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Background: Many methods have been proposed to automatically identify the presence
of mental iliness, but these have mostly focused on one specific mental illness. In some
non-professional scenarios, it would be more helpful to understand an individual’s mental
health status from all perspectives.

Methods: We recruited 100 participants. Their multi-dimensional psychological
symptoms of mental health were evaluated using the Symptom Checklist 90 (SCL-90)
and their facial movements under neutral stimulation were recorded using Microsoft
Kinect. We extracted the time-series characteristics of the key points as the input, and the
subscale scores of the SCL-90 as the output to build facial prediction models. Finally, the
convergent validity, discriminant validity, criterion validity, and the split-half reliability were
respectively assessed using a multitrait-multimethod matrix and correlation coefficients.

Results: The correlation coefficients between the predicted values and actual scores
were 0.26 and 0.42 (P < 0.01), which indicated good criterion validity. All models
except depression had high convergent validity but low discriminant validity. Results also
indicated good levels of split-half reliability for each model [from 0.516 (hostility) to 0.817
(interpersonal sensitivity)] (P < 0.001).

Conclusion: The validity and reliability of facial prediction models were confirmed for
the measurement of mental health based on the SCL-90. Our research demonstrated
that fine-grained aspects of mental health can be identified from the face, and provided
a feasible evaluation method for multi-dimensional prediction models.

Keywords: mental health, psychological symptoms, SCL-90, facial movements, machine learning, multitrait-
multimethod matrix

INTRODUCTION

Mental illnesses have a significant impact on an individual’s physical health (1), achievements
(2, 3), and life satisfaction (4). In addition to scales, behavioral recognition methods have
been developed to judge the existence (5) or degree (6, 7) of specific mental illnesses.
However, identifying an individual’s mental health status from a range of perspectives may be
more helpful in non-professional scenarios such as self-monitoring or large-scale monitoring.
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Many studies have found that the physiological and behavioral
indicators of individuals with mental illnesses differ, including
brain activity (8, 9), galvanic skin response (10), eye contact (11,
12), voice (13, 14), and facial movements (15). Moreover, people
with different mental health disorders behave differently (16, 17).
For example, patients with schizophrenia can be distinguished
from those with depression by analyzing their non-verbal
behavior during medical consultation (16). More granularly,
neural activity in response to different emotional faces can
help distinguish bipolar depression from unipolar depression.
Such differences make it possible for machine learning models
to diagnose the multi-dimensional psychological symptoms
of mental illnesses. Meanwhile, the Symptom Checklist 90
(SCL-90) (18) provides a simple way for researchers to obtain a
series of quantitative indicators to comprehensively describe an
individual’s mental health.

Of all the non-verbal cues related to mental health, facial
expressions are relatively stable (19) and easy to obtain.
Consequently, we used facial prediction models based on SCL-90
to assess the psychological symptoms of mental illnesses. Given
that this is a multi-dimensional research, one model should
predict the same symptomatic dimension as assessed by the
corresponding subscale, meaning that the depression model and
the depression subscale should measure the same thing. Existing
model evaluation methods, such as accuracy or mean square
error, cannot evaluate such convergent validity. Therefore, we
applied the assessment method of scales to machine learning
models. The development and application of scales are typically
accompanied by tests of reliability and validity. Researchers use
the correlation between the scores of a certain scale with those of
other scales to evaluate the criterion validity, convergent validity,
and discriminant validity, and use the correlation between the
scores of the two half items in the scale to evaluate the reliability
(20, 21). Similarly, we used the correlation between the predicted
scores from models and actual scores from scales to calculate
validity, and used the correlation between predicted scores
from models based on the two halves of the facial data to
test reliability.

In summary, we obtained facial movements and SCL-90
scores, built facial prediction models to identify psychological
symptoms, and calculated reliability and validity by way of
evaluation. The results showed that our method has fair reliability
and validity, and revealed the possibility for machine learning

models to recognize more detailed aspects of mental health
status, not just at the disease level.

MATERIALS AND METHODS

Participants

We recruited participants at a large event in Wuhan in July
2019, most of whom were coach drivers. The exclusion criteria
for this study included: (1) participants whose scale scores were
all minimum or maximum; (2) participants whose facial data
recorded by Kinect were <700 frames. After balancing gender
and normalizing the SCL-90 score distribution, 100 participants
were included in the final analysis, including 60 males and
40 females.

Instruments

Demographic information. Basic demographic information such
as the gender, age, number of children, education level, and
marital status of each participant was obtained.

Symptom check list. The SCL-90 (18) is a 90-item self-report
scale with responses made on a 5-point Likert scale. It was first
used in China in 1984 (22). The SCL-90 assesses mental health
status over the past seven days, using 10 subscales reflecting
10 physical and psychological symptoms. Since the SCL-90
assesses a wide range of psychiatric features and can measure
multiple physical and psychological symptoms, it has been widely
used in the mental health assessment of various groups (23).
Due to the limited data collection time available, we chose the
six symptomatic dimensions of the SCL-90 which contribute
most to people’s mental status (24-29), and are also known to
affect the non-verbal expression of individuals (30-34). Those
dimensions were: interpersonal sensitivity, depression, anxiety,
hostility, phobic anxiety, and psychoticism. A brief descriptive
summary of each of the six symptoms is provided in Table 1 (35).
It is generally believed that when the factor scores of the SCL-90
are >=2, the individual suffers from negative mental health
symptoms (factor score = subscale score/number of items). As
a result, the threshold of the total score of six symptomatic
dimensions was equal to 110 points in this study.

Kinect. Kinect is a low cost, convenient, and reliable depth
sensor with an RGB image camera developed by Microsoft.
Unlike traditional planar image characteristics, Kinect can record
the movement of facial key points in 3D space (36). Therefore,

TABLE 1 | Details of the six dimensions of SCL-90 used in this study.

Dimension Number of items Score interval Dimension description

Interpersonal sensitivity 9 9-45 This scale assesses feelings of insufficient personal abilities and negative expectations of
interpersonal interactions.

Depression 13 13-65 This scale assesses a depressed mood, loss of motivation, and suicidal tendency.

