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Our Mission Clinician Lists For Patients Getting Started Success Stories Q
An initiative of the ABIM Foundation

Promoting conversations between

The Choosing Wisely initiative continues to help patients choose care that is supported by evidence and is truly necessary,
however, ABIM Foundation’s focus has evolved to include issues of trust in health care and how trust contributes to better h
health care outcomes, increased patient satisfaction, and greater physician well-being. %
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Dexamethasone in Hospitalized Patients with Covid-19

The RECOVERY Collaborative Group*
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Wer hat profitiert?
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Figure S1: Effect of allocation to dexamethasone on 28—-day mortality by other
pre-specified baseline characteristics
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Characteristic Dexamethasone
Age

<70 129/1141 (11.3%)
=70 <80 155/469 (33.0%)
=80 198/494 (40.1%)
Sex

Men 331/1338 (24.7%)
Women 151/766 (19.7%)
Race

White 401/1550 (25.9%)

Black, Asian, or minority ethnic group 52/364 (14.3%)
Unknown 29/190 (15.3%)

Days since symptom onset
<7 269/916 (29.4%)
>7 212/1184 (17.9%)

Baseline risk

<30% 150/1268 (11.8%)
230% <45% 147/464 (31.7%)
=45% 185/372 (49.7%)
All participants 482/2104 (22.9%)

429/2505 (17.1%)
271/859 (31.5%)
410/957 (42.8%)

782/2749 (28.4%)
328/1572 (20.9%)

849/3139 (27.0%)
160/783 (20.4%)

101/399 (25.3%) <c——

500/1801 (27.8%)

0.64 (0.53-0.78)
1.03 (0.84-1.25)

0.80 (0.71-0.91)
0.90 (0.74-1.09)

.80-1.02)
.70 (0.51-0.95)
0.49 (0.33-0.74)

PR E——

0.87-1.17)

604/2507 (24.1%) —— .69 (0.59-0.80)
378/2683 (14.1%) —— 0.83 (0.69-1.00)
334/878 (38.0%) —a.— 0.78 (0.64-0.94)
398/760 (52.4%) —+ 0.90 (0.76-1.07)
1110/4321 (25.7%) > 0.83 (0.75-0.93)
p<0.001
0.5 0.75 1 1.5
Dexamethasone Usual care
better better

x3=5.2

x3=0.9

x>=2.3

X$=1 2.4

X;=0.4
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Wie heissen die typischen Methoden? JXU

Deep Boltzmann Machine (DBM) Bayesian

Deep Belief Networks (DBN) \, ,
~|_ Deep Learning /

Convolutional Neural Network (CNN) j—\ /
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Random Forest
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Naive Bayes
I.'/ Averaged One-Dependence Estimators (AODE)
Bayesian Belief Network (BBN)
Gaussian Naive Bayes
\__Multinomial Naive Bayes
\_ Bayesian Network (BN)
Classification and Regression Tree (CART)

f Iterative Dichotomiser 3 (ID3)

Gradient Boosting Machines (GBM) \, \ cas
Boosting \
Bootstrapped A tion (Bagging) \E bl / Decision T | cso
ootstrappe regation (Baggin nsemble \ [ ecision Tree
goreg ad ng gt \‘ / Chi-squared Automatic Interaction Detection (CHAID)
aBoos \ f
o —/ \_ Decision Stump
Stacked Generalization (Blending) /| . \ T
. - \ / \_ Conditional Decision Trees
Gradient Boosted Regression Trees (GBRT) \ / \
. . 5 \\ [/ \M5_
Radial Basis Function Network (RBFN) \ /
\ \ ) / / Principal Component Analysis (PCA)
Perceptron | \ [/ / - -
—_ Neural Networks \ O\ /‘ | Partial Least Squares Regression (PLSR
Back-Propagation | W - S | 4
| - T { Sammon Mapping
Hopfield Network / Machine Learning Algorithms> — - .
B ——— — / Multidimensional Scaling (MDS)
Ridge Regression 77 1 \ \ N
_ o e ) / / \ \ /' Projection Pursuit
Least Absolute Shrinkage and Selection Operator (LASSO) | o /] \ \ — _
- Regularization /] \\ _ o _ Principal Component Regression (PCR)
Elastic Net [/ |\ Dimensionality Reduction | X . i
| /] \\ . Partial Least Squares Discriminant Analysis
Least Angle Regression (LARS) j /o \ A R . -
Cubi / \ \__Mixture Discriminant Analysis (MDA)
ubist /] \
—_— / / \ \_ Quadratic Discriminant Analysis (QDA)
One Rule (OneR) \l / '\\ 5 . — Y )
Rule System / \ \_ Regularized Discriminant Analysis (RDA)
Zero Rule (ZeroR) \ \
_ - [ / \ \\_ Flexible Discriminant Analysis (FDA)
Repeated Incremental Pruning to Produce Error Reduction (RIPPER) / / \ \ N R
- - \ \_ Linear Discriminant Analysis (LDA)
Linear Regression / \ -
/ \ \ k-Nearest Neighbour (kNN)

