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StudentLife

StudentLife is the first study that uses passive and automatic sensing data from the phones of a class of 48 Dartmout
term to assess their mental health (e.g., depression, loneliness, stress), academic performance (grades across all the
cumulative GPA) and behavioral trends (e.g., how stress, sleep, visits to the gym, etc. change in response to college
assignments, midterms, finals -- as the term progresses).

Much of the stress and strain of student life remains hidden. In reality faculty, student deans, clinicians know little abo
outside of the classroom. Students might know about their own circumstances and patterns but know little about class
student life we develop the first of a kind StudentLife smartphone app and sensing system to automatically infer hums
students do better than others? Under similar conditions, why do some individuals excel while others fail? Why do stu



we extend studentlife
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‘attendance, studying and partying



semantics of location
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attendance
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0.5 |

0.25 |

study

attending classes and studying

study duration (hours)
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partying trends across the term
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party auration study duration
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behaviors features correlations prediction




how to represent the data?
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use mean to measure level
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study duration (hour)
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behavior term slope




study duration (hour)
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behavior term slope




pre/post midterm slope

14 pre-slope = 2.23 post-slope = -0.86
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breakpoint — when students change
their behavior to adapt

O
o) - = -(:)4— different breakpoint
[ student T ,*’o' ' p
cU | o
O
@
-

oY

= 0.35 Ry SR
© ‘ O
D) I'
2
=
2
D)
1%,




- -
O -~ «© © D
> QO C y—
e.n|u — + ©
4 — =
o 2
QT = 2 @ C
ORNG = ®
N,w 0 0 Q<
0, DO (N
> m%mgru
SO o o0
o O & c O
=2 = 5 Lo
® O

breakpoint — how to compute
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study duration

breakpoint — how to compute

e USe one or two linear
regressions to fit the
data before and after

the breakpoint



breakpoint — how to compute

study duration
N

e USe one or two linear
regressions to fit the
data before and atter
the breakpoint



study duration

breakpoint — how to compute

MSE 1 MSEs MSEse

we use Bayes Information Criterion to select the breakpoint
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studying, partying and GPA

study duration

study focus - activity

study focus - audio

party duration

-0.45 -03 -0.15 0 0.15 0.3 0.45 0.6

R value



studying, partying changes and GPA

pre-midterm class attendance

pre-midterm study duration

after-midterm conversation duration

0 0.113 0.225 0.338 0.45

R value



behaviors features correlations prediction




leave-one-out cross valigation



selected features

three sensor-based behavioral features

e conversation duration night breakpoint
* conversation duration evening term-slope

e study duration

three EMA features

* DOSItive affect
e pOSitive affect post-slope

 stress term-slope

one personality

e consclentiousness



CDF

prediction performance

1

0.75

0.5

0.25

0.1

goodness of fit:
e R2=0.559
e r=0.81, p < 0.01

our model can
' — distinguish high and

MAE = 0.179 lower performers

0.2 0.3 0.4 0.5

absolute error
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Thanks, I'm done



