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[Abstract]

subarachnoid hemorrhage (aSAH) after clipping, and to construct a predictive model based on machine

Objective To explore the risk factors for the prognosis of patients with aneurysmal
learning algorithms to guide early identification of high risk patients. Methods A total of 182 patients
with aSAH who underwent clipping in Tianjin Huanhu Hospital from October 2020 to July 2021 were
reviewed. According to the ratio of 7 : 3, all the data were randomly divided into training set (to construct
the prediction model) and test set (to evaluate the prediction model). Synthetic minority oversampling
technique (SMOTE) was used to deal with imbalance data. Recursive feature elimination method, Spearman
rank correlation analysis and XGBoost feature importance analysis were used to select the optimal variables.
Logistic regression (LR), random forest (RF), support vector machine (SVM), decision tree (DT), K near
neighbor (KNN) and naive Bayesian (NB) algorithms based on machine learning were used to construct a
prediction model. Receiver operating characteristic (ROC) curve was plotted and the area under the curve
(AUC) was calculated, as well as accuracy, precision, recall and F1 values. Results All 182 patients were
randomly divided into a training set of 127 cases according to the ratio of 7 : 3, including 103 cases with
good prognosis [Glasgow Outcome Scale (GOS) grade 4-5] and 24 cases with poor prognosis (GOS grade 1-
3). The data was balanced by generating 79 cases of poor prognosis by SMOTE technique (103 cases of
good prognosis and 103 cases of poor prognosis). The test set consisted of 55 cases, including 44 cases
with good prognosis and 11 cases with poor prognosis. A total of 17 optimal features were obtained by
feature selection and feature importance analysis, the number of aneurysms, alkaline phosphatase,
creatinine, application of lysine, sodium heparin and nitroglycerin tend to be positive correlated with good
prognosis, while age, Hunt-Hess score, mature neutrophil count, serum sodium, uric acid, total bilirubin,
basophilic granulocyte basophil count, creatine kinase, application of furosemide, human albumin, and
length of hospital stay tend to be negative correlated with good prognosis. The AUC of LR model was 0.75 =
0.08 (95%Cl: 0.615-0.857, P =0.001), an accuracy of 0.764, a precision of 0.919, a recall of 0.773, and an
F1 value of 0.840; the RF model was 0.57 + 0.08 (95%CI: 0.428-0.701, P =0.283), an accuracy of 0.745, a
precision of 0.826, a recall of 0.864, and an F1 value of 0.845; the SVM model was 0.65 + 0.08 (95%ClI:
0.507-0.772, P =0.034), an accuracy of 0.764, a precision of 0.860, a recall of 0.841, an F1 value of 0.850;
the DT model was 0.61 £0.09 (95%Cl: 0.473-0.742, P =0.135), an accuracy of 0.709, a precision of 0.850,
a recall of 0.773, an F1 value of 0.810; the KNN model was 0.66 + 0.08 (95%Cl: 0.519-0.782, P =0.060),
an accuracy of 0.618, a precision of 0.897, a recall of 0.591, and F1 value of 0.712; and the NB model was
0.56 +0.08 (95%CI: 0.417-0.691, P =0.458), an accuracy of 0.673, a precision of 0.825, a recall of 0.750,
and an F1 value of 0.786. In particular, the LR model has the best prediction performance (P < 0.05, for
all). Conclusions Machine learning algorithms performed well in predicting the prognosis of aSAH
clipping, among which the LR model had the best prediction performance and could be used for
preoperative prediction to help neurosurgeons make better clinical decisions.
[Key words] Intracranial aneurysm; Subarachnoid hemorrhage; Prognosis; Artificial

intelligence;  Algorithms; ROC curve
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Table 2. Predictive efficacy of LR model for prognosis of
aneurysm clipping [case (%)]

LR 57
GOS
WG R4 iIEEN it
WiE RAT 34(61.82) 10(18.18) 44( 80.00)
WEAR 3( 5.45) 8(14.55) 11( 20.00)
&3t 37(67.27) 18(32.73) 55(100.00)

GOS, Glasgow Outcome Scale, Glasgow il 5 4% 5 LR, Logistic
regression, Logistic M9 . E#fE = (34 +8)/55=0.764, R JF =
34/(34+3)=0.919, A 81K =34 /(34 +10) =0.773,F1 & = 0.840

R4 SVM BRI B Bk Je P AR S U AL RE [ 61 (%) |
Table 4. Predictive efficacy of SVM model for prognosis

of aneurysm clipping [case (%)]

SVM i 7d
GOS
WE R4 WERNR &it
WG R A4F 37(67.27) 7(12.73) 44( 80.00)
WEAR 6(10.91) 5(9.01) 11( 20.00)
&1t 43(78.18) 12(21.82) 55(100.00)

