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Motivation

ADHD: Attention Deficit Hyperactivity Disorder
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Comprehensive psychological experiments
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Abnormal behavior detection algorithm
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Major results

Table 4 Results of abnormal behavior detection

Method jll:?jljac} Sensitivity Specificity FPR  FNR
GRU 73.10 0.5720 0.5439 0.4561 0.1280
LSTM 76.26 0.8933 0.5894 0.4106 0.1067
BERT (ours) 80.25 0.9357 0.6258 0.3742 0.0643
BERT-eye T76.65 0.9045 0.5836 0.4164 0.0955
BERT-fac 74.95 0.83689 0.5911 0.4089 0.1311
BERT-ske 66.09 0.5970 0.3477 0.6523 0.1030
BERT-ans 74.26 0.8633 0.5837 0.4163 0.1367

FPR: false positive rate; FNR: false negative rate. The best
performance of each metric is in bold

We measured the performance of the model through various indicators.

We added two common sequential deep models as control methods: GRU
and LSTM.

We also masked information to evaluate the priority of different data: eye
attention (BERT-eye), facial expression (BERT-fac), 3D-skeleton (BERT-ske),
and the answer of executive functional tests (BERT-ans).



Conclusions and future work
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Task [ Behavior test

Stroop Test

No obvious abnomalities

WCST (Wisconsin Card Sorting Test)

Abnomal cognitive transfer ability, poor abstract summary ability, especially poor inttial concept
formation ability, poor insight in concept formation, poor cognitive transfer ability, inattention or
confused thinking

Expression Test

No obvious abnomalities

Visual assessment

Stroop Test:

04:15 - 04:36 abnormal behavior
05:20 - 05:35 abnormal behavior
05:57 - 0&:05 abnormal behavior
Wisconsin Card Sorting Test:
07:55 - DB:02 abnormal behavior
08:20 - 0837 abnormal behavior
09:42 - 0953 abnormal behavior
10:16 - 1028 abnormal behavior
Expression Test:

12:37 - 13:02 abnormal behavior
14:12 - 14:20 abnormal behavior
16:47 - 16:54 abnormal behavior
17:33 - 17:59 abnormal behavior

Assessment result
The child is not attentive, and has poor self-control

Conclusions: We have proposed
a deep learning model (BERT) to
fuse all information for the
identification of abnormally behaved
segments, with all the visual signals
needed. The entire information
system standardizes the method of
ADHD diagnosis. It provides detailed
assessment reports.

Future work: We will promote this
system to more hospitals to gather
more clinical data. We will also
develop the algorithms and the
auxiliary program to empower more
patients with the Al technology.
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