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Scope of the challenge

Biosignals from wearable devices
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Linear accelerations
Angular accelerations
Heart rate (bpm)
RR intervals (ms)
Sleeping status
Step information

Calories



Track 1 - Subject Identification
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Models

Classification
Head

2 layers, 2 heads

Transformer Encoder
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Mean of logits
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Ensemble Model
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Ensemble Model

Softmax
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Track 2 - Relapse Detection

m

Subjects
10 different
identities

- ’ y

Splits Recordings
Train, validation On daily basis
and test splits
already provided

Replases
Relapse data are
available only in

validation and test



Data Preparation

conversion




Data Preparation




Data Preparation

4 N

Raw Data

Feature
Extraction

Aggregated Data



Training Procedure
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Training Procedure
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INnference

CDFr(e) =p(E < e)
1.- ____________________________________________________________________________________________________________________




INnference

CDFrz(e) =p(E <e)
g
No sample with smaller
error in train distribution
0 - >
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INnference

All sasmples in train distribution
have a smaller error

CDFr(e) =p(E < e)
1.-

€ = Cnax



INnference

CDFr(e) =p(E < e)
1.-

: : 0.55

probability of anomaly
(probability of relapse)




Training Procedure

LR et T

, AT
| e T e S T Yy
SUbJeCtS One model for each s .. —— Encoder z Decoder —— i
i e e et At AU
subject i

It 4 e S A et 4
AL A A b B S A

J LRI MR TRERHPEI

X
Input Bottleneck Reconstructed Input

Architectures Transformer Encoder-Decoder

1D CNN AutoEncoder
Autoencoder for time series

® | DataType

Raw data

Aggregated Data




Model selection

Subjects
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Results

Table 1. Performance comparison among participant teams
on the provided test set for subject identification. We report
the raw test accuracy for each team. Our score ranks 2",

Team Accuracy

SRCB-LUL  95.00%
PeRCeiVe 93.85%
Al_Bezzie 91.36%
SAILers 82.15%
unipi_cmbl 75.43%
ADCADD 3.83%
ID-EPRE2 2.88%

eHust 2.88%
CogBCI 2.88%
uoi 2.68%

NWPU 2.3%




Results

Table 2. Performance comparison among participant teams
on the provided test set for relapse detection. We report the
ROC-AUC, the PR-AUC and the harmonic mean of the pre-

vious scores, for each team. Our score ranks 1°°.

Team

ROC-AUC PR-AUC Total

PeRCeiVe
Emotion
SAlLers

SmartBClI

YDH@HEU
GIPS@HEU

0.6469
0.6072
0.5839
0.5435
0.5215
0.5117

0.6509
0.6347
0.6263
0.5863
0.5587
0.5480

0.6489
0.6209
0.6051
0.5604
0.5401
0.5229
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