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Abstract. This paper presents an approach to predict the depression self-

rating scale of Patient Health Questions-9 (PHQ-9) values from pupil-

diameter data based on the graph attention network (GAT). The pupil 

diameter signal was derived from the eye information collected 

synchronously while the subjects were viewing the virtual reality 

emotional scene, and then the scores of PHQ-9 depression self-rating scale 

were collected for depression level. The chebyshev distance based GAT 

(Chebyshev-GAT) was constructed by extracting pupil-diameter change 

rate, emotional bandwidth, information entropy and energy, and their 

statistical distribution. The results show that, the error (MAE and SMRE)of 

the prediction results using Chebyshev-GAT is smaller then the traditional 

regression prediction model. 

1 Introduction 

Depression is one of the major mental disorders, which is characterized by affective 

disorder, and which core symptom is that emotional injury leads to low mood depression. 

Although there are currently effective treatments, early detection of depression can prevent 

it from developing into depression. 

At present, a great deal of research has been done on depression assessment methods 

based on machine learning, besides traditional machine learning methods (such as SVM) 

[1] , deep learning methods have also been done on depression assessment[2-14]. 

However, the current depression assessment methods are mainly based on video and 

audio signals from the natural interactive interviews [14-17], and lack of research on 

depression assessment methods using physiological signals. 

In this study, the change of pupil diameter induced by emotional video was used as the 

basic physiological signal, and the associated classification features, including emotional 

bandwidth, information entropy and information energy, were extracted, depression was 

assessed using graph convolutional neural network with attention. 
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2 Proposed method 

2.1 Data acquisition 

To reduce the effect of light, which changes the size of the pupil, a helmet-mounted eye 

tracker was developed by the team, the hardware acquisition device uses high definition 

CMOS camera and 850 nm infrared light source to illuminate, and real-time acquisition of 

eye images at 25 FPS to get 1280*720 pixels images. 

The acquired eye images are preprocessed (including dilation, erosion and smoothing), 

then the pupil diameter is obtained by pupil detection and pupil fitting. 

2.2 Feature construction 

In this study, the pupil diameter signal was used to calculate 14 indicators of different 

emotions, which including that: positive and negative emotional bandwidth; positive and 

negative information entropy and its change rate; positive information entropy based 

emotional bandwidth and negative information entropy based emotional bandwidth; the 

positive and negative information energy and its change rate; the positive information 

energy based emotional bandwidth and the negative information energy based emotional 

bandwidth; and the rate of positive and negative pupil diameter changes. 

Firstly, the mean value of pupil diameter (𝑇̅𝐶 , 𝑇̅𝑃 𝑎𝑛𝑑 𝑇̅𝑁), the information entropy of 

calm emotion(𝐶entropy), and the energy of calm emotion (𝐶energy) were calculated. 
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Positive (𝑃𝐵𝑊) and Negative emotional bandwidth(𝑁𝐵𝑊):  

𝑃𝐵𝑊 = 𝑇̅𝑃 − 𝑇̅𝐶, 𝑁𝐵𝑊 = 𝑇̅𝑁 − 𝑇̅𝐶                                          (3) 

Positive  entropy(𝑃entropy) and its rate of change (𝑃entropy%): 
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𝑃entropy% = (𝑃entropy − 𝐶entropy)/𝐶entropy ∗ 100                         (5) 

Positive  entropy(𝑃entropy) based emotional bandwidth (𝑃entropy−BW): 

𝑃entropy−BW = 𝑃entropy − 𝐶entropy                                         (6) 

Negative entropy(𝑁entropy) 𝑎𝑛𝑑 its rate of change (𝑁entropy%): 
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Negative entropy(𝑁entropy) based emotional bandwidth(𝑁entropy−BW): 
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𝑁entropy−BW = 𝑁entropy − 𝐶entropy                                         (9) 

Positive energy (𝑃energy) 𝑎𝑛𝑑 its rate of change(𝑃energy%): 

𝑃energy = ∑
𝑚

𝑡=1
𝑇𝑃(𝑡)2                                                   (10) 

𝑃energy% = (𝑃energy − 𝐶energy)/𝐶energy ∗ 100                               (11) 

Negative energy(𝑁energy) 𝑎𝑛𝑑 its rate of change(𝑁energy%): 

𝑁energy = ∑
𝑚

𝑡=1
𝑇𝑁(𝑡)2                                                 (12) 

𝑁energy% = (𝑁energy − 𝐶energy)/𝐶energy ∗ 100                             (13) 

The rate of positive and negative pupil diameter changes (∆𝑇𝑃%, ∆𝑇𝑁%): 