Anxiety 10 10-50 This scale reflects symptoms and behaviors related to anxiety.

Hostility 6 6-30 This dimension includes thoughts or behaviors of an emotional state of anger.

Phobic anxiety 7 7-35 This scale refers to persistent anxiety about a specific person, place, object, or sitting posture.

Psychoticism 10 10-50 This dimension provides a graduate rank from mild interpersonal alienation to serious mental

illness.

Frontiers in Psychiatry | www.frontiersin.org

December 2020 | Volume 11 | Article 607890


https://www.frontiersin.org/journals/psychiatry
https://www.frontiersin.org
https://www.frontiersin.org/journals/psychiatry#articles

Wang et al.

Facial Expressions of Psychological Symptoms

FIGURE 1 | The participant’s facial movements were recorded by Kinect. (A) The positions of the 36 facial key points on faces. (B) A Kinect camera recorded the
facial movements of participants when they were reading a neutral text. (C) Time-series characteristics were extracted to discover the difference in facial movements
between individuals with mental ilnesses and those who were healthy. The face image was virtualized.
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comprehensive information about facial movements can be
extracted. In this study, Kinect was purchased and Kinect for
Windows SDK v2.0 was installed to record the 3D coordinates
of key points on the face. Kinect can recognize 1,347 key
points on the face, and key points near the facial features
were considered to be the most closely related to mental
illnesses such as depression (37). On this basis, we selected
the points near the facial features and the center points of
other parts as the key points for identifying mental health
symptoms, which totaled 36. The positions on the face are shown
in Figure 1A.

Procedure

Data collection. Participants were first asked to complete the
demographic information questionnaire and the six subscales of
the SCL-90. Then they read a neutral text introducing the Macro
Polo bridge, during which Kinect was used to record their facial
key point locations over approximately 30s. The frame rate of
Kinect is 30 HZ, the resolution of the captured image is 1,920
x 1,080 in color and 512 x 424 in depth (38). The distance
between Kinect and the participant’s seat was controlled to be
1.5m to exclude the influence of distance on the intensity of
facial movements. Meanwhile, we asked the participants to stay
as still as possible in the instruction. The data collection for facial
movements (as shown in Figure 1B), demographic information,
and the SCL-90 were conducted according to the process shown
in Figure 2.

Data preprocessing. After data collection, the scores of the
subscales in the SCL-90 were calculated. For each participant’s
facial key point coordinate data, data preprocessing was
conducted to eliminate the influence of noise. First, for each
frame, we translated the origin of the key point coordinates to
the position of key point 0 to balance the influence of the head
movements. Then, for each frame, the average coordinates of the
current frame, the previous frame, and the next frame were used
as the coordinates of the current frame to balance the influence of
noise. Next, we intercepted the data from the 100th frame to the
700th frame to eliminate the preparation time before and after
reading (as seen in Figure 3A), which was approximately 20s.

Finally, we conducted a subtraction between the adjacent data in
the time-series to obtain the coordinate changes. We named the
100th to 700th frames “whole” data, and the odd 300 frames and
even 300 frames in the 600 frames “split-half” data.

Feature extraction. So that facial movements could be
expressed as changes in the coordinates of key points, time-series
characteristics were used to describe the movements of each
key point in 3D space over time. The present study used
30 time-series characteristics as features to extract the motion
information of facial key points across the entire time series. The
names, types, and meanings of these 30 time-series characteristics
are shown in Table 2. After feature extraction, we created a
feature file, with each row for a participant and each column
for a feature. Therefore, the feature file had 3D x 36 key
points x 30 time-series characteristics = 3,240 columns. For
example, a participant with mental illnesses had 108 (3 * 36)
average values for the coordinate changes like the blue line in
Figure 1C, while a healthy participant had 108 average values
for the coordinate changes like the orange line in Figure 1C.
As we can see in Figure 1C, some time-series characteristics can
distinguish between individuals with mental illnesses and healthy
individuals very well. Regardless of “whole” data or “split-half”
data, the same features were extracted.

Feature selection. After extracting 3,240 features for each
participant, supervised feature extraction was used to select
features that were “important” for each model, which were also
features related to the subscale scores. F-values were calculated
between each feature value for “whole” data and each dimension
score. Finally, we selected the 50 features with the largest F-value
for each model. The points that changed the most with the scores
for each subscale are shown in Figure 4. It can be seen that the
left side of the face expresses more information about mental
health status than the right in most symptomatic dimensions of
the SCL-90. The rules for selecting features were saved and used
in the “split-half” data. After that, all features were standardized
to ensure that the contribution of features to models was not
affected by range and distribution.

Model training. Based on prior knowledge provided by other
studies, the range of nonverbal activities is mostly linear with
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FIGURE 2 | Data collection process.

the degree of mental health (14), so the linear regression model
was selected. Because too many features may lead to overfitting,
we used L1 regularization to simplify the model. The least
absolute shrinkage and selection operator (LASSO) (39) is an
optimized technique in linear regression models which uses
the L;-norm penalty. Equation 1 is a general representation
of the objective function of LASSO regression, in which y
represents the outcomes and x represents the features, N
and p are the numbers of samples and variables, and A and
B are the adjustment parameters and regression coefficients.
Compared with traditional linear regression models, LASSO
regression can enhance the generalization ability of models (40).
In this study, LASSO regressions were used to fit the linear
relationship between features and subscale scores, and five-fold

cross-validation was used to adjust model parameters. After
cross-validation, all samples were predicted once as test sets,
and the results were saved as predicted values. Similarly, we first
used the “whole” data to build the models for each symptomatic
dimension and then applied the models to the “split-half” data.
The overall process is shown in Figure 3. Finally, we obtained
three sets of predicted values with a number of 100 based on the
“whole” data and “split-half” data.

N
Z Vi= 2 xij Bj

i=1 j

2
p
+2.) 1B (1)
j=1
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FIGURE 3 | The process of data preprocessing, feature extraction, feature selection, and model building. (A) Represents the facial changes in the sequence over a

period of time; (B) shows the process of data preprocessing and feature extraction; (C) shows the process of feature selection and model training.