Ordinary Least Squares Regression (OLSR) 1l
Stepwise Regression

Multivariate Adaptive Regression Splines (MARS)
Locally Estimated Scatterplot Smoothing (LOESS) | ‘
Logistic Regression j

\

/ o\
) / \ Instance Based |~
Regression \
\ \

\
\_Clustering | — o
——4_ Expectation Maximization

/ Learning Vector Quantization (LVQ)

Self-Organizing Map (SOM)

\_ Locally Weighted Learning (LWL)
_k-Means

( k-Medians

|
\_ Hierarchical Clustering
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ORIGINAL ARTICLE

Machine Learning—-Based Mortality Prediction of Patients at

Risk During Hospital Admission

Kevin M. Trentino, MPH,* Karin Schwarzbauer, MSc, 1 Andreas Mitterecker, MSc,
Axel Hofmann, Dr. rer. medic, 1§/ Adam Lloyd, MBA, Y Michael F. Leahy, MBChB, **{7
Thomas Tschoellitsch, MD,}} Carl Béck, MSc, 1} Sepp Hochreiter, PhD,§$///] and Jens Meier, MDY
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Trentino, J Pat Saf, 2022
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Mitterecker, Transfusion, 2019
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Erklarende Variablen

code D63.0: Anemia
neuroplastic disease

spinal disorders,
minor complexity

Mitterecker, Transfusion, 2019
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TABLE 3 Feature importance for transfusion
e Random forest Gradient boosting Logistic regression
Feature Importance Feature Importance Feature Importance
Hb at admission 137.95 Hb at admission 157.49 Hb at admission 32.43
Secondary diagnosis 49.09 Age 101.28 Secondary diagnosis 14.50
code D64.9: Anemia, code D64.9: Anemia,
unspecified unspecified
Age 36.53 CCI 33.03 DRG F10B: 10.34
Interventional
coronary procedures
Secondary diagnosis 26.04 Secondary diagnosis 15.54 Secondary diagnosis 9.32
code D50.0: Iron code D64.9: Anemia, code D50.0: Iron
deficiency unspecified deficiency
CCI 18.31 Hb at admission 12.82 Secondary diagnosis 6.90
grouped code D62: Acute
posthemorrhagic
anaemia
Secondary diagnosis 16.62 Sex 11.53 DRG minor class 6.52
code D62: Acute
posthemorrhagic
anaemia
Sex 10.16 Secondary diagnosis 10.88 DRG F41B: Circulatory 5.69
code Y92.22: Health disorders, Adm
service area
Secondary diagnosis 7.36 Admission year 8 8.03 DRG 168B: Nonsurgical 5.67
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Massivtransfusionen in der Herzchirurgie JXU

¢ Kepler

Universitats
JOHANNES KEPLER .
UNIVERSITAT LINZ Klinikum
1.00; 1.004
0.75- 0.754
== RFAUC=0.81 ==  RFAUC=0.15
== ANNAUC=0.68 < == ANNAUC=0.07
0.50+ XGB AUC = 0.81 § 0.501 XGB AUC = 0.18
ADAAUC=079 & ADAAUC = 0.1
0.25- LR AUC = 0.66 0.25- LRAUC=0.1
! —~
0.00+ 0.004
o O o Ty o o ey o 0 o
S N 0 ~ S S N e N S
o o o | o - o o o = © -
False positive rate Recall(sensitivity)
PPV NPV AUC ROC AUC F,-score

all features

RF 0.110 (0.09-0.13) 0.987 (0.98-0.99) 0.810 (0.76-0.86) 0.150
ANN 0.065 (0.05-0.08) 0.977 (0.97-0.98) 0.680 (0.62-0.74) 0.070
XGB 0.126 (0.1-0.16) 0.985 (0.98-0.99) 0.810 (0.76-0.86) 0.180
ADA 0.099 (0.08-0.12) 0.987 (0.98-0.99) 0.790 (0.74-0.84) 0.100
LR 0.090 (0.07-0.11) 0.979 (0.97-0.98) 0.660 (0.6-0.72) 0.100