∆𝑇𝑃% =
𝑇̅𝑃 −𝑇̅𝐶

𝑇̅𝐶
∗ 100                                                  (14) 

∆𝑇𝑁% =
𝑇̅𝑁−𝑇̅𝐶

𝑇̅𝐶
∗ 100                                                  (15) 

On this basis, 9 kinds of features are extracted according to the statistical distribution, 

which are: Mean, median, upper quartile, lower quartile; deviation trend: maximum, 

minimum, Standard Deviation; distribution pattern: skewness coefficient, Kurtosis 

Coefficient. Finally, 136 features were extracted from each subject to assess the level of 

depression. 

2.3 Chebyshev-GAT 

Graph attention network (GAT) combines graph convolutional neural network (GCN) and 

attention mechanisms. When GAT aggregates node information, each neighbor node is 

assigned a different weight (attation sroce). GAT often uses multi-heads attention 

mechanism, each  head update parameters separately, then several attention head  take the 

average to get the node expression. 
In this study, there is no graph network data, and there is no explicit relationship 

between the samples. To assess depression levels with GAT, construct a graph network: 
Nodes use samples or subjects, so 217 samples make up 217 nodes of GCN. 

Chebyshev distance is used to calculate the similarity (𝑆𝑖𝑚𝑐(𝑋𝑣, 𝑋𝑤)) between nodes 𝑋𝑣 

and 𝑋𝑤: 

𝑆𝑖𝑚𝑐(𝑋𝑣, 𝑋𝑤) = lim
𝑘→∞

( ∑
𝑚

𝑖=1
|𝑥𝑣𝑖 − 𝑥𝑤𝑖|

𝑘)
1 𝑘⁄

                                (16) 

 

Fig. 1. GCN network structure. 
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When 𝑆𝑖𝑚(𝑋𝑣, 𝑋𝑤) ≥ 0.5 , the similarity between sample  𝑋𝑣 and 𝑋𝑤  is considered, 

there are edges between nodes, and when 𝑆𝑖𝑚(𝑋𝑣, 𝑋𝑤) < 0.5, there are no edges between 

sample 𝑋𝑣 and 𝑋𝑤. Chebyshev-GAT as follows: 

3 Model training strategy and prediction results 

3.1 Training strategy 

In this study, 217 samples were grouped according to the ratio of training set: verification 

set: Test set = 8:1:1, i.e. 173 in training set, 22 in verification set and 22 in test set. 

The learning rate (lr), number of hidden layers (H) and number of attention heads (A) 
of the three important hyper-parameters being tested is:lr=0.001, H=2, A=6 。 The 

regularization coefficient of L2 is 5e-4 and the number of iteration is 1000. 

The loss function is calculated using mean square error (MSE) : 

𝑀𝑆𝐸 =
1

𝑛
∑
𝑛
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2                                                (17) 

The mean absolute error (MAE) and root mean square error (RMSE) were used to 

evaluate the prediction results: 
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𝑦̂ is the predicted value of the sample label, and 𝑦𝑖 is the true value of the sample label. 

3.2 Prediction results 

Table 1 is a comparison with traditional machine learning methods. The results show that 

compared with traditional machine learning methods, the method presented in this study 

has the best performance in depression level assessment, and the model error is smaller. 

Table 1. Comparison of prediction results with traditional machine learning regression methods. 

Method MAE RMSE 

SVM-R 4.33 6.34 

KELM-R 3.92 5.89 

RF-R 3.27 4.55 

Our proposed method 2.66 3.97 

Note: SVM(support vector machines), KELM(kernel extreme learning machine), RF(random forest), R(regression) 

Table 2. Comparison with other researchs. 

Paper MAE RMSE Prediction score 

Valstar et al.[16] 6.12 6.97 PHQ-8 

Yang et al. [18](females) 3.26 3.97 PHQ-8 

Yang et al. [18]( males) 3.19 4.29 PHQ-8 

Williamson et al.[19] 5.33 6.45 PHQ-8 

Haque et al.[2] 3.67       PHQ-8 

Our proposed method 2.66 3.97 PHQ-9 
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4 Conclusion 

We have proposed graph attention network based deep learning method for small-scale data 

sets is superior to the traditional machine learning method for small-scale data sets in 

depression assessment, at the same time, compared with the existing methods based on 

behavioral data (such as expression, speech and language) , this method has achieved a 

better results. In addition, the research method has the advantages of strong pertinence, 

simple data acquisition and low calculation, which is of great practical value in mental state 

examination. 
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