Statistical Analysis

For descriptive analyses of the quantitative variables, the mean
and standard deviation values were calculated. Because of the
large sample size and approximate normality distribution, a ¢-test
was used to examine the differences in age and the SCL-90
scores between the mentally ill group and the healthy group.
For analyses of the qualitative variables, the frequencies were
used and chi-square tests were carried out to test differences in

marital status, number of children, education level, and gender
between the mentally ill group and healthy group. Predicted
scores using “whole” data were defined as the predicted values
for this method. The predicted scores of the “split-half” data
were used as the “split-half” scores. The split-half reliability for
each model was assessed with correlation coefficients between the
“split-half” scores. Multitrait-multimethod matrix analysis and
criterion validity analysis were conducted to test validity.
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TABLE 2 | The names, data types, and meanings of the time-series
characteristics used in this study.

Name Type Meaning

Maximum Float The highest value of x

Minimum Float The lowest value of x

Mean Float The mean value of x

Variance Float The variance value of x

Std Float The standard deviation of x

Skewness Float The sample skewness of x

Kurtosis Float The kurtosis of x

Median Float The median of x

Absolute Float The sum over the squared values of x

energy

Absolute sum Float The sum over the absolute value of consecutive
of changes changes in x

Variance Bool If variance is greater than std

larger than

std

Count above Float The number of values in x that are higher than then
mean mean of X

Count below Float The number of values in x that are lower than then
mean mean of x

First location Float The first location of the maximum value of x

of maximum

Last location Float The relative last location of the maximum value of x
of maximum

First location Float The first location of the minimum value of x

of minimum

Last location Float The relative last location of the minimum value of x
of minimum

Duplicated Bool If any value in x occurs more than once

Max Bool If the maximum value of x is observed more than
duplicated once

Min Bool If the minimum value of x is observed more than
duplicated once

Longest strike Float
above mean

The longest consecutive subsequence in x that is
bigger than the mean of x

Longest strike Float The longest consecutive subsequence in x that is

below mean smaller than the mean of x

Mean Float The mean over the absolute differences between
absolute values in x

change

Mean change Float The mean over the differences between values in x

Percentage of Float The percentage of unique values that are present in

reoccurring x more than once

datapoints

Ratio value Float The percentage of unique values that are present in
number x only once in all values

Sum of Float The sum of all data points, that are present in x
reoccurring more than once

datapoints

Sum of Float The sum of all values, that are present in x more
reoccurring than once

datapoints

Sum values Float The sum of all values

Range Float The range value of x

X represents the time-series; std, standard deviation.

TABLE 3 | Distribution of demographic information and SCL-90 scale scores.

Total Healthy people Mentally P-value
(total score < ill people
110) (total score
>=110)

Sample size 100 88 12
Age 40.23 (7.582) 40.51 (7.58) 38.17 (7.66) 0.731
Sex (male) 60 49 ih 0.017*
Sex (female) 40 39 1
Marriage (yes) 87 77 10 0.708
Children (yes) 82 72 10 0.932
Higher 57 52 5 0.253
education (yes)
SCL-90 88.13 (24.03) 82.28 (13.91) 131(37.24)  0.001**
Interpersonal 16.03 (4.72) 15.08 (3.52) 23 (6.47) 0.000***
sensitivity
Depression 22.02 (6.558) 20.40 (4.01) 33.92 (9.199) 0.000***
Anxiety 15.19 (4.59) 14.25 (3.00) 22.08 (7.70).  0.000***
Hostility 9.96 (3.45) 9.24 (2.51) 15.25 (4.73)  0.001***
Phobic anxiety 9.24 (2.98) 8.65 (1.90) 13.568 (5.28)  0.008**
Psychoticism 15.69 (4.68) 14.67 (3.01) 2317 (7.47)  0.002**

Continuous data are expressed as mean (standard deviation); discrete data are expressed
as number. *P < 0.05,”"P < 0.01,"*P < 0.001.

RESULTS

Demographic Information

The demographic information of individuals was collected in this
study. Participants in this study were middle-aged people with an
average age of 40 years, they were mostly married (87%), and had
children (82%). The proportion of participants who had received
higher education was 57%.

SCL-90 Score

The average value of the total scores of the SCL-90 was 88.13,
and the standard deviation value was 24.03. Participants were
divided into a “healthy group” (n = 88) and a “mentally ill
group” (n = 12) based on the aforementioned threshold score
of 110 points. Although the numbers of healthy subjects and
mentally ill subjects are uneven, the data distributions of the
total scores and the subscales scores are close to the normal
distribution, which has less influence on the regression models.
The demographic information was not distinguished between the
two groups, except for gender. The scores of the six subscales
were significantly different in the two groups, which was in line
with expectations (see Table 3).

Split-Half Reliability

In this study, the original “whole” data was divided into
two parts based on the parity of frames. And the Pearson
correlation coeflicient between the predicted values of the
two split-half data was calculated as an indicator of split-
half reliability. The split-half reliability of the six facial
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anxiety; (F) psychoticism. The face images were virtualized.
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FIGURE 4 | The key points that changed the most with the scale scores in each symptomatic dimension. Key points with at least one time-series characteristic
included in the 50 features are marked in blue, and others are marked in yellow. (A) Interpersonal sensitivity; (B) depression; (C) anxiety; (D) hostility; (E) phobic

prediction models is shown in Table4, all reaching the
significance level.

Convergent Validity and Discriminant
Validity

This study used a multitrait-multimethod matrix to explore
the structural validity of facial prediction models. Six traits
were involved in the multitrait-multimethod matrix, which were
interpersonal sensitivity, depression, anxiety, hostility, phobic
anxiety, and psychoticism; and two methods were involved,
including the SCL-90 subscales and facial prediction models.
Pearson correlation coefficients were calculated among the
predicted values and the SCL-90 scores, and Table 5 presents the
zero-order correlation matrix between variables. In Table 5, the
bold numbers on the diagonal represent the correlations between
different methods measuring the same trait, the numbers in
the triangles represent the correlations between different traits
measured by the same method, and the numbers in the
yellow area represent the correlations between different methods
measuring different traits. The results indicated that the bold
numbers were significantly larger than the data in the yellow area
in the same column, except for the depression dimension, which
meant that our models had good convergent validity. However,

the bold numbers were not all greater than the corresponding
values in the triangles, which meant the discriminant validity of
our models was not as good.

