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Abstract
Background: Substan1al evidence indicates that greater regularity of daily rou1nes is associated
with improved outcomes in bipolar disorder. Indeed, stability of social rhythms is central to
several forms of empirically-supported psychosocial treatment for bipolar disorders, including
interpersonal and social rhythm therapy (IPSRT), family-focused treatment (FFT) and various
cogni1ve-behavioral approaches. Ironically, when informa1on about rhythmicity would be of
greatest value to the clinician, pa1ents are oFen unable or unwilling to complete self-reports of
such data. To evaluate the feasibility of automa1cally es1ma1ng Social Rhythm Metric (SRM)
scores, a clinically validated marker of stability of social rou1nes, we assessed the rela1onship
between self-reported SRM data and automa1cally sensed data from a smartphone app called
MoodRhythm.
Methods: 7 pa1ents with bipolar disorder used smartphones for 4 weeks that collected sensor
data including accelerometer, microphone, loca1on and communica1on informa1on to infer
behavioral and contextual paKerns. Par1cipants simultaneously completed SRM entries via the
MoodRhythm app.
Results: We found that automated sensing can be used to infer SRM scores. Using loca1on,
distance traveled, conversa1on frequency, and non-sta1onary dura1ons as inputs, our generalized
model achieves root mean square error (RSME) of 1.40, a reasonable performance given the
theore1cal SRM score range of 0-7. Personalized models further improve performance with a
mean RSME of .92. Classiﬁers using sensor streams can predict stable (> 3.5) vs. unstable (<3.5)
states with high accuracy (precision=0.85; recall=0.86)
Conclusion: Automa1c sensing is a feasible approach to inferring rhythmicity, a key marker of
wellbeing in bipolar disorder. Automa1cally sensed smartphone data provide an excellent proxy
for self-reported data on regularity of daily rou1nes, oﬀering novel opportuni1es for clinical
interven1on when it is most needed.
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Figure 1: The Social Rhythm Metric (SRM)

Objective

MoodRhythm

MoodRhythym takes advantage of a variety of sensor data sources on the smartphone plahorm with the ul1mate
aim of inferring many of the ac1vi1es included in the paper-based SRM. The plahorm con1nuously collects data
from the phone’s light sensor, accelerometers, and microphone, as well as communica1on paKerns and
informa1on about phone usage events such as screen unlocks and baKery charging state.
Human speech is captured by the microphone, which was ac1vated every 2 minutes to capture ambient sound. If
sound was detected, the microphone remained ac1ve. To ﬁlter out noise including speech from radio or TV, we
use energy intensity and distribu1on entropy [6]. To protect privacy, the system does not record or transmit
audio, but instead processes data in real-1me to only extract and store features (i.e., spectral content and
regularity, loudness) useful for detec1ng the presence of human voice but insuﬃcient to reconstruct speech
content [7]. Using these privacy-sensi1ve audio features and probabilis1c inference techniques, it is possible to
reliably es1mate the number and dura1on of conversa1ons in which an individual engages , and how much 1me
a given individual speaks within a conversa1on , as well as speech rate and varia1ons in pitch [7].
Ac.vity is captured by the smartphone accelerometer that detects movement. The system generates and stores
physical ac1vity status (i.e., ac1ve vs. sedentary). For loca.on detec1on, we used the Android loca1on service,
which combines Global Posi1on System (GPS), Wi-Fi and cellular data to provide loca1on es1mates. MoodRhythm
also collects communica.on pa4erns including SMS and call logs. The sensor data are stored in the smartphone
and securely transmiKed to our remote study server periodically. The impact of MoodRhythm on baKery life is
reasonable, with 16 hours of con1nuous sensing aFer a full recharge.

To evaluate the poten1al of using smartphone-based sensing to overcome the limita1ons of self-report in
helping individuals with bipolar disorder maintain stable rou1nes, we provided a customized smartphone app,
MoodRhythm, to par1cipants with a conﬁrmed diagnosis of bipolar disorder, automa1cally collec1ng
behavioral (e.g., speech, ac1vity, sms and call log) and contextual data (e.g., loca1on) for a period of 4 weeks.
We employed machine learning techniques to model and predict markers of rhythmicity in the daily life of
pa1ents with bipolar disorder that have been shown to reduce the risk of relapse. To our knowledge, this is the
ﬁrst study that automa1cally infers social rhythm stability using smartphone sensor data.

