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ABSTRACT
Continuously-worn wearable sensors provide an unprecedented opportunity to unobtrusively measure rich bio-behavioral time-series
recordings in natural settings such as the workplace. These timeseries data can be helpful in inferring broad patterns of behavior
such as common routines and daily stress. Many existing approaches either rely on rigid pre-defined notions of activities or
use sensitive contextual measurements, such as GPS location or
localization within the home, that present privacy concerns and
measurement challenges. In this work, we introduce a novel data
processing pipeline to model behavioral consistency in a large realworld wearable recording data-set collected in a hospital workplace
setting from nurses and direct clinical providers for a period of ten
weeks. We use a non-parametric clustering method to generate time
series clusters and capture behavioral consistency via the activity
curve model. We evaluate the behavioral consistency model under
different work roles and conditions such as between different groups
of nursing professions and day versus night shift individuals. We
also demonstrate that the learned behavioral consistency feature can
assist in predicting self-reported work behaviors and anxiety levels.
Index Terms— Wearable, Data Clustering, Routine Analysis,
Machine Learning.
1. INTRODUCTION
Wearable sensors have garnered considerable interest in many fields
such as healthcare, user authentication, and entertainment over the
last two decades [1]. These non-obtrusive devices, which are often
small in size and have efficient computational capabilities, can be
valuable in capturing vital bio-metric and bio-behavioral data from
individuals over a prolonged period in natural settings [2]. Such rich
and vast amounts of multimodal time-series data collected directly
from everyday life allows for a more comprehensive understanding
of the factors affecting activities of daily living (ADLs) [3], including social interactions [4], sleep patterns [5], physical activities [6],
and even emotion variations [7]. Increasingly, the ability to recognize ADLs offers researchers opportunities to investigate broad human behavior patterns like inferring routine behaviors. One important routine behavior about an individual is the working behavior,
which can be notably meaningful in quantifying what typical work
pattern people adopt, and whether these patterns are related to their
work efficiency and emotional well-being [8].
Researchers have explored various methods to identify routine
patterns using data collected from wearable sensors [9] and personal
smartphones [10, 11]. These data streams include GPS signals, heart
rate, and step count. In these analyses, raw sensor data are converted
to a bag-of-words representation which contains the histogram of activity label occurrences or histogram of location/proximity informa-
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tion. These bag-of-words features are then processed through algorithms such as topic modeling and collaborative filtering to extract
routine patterns. Data from wearable sensors and mobile phones
have been shown to discover daily routines such as dinning, commuting, and work. However, most of these methods require the acquisition of the labels of the data for the activity recognition, which
often contain sensitive information about an individual and might
cause privacy concerns. On the other hand, most of these researches
do not capture behavioral consistency in daily living. Thus, there is
a need for a generalized approach to model the consistency of the
routine behavior and without the acquisition of the activity label associated with the data point.
In this paper, we presented a novel data processing approach
for learning behavioral consistency using a large multimodal biobehavioral time series data collected from wearable sensors. The proposed pipeline includes data prepossessing, time series clustering,
and a novel behavioral consistency modeling based on the activity
curve. The approach can operate without expert knowledge of the
data or the collection of activity labels which may introduce privacy
concerns. Using a multivariate wearable time series data-set that
we recently collected from clinical staff in a large hospital over a
ten week period, we showed that our approach can discover unique
patterns among different groups of nursing professions, such as day
versus night shift nurses. We also showed that the behavioral consistency feature can help to identify self-reported behavioral variables
related to work behavior and anxiety.

