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ABSTRACT

Wearable sensors today can unobtrusively collect rich time-
series of physiological states and human movement patterns over
a prolonged period. Gaining a better understanding of how an
individual’s physiological responses vary in different workplace
environments can be valuable in understanding human behavior
related to wellness and performance. In this work, we describe
our exploration in discovering the correlation between one’s phys-
iological responses and movement patterns within different indoor
locations using data collected from nurses in a hospital workplace
for a ten week period. In this work, we use simple heuristics to
empirically validate the idea that such a relationship may exist and
then quantify it using mutual information analysis. We propose and
demonstrate a data analysis approach that can also detect variations
in the level of mutual dependency between different locations and
physiological responses. The mutual dependency measures derived
from our method are empirically shown to provide valuable informa-
tion for improving modeling of self-reported work behavior patterns
compared to using features derived from a single data stream.

Index Terms— Wearable, Data Clustering, Data Segmentation,
Mutual Dependency Analysis.

1. INTRODUCTION

Investigation of human behavior from wearable sensor recordings
is gaining growing attention in industry and among researchers as
recent advances in wearable technology have enabled continuous
tracking of individuals over day-long periods. These miniature de-
vices can capture valuable information such as vital bio-metric re-
sponses and human movement patterns from an individual in natural
settings, such as their work place. Gaining a better understanding
of how individuals physiological responses change throughout the
day has implications for understanding factors affecting activities of
daily living (ADLs) and overall well-being [1]. These human ac-
tivities include, but are not limited to, social interactions [2], sleep
patterns [3], physical activities [4], and even emotion variations [5].
The ability to model human movement patterns can also provide the
knowledge of how people move about and interact with their envi-
ronment. With the growing amount and types of data that can be
collected from the wearable sensor, there is an increasing interest in
predicting human behavior in different contexts, such as predicting
an individual’s work performance.

Many research efforts have explored methods for identifying ac-
tivities of daily living using physiological data collected from wear-
able sensors. Much of this research focuses on learning interpretable
behavioral routines [6]. Yürüten et al. proposed a matrix decomposi-
tion method to discover clusters of daily activity routines using step
count data collected from Fitbit wristbands [7]. Other researchers

have investigated using topic modeling to extract routine patterns
[8, 9]. Researchers also have devoted a large amount of effort over
the last decade studying human movement patterns using wearable
sensor recordings. The Kasteren data set [10] is a well-known com-
pilation of indoor human movement data for investigating behavioral
patterns. The data set was collected in a 3-bedroom apartment set-
ting for a period of 28 days using 14 state change sensors. Later
studies have successfully utilized probabilistic neural network learn-
ing models to separate an individuals’ normal routines from unusual
movement patterns [11]. However, most of these experiments fo-
cused on learning human behavior using only one of the data types
mentioned above, while the relations between physiological data and
movement patterns has not yet been well studied. This work pro-
poses a method for analysis of both human movement patterns and
physiological signals that can, without having prior knowledge about
the data set, uncover any mutual dependency between the various lo-
cations people visit and their corresponding physiological responses.
This analysis also offers valuable features for machine learning of
constructs related to work performance.

In this paper, we propose a method to quantify the relations
between physiological signals and indoor locations at a real-world
workplace. This paper validates the analysis using a large multi-
modal data set collected from a study on individuals’ workplace per-
formance in a large hospital setting. We first show that physiologi-
cal responses correlate with indoor location movement and then we
demonstrate that the learned correlation between movement patterns
and physiological responses can be potentially useful for the learn-
ing of behavioral constructs of work performance.