Participants
Poten1al par1cipants were iden1ﬁed through the Depression and Manic-Depression Preven1on Program at
Western Psychiatric Ins1tute and Clinic. Study par1cipants were required to already be par1cipa1ng in a treatment
program at the clinic, able to provide informed consent, and have a conﬁrmed diagnosis of bipolar disorder.
Par1cipants were excluded if they were unwilling or unable to comply with study procedures or had ac1ve suicidal
idea1on requiring inpa1ent or intensive outpa1ent management. Nine individuals (5 female, 4 male) consented to
the study. One par1cipant did not use the app and we were unable to retrieve another’s sensor data, leaving 7
par1cipants in the study (see Table 1). The research was approved by the University of PiKsburgh Ins1tu1onal
Review Board

Method
Each par1cipant was given a Nexus 5 Android smartphone pre-loaded with our customized soFware and provided
an explana1on of how to use the diﬀerent func1ons of the MoodRhythm app. MoodRhythm supports both selfra1ng and automa1cally-sensed data collec1on. It allows pa1ents to track the 1ming of 5 core ac1vi1es used in
the paper version of the SRM-5: 1) ge7ng out of bed, 2) ﬁrst contact with another individual, 3) star.ng their day
(i.e. work, school, childcare, etc., 4) having dinner, and 5) going to bed, as well as to add custom ac1vi1es. The app
also allows daily repor1ng of mood and energy on a -5 (very low) to +5 (very high) scale (See Figure 2).

Feature

Ranking

Weight

Distance Traveled

1st

1.56 x 10-2

0.23**

Loca1on Cluster

2nd

3.27 x 10-3

0.25**

Non-sedentary
dura1on

3rd

-3.79 x 10-4

Conversa1on
frequency

4th

7.69 x 10-5

Energy

Number of

0.31***

Loca1on Clusters

Distance Traveled
Conversa1on
Frequency
Non sedentary

0.39***

dura1on

**p <0.01; ***p <0.001

Table 2. Correla.on between sensor stream
and trend of self-reported energy scores
computed as rolling average over 7 days.

Table 3. Ranking of feature importance for social
rhythm stability status using recursive feature
elimina.on (RFE) and weights assigned to features in a
support vector machine using linear kernel.

Study Limitations
•
•
•
•

Small study popula1on
Data collected over only four weeks
Sensor data accuracy dependent on par1cipants carrying the phone
Par1cipants used study phones rather than their own devices

Summary

Figure 2: Screens from the MoodRhythm app used by study par.cipants.
Table 1. Demographic and clinical
characteris.cs of study par.cipants.

Sensor Stream

Correla1on with Self-reported

Results
Over the four-week study, par1cipants recorded an average of 36.5 (SD: 11.17) energy ra1ngs, 46.12 (SD: 12.71)
mood ra1ngs, and 144.43 (SD: 43.1) SRM event entries. Sensor data indicated an overall distance traveled per day
of 8.34 km (SD: 13.34). The ra1o of sedentary to ac1ve 1me per day was 2.09. Par1cipants were around human
speech 3.25 hours (SD: 3.67) a day. As shown in Table 2, the trend of self-assessed energy scores correlates
signiﬁcantly with sensor streams. Self-reported mood is weakly correlated with conversa1on (r = 0.16, p = 0.06)
and non-sedentary dura1on (r = 0.15, p = 0.08).
We used the sensed data to build a sta1s1cal inference and predic1on model using machine learning techniques.
For this study, pa1ent-reported SRM scores represented ground-truth, with the goal of developing a predic1ve
model that can infer the SRM score from smartphone-based sensor data. Speciﬁcally, we used the number of
loca1on clusters, distance traveled, frequency of conversa1on inferred from audio data, and dura1on of nonsedentary ac1vity calculated over each day as inputs to the model (i.e. feature set). We selected these features as
good indicators of social and physical func1oning.
Given the high granularity of our sensed data, we calculated SRM scores using a rolling 7-day window. The value
of the SRM score ranges from a theore1cal 0 to a theore1cal 7, with higher values indica1ng greater rhythmicity.
Using 10-fold cross-valida1on, we found that the average root mean square error (RMSE) is only 1.40, indica1ng
that our model achieves reasonably good accuracy. Models trained separately on each individual signiﬁcantly
improved performance, with a mean RMSE of 0.92. In addi1on to SRM scores, we focused on inferring social
rhythm stability status from sensor data. Based on a large (n=1249) study of a representa1ve healthy popula1on
[8] in which the mean SRM score was ~3.5, we considered an SRM score <3.5 as an unstable state and a score
>3.5 as indica1ve of a stable state. We used a Support Vector Machine (SVM) for predic1on of stability status.
Over 10-fold cross-valida1on, our model achieved high performance with a precision score of 0.85 and recall score
of 0.86.
Finally, we used recursive feature elimina1on (RFE) [9] to assess the importance of speciﬁc parameters in
predic1ng SRM stability from sensor data. As shown in Table 3, in our dataset the most important features for
predic1on are the loca1on cluster and total distance traveled over a day

