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Why is it crucial to predict an ICU admission?

* increasing population size +
higher life expectancy +
,Civilisation diseases” =
more patients in need of intensive care units (ICU) (Rhodes et al., 2012)

* Frequent utilization of ICU beds
+ associated with higher costs
« decreases access for patients who may profit more (Kose et al., 2015)

- |dentify patients most likely to
benefit from ICU admission!
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Current Way of Risk Assessment

* Preoperative assessment prior to elective surgery

« Assessment of physical condition prior to surgery
American Society of Anaesthesiologists (ASA) — Physical Status tool

« Six categories: 1-healthy person; 6- brain-dead person
+ Helps estimating anaesthetic complications
* Very subjective - moderate interrater reliability (Kose et al., 2015)

* Risk estimation is crucial for ICU bed and anaesthetic management

* Need for more objective methods with higher sensitivity than ASA

* Need for implementation!
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Research on Prediction of ICU Admission

* ICU Admission
« CARES model (Chan et al., 2018)
AUROC (area under the ROC curve): 0.84

« Several machine learning based risk prediction models, but only few
made their way to clinical practice!
* MySurgeryRisk (Bihorac et al., 2018)
+ Predicts ICU stay (> 48 hours)

* Machine learning based model
- AUROC: 0.88

* Results may differ between retrospectively collected test data, and
prospective validation data with real-time prediction!
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Data Set and Feature Selection

« Routine data of a KAGes (regional healthcare provider Austria)

hospital
+ 330 inpatient

beds

» 20 ICU beds (12 with mechanical ventilation)

« Qutcome: admission to ICU within five days after surgery

Prediction Time: last preoperative assessment

Feature group Examples n N =630

Demographic Data  Age, sex 30

Disease Codes ICD-10 codes 345 Selection:

Procedure Codes  X-ray, MR 103 Frequency based

approach

Laboratory Data CRP, gamma-GT 46

Nursing P | leening disord - (0.1% -2.0% of
ursing Protocols sleeping disorder patients to avoid

Administrative Data  Transfers, hospital admissions 10 rare values)
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1. Training and ldentification of the best ML
(machine learning) model

Retrospective analysis
(January 2010 — March 2018)

Development data

(n=61,864)
Training
data Test data
75% 25%
Various Best ML
ML models model
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Results of Various ML Methods on Test Data

R, caret package

1.0

5-times repeated 10-fold cross
validation

Methods

Random Forest (rf up/down)

* Neural Net (nnet up/down)
feed-forward, one hidden layer

* Linear Discriminant Analysis (Ida)

* Logistic Regression (gim)

» Stochastic Gradient Boosting (gbm)

0.8

0.6

Sensitivity

0.4

Random Forest with upsampling < -

AUROC:

0.91 [0.90-0.92]

fup

rf down
-=- hnetup
nnet down
Ida

glm

gbm

Accuracy: 82.8 %

I I
0.6 0.4 0.2 0.0

Specificity

Sensitivity:
Specificity:

83.3 %
82.7 %
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2. Calibration of the Best Performing ML model

Retrospective analysis
(January 2010 — March 2018)

Calibration
data
(n = 5,906)
Best ML Calibrated ML
model model
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Calibration & Implementation in the
Hospital Information System(HIS)

« Set two thresholds for three NG YT
risk classes 976| 0.152| 0.B43 } Very high risk (7%)
741 0172 0828
« Distribution depending on nz3 o192 0808 [High risk (119%)
availability of ICU beds 929 0264 0736

4470 0372 DBZE

3422 0.378 0.622

Low risk (82%)

230 0422 0578

173 0. 446 0554

2025 0456 0.544

»d Implementation in HIS

» Visible for three anaesthesiologists

* Risk prediction for every patient with a preoperative
assessment
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3. Implementation and Prospective Validation

Prospective analysis

(1st of May —
31st of August, 2018)

Validation

data
(n=628)

A

Calibrated ML
model

Implementation in HIS
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e
Visualization of Risk Score and

Patient Specific Features
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Diese Auswertungen basieren auf in openMEDOCS vorhandenen Informationen iiber den Patienten