Criterion Validity

The actual scores of each subscale were used as the effective
standard, and the Pearson correlation coefficients between the
predicted values of the “whole” data and the actual scores of
the corresponding subscales were calculated, so as to conduct
the analysis of criterion validity (as shown in Table 4). The
results showed that the correlation coefficients had reached a
significant level, which meant the models established had high
criterion validity.

DISCUSSION

The present study tested the prediction of psychological
symptoms based on facial movements. We collected SCL-
90 scale scores as the output, and extracted the time-series
characteristics of facial key points as the input, then built
facial prediction models for each symptomatic dimension.
Finally, we tested the stability and availability of the models by
calculating the split-half reliability, criterion validity, convergent
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validity, and discriminant validity. The results indicated that
the facial prediction models proposed have good split-half
reliability, criterion validity, and convergent validity, although
the discriminant validity is lower.

Consistent with previous research on emotion-induced
situations (41, 42), the high criterion validity suggests that
under neutral conditions, facial movements can also be used
to distinguish patients with mental illness from those who are
healthy, especially the facial movements on the left side of the
face. This finding is in line with previous studies that found
that individuals with some mental illnesses have fewer facial
movements than healthy people due to alexithymia (43, 44). An
alternative explanation would be that compared with healthy
people, people with poorer mental health status are more likely to
produce (45) and express (46) negative emotions under neutral
stimulation. Although each model had significant criterion
validity, it is noteworthy that the depression model and anxiety
model had lower criterion validity than the other symptomatic
dimensions. Based on previous studies, we speculate that this is
because comorbidity with anxiety or depression is common in
people with other symptoms (47, 48). Individuals with depression

TABLE 4 | Split-half reliability and criterion validity of each dimension.

Dimensions R4 R>
Interpersonal sensitivity 0.817** 0.377*
Depression 0.755*** 0.261*
Anxiety 0.551** 0.307**
Hostility 0.516*** 0.423***
Phobic anxiety 0.674** 0.351**
Psychoticism 0.608*** 0.376"*

R4, the Pearson correlation coefficients between the predicted values of odd frames data
and the predicted values of even frames data. R, the Pearson correlation coefficients
between the predicted values of the “whole” data and the actual score of the dimension
scale. “*P < 0.01; **P < 0.001.

and anxiety may have different subtypes, which leads to different
facial movements and results in slightly lower criterion validity.
Relevant studies have also pointed out that there are differences
in the performance of individuals with multiple symptoms and
those with only depression or anxiety (49, 50). One possible
explanation for the finding that the left side of the face is more
capable of expressing mental health status is that mental illness,
such as depression and autism, are mainly dominated by the right
hemisphere of the brain (51).

There was also fairly high convergent validity for most
models except depression. Specifically, for the interpersonal
sensitivity dimension, anxiety dimension, hostility dimension,
phobic anxiety dimension, and psychoticism dimension, the
correlations between different methods measuring the same traits
were higher than all the correlations between different methods
measuring different traits, which meant the two methods were
measuring the same traits, consistent with our expectations.
However, in the depression dimension, we did not find a higher
correlation between different methods measuring the same trait,
which indicates that the depression dimension may not have
a specific facial expression that can be identified, and this is
probably related to the complex comorbidity between depression
and other negative psychological symptoms (47, 52, 53). Studies
have suggested that different types of negative mental health
status have different facial movements (54, 55) and the facial
expressions associated with mental illness are also different from
physical illness (56, 57). Our study suggests the possibility that
different psychological symptoms of mental illnesses may have
different facial movements that can correspond to the SCL-90
scores, which are detailed and granular. Future study is needed
to explore the unique expression of each symptomatic dimension
and the underlying neurological mechanisms. In addition, it is
understandable that the discriminant validity is low, considering
the high correlation (0.3-0.8) between the scores of the various
subscales in the SCL-90 (58), and the high correlation (0.2-0.7)
between the values of models which are based on scale scores.

TABLE 5 | Convergent validity and discriminant validity of each dimension.

Facial prediction models SCI-90
INT, DEP, ANX4 HOS, PHO4 PSY; INT2 DEP» ANX> HOS, PHO, PSY,

Facial prediction models INT

DEP; 0.74

ANX4 0.42 0.44

HOS4 0.39 0.27 0.29

PHO 0.48 0.49 0.43 0.23

PSY; 0.49 0.48 0.50 0.16 0.27
SCL-90 INT2 0.38 0.29 0.25 0.20 0.19 0.34

DEP, 0.35 0.26 0.22 0.29 0.18 0.32 0.73

ANXo 0.27 0.21 0.31 0.23 0.22 0.27 0.75 0.81

HOS, 0.23 0.14 0.16 0.42 0.08 0.21 0.64 0.77 0.71

PHO» 0.26 0.18 0.24 0.18 0.35 0.16 0.64 0.74 0.74 0.63

PSY, 0.33 0.28 0.25 0.23 0.26 0.38 0.82 0.82 0.84 0.68 0.72

The Pearson correlation coefficients between the predicted values of each model and the actual scores of each scale. INT, interpersonal sensitivity; DEF, depression; ANX, anxiety; HOS,
hostility; PHO, phobic anxiety; PSY, psychoticism; 1, predicted values by facial prediction models; 2, actual scores by the SCL-90.
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In terms of reliability, results indicate good levels of split-
half reliability for all the models (from 0.52 to 0.82), which
are consistent with the subscale consistency (from 0.50 to 0.90)
(59-61) in previous studies examining the SCL-90. The credible
split-half reliability suggests that the time-series characteristics
we extracted can represent stable personal traits to some extent,
rather than random factors. One previous study has explored the
stability within individuals and differences between individuals
in facial expressions (62). Such differences may relate to mental
health status and other individual characteristics, and such
stability may be the reason why the machine learning models
have good reliability.