2. BIOBEHAVIORAL TIME SERIES DATA SET
To validate our data processing pipeline, we used the TILES (Tracking Individual Performance with Sensors) [12] data set from a set
of comprehensive human-subject experiments conducted in a large
hospital. Throughout a ten week period, multimodal wearable sensor data, including physiological, environmental, proximity and
self-report data were collected from volunteer hospital nursing and
clinical staff to study behavioral variables related to work performance and employee wellness. From this sample of individuals,
the present paper considers data from 97 individuals working as
full-time nursing professions at the hospital. The current sample
was with 72 females (rest males) and 62 individuals worked the day
shift (rest, worked night shift). There are 35 participants working
in the ICU unit and 33 participants working as the nurse manager.
While at work, participants wore a Fitbit HR 2 [13], which collectively tracked heart rate and step count information. In this paper,
we primarily focused on exploring behavioral consistency from the
PPG heart rate and step count. Table 1 summarized the recording
statistics of the Fitbit data for the scope of this work.
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cluster assignment sample si,t , where si,t ∈ K. K was the set containing all unique clusters inferred from BDP-GMM.

Table 1. Median/Average/Std number of valid recordings in shift.
Median
Average
Std
All
25.0
25.8
5.4
Day Shift
26.0
26.8
5.9
Night Shift
24.0
24.1
3.8
Manager
26.0
27.0
6.9
Non-Manager
24.0
25.1
4.3
ICU
25.0
25.4
4.8
Non-ICU
25.0
26.0
5.7

3.3. Behavioral Consistency Modeling
We applied the activity curve model [18] to express work behavioral
characteristics based on the timing of recognized clustering distribution. We start with introducing some definitions.
3.3.1. Definition

3. METHOD
In this section, we introduce our pipeline for discovering behavioral
consistency from Fitbit data. Our method is summarized as a sequence of steps: 1) Data pre-processing; 2) Data clustering; 3) Behavioral consistency modeling. These are further described below.
3.1. Data Pre-processing
Nurses typically worked between 7 AM - 7 PM (day shift) or 7 PM 7 AM (night shift). Given that we primarily focused on discovering
the behavioral consistency patterns at the workplace, the Fitbit data
were filtered between 7 AM - 7 PM and 7 PM - 7 AM for day shift
and night shift nurses, respectively. We ordered shifts of filtered time
series in sequence based on the date of each shift.
Data Aggregation Fitbit Charge 2 sensors read PPG heart rate samples at intervals less than one minute, but the reported time differences between two consecutive samples were inconsistent. Prior
studies have suggested that PPG-based heart rate should be averaged
at over a one-minute duration to obtain a reliable measurement [14],
and thus we decided to aggregate the time-series data at an interval
of 1 minute. We defined the aggregated Fitbit time-series for n-th
work shift Xn as a set of observations T = (0, 1, ...,t, ..., T ) ordered
by time, where n ∈ {1, 2, ..., N} indicated the sequence index of a
shift and N is the total number of shifts. t represented the time with
respect to the start of each shift, and we have T = 720 given the work
schedule of nurses. The multivariate time series Xn for n-th shift was
then denoted by Xn = (xn,1 , xn,2 , ..., xn,720 )T ∈ R720×2 , where each
xn,t was with 2 dimensions (heart rate and step count).
Data Imputation Missing data in wearable sensor recordings are
unavoidable and are often encountered for various reasons including
intermittent disconnections, body movements, and firmware malfunctions [15]. In this study, we applied an imputation approach
similar to that introduced in [16] to address the missing data in our
wearable recordings. First, we considered a recording to be valid if
the data missing rate is less than 50%. Given a missing data point
xn,t in n-th shift at time t, we imputed this sample by averaging data
points that were not missing at time t from all valid shifts.