Diagnosen mit Einfluss auf das statistische Modell

Zeige Eintrige

Leistungen mit Einfluss auf das statistische Modell

Zeige Eintrédge

Diagnosen Datum Leistungen Datum
Chronische Niereninsuffizienz, Stadium 3b 2017-01-11 Andere Diagnostik und Therapie - Herz und ... 2017-01-07
Arterielle Hypertonie 2017-01-11 Sonstige diagnostische und therapeutische ... 2019-08-13
Sinustachykardie 2016-03-19 Laboruntersuchungen 2017-01-11
Infekt der tiefen Atemwege 2017-01-11 Andere Diagnostik und Therapie - Psyche 2017-01-12
Lungenstauung onA 2016-03-19 Eintrége 1 bis 4 von 4 Zuriick ‘T‘ Vorwirts

Eintrage 1 bis5von 5 Zuriick ‘T‘ Vorwirts —
Berlicksichtigte Laborwerte der letzten 30 Tage Sonstige in die Berechnung eingeflossenen Faktoren
Zeige Eintrdge Zeige Eintrdge

Laborwert Datum Faktor Anzahl
Eosinophile Gr. abs. (+) 2019-08-13 Allgemeine Morbiditdtsmale 6
GFR (CKD-EPI) (1) 2019-08-13 Es gibt relevante Informationen zur Kategorie "Ausscheiden” 7
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Real-Time Validation on 628 Patients with
Preoperative Assessment (May — August 2018)

Predicted Risk Category

ICU Low High Very high Total
admission n % N % n % n
No 459 (80.8) 83 (14.6) 26 (4.6) 568
Yes 16 (26.7) 26 (43.3) 18 (30.0) 60
Total 475 (75.6) 109 (17.4) 44  (7.0) 628

Sensitivity: 73.3%
Specificity: 80.8%
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ROC of a Random Forest Model on Test Data
Compared to Validation Data

Q
-

0.8

Sensitivity
0.6

0.4

AUROC_Val: 0.85[0.812, 0.897]

— RF on test data
— RF on validation data

0.0
!

I I
1.0 0.8 0.6 0.4 0.2 0.0
Specificity
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Incorrect Classifications were analysed by a
Clinical Expert

1.

Patients with ICU stay + ,low risk® (n = 16)

little information in the HIS (n=9), for some no ICD 10
codes yet

Patients without ICU stay + ,(very) high risk” (n = 26)

non-severe surgeries (N=26)
percutaneous transluminal angioplasty (PTA), shunt
procedures, cataract, lipoma

Due to type of surgery, highly unlikely for ICU admission
ASA 3 (n=21), ASA 4 (n=3)

Jauk — Predicting ICU Admission after Elective Surgery

BebeBeBe
BeBebeBe
BeBebeBe
DeBedbee

00000
00000
LREER
00000
00000

14



Limitations

« Data from hospital information system
+ Avalilability (e.g. no coded diagnoses)
* Non-structured data - NLP methods will be necessary

« All patients in false positive group had

. Severe: 40%
non-severe surgeries

Non-severe: 60%

= more information on surgery is needed for prediction
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Which will be the next steps?

1. Include features with information of elective surgery
- Severity
 Type of anaesthesia

2. Evaluate user perception and experience

3. Long-term evaluate the performance of the model
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Short Summary

« Random forest based prediction model for ICU admission after
elective surgery
(within the best performing published models)

* Prospectively validated in a clinical setting:
Real-time prediction performance was high

» Future research will focus on how the machine learning prediction is
perceived by health care professionals.
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Variable Importance for Random Forest UP

* Number of procedures

« CT
* Number of medical procedures
« Age

» Days since last stay

* Endoscopy

* Charlson Comorbidity Index

* Number of transfers

» Other Diagnostics and Therapie (Heart and
circulatory system)

* Number of diagnosis

* Number of nursing procedures

« Sonography

» Longest hospital stay (days)

* Anaesthesia

* Glucose level

« Malignant neoplasms of digestive organs

« MRT

» Disorientation (Nursing Assessment)
» Deficiency of other nutrient elements
* Hodgkin's lymphoma
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