Our study indicates that the facial prediction models based
on the SCL-90 have good split-half reliability, criterion validity,
and convergent validity. As per the literature explored and to
the knowledge of the authors, we are the first to measure the
reliability and validity of machine learning models. In multi-
dimensional studies, measuring the reliability and validity of
machine learning models is conducive to ensuring one model
can truly discover the pattern of the corresponding symptomatic
dimension, which cannot be achieved by previous machine
learning evaluation methods.

Our research also provides a feasible method for evaluating
the performance of multi-trait machine learning models. The
multi-dimensional psychological symptoms of mental health
were predicted separately in this study, and most models had
satisfactory convergent validity, which presents the possibility
of predicting more detailed aspects of mental health through
the assessment of facial movements. Furthermore, we tracked
the facial movements of participants under neutral stimulation,
which is close to the facial state of people during normal
communication. Although the current facial prediction models
cannot replace scales, existing research could be combined
with monitoring technology to achieve large-scale and non-
invasive mental health monitoring for appropriate occupations
in practical applications.

This study also has some limitations. First, the selection of the
machine learning algorithm should ensure that it can match the
corresponding dataset. Selecting deep learning algorithms may
slightly improve the results, but this is not the focus of this paper.
Future studies based on different datasets would be needed to
compare the performance of different machine learning models.
In addition to regression models, classification prediction models
are also of practical significance, as long as the data are balanced.
Second, considering the purpose of the research, we used the
SCL-90, of which the correlation among the subscales was very
high. This results in low discriminant validity. Further work
should take into account the comorbidity between symptoms and
strive to obtain a unique facial expression for each symptom.
Third, as the participants in this study were conveniently sampled
at a large-scale event, although age and gender were balanced,
the specific occupation of the participants may also cause
some sampling bias. Moreover, due to limited time, the three
symptoms of somatization, compulsion, and paranoia were not
measured, and those symptoms could be explored in further
studies. A further limitation may be the influence of participants’

knowledge background in self-reporting methods. However, in
our data acquisition and application scenarios, self-reporting was
the most appropriate method. Future research can try to use the
diagnosis of psychiatrists as the annotation data of prediction
models. Finally, the criterion validity of the depression and
anxiety models was lower compared with other models. Future
research can try different data collection scenarios and feature
extraction methods to better predict the psychological symptoms
with many subtypes.

CONCLUSION

We proposed facial prediction models based on the SCL-90
and demonstrated that the measurement has high reliability
and satisfactory validity. Furthermore, this study demonstrated
that facial movements can distinguish multi-dimensional
psychological symptoms, and provides a feasible method to
evaluate the performance of multi-trait machine learning models.

DATA AVAILABILITY STATEMENT

The datasets generated for this article are not readily available
because the raw data cannot be made public, if necessary, feature
data can be provided. Requests to access the datasets should be
directed to liuxiaogian@psych.ac.cn.

ETHICS STATEMENT

The studies involving human participants were reviewed and
approved by the scientific research ethics committee of the
Chinese Academy of Sciences Institute of Psychology (H15010).
The patients/participants provided their written informed
consent to participate in this study. Written informed consent
was obtained from the individual(s) for the publication of any
potentially identifiable images or data included in this article.

AUTHOR CONTRIBUTIONS

TZ contributed to the conception and design of the study. XL
collected the data and developed the instrument. BL provided
guidance for data preprocessing and model establishment. MZ
provided guidance for the reliability and validity testing plan.
YW performed the statistical analysis. XW trained the facial
prediction models and wrote the manuscript with input from all
authors. All authors contributed to the article and approved the
submitted version.

FUNDING

This research was funded by the Key Research Program of the
Chinese Academy of Sciences (No. ZDRW-XH-2019-4).

ACKNOWLEDGMENTS

The authors wish to thank all participants for their participation
in this study.

Frontiers in Psychiatry | www.frontiersin.org

December 2020 | Volume 11 | Article 607890


mailto:liuxiaoqian@psych.ac.cn
https://www.frontiersin.org/journals/psychiatry
https://www.frontiersin.org
https://www.frontiersin.org/journals/psychiatry#articles

Wang et al.

Facial Expressions of Psychological Symptoms

REFERENCES

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

. Ohrnberger ], Fichera E, Sutton M. The relationship between physical

and mental health: a mediation analysis. Soc Sci Med. (2017) 195:42-9.
doi: 10.1016/j.socscimed.2017.11.008

. Marques SC, Pais-Ribeiro JL, Lopez S]. The role of positive psychology

constructs in predicting mental health and academic achievement in children
and adolescents: a two-year longitudinal study. ] Happiness Stud. (2011)
12:1049-62. doi: 10.1007/s10902-010-9244-4

. Simonton DK, Song AV. Eminence, IQ, Physical and mental health, and

achievement domain: Cox’s 282 geniuses revisited. Psychol Sci. (2009)
20:429-34. doi: 10.1111/j.1467-9280.2009.02313.x

. Fergusson DM, McLeod GFH, Horwood LJ, Swain NR, Chapple S, Poulton

R. Life satisfaction and mental health problems (18 to 35 years). Psychol Med.
(2015) 45:2427-36. doi: 10.1017/S0033291715000422

. Hong Q-B, Wu C-H, Su M-H, Huang K-Y. Exploring macroscopic fluctuation

of facial expression for mood disorder classification. In: 2018 First Asian
Conference on Affective Computing and Intelligent Interaction. IEEE: Beijing
(2018). doi: 10.1109/ACIIAsia.2018.8470337

. de Melo WC, Granger E, Hadid A, IEEE. Depression detection based on

deep distribution learning. In: 2019 IEEE International Conference on Image
Processing. IEEE: Taipei (2019). p. 4544-8. doi: 10.1109/ICIP.2019.8803467

. Zhou X, Huang P, Liu H, Niu S. Learning content-adaptive feature pooling

for facial depression recognition in videos. Electron Lett. (2019) 55:648-50.
doi: 10.1049/el.2019.0443

