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Prediction of sepsis mortality in ICU patients
using machine learning methods
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Table 2 Statistical analysis results of train and test cohorts for

numerical and categorical variables

Feature Train Test P-value
Admission Information
los_icu 6974 6977 0.989
Demographics
Age 65.160 66.039 0.086
gender_F 42,188 41.842 0.848
Lab Results
SOFA_score 4317 4393 0.305
avg_urineoutput 160971 153.108 0.007
temperature_min 36.663 36632 0478
temperature_max 37.149 37.145 0920
temperature_avg 36.906 36.888 0652
glucose_min 110363 111451 0414
glucose_max 211147 214524 0453
glucose_average 154 669 156739 0332
sodium_min 135376 135385 0961
sodiurm_max 141558 141.768 0222
sodiurm_average 138.499 138595 0.521
heart_rate_min 70250 69 694 0271
heart_rate_max 114752 114509 0819
heart_rate_mean 89384 89530 0.763

heart_rate_mean
sbp_min
sbp_max
sbp_mean
dbp_min
dbp_max
dbp_mean
resp_rate_min
resp_rate_rmax
resp_rate_mean
spo2_min
SpO2_max
Sp02_mean
hospital_expire_flag

Comeorbidities

diabetes_without_cc
diabetes_with_cc
severeliver_disease
aidls

renal_disease

Medications

antibiotic_Carbapeneam
antibiotic_Aminoglycoside
antitiotic_Glycopeptide
antibiotic_Oxazolidinone
antibiotic_Penicillin
antibiotic_Sulfonamide
antibiotic_Tetracycline

89384
81941
154473
114334
41534
93673
61570
11932
31.218
20510
89180
99732
96.887
28242

31641
10117
10.449
1.035

26738

15.664
7168
£5.039
0195
0.000
0723
0.000

29530
81.595
153932
114630
41.300
93545
61466
11204
31304
20529
289.023
99.755
96.868
30445

33880
9446
9.758
0537
27244

14910
7962
66.042
0.156
0.078
1.003
0078

0.763
0489
0475
0455
0490
0.849
0725
0307
0.706
0.881
0586
0362
0.8M
0127

0133
0506
0499
0874
074

0533
0360
052
1.000
0453
0247
0453




True Positive Rate

Receiver Operating Characteristic (ROC) Curves with AUC Confidence Intervals
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Table 3 Metrics for baseline models on test set and random JM u’)-‘-éﬁ

forest on different sets
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Model AUROC Precision Sensitivity Accuracy F-score } )

DecisionTree 07329 07219 07475 07327 07345 ey el Gl et 00 2L

SVM 07277 06772 06179 06654 06462 3ol GRS ame oot Gs.otw Jsj’ Wi

GradientBoost- 0906 08469 07597 08133 08009 ot » ol Joa(RF) ioles JRir o, 0l

ing alols LAUC 0.94 Lol a a5 conl allis

XGB 09192 08491 08228 08401 08358 Consl &l Cewws /0 Y licals!

MLP 08763 07495 0835 07804 07899

LGBM 09185 08521 07973 08313 08238

RF (Test Set) 09388 0876 0.8372 08631 0857

RF (Trainig Set)  1.0000 1.0000  1.0000 10000 1.0000

RF (CrossValida- 09293 08599 08312 08475 08453

tion)




Machine Learning Algorithms Performance League !

RF
AUC=0.94

XGB LGBM
AUC=0.919 AUC=0.918

DT SVM GB MLP
AUC=0.73 AUC=0.72 AUC=0.90 AUC=0.87
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Shapley Values Analysis

coma
avg_urineoutput
gender_M

gender_F
resp_rate_mean
diabetes_without_cc
race_White

albumin

spo2_min

Sum of 39 other features

08 -06 -04 -02 00 02 04
SHAP value (impact on model output)

0.6

0.8

High

Feature value

e obj9el jSpe
Qli‘i_m,lg



05



Jow FItiNG &2,k 5 len ,o (6l oud (g3 lw sasiid slaslpig @) v/

losls Joles pae OIS 5l a0 B S>0ly 5 osls (guiseg,S v

335 Yo (slo i s (sl B S g 3 G09ame Slaxi 4S5V

PPN YV Jrn vpsons.: PERISCIURPIINE S PR 4

Solo ;55 o aviz iy 3 503 6lp (Sl Glaasie 5 by 4 KeS

ol 29y (Sl YL LS 0 p0d a5 Sl ylows
Ao Py 0 il (iyls ) Cammas g ol
RERUL S I B g euweuvay | ]  REUI I i 0




OMT ‘SLQ)LY

elCU sl ‘$.§Lé| srosld de gozxo

o (6 el 5o S
real-time osls b o S Sl

dilo (ools gjlwoeslw sla,lwl
Google Cloud Dataflow

e pbjeel 55y
Lb —) O 94.7;0
*e

0318 g i MIMIC-IV

00 o Gy i g (S °
el (5 5ok (sl 35

FHPLWRL Y ‘SLbooLb AL gox0 )’| oolasw! ©
plCe 4




' 06
g0 CA‘&L@.&A



9
24 * *e
w0 1S
w L2 A4

NIH , BIDMC , CSR

5 Wb edo L b pinly Sy oo,
OBi 3 gl yidion 21,0

ORI Ssiedy (o st 5B S|
ICU o (5 ymus oyl slows (g0 005y grosls

=
s

e pbjeel 55y




Thanks!

Do you have any questions?
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