Tschoellitsch, EJA, 2022
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. EuroSCORE Il

. urgency of surgery

. ASA score

hemoglobin concentration
. age

. assist device surgery

. creatinine level

. glomerular filtration rate

Tschoellitsch, EJA, 2022



Mortalitat bei Herzklappeneingriffen

2229 Patienten

129 praoperative
Eigenschaften

Vorhersage der
Mortalitat
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Evaluierte

Pradiktionsmodelle:
random forests
neural network

support vector machine

Bodenhofer, EJCTS, 2021
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Mortalitat bei Herzklappeneingriffen JXU 'Eilii‘lrrsﬁéts
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AUC = 0.741 (GFR)

AUC = 0.704 (EuroSCORE)
AUC = 0.625 (CRP)

AUC = 0.554 (Cholesterol)
AUC = 0.519 (ABE)

l 1 1
0.0 0.2 0.4 0.6 0.8 1.0

False positive rate

Bodenhofer, EJCTS, 2021
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Table 3 The performance for each of the models
Models Sensitivity Specificity Accuracy AUC
EuroSCORE | 0.61 0.78 0.71 0.70*
EuroSCORE Il 0.66 0.79 0.74 0.73*
STS model 0.62 0.79 0.73 0.71*
Logistic regression model 0.71 0.78 0.76 0.74*
Machine learning models with 10-fold cross validation

Random forest 0.83 0.92 0.89 0.87

Neural network 0.69 0.85 0.80 0.79

Support vector machine 0.75 0.84 0.82 0.81

Gradient boosting machine 0.78 0.85 0.84 0.82

*, P value <0.001 compared to the random forest with 10-fold cross validation. AUC, area under the curve; STS, Society of Thoracic
Surgeons.

Age

Operation time

LVEF

Perioperative blood loss
Hgb

Creatinine clearance
Emergency

Active endocarditis

MI within 90 days
Critical preoperative state
Previous cardiac surgery
Diabetes mellitus
EUROSCORE Il score
Chronic lung disease

Scr
Surgery on thoracic aorta
BMI
CPB time
Smoking
. . = Class 0
P-RBC transfusion during surgery = Ciags 1
0.00 0.02 0.04 0.06 0.08 0.10 0.12

Mean (|[SHAP value|) (average impact on model output magnitude) Fa n Ca rd iova SC Diagn Th er 2022
’ ’
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True Positive Rate
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Nistal-Nuno, J Clin Mon Comp, 2022
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1.00 A
0.75 1
ML model
— Logistic regression
—— Gradient boost
0.50 - — Regularized regression
— Random forest
—— Neural network
Method AUC Stepwise regression
Full feature set (g = 71)
0.25 1 Cross-validated logistic 0.70 (0.58, 0.82)
Gradient boosting 0.64 (0.54, 0.79)
Neural network 0.71 (0.58, 0.83)
Random forest 0.65 (0.51, 0.77)
Regularized regression 0.70 (0.56, 0.81)
Ensemble (union) 0.62 (0.51, 0.76)
Ensemble (majority) 0.67 (0.58, 0.83)
0.00 - Stepwise logistic regression’ 0.69 (0.57, 0.82)
|
0.00 0.25 0.50 0.75 1.00

False positive fraction

Racine, JGIM, 2020
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Mikrodeletionssyndromen (Chromosom-7q-Syndrom)

Receiver operating characteristic
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’ -~ Pediatric cardiologist 1(AUC = 0.830)
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:i' --- Pediatrician 1(AUC = 0.632)
0.0 --- Pediatrician 2(AUC = 0.704)
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Liu, Frontiers in Ped, 2021
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