Definition 3.1. Time interval represents a fixed time period in a
shift. Particularly, we segment a shift-long recording into M equalsize windows, and each window is regarded as a time interval. For
instance, we obtained 12 1-hour long time intervals when M = 12,
and 07 : 00AM - 07 : 59AM was the first time interval for the day
shift schedule.
Definition 3.2. Activity distribution is used to model routines
based on the set of clusters as a probability distribution over C clusters in K. Namely, Dm = {dm,1 , dm,2 , ..., dm,c , ...dm,C } is the activity
distribution for the m-th time interval in a work shift given the unique
cluster set K. The c-th element in an activity distribution is the probability of the cluster kc occurring during m-th time interval. For instance, for a first time interval 07 : 00 AM - 07 : 59 AM given M = 12
59 1(s = k ) = 30,
and cluster set K = {k1 , k2 , k3 }, we had ∑t=0
t
1
59 1(s = k ) = 24, and 59 1(s = k ) = 6. The activity distri∑t=0
∑t=0
t
t
2
3
bution for this time interval was D1 = (0.5, 0.4, 0.1).
Definition 3.3. Activity curve An for n-th work shift of a participant is the compilation of activity distributions Dn,m ordered by
time interval m. Namely, the activity curve for n-th work shift An
= {Dn,1 , Dn,2 , ..., Dn,m , ...Dn,M }.
Definition 3.4. Aggregated activity distribution Dm is the estimate of the average that is obtained from activity distributions over
a window of W shifts. Given W = 3, we can write the aggregated
activity distribution at m-th time interval in a work shift as shown in
D
the equation: Dm = ∑3w=1 3w,m .
3.4. Distance Measure Between Activity Distributions
To calculate the distance between two activity distributions, we
used the Jensen–Shannon (JS) divergence measure. We decided
to use JS divergence given it is a symmetric measure of the differences between two probability distribution. For instance, we
had two activity distributions at the m-th time interval from two
shifts of recordings: D1,m = {d1,m,1 , d1,m,2 , ..., d1,m,c , ...d1,m,C } and
D2,m = {d2,m,1 , d2,m,2 , ..., d2,m,c , ...d2,m,C }, where C is the number
of unique clusters inside the data. The JS divergence between these
two distributions is defined as follows:

3.2. Data Clustering

1
× (DKL (D1,m ||D2,m ) + DKL (D2,m ||D1,m ))
2
C
d1,m,k
d2,m,k
1
= × ∑ (d1,m,k
+ d2,m,k
)
2 k=1
d2,m,k
d1,m,k

Distm =

One major challenge in data clustering is that the number of clusters
inside the data is often unknown. In this study, we used Bayesian
Dirichlet process Gaussian mixture model (BDP-GMM) [17] to cluster the pre-processed Fitbit data. BDP-GMM is a non-parametric
method that can be applied to estimate probability density functions
with a flexible set of assumptions. Consequently, this method sought
to find the optimal number of clusters based on the estimated distributions in the data. Namely, given the time series Xn from the n-th
shift of a participant, we can convert each time series point xi,t to a

3.5. Behavioral Consistency
We applied a Permutation-based Change Detection in Activity Routine (PCAR) algorithm proposed by [18] to calculate the change between activity curves. We defined this feature as the measure of
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Fig. 1. Comparisons of routine consistency extracted from physiological responses to different workplace role variables: (a) ICU/non-ICU
staff; (b) day shift/night shift; (c) manager/non-manager. Statistical difference at each time interval is quantified via Mann–Whitney U test.
x-axis represented the time interval in a shift, where the time interval with ∗∗ indicating p < 0.01, the time interval with ∗ indicating p < 0.05,
and the time interval with + indicating p < 0.10. y-axis is the routine consistency level, with a higher value indicating a higher level of routine
consistency.

