIC r T T T T T T T T T ]
0 100 200 300 400 500 600 700 800 900 1000
Pa0, ! T T T T T T T T T T T T )
40 50 60 70 80 90 100 110 120 130 140 150 160 170
EoS r T T T — T T T — T 1
0.24 0.22 0.2 0.18 0.16 0.14 0.12 0.10 0.08 0.06 0.04 0.02 0O
0.06 0
BASO ——
0.09 0.03
MCHC r T T T T T T T T T T T T T T 1
80 100 120 140 160 180 200 220 240 260 280 300 320 340 360 380
PDW — T
13.514.0 14.5 15.0 15.5 16.0 16.5 17.0 17.5
Rad score T T T T T T - : .
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Total points T T T T T T T T ]
50 100 150 200 250 300 350 400 450

Diagnostic
possibility

T T T
01 030507 09

B 6 FIN COVID-19 312k
Fig.6 Nomogram for COVID-19 prediction

BAVOWFFLEI, T RF (2 4 2AWE T 25 A8 R 412 . IRRREIR . IMPRASSG, 7E COVID-19
R A 9 B3 B G 5 S 1) CAP 1) %5 55112 W7 J7 Th XA 17 R AF IRy 3586 I R A ST s I R 35 N rad—
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Value of Al-based Multiomics Analysis in Differentiating
COVID-19 from Community-acquired Pneumonia
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Abstract: Objective: To assess the effectiveness of a multiomics model that combines radiomics characteristics and routine
clinical information (including clinical symptoms and laboratory data) to distinguish between coronavirus disease 2019
(COVID-19) and community-acquired pneumonia (CAP). Methods: Retrospective data of patients with confirmed COVID-19
caused by the Omicron variant and patients with CAP caused by other viral infections were collected, including chest CT
imaging and clinical data. Radiomics, clinical features, and multiomics models were constructed using the entire dataset, and
the performance of each model in distinguishing between COVID-19 and CAP was evaluated using receiver operating
characteristic curve (ROC) analysis. Results: A total of 8 radiomics features and 7 clinical features were selected to construct
the radiomics, clinical features, and multiomics models. The area under the subject operating characteristic curve (AUC) of the
radiomics model was 0.759, that of the clinical model was 0.853, and that of the multiomics model was 0.9. Conclusions: The
study suggests that Al-based multiomics model has a better performance in differentiating between COVID-19 and CAP
compared with those of the radiomics and clinical features models.
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