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WHAT IS A PREDICTION MODEL?

They answer questions like: "For patients (55-84 y) with their first outpatient visit in 2014,
What is their risk of dementia within 5 years"

Things that impact your model:
* Training data

Observation Window 5 years * A|g0 rithm:
= v | o Gradient boosting
o 2 . o Decision tree
Dementia
o Adaboost

Outpatient visit

2014 o Light gradient boosting
 Hyperparameters!

Prediction models can aid medical decision making and improve healthcare.
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HYPERPARAMETERS INFLUENCE
COMPLEXITY OF THE MODEL

Hyperparameter: Depth =1 Hyperparameter: Depth = 2 Choice of hyperparameter
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Impacts model performance.

Density

The hyperparameter loss function is used to pick the hyperparameter and therefore impacts final model
performance - but the loss function is rarely investigated
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Distribution

WE CAN EVALUATE PREDICTION MODELS USING
MULTIPLE METRICS, BUT WHAT IS IMPORTANT FOR
YOUR PREDICTION TASK?

10} .. Overall Performance Metrics

* AUROC — used most frequently, but depending on
model use, other metrics may be better.

TPR

AUC =0.65

| Calibration metrics

0.0 FPR 1.0

1.0

0.9

Cut-off Based Performance Metrics

T Positi =07
threshold TPR = rue Positive 2o

(ex:0.6) Total Positive s
' £
! False Positive o 0%
= — 1o
Total Negative g 0.4
' 2
| o3
' 0.2
1
0.1
1
0.0
00 01 02 03 04 05 06 07 08 09 10

40 ' “” Erasmus MC
0

00 01 02 03 04 05 06 07 08 09 10
Predicted Probability

N | FP

Probability



MODELS TRAINED USING DIFFERENT PERFORMANCE
METRICS PERFORM SIMILARLY

- 0.69 0.62 0.66
C o AR

eﬁaq’@dA Q
é cedAccuracy bal}{(@: Accuracy
&° . N
c’\ . %\ F1
° 5
c
c
% F2 Qe' S F2
3]
5 AUROC g Eavg
) GMean P gmean 0.200
] (7]
~ S 0.175
o Kappa _§ kappa
2 © 0.150
©
g LoglLoss g LoglLoss 0125
o) o
7 g 0.100
> MAE >
T T MAE
MCC mcc
Precision Precision
Recall Recall
RMSE RMSE
Specificity specificity
Erasmus MC
g & » N\ X
& o & 3 & & &
05/07/2026 S o v & & ~ 5
a‘J ¥ i ¥
F <



BUT INDIVIDUAL PREDICTED PROBABILITIES DIFFERED

Individual risk can vary significantly — what model to choose?

Accuracy

Accuracy/Specificity 33.3%
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Conclusion: the choice of hyperparameter optimization makes a difference. trsmusmc
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