. Drevets WC, Price JL, Furey ML. Brain structural and
functional ~abnormalities in mood disorders: implications for
neurocircuitry models of depression. Brain Struct Funct. (2008)

213:93-118. doi: 10.1007/s00429-008-0189-x

. Tian L, Jiang T, Liang M, Zang Y, He Y, Sui M, et al. Enhanced resting-

state brain activities in ADHD patients: a fMRI study. Brain Dev. (2008)
30:342-8. doi: 10.1016/j.braindev.2007.10.005

Froese AP, Cassem NH, Hackett TP, Silverberg EL. Galvanic skin potential as
a predictor of mental status, anxiety, depression and denial in acute coronary
patients. ] Psychosom Res. (1975) 19:1-9. doi: 10.1016/0022-3999(75)90044-6
Crawford TJ, Higham S, Renvoize T, Patel ], Dale M, Suriya A,
et al. Inhibitory control of saccadic eye movements and cognitive
impairment in Alzheimer’s disease. Biol Psychiatry. (2005) 57:1052-60.
doi: 10.1016/j.biopsych.2005.01.017

Hinchliffe MK, Lancashire M, Roberts FJ. Study of eye contact in
depressed and recovered patients. Br ] Psychiatry. (1971) 119:213-5.
doi: 10.1192/bjp.119.549.213

Kliper R, Portuguese S, Weinshall D. Prosodic analysis of speech and the
underlying mental state. In: Serino S, Matic A, Giakoumis D, Lopez G,
Cipresso P, editors. Pervasive Computing Paradigms for Mental Health. Milan;
Cham: Springer (2016). p. 52-62. doi: 10.1007/978-3-319-32270-4_6

Mundt JC, Snyder PJ, Cannizzaro MS, Chappie K, Geralts DS. Voice
acoustic measures of depression severity and treatment response collected
via interactive voice response (IVR) technology. | Neurolinguistics. (2007)
20:50-64. doi: 10.1016/j.jneuroling.2006.04.001

Carmines EG, Zeller RA. Reliability and validity assessment. Beverly Hills
Calif. (1979) 33:775-80. doi: 10.4135/9781412985642

Dimic S, Wildgrube C, Mccabe R, Hassan I, Barnes TRE, Priebe S. Non-
verbal behaviour of patients with schizophrenia in medical consultations-a
comparison with depressed patients and association with symptom levels.
Psychopathology. (2010) 43:216-22. doi: 10.1159/000313519

Low DM, Bentley KH, Ghosh SS. Automated assessment of psychiatric
disorders wusing speech: a systematic review. Laryngoscope Investig
Otolaryngol. (2020) 5:96-116. doi: 10.1002/li02.354

Derogatis LR, Lipman RS, Covi L. SCL-90: an outpatient psychiatric rating
scale-preliminary report. Psychopharmacol Bull. (1973) 9:13-28.

Harrigan JA, Wilson K, Rosenthal R. Detecting state and trait anxiety from
auditory and visual cues: a meta-analysis. Pers Soc Psychol Bull. (2004)
30:56-66. doi: 10.1177/0146167203258844

Vallejo MA, Jordan CM, Diaz MI, Comeche MI, Ortega J. Psychological
assessment via the Internet: a reliability and validity study of online (vs paper-
and-pencil) versions of the General Health Questionnaire-28 (GHQ-28) and

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

the Symptoms Check-List-90-Revised (SCL-90-R). ] Med Internet Res. (2007)
9:538. doi: 10.2196/jmir.9.1.e2

Zheng YP, Zhao JP, Phillips M, Liu JB, Cai MF, Sun SQ, et al. Validity and
reliability of the Chinese Hamilton depression rating-scale. Br ] Psychiatry.
(1988) 152:660-4. doi: 10.1192/bjp.152.5.660

Zhengyu W. The symptom checklist 90 (SCL-90). Shanghai Arch Psychiatry.
(1984) 2:68-70.

Wang J. Problems in application of SCL-90 in China. Chin Mental Health J.
(2004) 18:51-2.

Bandelow B, Lichte T, Rudolf S, Jérg Wiltink, Beutel ME. The diagnosis of and
treatment recommendations for anxiety disorders. Deutsches Arzteblatt Int.
(2014) 111:473-80. doi: 10.3238/arztebl.2014.0473

Bierman AS, Ellis BH, Drachman D. Depressed mood and mental health
among elderly Medicare managed care enrollees. Health Care Financ Rev.
(2006) 27:123-36. Available online at: https://europepmc.org/article/med/
17290662

Erdner A, Magnusson A, Nystrom M, Lutzen K. Social and existential
alienation experienced by people with long-term mental illness. Scand ] Caring
Ences. (2010) 19:373-80. doi: 10.1111/j.1471-6712.2005.00364.x

Farina A, Ring K. The influence of perceived mental illness on interpersonal
relations. ] Abnorm Psychol. (1965) 70:47-51. doi: 10.1037/h0021637

Iliffe S. The role of the GP in managing mental illness in later life. Psychiatry-
Int Biol Proc. (2008) 4:85-8. doi: 10.1383/psyt.4.2.85.59104
Madathumkovilakath NB, Kizhakkeppattu S, Thekekunnath S, Kazhungil
F. Coping strategies of caregivers towards aggressive behaviors
of persons with severe mental illness. Asian ] Psychiatry. (2018)
35:29-33. doi: 10.1016/j.ajp.2018.04.032

Duijndam S, Kupper N, Denollet ], Karreman A. Social inhibition and
approach-avoidance tendencies towards facial expressions. Acta Psychologica.
(2020) 209:103-41. doi: 10.1016/j.actpsy.2020.103141

Waxer P. Nonverbal cues for depression. | Abnorm Psychol. (2020)
209:103-41. doi: 10.1037/h0036706

Bruene M, Sonntag C, Abdel-Hamid M, Lehmkaemper C, Juckel G,
Troisi A. Nonverbal behavior during standardized interviews in patients
with schizophrenia spectrum disorders. ] Nerv Ment Dis. (2008) 196:282-
8. doi: 10.1097/NMD.0b013e31816a4922

Cunningham CE, McHolm AE, Boyle MH. Social phobia, anxiety,
oppositional behavior, social skills, and self-concept in children with specific
selective mutism, generalized selective mutism, and community controls. Eur
Child Adolesc Psychiatry. (2006) 15:245-55. doi: 10.1007/s00787-006-0529-4
Newton DA, Burgoon JK. Nonverbal Conflict Behaviors: Functions, Strategies,
and Tactics. New York, NY: Taylor & Francis Group (1990).