consistency between two activity curves. PCAR detected changes
between activity routines based on a two-sample permutation test.
The permutation-based technique first calculates an empirical distribution of a test statistic. The empirical distribution of a test statistic was then obtained by calculating the test statistic after randomly
shuffling (rearranging) the data a specified number of times. For instance, given recordings from 1st shift to 3rd shift W1,3 and recordings from 2nd shift to 4th shift W2,4 , we compared the change between aggregated activity curves generated from these two windows
of shifts using the following steps:
1. Calculate the baseline statistic: We calculated the baseline
statistic as the JS divergence between two aggregated activity distributions in the original window W1,3 and W2,4 without permutation.
We denoted baseline statistic for m-th time interval as Distm .
2. Calculate the empirical test statistic distribution: In this step,
we first permuted recordings between W1,3 and W2,4 . We then
calculated the empirical distributions of the test statistic (JS divergence) by comparing the individual activity distributions within the
two shuffled windows at each time interval. We performed the shuffle for S times, and we defined the test statistic generated from each
shuffle at m-th time interval as Distm,s .
3. Significance testing: We calculated the significance in changing
between two windows of recordings based on the number of times
the test statistic from the permuted sample was equal to or greater
than the baseline statistic. In other words, the change significance
at m-th time interval was computed as sigm = ∑Ss=1 1(Distm >=
Distm,s )/S. The routine change significance between two windows
of recordings was represented as Sig = (sig1 , sig2 , ..., sigM ), where
M was the total number of time intervals in a shift.
For each participant, we selected a window size of W . We compared changes in behaviors between aggregated activity curves from

each pair of consecutive windows, where a pair of consecutive windows was with an offset of 1 shift. For example, W1,8 and W2,9
were two consecutive windows when the window size W = 8 and
the window offset was 1. The total number of unique shuffles beW ×(W +1)
tween two consecutive windows was
. We then averaged
2
the change of significance at m-th time interval from all L comsig
parisons: sigm = ∑Ll=1 Ll,m . The aggregated routine change significance at m-th time interval was used to indicate how consistent
one’s behavior was at m-th time interval within a work shift. Finally,
Sig = {sig1 , sig2 , ..., sigm , ..., sigM } denoted the behavioral consistency at different time intervals within a work shift. We wanted to
highlight that a higher sigm indicates less changes in routines at m-th
time interval according to [18].
4. RESULTS
In this section, we present the experimental results for behavioral
consistency discovery using our pipeline applied on the TILES Fitbit
recordings [19, 20].
4.1. Experiment Setup
As described in 3, we first filtered the Fitbit recordings between 7
AM - 7 PM and 7 PM - 7 AM for day shift and night shift nurses,
respectively. We then aggregated the PPG HR over a period of 1
minutes. A shift of recording with a data missing rate higher than
50% was discarded to ensure acceptable data quality. The remaining
shifts of recordings were ordered in time. We applied the Bayesian
Dirichlet process Gaussian mixture model (BDP-GMM) to cluster
the minute-level time series for each participant independently. In
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the routine modeling step, we set the number of interval M in a work
shift as 12. To validate the robustness of the analysis, we empirically
tested the window size W of {8, 9, 10}. The window size was the
number of shifts in each window. We also set the offset between
two consecutive windows to be 1. For instance, W1,8 and W2,9 were
two consecutive windows when the window size W = 8. W1,8 and
W2,9 denoted the set of recordings from 1st shift to 8-th shift and
2nd shift to 9-th shift, respectively. We calculated the significance
change at each time interval according to 3. We iterated all possible
shuffles between two time windows when estimating the empirical
test statistic distribution.
4.2. Behavioral Consistency Within a Work Shift
In this subsection, we presented the behavioral consistency at different time intervals within a shift between day/night shift nurses,
ICU/Non-ICU nurses, and managers/non-managers. The behavioral
consistency comparison was shown in Fig.1. Statistical difference at
each time interval is quantified via Mann–Whitney U test. From the
figure, we can discover that majority of nurses showed lower behavioral consistency score at the 3rd and the 4th time interval than rest
time intervals. We can also find that ICU and non-ICU nurses had
similar levels of behavioral consistency across a shift. On the other
hand, we can find that day shift nurses tended to have higher levels
of behavioral consistency than night shift nurses between the 5th and
the 7th time interval within a shift. Besides, the behavioral consistency was also higher at the 3rd time interval for day shift nurses
than for night shift nurses. We can also find that the day shift nurses
had a significant decrease in the routine consistency from the 3rd
time interval to the 4th time interval. This pattern may be related to
the morning round schedule in a day, which usually took place between 10AM-12PM. From comparisons between managers and nonmanagers, we can discover that nurse managers were at higher levels
of routine consistency than nurse non-managers at the 3rd time interval and the 4th time interval within a work shift. Similar to day
shift nurses, nurse managers had a significant decrease in behavioral
consistency from the 3rd time interval to the 4th time interval.
4.3. Behavioral Consistency and Self-report Assessment of
Work behavior and Anxiety
In this experiment, we used the discovered behavioral consistency
feature to predict constructs from self-reported surveys regarding
working behavior and anxiety. Particularly, these self-report assessments included Counterproductive Work Behavior (IOD), Organizational Citizenship Behaviors (OCB), and State-Trait Anxiety. IOD
was assessed with the Interpersonal and Organization Deviance scale
[21]. There are two subsets to this measure; one measures interpersonal deviance (IOD-ID), and the other measures organizational
deviance (IOD-OD). The higher scores of these sub scales indicate
more frequent engagement in CWB. In addition, OCB was estimated
with the Organization Citizenship Behavior Checklist [22]. Level of
anxiety was assessed using the State-Trait Anxiety Inventory (STAI)
[23] with a score ranging from 20 - 80. We binarized each measure
as the prediction label based on the median split.
We first constructed a baseline prediction model from a set of aggregation features. These aggregated features included average steps
per minute, the time ratio in Fat-burn zone (heart rate is 51% to 69%
to its maximum), and time ratio in Cardio zone (heart rate is 70% to
84% to its maximum). The definitions of the Fat-burn zone and Cardio zone were adopted from the daily summary generated from the
Fitbit wristband. These aggregated features were extracted within

