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Motivation and objectives

Classifying psychiatric condition from saccades

@ Classification problems in differential diagnostics.
@ Opportunity: Use biometrical data for diagnose.
@ Challenge: Complex, large-dimensional, noisy data.

@ Challenge: How to adapt classification algorithms to work
with this data.
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Motivation and objectives

Problem approach

@ How to construct informative and manageable features for
this problem?

@ How to integrate information from different subjects,
experiments, and sessions?

@ How to build a robust classifier able to use all types of
saccades recordings?
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Motivation and objectives

Problem approach

Steps in the problem solution

@ Feature extraction.

@ Combining results of different similarity metrics.

@ Adapting unsupervised algorithm for the purpose of classification.
@ Use imputation methods for missing information.

| A\

Solution components

@ Combining time and amplitude features.

@ Time and amplitude curve fitting.

@ Unsupervised learning using affinity propagation.
@ Use of virtual recordings.
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Feature extraction

Feature creation

Types of features

© Plain time features.

@ Plain amplitude features.

© Time curve description.

© Amplitude curve description.
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Feature extraction

“ B
“ “

24 £

B | chigBEmeE T k=

£ 13

< 20 <2

it ol

Time Time

Figure: Saccades (VG files) from patients belonging to two different disease groups.
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Feature extraction
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Figure: Amplitude representation.
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Feature extraction

Feature creation

Interpolation of time values
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f(xe) = aix (1)
i=0 )
Interpolation of amplitude values
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Feature extraction
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Figure: Saccades interpolation
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Feature extraction

Feature creation

Plain time features

@ c; (binary): Saccades was detected.
@ C, (binary): Direction of saccades was correct.

@ X7...X_ (continuous): All amplitude measurements in
1,...,L.

o

Plain amplitude features

@ ¢, (binary): Saccades was detected.
@ C, (binary): Direction of saccades was correct.

@ Y1 ...Y50 (continuous): All time measurements for
amplitude valuesin 1, ..., 50.

o
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Feature extraction

Feature creation

Time curve features

@ Cq1,Co.
@ a7 ...a7 (continuous): Describe the polynomial.

@ | (continuous): Integral of the polynomial in [1, L]
@ vmin, xmin (continuous): Minimum value in [1,L].

@ vmax, xmax (continuous): Maximum value in [1,L].

Amplitude curve features
@ Cq1,Co.
@ a1 ...ay4 (continuous): Describe the amplitude curve.
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Feature extraction

Feature creation

Feature aggregation

Index/Inf [ 1 [ 2] 3] 4

1 X

2 X

3 X

4 X
) X X

6 X X

7 X X
8 X X

9 X X
10 X X
11 X X X

12 X X X
13 X X X
14 X X X
15 X X X X

Table: Indexes corresponding to each combination of information
sources.
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Affinity propagation

Classification

Procedure

@ Represent each subject using the average values of
extracted features.

@ Cluster subjects according to their representation.
@ Identify a labeled subject (exemplar) in each class.
@ Assign the exemplar’s class to all subjects in the cluster.

~
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Affinity propagation

Classification
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Flg Ure: Affinity clustering.
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Affinity propagation

Classification

Affinity propagation

@ Message-passing-based clustering method (Fred and
Dueck:2006).

@ Input: Set of points, similarity values between the points,
and a preference value for each point.

@ Output: Set of clusters and an exemplar for each cluster.

-
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Affinity propagation

Affinity propagation

Responsibilities:

I’(i, k) — S(yiayk) - maxk’|k’7ék{a(i7 k,) + S(yiayk,)}

Availabilities:

a(i,k)<—min{0,r(k,k)+ > max{O,r(i’,k)}}
ili'g{ik}

Self-availabilities:
a(k,k) = > max{0,r(i’,k)}
i i’ £k
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Affinity propagation

Affinity propagation

Algorithm 1: Affinity propagation

1 Initialize availabilities a(i, k) to zero Vi, k

2 do {

3 Update all the responsibilities given the availabilities
4 Update all the availabilities given the responsibilities
5

Combine availabilities and responsibilities to obtain
the exemplar decisions

} until Termination criterion is met

(o2}
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Affinity propagation

Accuracy from exemplars

How to measure the clustering quality?
@ Evaluate the cluster composition.
@ The class of the cluster is determined by the exemplar.
@ Information about the exemplars is used.
@ Few number of clusters are preferred.
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Affinity propagation

Classification
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How to measure the clustering quality?