We inves1gated the feasibility of automated assessment of SRM score — a clinically
validated marker of stability in pa1ents with bipolar disorder — using sensor data
streams from MoodRhythm, a smartphone app. Employing sta1s1cal learning
techniques, we found that smartphone sensor data can be used to dis1nguish
between stable and unstable states (precision=0.85 and recall=0.86). The conﬁdence
score associated with the output also indicates that the model is quite robust.
Given that maintaining stability in daily rou1nes can signiﬁcantly reduce risk of
relapse in individuals with bipolar disorder [3], being able to automa1cally assess
rhythmicity without requiring ac1ve user engagement could have considerable
clinical u1lity. In par1cular, this approach could help to overcome issues with exis1ng
paper-and-pencil based clinical tools by substan1ally lowering user burden
associated with manual tracking and by providing data when pa1ents are in clinical
states least likely to be associated with adherence to self-report data collec1on.
Because automa1c sensing can result in much more granular and wide-ranging data
than manual and subjec1ve tracking, this approach could be extended to an early
warning system for relapse detec1on. Such a system could open up novel ways to
provide interven1ons — enabling preemp1ve care at the right moment and the right
place based on subtle, but crucial clues to inform clinical decisions on individualized
treatment course.

References
1.Ehlers CL, Frank E, Kupfer DJ. Social Zeitgebers and Biological Rhythms: A Uniﬁed Approach to Understanding the E1ology of
Depression. Archive of General Psychiatry. 1988;45(10):948–952.
2.Miklowitz, David J., Michael W. OKo, Ellen Frank, et al. Intensive psychosocial interven1on enhances func1oning in pa1ents with bipolar
depression: Results from a 9-month randomized controlled trial. The American Journal of Psychiatry, 2007;164(9):1340–1347.
3.Frank E, Kupfer DJ, Thase ME, et al. Two-Year Outcomes for Interpersonal and Social Rhythm Therapy in Individuals With Bipolar I
Disorder. Archive of General Psychiatry. 2005;62(9):996–1004.
4.Monk TH, Frank E, PoKs JM, Kupfer DJ: A simple way to measure daily lifestyle regularity. J Sleep Res 11:183-190, 2002.
5.MaKhews M, Abdullah S, Gay G, et al. Tracking Mental Well-Being: Balancing Rich Sensing and Pa1ent Needs. IEEE Computer.
2014;47(4):36–43.
6.Rabbi M, Ali S Choudhury T, et al. Passive and in-situ assessment of mental and physical well-being using mobile sensors. In Proceedings
of the 13th interna1onal conference on Ubiquitous compu1ng. 2011;385–394.
7.WyaK D, Choudhury T, Bilmes J, et al. Inferring coloca1on and conversa1on networks from privacy-sensi1ve audio with implica1ons for
computa1onal social science. ACM Transac<ons on Intelligent Systems and Technology (TIST). 2011;2(1):7:1–7:41
8.van Tienoven TP, Minnen J, et al. Calcula1ng the Social Rhythm Metric (SRM) and Examining Its Use in Interpersonal Social Rhythm
Therapy (IPSRT) in a Healthy Popula1on Study. Behavioral Sciences. 2014;4(3):265–277
9.Guyon I, Weston J, Barnhill, Sb et al. Gene selec1on for cancer classiﬁca1on using support vector machines. Machine learning.
2002;46(1–3):389–422.