Table 2. Prediction accuracy of binarized self-reported variables
using aggregated Fitbit features and routine consistency features.
’Agg.’ and ’Cons.’ were abbreviations of aggregated features and
routine consistency features, respectively.
IOD-ID IOD-OD
OCB
STAI
Agg.
56.5%
56.5%
53.4% 53.5%
Agg.+Cons.(W=8)
59.1%
58.1%
55.5% 54.0%
Agg.+Cons.(W=9)
62.4%
60.6%
54.6% 57.8%
Agg.+Cons.(W=10)
59.0%
59.9%
56.6% 56.3%

each work shift. Finally, we computed the average from aggregated
features from all validate shifts for each participant. We then conducted the predictions by combining the routine consistency value
at each time interval and the aggregated Fitbit features. We used
the Support Vector Machine model in the machine learning experiment. The kernels in the grid search included RBF kernel and linear
kernel. We also grid search the C from a list of [0.1, 1, 10, 100].
Table 2 shows the average 5-fold validation accuracy results of prediction, and we observed that the behavioral consistency feature can
consistently help to improve the prediction accuracy of these selfreport variables with different window size. We also observed that
the consistency features extracted with a larger window size tended
to produce better prediction accuracy.
5. CONCLUSION AND FUTURE WORK
In this work, we proposed a technique for discovering behavioral
consistency in wearable sensor data with the activity curve model.
Using a data set collected from nurses working in a hospital environment over a period of ten weeks, we showed that this data-driven
technique intuitively captures unique behavioral patterns between
different groups of nurses. One example was that day shift nurses
tended to have a significant decrease in behavioral consistency level
at the 4-th observed time interval in a shift, which may be closely
related to the morning rounds schedule which frequently took place
between 10:00 AM - 11:00 AM in a day. In addition, we found that
behavioral consistency feature at work can also help predict selfreported assessments of work behaviors and anxiety level.
There are several compelling research directions for expanding
on this work which we aim to explore in the future. First, we want
to systematically study the amount of data required to learn robust
behavioral consistency patterns using our approach. We also plan to
compare our analysis to other unsupervised deep learning method.
Finally, we intend to make a comparison with results generated from
our previous motif discovery approaches [24] and summarize a more
generalized solution especially from the viewpoint of the utility of
routine patterns in behavioral modeling.
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