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student life is complex



what happens when life 
throws you a “googly”?









11% of Dartmouth students were  diagnosed 
with depression in 2014.  

12% reported depression has having an impact 
on academic performance 

28% have seen a mental health counselor in 
2014





why	  do	  students	  burn	  out,	  drop	  classes,	  do	  
poorly,	  even	  drop	  out	  of	  college	  when	  others	  
excel?	  	  

what	  is	  the	  impact	  of	  stress,	  mood,	  workload,	  
sociability,	  sleep	  and	  mental	  health	  on	  academic	  
performance?	  

is	  there	  a	  set	  of	  behavioral	  trends	  or	  signature	  to	  
the	  semester?



most faculty are unaware that their 
students are struggling beyond grades





we subjectively know there is a cycle 
to the term or semester



but there is no objective data



StudentLife study
48	  students	  over	  10	  week	  Spring	  2013	  term	  

•10	  female,	  38	  male	  CS	  students	  
•30	  undergraduates,	  18	  graduates	  
•8	  seniors,	  14	  juniors,	  6	  sophomores,	  2	  freshmen,	  3	  
Ph.D	  students,	  1	  second-‐year	  Masters	  student,	  and	  
13	  first-‐year	  Masters	  students	  

•23	  Caucasians,	  23	  Asians	  and	  2	  African-‐Americans.



sensing system
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activity!
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face-to-face 
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• acLvity	  duraLon	  
• outdoor	  mobility	  
• indoor	  mobility	  
• locaLon	  and	  co-‐locaLon	  

we also computed



ecological momentary 
assessment (EMA)







32,000 EMAs  
>9000 facelog images



mental health surveys



depression 
severity minimal minor moderate moderately 

severe severe

1-4 5-9 10-14 15-19 20-27

number of 
students (pre-

survey)
17 15 6 1 1

number of 
students (post-

survey)
19 12 3 2 2
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• depression	  scale	  	  
• perceived	  stress	  scale	  
• loneliness	  scale	  
• flourishing	  scale	  
• Big	  5	  (pre	  only)

pre-post questionnaires



study design



 recruiting 
participants

StudentLife



orientation recruiting 
participants

mental health pre-surveysconsent form
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orientation recruiting 
participants data collection exit interview/

survey
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exit interview mental health post-surveys educational data



dataset
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Dataset size 
 53 GB of data, 32,000 EMAs, 48 pre-post surveys, interviews 
Passive sensor data from phone	  
activity, sleep, face-to-face conversation frequency/duration, 
indoor  and outdoor mobility, location, distance travelled, co-
location, light, app usage, calendar, call logs	  
Experience sampling from PACO	  
pam (affect), behavioral, class, campus events, social  
events, sleep quality, exercise, comments, mood	  
Pre-post surveys from Survey Monkey	  
stress, personality, mental and physical health, loneliness, 
mood, sleep	  
Transcripts: educational stats 
Other:  Facebook (not released), face log images (not 
released), dining details, seating data 	  
Entry-exit interviews (not released)	  
social net in class, classes information (deadlines for all  
classes), group review, study specific questions. 



StudentLife dataset is 
publicly available 

studentlife.cs.dartmouth.edu 

studentlife.cs.dartmouth.edu 
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 results





time of the day (8 am - 6 pm)



day: 9 am - 6 pm
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evening: 6 pm-12 am



metric 
(epoch)

day
9am--6pm

evening
6pm-12am

night
12am-9pm

activity duration 
(mins) 53.3 31.2 13.0

conversation duration 
(mins) 133.0 / 165.2 115.4 37.3

conversation 
frequency 13.8 / 15.0 10.8 4.6

average activity and face-to-face 
conversational data across the term



mental  
health



depression
sleep duration *

conversation frequency (day) **

conversation frequency (evening) *

number of co-locations *

R value

-0.48 -0.36 -0.24 -0.12 0

*p≤0.05, **p≤0.01



loneliness
activity duration *

activity duration (evening) **

outdoor mobility (day) *

indoor mobility (day) *

R value

-0.48 -0.36 -0.24 -0.12 0

*p≤0.05, **p≤0.01



stress
conversation duration during day *

conversation freq during day **

conversation freq during evening *

sleep duration *

R value

-0.6 -0.45 -0.3 -0.15 0

*p≤0.05, **p≤0.01



 behavioral 
 trends



sleep

nu
m

be
r o

f d
ea

dl
in

es

0

0.5

1

1.5

2

2.5

0.1

0.1133

0.1267

0.14

day

1 8 15 22 29 36 43 50 57 64

deadlines sleep

mid-‐term



face-to-face conversation
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activity duration
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stress and affect
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academic  
performance
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there is no correlation between 
class attendance and grade!