GOS, Glasgow Outcome Scale, Glasgow Tl J5 43 4% ; SVM, support
vector machine, SH§ L. WERGJE = (37+5) /55=0.764; R A
JE=37/(37+6) =0.860;  [11 % =37/(37+7) =0.841; F1 { =
0.850

R 6 KNNAELRXS Bl Jik 98 e P AR T s B0 2k Be [ 461 (9% ) ]
Table 6. Predictive efficacy of KNN model for prognosis
of aneurysm clipping [case (%)]

KNN #&
GOS — —
G RA4F IIEEN ST
TG RA4T 26(47.27) 18(32.73) 44( 80.00)
TG AN R 3( 5.45) 8(14.55) 11( 20.00)
At 29(52.73) 26(47.27) 55(100.00)

GOS, Glasgow Outcome Scale, Glasgow il 5 43 4% ; KNN, K nearest
neighbor, K e 8 4% . MEHE = (26 +8) /55=0.618; R il & =26/
(26+3)=0.897; 4% =26/(26+18) =0.591;F1{H =0.712

R3 RE BRIl kR e ) AR 05 T Z8RE L) (%) )
Table 3. Predictive efficacy of RF model for prognosis of
aneurysm clipping [case (%)]

RF F A
GOS
WE R4 WEANR &t
WG R A4F 38(69.09) 6(10.91) 44( 80.00)
WEAR 8(14.55) 3( 5.45) 11( 20.00)
&3t 46(83.64) 9(16.36) 55(100.00)

GOS, Glasgow Outcome Scale, Glasgow Tl J§ 4 4% ; RF, random
forest, BEHLARAK . MEHIE = (38 +3)/55=0.745; RJE =38/(38
+8)=0.826; 4 [0 =38/(38+6) =0.864;F1 {H = 0.845

R5 DT BT kg e ) AR T0US O CRE L1 (%)
Table 5. Predictive efficacy of DT model for prognosis of
aneurysm clipping [case (%)]

DT 5 %Y
GOS
Tifs R 47 WE AR it
TG B4 34(61.82) 10(18.18) 44( 80.00)
S EEN 6(10.91) 5( 9.09) 11( 20.00)
=T 40(72.73) 15(27.27) 55(100.00)

GOS, Glasgow Outcome Scale, Glasgow i 5 4 9% ; DT, decision
tree, JLIR M o HETE = (34 +5)/55=0.709; R =34/ (34 +
6)=0.850; 4 MK =34/(34+10)=0.773;F1{H =0.810

F7  NBEAD Sl Pk e PR S0 1000 8 RE L] (%) ]
Table 7. Predictive efficacy of NB model for prognosis of
aneurysm clipping [case (%)]

NB 5 5
GOS : -
TG R Af WEA R it
TifE R4F 33(60.00) 11(20.00) 44( 80.00)
S EEN 7(12.73) 4( 7.27) 11( 20.00)
&it 40(72.73) 15(27.27) 55(100.00)

GOS, Glasgow Outcome Scale, Glasgow il J§ 43 9% ; NB, naive
Bayesian, £M % DUM 07 o 8 = (33 +4) /55 =0.673; RIE =
33/(33+7)=0.825; 4813 =33/(33+11)=0.750;F1{4 =0.786

ZLFE e R TS R ER B E T
Wy 1A, T U ik 75 R R0 R UE HE T BE D W55, AT A
TJG AN B KU tE — 25 38 A B i R) 5 TS R
IR AAHCTTRE S BRI ERE A G, AW
AHOCRAE o P 20 46 X i 1 i J2 aSAH il
AN 2, o8 FLR D, v 1 e 440 i R 3R T
ARk ML 5 7, SRR P R R A S T R R A
Yl A 2 -18 F1 6 (TL-1B A1 IL-6) 98 IR 58 I -
(TNF-o) BEHL, 0155 & 08 N B 305, e & R 80U
AR, RO Bon s KR B £ B
22 MO HAR BRI A5 B R, 3 KR AN 80 aSAH FiE
RO E AR G, B Sl RO AR08 £ S B X R

F 5T 45 3 22 1] 1) 22 5 AT RE A VA I 30 48 I 45 I 38, A<
W54 36 4] (19.78% ) S Z &M 3l Bkg |, s 1 /b
A Bt B Hunt-Hess ¥ 73 8K, SE R A2 0L, i fG R
U HAEGA O PE B BT S aSAH BUS 26 R A
T AR RS R B R H R IEMH LR,
FE W0 T RE 55 0 A R ) AR I T A G, B AR
FAALH il — 2D BT B . =5 PR R J2: aSAH Tl 5
ARG R ER IRER KT T A A H R 2R
i, 5| I % B iR 2R A AH [ §E (LDL-C) & £k AR
it Ak, T B0k koo R B Ak aE R B Ak PR R K - T
o A EL A N I A T v AL AN R G R A R B
BN Y RE R, 5] i T R 2 0T 8  aSAH 1
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8 OFBIAIROCHIL T A LA ()
Table 8. Comparison of the AUC of the ROC curve of
6 models (x +5)

