
Many features were computed and evaluated 
over sleep and wake, including:
•  Skin Conductance metrics (median, st.dev., 

area under the curve)

•  Smartphone Screen-on durations
•  Number of SMS and Calls sent and received

•  Time Spent Indoors
•  Normality of the day

Combinations of these features achieved 68% 
accuracy for classifying evening happiness

This happiness classification accuracy is 
improved to 72% when we multi-task over 
several labels [2]
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Data Collection
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68 Undergraduate Students
Age 18-25, 47 males
~30 day study [1]

Data collected from:
•  Wearable Sensors 
•  SMS and Call Logs
•  Smartphone Use
•  Smartphone Location
•  Self-reported daily activities and behaviors
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Introduction
Depression is a widespread problem, with no method to 
automatically predict downturns in mood. In this work we 

investigate the use of machine learning methods, using sleep 
and wake data, to predict mood.

Methods
68 College Students
age 18-25, 47 male

30-day study [1]

Results
The method achieved 74% 
accuracy for evening mood 

estimation on a hold-out test set.  
We found that skin conductance 

and mobile phone usage features 
between midnight and 8am were 
among the most informative in 
classifying evening mood. In 

particular, higher skin 
conductance activity and lower 

screen “on” durations were 
associated with “happy” evening 

mood. 

We collected 30 days of data 
each from 68 college students 

(age: 18-25, 47 male). 
Throughout the study, 

participants wore a Q-sensor 
(Affectiva) on their dominant wrist 
to measure electrodermal activity, 

3-axis acceleration, and skin 
temperature. Android phone 
software monitored location, 

receiver, sender and timing of 
calls and SMS, and screen on/off 

timings. Participants also kept 
morning and evening diaries 
about daily activities, social 

interactions, caffeine, alcohol, 
and drug intake, and overall 

mood (on a scale from sad(0) to 
happy(100)) each day upon 
awakening and at bedtime. 

We trained a machine learning 
algorithm to recognize mood 
using data from the wearable 
sensor, phone app, and self-
reported activities.  In order to 
accomplish this, we split each 
participant’s mood data into 3 

groups labeling the top 30% as 
“happy”, the bottom 30% as 

“sad”, and discarding the middle. 

We computed over 700 features 
and used automated feature 
selection to identify the most 

informative features. After 
comparing six machine learning 

techniques, we found that a multi-
task, multi-kernel learning 

algorithm performed the best at 
classifying happiness.
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Fig 1: Skin conductance signal

Fig 3: Probability distribution of one 
participant’s locations. Blue areas are more 

likely.

Results
•  INFO ON LABELS???

•  Each data type out-performed the baseline
•  Achieved 68% accuracy using simple machine learning 

techniques

 
•  Features between midnight and 8am were particularly 

informative
•  Higher average skin conductance and lower late night 

mobile phone were predictive of “happy” mood

•  Accuracy is improved when estimating other labels at the 
same time

•  Achieved 74% accuracy by using Multi-Task, Multi-Kernel 
Learning method [2]

Future Work
•  Incorporating more data

•  More sophisticated machine learning techniques
•  Intervening when a downturn in mood is automatically 

detected
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Introduction
The SNAPSHOT Study is a large-scale and 
long-term study that seeks to measure: 
Sleep, Networks, Affect, Performance, Stress, 
and Health using Objective Techniques.

This study investigates: 
(1) how daily behaviors influence sleep, 

stress, mood, and other wellbeing-related 
factors 

(2) how accurately we can recognize/predict 
stress, mood and wellbeing 

(3) how interactions in a social network 
influence sleep behaviors.

In this work we investigate the use of 
machine learning methods, using sleep 
and wake data, to predict mood.

We seek to model behavioral patterns to 
predict these downturns in mood and begin to 
understand what will help build resilience to 
depression.
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Thanks to Dr. Charles Czeisler, Dr. Elizabeth 
Klerman, Dr. Cesar Hidalgo, Dr. Andrew 
Phillips, Dr. Andrew McHill, Dr. Laura Barger, 
Amy Yu, Conor O'Brien, Justin Buie and 
Salim Qadri for their help in running the 
SNAPSHOT study. This work was supported 
by the MIT Media Lab Consortium, NIH Grant 
R01GM105018, Samsung, and Canada's 
NSERC program. 

[1] A. Sano et al. “Recognizing academic 
performance, sleep quality, stress level, and 
mental health using personality traits, wearable 
sensors and mobile phones.” In Body Sensor 
Networks, 2015.
[2] M. Kandemir et al. “Multi-task and multi-view 
learning of user state.” Neurocomputing, 
139:97– 106, 2014.

Fig 2: Number of SMS messages colored 
according to evening mood

•  Features between midnight and 8am were 
particularly informative for classifying 
evening mood.

•  Automated machine learning, applied to 
nightly data from sensors and smartphones, 
shows value for predicting college student’s 
mood the following evening.  

•  There is potential value in using objective 
sleep hygiene data for understanding mood 
progression.

•  Integrate more data. We have now 
collected data from over 200 students.

•  Account for individual differences. 
Currently, our models group all participants 
together during classification. We now 
have new methods where we can leverage 
data from across the population and 
account for individual differences at the 
same time.