Derogatis LR, Cleary PA. Factorial invariance across gender for primary
symptom dimensions of SCL-90. Br ] Soc Clin Psychol. (1977) 16:347-
56. doi: 10.1111/j.2044-8260.1977.tb00241.x

Wang Y, Liu Y, Assoc Comp M. Research on facial expression
recognition based on kinect. In: Proceedings of 2017 Vi International
Conference on Network, Communication and Computing. (2017).
p- 29-33doi: 10.1145/3171592.3171639

Wang Q, Yang H, Yu Y. Facial expression video analysis for depression
detection in Chinese patients. J Visual Commun Image Represent. (2018)
57:228-33. doi: 10.1016/j.jvcir.2018.11.003

Roland Smeenk. Kinect V1 and Kinect V2 Fields of View Compared. (2014).
Available online at: https://smeenk.com/kinect-field- of-view- comparison
(accessed November 15, 2020).

Tibshirani R. Regression shrinkage and selection via the lasso. J R Stat Soc.
(1996) 58:267-88. doi: 10.1111/j.2517-6161.1996.tb02080.x

Xu H, Caramanis C, Mannor S. Sparse algorithms are not stable: a no-
free-lunch theorem. IEEE Trans Pattern Anal Mach Intell. (2012) 34:187-93.
doi: 10.1109/TPAMI.2011.177

Barzilay R, Israel N, Krivoy A, Sagy R, Kamhi-Nesher S, Loebstein O, et al.
Predicting affect classification in mental status examination using machine
learning face action recognition system: a pilot study in schizophrenia
patients. Front Psychiatry. (2019) 10:288. doi: 10.3389/fpsyt.2019.00288
Schwartz GE, Fair PL, Salt P, Mandel MR, Klerman GL. Facial expression
and imagery in depression - electromyographic study. Psychosom Med. (1976)
38:337-47. doi: 10.1097/00006842-197609000-00006

Frontiers in Psychiatry | www.frontiersin.org

December 2020 | Volume 11 | Article 607890


https://doi.org/10.1016/j.socscimed.2017.11.008
https://doi.org/10.1007/s10902-010-9244-4
https://doi.org/10.1111/j.1467-9280.2009.02313.x
https://doi.org/10.1017/S0033291715000422
https://doi.org/10.1109/ACIIAsia.2018.8470337
https://doi.org/10.1109/ICIP.2019.8803467
https://doi.org/10.1049/el.2019.0443
https://doi.org/10.1007/s00429-008-0189-x
https://doi.org/10.1016/j.braindev.2007.10.005
https://doi.org/10.1016/0022-3999(75)90044-6
https://doi.org/10.1016/j.biopsych.2005.01.017
https://doi.org/10.1192/bjp.119.549.213
https://doi.org/10.1007/978-3-319-32270-4_6
https://doi.org/10.1016/j.jneuroling.2006.04.001
https://doi.org/10.4135/9781412985642
https://doi.org/10.1159/000313519
https://doi.org/10.1002/lio2.354
https://doi.org/10.1177/0146167203258844
https://doi.org/10.2196/jmir.9.1.e2
https://doi.org/10.1192/bjp.152.5.660
https://doi.org/10.3238/arztebl.2014.0473
https://europepmc.org/article/med/17290662
https://europepmc.org/article/med/17290662
https://doi.org/10.1111/j.1471-6712.2005.00364.x
https://doi.org/10.1037/h0021637
https://doi.org/10.1383/psyt.4.2.85.59104
https://doi.org/10.1016/j.ajp.2018.04.032
https://doi.org/10.1016/j.actpsy.2020.103141
https://doi.org/10.1037/h0036706
https://doi.org/10.1097/NMD.0b013e31816a4922
https://doi.org/10.1007/s00787-006-0529-4
https://doi.org/10.1111/j.2044-8260.1977.tb00241.x
https://doi.org/10.1145/3171592.3171639
https://doi.org/10.1016/j.jvcir.2018.11.003
https://smeenk.com/kinect-field-of-view-comparison
https://doi.org/10.1111/j.2517-6161.1996.tb02080.x
https://doi.org/10.1109/TPAMI.2011.177
https://doi.org/10.3389/fpsyt.2019.00288
https://doi.org/10.1097/00006842-197609000-00006
https://www.frontiersin.org/journals/psychiatry
https://www.frontiersin.org
https://www.frontiersin.org/journals/psychiatry#articles

Wang et al.

Facial Expressions of Psychological Symptoms

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

Hesse C, Floyd K. Affectionate experience mediates the effects of alexithymia
on mental health and interpersonal relationships. J Soc Pers Relat. (2008)
25:793-810. doi: 10.1177/0265407508096696

Trevisan DA, Bowering M, Birmingham E. Alexithymia, but not autism
spectrum disorder, may be related to the production of emotional facial
expressions. Mol Autism. (2016) 7:46. doi: 10.1186/513229-016-0108-6
Bertocci MA, Bebko GM, Mullin BC, Langenecker SA, Ladouceur

CD, Almeida JRC, et al. Abnormal anterior cingulate cortical
activity during emotional n-back task performance distinguishes
bipolar from unipolar depressed females. Psychol Med. (2012)

42:1417-28. doi: 10.1017/S003329171100242X

Scoralick FM, Piazzolla LP, Camargos EF, Dias Freitas MP, Guimaraes RM,
Laiana C. Facial expression may indicate depression in older adults. ] Am
Geriatr Soc. (2012) 60:2371-3. doi: 10.1111/§.1532-5415.2012.04169.x