AL AUC F1§ Pl
LR 5571 0.75+0.08
RF B #Y 0.57+0.08
SVM 7 0.65+0.08
4.300 0.043
DT 45 7 0.61+0.09
KNN #5i 71 0.66 +0.08
NB &I 0.56 +0.08

LR, Logistic regression, Logistic [ 5 5 RF, random forest, [ifi ¥l 7§
M SVM, support vector machine, L HEE L DT, decision tree,
YL ; KNN, K nearest neighbor, K 2 iIF 48 ; NB, naive Bayesian,
FNZE D37, The same for Table 9

&9 6FMBIA ROC 2 T I AL A A P LE 8
Table 9. Pairwise comparison of the AUC of the ROC

curve of 6 models
411 9 144 L tfH PH
LRASEAS : RF #5575 2.225 0.026
LR A : SV M A5 Y 2.401 0.016
LR A58 : DT 4555 1.936 0.050
LR B - KNN 544 3.091 0.002
LR : NB %55 2,512 0.012

RN NN A= (1 G = U = 1
SO R R, IR AT 5 0 A I A1 A BE
JyHEn i FE TR E 0 aSAH S AR R K
ANl ST S T PTNIN= |  acp T I UK D K=
aSAH Tl J5 R 4F 52 00 AH O, 58 FL R ), o i 4 i
BE T 22 54 R 25 1 Tl A B T A2 48 M 40 i 2 g e
KL 240 JE 0 T PR A i S A L DA R ™ A AR RE S
N 5 WL AN, W B 14 kL A 3% 1 Y TgD 38 AT 5 1L- 18
FTNF-o B, 10 5 30 @ B RAGE RN, 518 B 5
AR P BRAA R, S bl i 1 A b £ LR S
Th e I 2 B R B S e PR ER Y AR IR g A L
M2 VB 5 aSAH Tl 5 R4 2 00AH OC R 2538, B LR
U R R L aSAH TG AN B B o A R S
20 N 2 = O C A R 20 = 2 7 (=9 3 IR |
IR e N R A R AR R ST A
P47 5 it it e 41 07 JORR A W T R B 4 4

I 58 4 1 R A I 7K i, DR B b 8 A L R A
JE MBS IR H I E AT O A R
I 9 A VR R, DT ik 26 dle ot 4 i 68 45 2 AR EE O
JHF 2R A2 —Fh 2 80259, 38 i 5 0 5 0 40 AR R AR
EAW VIR B b AR R BT Y R R A 0 i A

Wi, O S5 E KN T4 A DR EYUA 40
SR LA AE R 5 BE A, 28 838 mT LI ol £ R
P PR 18 A BRT RS B, 4 ) 4% P F- -« B (NF-kB) T
&, BHL 1 W58 01 0% Ak 28K 7 1) 2 4K (RAGE) 4 1Y
RAE K, FE 0 E Y A Y A5 R BoR N
FH 20 BR8N SR H il 5 WS R AF 2O AR DG
Wk FE K S — Fh R ZUR IR 25, i R 5 H 6 B B A 1
FH IR T 20t i K B, (50T BB 38 i 20 B 5 0 X
W, Z o BE e R BT, AR 2 0] DL 3 B A vk
BT TIEAERERIE R . NMAEA —HH T
VBT P A A%, 1994 4F Asgeirsson i (9148 1 [ und
ME A, BISE o e N I B A R R R R R R B
JE VB TE B, LA Ak e 1 i 43 5 i S8R Hh
(NG (IS s - = W0 (07 S VA AR I BN ey R el K
A Z G AR AW BN, BN A4
T DA 2 (4% ) H AR 15 38 2 1 il 5k 1t/ i 48 B8 &
I 256 I B %6 0 1R 0 A IE O 45 SRR R, N IR
FEAR ANMEEDSWERFERME, B,
aSAH & W E X P RR 254

