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Agenda UM

o Data Exploration

o Pre-Processing

e Model(s) and Training
o Oultlier Detection

o Results
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Data Exploration

o Missing data
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Data Exploration

TUTI

o Missing data
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patients
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Data Exploration TUM
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Pre-Processing TUM

. Track 1: imputed missing
« Missing data values with median value for

ﬁ 5-minute time segment per

. Large differences patient

between patients

Track 2: discarded
segments with missing
values
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Pre-Processing TUM

. lIssues with sleep data =sssmm)p  dropped sleep data
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First Tries and Unsuccessful Ideas TUM

o« Echo-state networks

o Exponential Smoothing Transformers for
Time-series Forecasting (ETSformer)
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Baseline
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Our Model: Track 1 UM
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Our Model: Track 2 (Ensemble)
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Finding the Best Ensemble Approach

e Transformer encoder
o shared for all patients but individual heads for each patient
o patient-individual

e Ensemble heads
o Linear
o MLP

e Anomaly score determined by
o variance of deterministic predictions
© mean over covariance matrices of probabilistic predictions
o comparison to mean over train set

12 Alice Hein, Sven Gronauer, Klaus Diepold

April 16th, 2024



Finding the Best Ensemble Approach

Final implementation

e Transformer encoder
o shared for all patients but individual heads for each patient

o patient-individual

e Ensemble heads
o Linear

o MLP

e Anomaly score determined by
o variance of deterministic predictions o o
o mean over covariance matrices of probabilistic predictions

o comparison to mean over train set
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Visualization

Train set prediction Errors (Patient 5, Track 1)
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Visualization

Validation set prediction Errors (Patient 5, Track 1)
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Other Changes
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Other Changes

Baseline Ours
Track 1 Track 2 Track 1 Track 2

Sequence 24 48 N 72 24
Length

Output 32 32 64 64
Dimension

—>

Encoder 2048 2048 064 64
Dimension
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Other Changes UM
Baseline Ours
Track 1 Track 2 Track 1 Track 2

Sequence 24 48 N 72 24
Length

Output 32 32 64 64
Dimension

—>

Encoder 2048 2048 064 64
Dimension

Batch Size 16 16 064 16
Dropout 0.2 0.2 — 0.1 0.2
Epochs 10 10 100 50
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Anomaly Detection: Track 1 UM

1. Compute the mean prediction error for each day in training and validation sets

2. Calculate mean-normalized error for each day in validation set

€val — €train

61’101’1’11 _

max (etrain ) —min (6train )

3. Classify as relapse day when mean-normalized prediction error is above zero

0 ifeym <O
score(€nom ) = 1 ife >0
norm *
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Anomaly Detection: Track 2 UM

1. Compute the mean prediction error for each day in training and validation sets

Generate prediction for each member of ensemble P;

d
b. Calculate error based on squared Euclidean distance of each prediction to
the prediction mean

€val — IE‘::day [E’L [sz _ ,LLH%iI }

2. Calculate mean-normalized error for each day in validation set

€val — €train

max (€yain ) —Min (Eyain )

enorm T

3. Classify as relapse day when mean-normalized prediction error is above zero

0 ifeyom <O
score(€nom ) = 1 ife >0
norm *
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Results

Track 1 Val PR-AUC ROC-AUC AVG
Baseline 0472 0.614 0.543
. Ours 0.680 0.665 0.672
» #3 for detecting
: Track 2 Val PR-A ROC-A AV
non-psychotic relapses rack 2 Va R i
(Track 1) Baseline 0.452 0.594 0.522
Ours 0.694 0.669 0.681
. Track 1 Test PR-AUC ROC-AUC AVG
° 1 f I tectin
# O de eC g Baseline 0.561 0.485 0.522
psychotic relapses
(@) 0.595 0.574 0.584
(Track 2) urs
Track 2 Test PR-AUC ROC-AUC AVG
Baseline 0.548 0.412 0.480
Ours 0.563 0.444 0.504
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Thanks for your attention!

Code available at:
https://qgithub.com/SvenGronauer/spgc-eprevention-icassp2024
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