idea
- look at individual differences between 

high and low peformers  
- define higher level behaviors for studying 

and partying 
- track behavior changes using time series 

analysis 



capturing behavioral change

behavioral slope and breakpoints



studying



you phone knows 
when you are 
studying

focus



midterm

labelled study areas
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partying 





partyingparty
places

sound

activity
co-location

drinking





• acLvity	  
• sleep	  
• conversaLon	  
• partying	  
• studying	  
• indoor	  	  and	  outdoor	  mobility	  
• locaLon	  and	  co-‐locaLon	  

the phone automatically 
sensed



pa
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GPA
activity post-slope **

conversation frequency evening breakpoint*

indoor mobility term-slope **

class attendance pre-slope *

party duration  term-slope*

study duration mean *

study focus pre-slope *

R value
-0.7 -0.525 -0.35 -0.175 0 0.175 0.35 0.525

activity night post-slope

*p≤0.05, **p≤0.01



features 	  r 	  p-‐value

activity pre-slope 0.418 0.022

activity post-slope -‐0.449 0.015

activity day pre-slope 0.477 0.008

activity day post-slope -‐0.391 0.036

activity night pre-slope 0.427 0.019

activity night post-slope -‐0.411 0.027

conversation duration post-slope 0.443 0.016

conversaLon	  duraLon	  night	  post-‐slope 0.407 0.028

conversation duration evening post-slope 0.368 0.05

conversation freq night breakpoint 0.641 <0.001

conversation freq evening breakpoint 0.498 0.005

indoor mobility term-slope -‐0.387 0.035

indoor mobility pre-slope 0.425 0.019

indoor	  mobility	  post-‐slope -‐0.426 0.021



features 	  r 	  p-‐value

indoor mobility night term-slope -‐0.396 0.031

indoor mobility night pre-slope 0.433 0.017

indoor	  mobility	  night	  post-‐slope -‐0.448 0.015

indoor mobility day post-slope -‐0.386 0.039

class	  aWendance	  pre-‐slope 0.47 0.009

study duration mean 0.518 0.003

study	  focus	  acLvity	  mean 0.43 0.018

study focus activity pre-slope -‐0.372 0.043

study	  focus	  audio	  mean 0.38 0.038

party	  duraLon	  mean -‐0.381 0.029

PHQ-‐9	  depression	  scale	  (post) -‐0.47 0.027

conscienLousness 0.551 0.004

neuroLcism -‐0.423 0.035



can we predict 
academic

performance?



https://www.youtube.com/watch?v=XqJTXo1uKJ0
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midterm



top 5 list of
most

predictive
features



Stress 
Conversation duration  
Postive affect  
Study duration 
Conscientiousness





Periodic self-reports: stress and 
positive affect 

Passive sensing: conversation 
duration and study duration   

Survey: personality 





why are these results 
important?



24/7 passive sensing on 
smartphones is here at 

last!



because we find significant correlations 
between passive and objective sensor 
data from smartphones and outcomes 
from validated mental health “gold 
standard” surveys such as PHQ9



predicting depression 



student professor

the doctorstudent dean

friends

family

new forms of intervention 



the StudentLife 
dataset is publicly 
available from 
studentlife.cs.darmouth.edu
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“StudentLife”, ACM 
UbiComp, 2014 

“SmartGPA”, ACM 
UbiComp, 2015
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Ethan Berke (DHMC)
Dror Ben-Zeev (Dartmouth PRC)
Tanzeem Choudhury (Cornell)
Randy Colvin and Stefanie Tignor (Northeastern) 
Sam Gosling and Gabriella Harari (UT Austin)
Catherine Norris (Swarthmore)
Rui Wang and Xia Zhou (Dartmouth)

Big thanks



growing area of research





so what happens when life 
throws you a “googly”?



Mobile will detect it.



And deflect it.