T A5E AU W DLGE i AR A B AR s N H AR Bk S
B AR 2N G B0 T AR A OC EOREE Bl i IR
B T S . b T BB S AR AR HL A A 1IN AL
B YA A 90 L T B L FRAE T AR LT it 6
HLAS 2% > T A% A (LR \RF ,.SVM . DT .KNN I NB),
S5 R, LR BRI H0 aSAH B AR 5 5 1 il 28
T m AR 0.75 = 0.08 (95%CI: 0.615 ~ 0.857, P =
0.001) , HEHA £ 0.764 . R SE 0.919 A [I#0.773 . F1
fH 0.840; RF £ &I iy iy Z& '~ 1w 1 4 0.57 + 0.08
(95%CI:0.428 ~0.701, P = 0.283) , #E i J& 0.745 . R
HUE 0.826 43 1] %.0.864 . F1 14 0.845 ; SVM # 5 fiy ify
28 N 1 AL 0.65 + 0.08 (95%CI: 0.507 ~ 0.772, P =
0.034) , HEHA £ 0.764 . R 0.860 . A [l 4 0.841 . F1
{H 0.850; DT #% & 1y i & T M 2 24 0.61 £ 0.09
(95%C1:0.473 ~ 0.742, P = 0.135) , #E#fi £ 0.709 . ¢
P 0.850 43 81 0.773 . F1 {1 0.810; KNN ## 1 1) i
28 F i LN 0.66 + 0.08 (95%CI:0.519 ~ 0.782, P =
0.060) , HEH £ 0.618 . R % 0.897 . [F1% 0.591 . F1
{H 0.712; NB £ A gy fti 2 & 1 1 24 0.56 + 0.08
(95%C1:0.417 ~0.691, P =0.458) , #E i J&F 0.673 . R
R 0.825 . [H1 3K 0.750 . F1 1 0.786, H ', LI LR
L TR (1 00 A i e A I B B 1 ) ) SR R
REARE , X4 S VA A R B R v R B s
HEEALA T aSAH U —F A 2% 04 I il B L R 22
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SR, By B S B R 0 LR AR AT LA b
Ak BRI R A DL

L5 B TIR AR S A aSAH B 3l kR e A
A5 UG 52 W R I T A 6 Fh 7S 0 AR 2,
DL LR AR 2 I R e AR, T TR AT IEAL . AR
Bk 52 O B L BE T, B T D SR BERE, ik = 3 ik
A AR OB R AT — E B R R ) 2
T JE N R AR 2 KU O T 8% 22 vp o RBEAS I R AF 58
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Hr 32 3 3 BR & A RE (2)

B IIREPE % Frontal Assessment Battery(FAB)
K Rankin £ % modified Rankin Scale(mRS)
FIRAHEEE  high remnant cholesterol(HRC)
EHALESE  high-sensitivity cardiac troponin(hs-¢Tn)
V- BB AW y-glutamyl transferase(GGT)

AW H KGR M glutathione S-transferase(GST)
HEKLEEE  bone morphogenetic protein( BMP)
BrépiiEfL lL{E  international normalized ratio(INR)

[ bRz s fi 2% 4 Movement Disorder Society(MDS)

o A A WOy Tl AR 394 9 0 A B2 ARy

peroxisome proliferator-activated receptor y(PPARvy)
IR RAE AR

synthetic minority oversampling technique(SMOTE )

KR T E2 0 &R 12

nuclear factor-erythroid 2-related factor 2( Nrf2)

75 A R 2H 55 AR P R

metagenomic next-generation sequencing(mNGS)
R4 ZE  luteinizing hormone(LH)
Logistic [M1/H  Logistic regression(LR)
Glasgow Bk % Glasgow Coma Scale(GCS)
T A T8 13- B8 1L 1% i T

activated partial thromboplastin time( APTT)
1G4 reactive oxygen species(ROS)
Hl#s~%>] machine learning(ML)
HJF 4 EBEHE  matrix metalloproteinases(MMPs)
HHEE MR ABEX  dorsal root entry zone(DREZ)
HBE AR spinal cord stimulation(SCS)

< N L -

Shapley fili& fi# B Shapley additive explanation(SHAP)
i) oy B RE RS M A iR
Mini-Mental State Examination(MMSE)
MR PEBE R alkaline phosphatase( ALP)
CNC Bifi P X 3ol 52 2 R o e
CNC-basic leucine zipper(CNC-bZIP)
[8] $% F REDE G indirect immunofluorescence assay (IFA)
45 £ JF  procalcitonin(PCT)
CREB &5 8 11
cAMP response element-binding protein-binding protein
(CBP)

WG BEE N polymerase chain reaction(PCR)
YJeE bt decision tree(DT)
B 45 1 A AL 1

A type Sjogren’s syndrome antibody(SSA)
PiPiiR  anti-nuclear antibody(ANA)
Yoo igPiiR  anti-cardiolipin antibody(ACA)
PR L JE I H B enlarged perivascular space(EPVS)
P RGEABTFAR  extended endonasal approach(EEA)
R WE LB 3-1% ¥  phosphatidylinositol 3-kinase(PI3K)
Pl & follicle stimulating hormone(FSH)
ik wh % 4 4% implantable pulse generator(1PG)
M I2ER  Treponema pallidum(TP)
Tt EEK G 5 W 3 B

enzyme-linked immunsorbent assay(ELISA)
EENUWF2 The Endocrine Society(TES)
FEELONER %2 American College of Cardiology(ACC)
FELOMEPPZS American Heart Association( AHA)