@ Total accuracy: Number of points correctly classified (e.g.,
Eace = 3+92+65+6 —0.88).

@ Expected accuracy for unlabeled points: Proportions of labeled points in the
cluster correctly classified.
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Affinity propagation

Classification

Affinity propagation and crossvalidation
@ Only labeled instances are allowed to be exemplars.
@ Remaining points are assigned the exemplar class.

@ In leave-one-out crossvalidation, only one cluster is
relevant for the classification.

Santana, Mendiburu, Lozano



Affinity propagation

Classification

Additional benefits of affinity clustering

@ Classification algorithm does not depend on the choice of
the features or file type.

@ Different similarity measures between saccades can be
combined.

@ Different criteria to assign the class to unlabeled point can
be evaluated.

@ Subgroups can be detected in patients with the same
medical condition.
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General classifier: Imputation methods

Dealing with incomplete information

Procedure

@ Create fictitious recordings for missing files.

@ Extract features from each file type.

@ Aggregate features corresponding to available and
fictitious recordings.

@ Apply classification algorithm using the aggregated
features.
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General classifier: Imputation methods

Classification

Subjects

R ———

Features

Figure: Aggregate features for patients and file types.

How to impute missing information?

@ Fictitious saccades recording is built as a random mixture of recordings from patients from the other classes
for which this data is available. The corresponding features are extracted from these fictitious recordings.

@ Information about healthy subjects could be used instead.




Results

Experiments

Results for different scenarios and tasks

e The classifier receives different information for each task, i.e. VG-derived
features for task 1, (VG+AT)-derived features for task 2, and (VG+GAP)-derived
features for task 3.

Q The classifier receives the same type of information for each task, i.e.
(VG+AT+GAP)-derived features for tasks 1), 2), and 3). When data is not
available for one of the patients it is replaced by a fictitious saccades recording.
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Results

Experiments

First scenario. Three different tasks

Best accuracy Mean accuracy
classifier /task 1 2 3 1 2 3
Affinity 0.636 | 0.871 | 0.936 | 0.469 | 0.559 | 0.899
KNN 0.394 | 0.452 | 0.872 | 0.277 | 0.362 | 0.784
SVM 0.406 | 0.452 | 0.846 | 0.370 | 0.321 | 0.778
Random Forest | 0.503 | 0.570 | 0.885 | 0.464 | 0.490 | 0.870

Table: Accuracy results of all the classifiers for the first scenario
(different information for each task).
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Results

Experiments

Second scenario. Three different tasks

Best accuracy Mean accuracy
classifier /task 1 2 3 1 2 3
Affinity 0.830 | 0.849 | 0.962 | 0.653 | 0.615 | 0.886
KNN 0.618 | 0.484 | 0.923 | 0.457 | 0.398 | 0.791
SVM 0.552 | 0.505 | 0.859 | 0.387 | 0.318 | 0.777
Random Forests | 0.752 | 0.699 | 0.936 | 0.659 | 0.595 | 0.915

Table: Accuracy results of all the classifiers for the second scenario
(same type of information for each task, missing information imputed).




Results

Experiments

Task 1: Confusion matrices

ALC ALZ OPR OPI PD SCH

ALC 58 0 0 2 0 0
ALZ 0 11 0 1 1 6
OPR 2 0 13 9 1 0
OPI 3 0 10 6 1 1

PD 8 0 0 0 3 1
SCH 5 7 0 0 3 14

Figure: First scenario.
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Results

Experiments

Task 1: Confusion matrices

ALC ALZ OPR OPI PD SCH

ALC 60 0 0 0 0 0
ALZ 0 18 0 0 0 0
OPR O 0 20 5 0 0
OPI 0 0 1 20 1 1
PD 0 0 0 0 12 0
SCH O 0 3 0 0 26

Figure: Second scenario.
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Results

Experiments
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Figure: Classification accuracies of the affinity propagation algorithm for the different
combinations of sources of information.




Conclusions and future work

Conclusions and further work

@ Combination of different representation of saccades can
help to classification.

@ Affinity propagation based classification can outperform
other supervised classification algorithms.

@ Integrating all available information from the subjects can
improve classication accuracy.

@ Extension to other areas such as human-computer
interaction, activity recognition and biometric identification.

>
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Conclusions and future work
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