Bitsika V, Sharpley CF. Comorbidity of anxiety-depression among Australian
university students: implications for student counsellors. Br ] Guid Counc.
(2012) 40:385-94. doi: 10.1080/03069885.2012.701271

Essau CA. Comorbidity of anxiety disorders in adolescents. Depress Anxiety.
(2003) 18:1-6. doi: 10.1002/da.10107

Wolfling K, Beutel ME, Koch A, Dickenhorst U, Miiller KW. Comorbid
internet addiction in male clients of inpatient addiction rehabilitation centers:
psychiatric symptoms and mental comorbidity. ] Nerv Ment Dis. (2013)
201:934-40. doi: 10.1097/NMD.0000000000000035

Gilboa-Schechtman E, Foa E, Vaknin Y, Marom S, Hermesh H.
Interpersonal sensitivity and response bias in social phobia and
depression: labeling emotional expressions. Cognit Ther Res. (2008)
32:605-18. doi: 10.1007/s10608-008-9208-8

Wrylie KP, Tregellas JR, Bear JJ, Legget KT. Autism spectrum disorder
symptoms are associated with connectivity between large-scale neural
networks and brain regions involved in social processing. ] Autism Dev Disord.
(2020) 50:2765-78. doi: 10.1007/s10803-020-04383-w

Starr LR, Hammen C, Connolly NP, Brennan PA. Does relational dysfunction
mediate the association between anxiety disorders and later depression?
Testing an interpersonal model of comorbidity. Depress Anxiety. (2014)
31:77-86. doi: 10.1002/da.22172

Sullivan PE Joyce PR, Mulder RT. Borderline personality-disorder
in major depression. J Nerv Ment Dis. (1994) 182:508-16.
doi: 10.1097/00005053-199409000-00006

Diler RS, de Almeida JRC, Ladouceur C, Birmaher B, Axelson D, Phillips M.
Neural activity to intense positive vs. negative stimuli can help differentiate

55.

56.

57.

58.

59.

60.

61.

62.

bipolar disorder from unipolar major depressive disorder in depressed
adolescents: a pilot fMRI study. Psychiatry Res-Neuroimaging. (2013) 214:277-
84. doi: 10.1016/j.pscychresns.2013.06.013

Gavrilescu M, Vizireanu N. Predicting depression, anxiety, and stress
levels from videos using the facial action coding system. Sensors. (2019)
19:3693. doi: 10.3390/s19173693

Esposito G, Venuti P, Bornstein MH. Assessment of distress
young children: a comparison of autistic disorder, developmental
delay, and typical development. Res Autism Spectr Disord. (2011)
5:1510-6. doi: 10.1016/j.rasd.2011.02.013

Yirmiya N, Kasari C, Sigman M, Mundy P. Facial Expressions of affect in
autistic, mentally retarded and normal children. J Child Psychol Psychiatry.
(1989) 30:725-35. doi: 10.1111/j.1469-7610.1989.tb00785.x

Chen S, Li L. Re-testing reliability, validity and norm applicatility of SCL-90.
Chin ] Nerv Mental Dis. (2019) 10:493.

Martinez S, Stillerman L, Waldo M. Reliability and validity of the SCL-
90-R with Hispanic college students. Hisp ] Behav Sci. (2005) 27:254-64.
doi: 10.1177/0739986305274911

Oscar Sanchez R, Daniel Ledesma R. Psychometric properties of the symptom
checklist revised (SCL-90-R) in clinical population. Revista Argentina De
Clinica Psicologica. (2009) 18:265-74.

Tomioka M, Shimura M, Hidaka M, Kubo C. The reliability and validity of
a Japanese version of symptom checklist 90 revised. BioPsychoSocial Med.
(2008) 2:19. doi: 10.1186/1751-0759-2-19

Cohn J, Schmidt K, Gross R, Ekman P. Individual differences in facial
expression: stability over time, relation to self-reported emotion, and ability
to inform person identification. In: Proceedings of the International Conference
on Multimodal User Interfaces. Pittsburgh (2002).

in

Conflict of Interest: The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be construed as a
potential conflict of interest.

Copyright © 2020 Wang, Wang, Zhou, Li, Liu and Zhu. This is an open-access
article distributed under the terms of the Creative Commons Attribution License (CC
BY). The use, distribution or reproduction in other forums is permitted, provided
the original author(s) and the copyright owner(s) are credited and that the original
publication in this journal is cited, in accordance with accepted academic practice.
No use, distribution or reproduction is permitted which does not comply with these
terms.

Frontiers in Psychiatry | www.frontiersin.org

11

December 2020 | Volume 11 | Article 607890


https://doi.org/10.1177/0265407508096696
https://doi.org/10.1186/s13229-016-0108-6
https://doi.org/10.1017/S003329171100242X
https://doi.org/10.1111/j.1532-5415.2012.04169.x
https://doi.org/10.1080/03069885.2012.701271
https://doi.org/10.1002/da.10107
https://doi.org/10.1097/NMD.0000000000000035
https://doi.org/10.1007/s10608-008-9208-8
https://doi.org/10.1007/s10803-020-04383-w
https://doi.org/10.1002/da.22172
https://doi.org/10.1097/00005053-199409000-00006
https://doi.org/10.1016/j.pscychresns.2013.06.013
https://doi.org/10.3390/s19173693
https://doi.org/10.1016/j.rasd.2011.02.013
https://doi.org/10.1111/j.1469-7610.1989.tb00785.x
https://doi.org/10.1177/0739986305274911
https://doi.org/10.1186/1751-0759-2-19
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/psychiatry
https://www.frontiersin.org
https://www.frontiersin.org/journals/psychiatry#articles

	Identifying Psychological Symptoms Based on Facial Movements
	Introduction
	Materials and Methods
	Participants
	Instruments
	Procedure
	Statistical Analysis

	Results
	Demographic Information
	SCL-90 Score
	Split-Half Reliability
	Convergent Validity and Discriminant Validity
	Criterion Validity

	Discussion
	Conclusion
	Data Availability Statement
	Ethics Statement
	Author Contributions
	Funding
	Acknowledgments
	References


