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Can human activity and motion captured by RGB-Depth (RGB-D) 
sensors assess the severity of depressive symptoms during clinical 
interviews? 	

Methods 

Fig. 1. Microsoft Kinect is an RGB-Depth 
sensor which can automatically detect a 
person’s joints. The three-dimensional 
information is recorded sequentially.	

•  To investigate any differences in movement between healthy controls 
and mood disorder patients during a clinical examination setting 
based on body motion data captured by an RGB-D sensor. 

•  To examine if it is possible to predict depression severity based only 
on body motion information by using a machine learning approach.	

•  A total of 144 data sets from 47 participants were collected (Table 1).  
•  It was found that the 5th percentile of body motion speed (i.e., slower 

body movement) and 50th percentile of body motion speed (i.e., 
intermediate level body movement) were significantly slower in 
depressive MDD/BD patients than in HC (Fig. 2). Moreover the 
HAMD-17 total scores correlated with slower body motion speed 
(Table 2).  

•  Psychomotor retardation had a significant negative correlation with 
not only the 5th and 50th percentiles of speed, but also the 95th 
percentile of speed (i.e., faster body movement). On the other hand, 
psychomotor agitation had a significant positive correlation with the 
95th percentile of speed and max distance. In addition, YMRS scores 
had a significant positive correlation with max distance and the 
standard deviation of speed. However the correlation between YMRS 
and the 5th, 50th, 95th percentiles of speed was not significant (Table 
2).  

•  Our machine learning approach predicted symptom severity as 
assessed by HAMD-17 with fair to moderate agreement (Table 3).  

•  Discrimination between subjects with and without retardation/
agitation was also done with fair to moderate agreement (Table 3). 	

•  It demonstrates the potential for using body motion to objectively predict the 
severity of depressive symptoms, as well as the presence of psychomotor 
retardation and agitation, in clinical settings. 

•  If the accuracy of this evaluation method can be increased, it may be possible in 
the future to reliably predict illness severity, discern mood phases, estimate 
treatment response, and make other such evaluations.  

•  Although this study is limited by its small number of subjects, accuracy of 
machine learning improve as the data increases, so larger studies are warranted.  

Fig. 2. Boxplot of head motion features for each group. Only the data set at the time of 
the highest HAMD-17 total score was used for each subject to examine the differences 
between each study group. Data with YMRS scores of 8 or more (mixed state and 
manic state) were excluded. HC = Healthy control; MDD = Major depressive disorder; 
BD = Bipolar disorder; * = The mean difference is significant at the 0.05 level	

HC (n = 16) MDD (n = 17)    BD (n = 14) 
Sex (Female %) 62.5 52.9 50.0 
Age (Mean ± SD years) 53.4 ± 14.5 57.0 ± 13.2 61.0 ± 20.9 
Duration of Disorder (Mean ± SD years) - 6.5 ± 7.2 14.5 ± 9.7 
Number of data set 31  63  50  

Euthymic state (%) 96.0  34.9  40.0  
Depressive state (%) 4.0  61.9  34.0  
Mixed state (%) 0.0  3.2  8.0  
Manic state (%) 0.0  0.0  18.0  

HC = Healthy control; MDD = Major depressive disorder; BD = Bipolar disorder; Euthymic state = 
HAMD < 8, YMRS < 8; Depressive state = HAMD ≧ 8, YMRS < 8; Mixed state = HAMD ≧ 8, 
YMRS ≧ 8; Manic state = HAMD < 8, YMRS ≧ 8	
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HAMD17 Pearson    -0.24**  -0.28** -0.16  -0.23** -0.14 0.01 

t-value 2.95 3.48 1.92 2.78 1.71 0.17 
Sig.  <0.01 <0.01 0.06 <0.01 0.09 0.87 

 
Retardation 
on HAMD 

Pearson   -0.23**  -0.28**  -0.21*  -0.26**  -0.17* -0.07 
t-value 2.83 3.50 2.54 3.24 2.09 0.79 
Sig.  <0.01 <0.01 0.01 <0.01 0.04 0.43 

 
Agitation on 
HAMD 

Pearson  -0.13 0.00 0.44** 0.32** 0.48** 0.38** 
t-value 1.55 0.02 5.83 4.06 6.49 4.82 
Sig.  0.13 0.99 <0.01 <0.01 <0.01 <0.01 

 
YMRS Pearson  -0.01 -0.08 0.04 0.03 0.24** 0.47** 

t-value 0.10 0.90 0.51 0.32 2.93 6.32 
Sig.  0.92 0.37 0.61 0.75 <0.01 <0.01 

Class A / B Number of data sets Kappa Accuracy Sensitivity Specificity 
Class A Class B 

HAMD ≦ 7 / HAMD ≧ 8 80 64 0.43±0.21 0.72±0.11 0.67±0.11 0.75±0.14 

HAMD ≦ 7 / HAMD ≧ 14 80 29 0.42±0.28 0.80±0.09 0.50±0.28 0.90±0.11 

HAMD ≦ 13 / HAMD ≧ 14 115 29 0.37±0.14 0.81±0.06 0.42±0.14 0.91±0.09 

HAMD ≦ 18 / HAMD ≧ 19 133 11 0.43±0.50 0.94±0.07 0.50±0.53 0.98±0.07 

Retardation = 0 / Retardation ≧ 1 121 23 0.35 ± 0.24 0.84 ± 0.07 0.42 ± 0.24 0.92 ± 0.09 

Agitation = 0 / Agitation ≧ 1 132 12 0.49 ± 0.45 0.95 ± 0.03 0.50 ± 0.47 0.99 ± 0.02 
 
HAMD = Hamilton Depression Rating Scale; Retardation and agitation were scored in the subitem of 
HAMD. The machine learning model was a supervised, binary classifier: support vector machine (SVM) 
with radial basis function (RBF) kernel. Nested ten-fold cross-validation was performed for feature 
selection and performance evaluation. 	
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•  Observational methods for assessing depression have high research  
and clinical utility and can provide objective markers for depression.  

•  New advances in RGB-D sensors present the opportunity to track 
movement during a clinical interview in an unobstructed manner.  
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•  Obtained data from patients diagnosed with major depressive disorder 
(MDD), bipolar disorder (BD), and healthy controls (HC). 

•  Videotaped the upper body of each subject using an RGB-D sensor, 
namely a Kinect (Fig. 1) during a clinical interview setting.  

•  Collected data up to 10 times from each participant. At each visit, the 
Hamilton Depression Rating Scale (HAMD) and Young Mania Rating 
Scale (YMRS) were conducted. 

•  Examined the relationship between depressive symptoms and body 
motion by comparing the head movement of patients with MDD and 
BD to the head movement of HC.  

•  Attempted to predict the severity of depressive symptoms by using 
machine learning. 

1) Department of Neuropsychiatry, Keio University School of Medicine, Tokyo, Japan. 2) Department of System Design Engineering, Keio University, Kanagawa, Japan. 
3) Department of Health Policy and Management, Keio University, Tokyo, Japan	

Results	

Discussions Disclosure	and		
Ethical	considerations	

Table 1. Demographic data and rating score	

Table 3. Predicting the severity of depression and existence of retardation or agitation by machine learning 

Table.2 Correlation of rating score and head motion 

We calculated the Pearson’s correlation coefficient and weighted the number of observations on each 
subject between head motion features and rating score using all data sets. HAMD = Hamilton 
Depression Rating Scale; YMRS = Young Mania Rating Scale; SD = Semantic deviation; ** = 
Correlation is significant at the 0.01 level (2-tailed); * = Correlation is significant at the 0.05 level (2-
tailed). 
	