2. MULTIBEHAVIORAL TIME SERIES DATA SET

We validated our analysis using a large multimodal bio-behavioral
data set called the TILES (Tracking Individual Performance with
Sensors) [12, 13]. In this study, physiological and proximity data
were gathered from hospital professionals who provide patient
care at a large critical-care hospital. While at work, participants
were instructed to wear a Fitbit Charge 2 wristband, which tracked
PPG heart rate and step count throughout a 12-hour work shift. In
addition, proximity information, to differentiate locations within
each nursing unit, was collected through Bluetooth hubs installed
throughout the hospital which picked up Bluetooth advertisement
packets sent from a smartphone system (TILES audio recorder:
TAR) [14] participants wear while at work. The TAR worn by
participants was configured to broadcast Bluetooth packet for 15
seconds every minute. The receiver signal strength indicator (RSSI)
offered a rough estimate of the proximity of each participant to a
particular hub. These hubs were installed in locations like patient
rooms, medicine rooms, lounge rooms, and nursing stations. Figure
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Fig. 1: A top-down sketch of a nursing unit is drawn on the left. Red rectangles indicate the locations of Bluetooth hubs and an example of
received RSSI recorder from these Bluetooth hubs is shown on the right part of the figure. An example of the TAR recorder is shown on the
right part of the figure.

1 shows an example sketch of a nursing unit in the hospital and the
rectangles represent the locations of the Bluetooth hubs. The de-
tailed description of the proximity tracking system can be referenced
from our previous work [15].

This paper focused the analysis on data collected from nurs-
ing staff. From this sample of individuals, the study analyzes data
from 84 individuals working as full-time nursing professionals at
the hospital. This subset of participant data contains 63 females
(rest males) and 52 individuals worked day shifts (rest worked night
shifts). There are 32 participants working in intensive-care units and
29 participants working as nurse managers (rest standard nurses).

3. HEURISTIC EXPLORATION

It is a challenging task to demonstrate the relation between phys-
iological responses and movement patterns from wearable sensor
recordings exists. In this section, we conducted a heuristic explo-
ration to support the concept that physiological response about an
individual can potentially indicate specific movement patterns. This
work primarily focused on studying the workplace behavioral pat-
terns and thus first filters the proximity recordings and physiological
time series that only occur during the work shift. Given the typical
12-hour work schedule for nurses, we filtered the data between 7
AM - 7 PM for day shift nurses and between 7 PM - 7 AM for night
shift nurses.

3.1. Fitbit Data Processing

Data Aggregation Fitbit Charge 2 sensors provide step count read-
ings every minute and PPG heart rate samples at intervals less than
one minute. Prior studies have implied that PPG-based heart rate
should be averaged over a one-minute duration to obtain a more pre-
cise measurement [16]. Consequently, we decided to average the
heart rate samples over a one-minute duration. Thus, we represented
the aggregated time-series for a work shift X as a time-ordered se-
quence of observations denoted by X=(x1,x2, ...,xT )∈RT×2 where
each xt is a 2-dimensional vector (heart rate and step count) and
where the total number of samples in a work shift is T = 720.
Data Imputation Missing data in wearable sensor recordings can
provide negative impact on data modeling [17]. In this study, we

applied an imputation approach similar to that introduced in [18] to
address the missing data in our wearable recordings. We considered
a recording to be valid if the missing data rate is less than 50%.
Given a missing data point xt at time t, we imputed this sample by
averaging data points that were not missing at the time from all other
shifts of recordings.
Data Segmentation This work utilized a segmentation algorithm
called greedy Gaussian segmentation (GGS) recently proposed by
Hallac et al. [19]. This segmentation method attempts to break a
multivariate time series into segments where the data in each seg-
ment can be explained from independent samples of a multivariate
Gaussian distribution. One primary reason to apply this method was
that it can approximately find the optimal breakpoints using a greedy
homotopy approach based on the number of segments. This method
assumed that each data point xt was an independent sample with
xt ∼ N(µt ,Σt). It also posited that the mean and co-variance only
changes at breakpoints B = (b1,b2, ...,bK), where K was the total
number of breakpoints available in a time series, and K� T . Con-
sequently, there were K + 1 segments in X, where each data point
within a segment was modeled as a sample from the corresponding
multivariate Gaussian distribution. Given a segment between break-
point bi and bi−1 and the corresponding mean µ(i) and co-variance
Σ(i) of the segment, an empirical co-variance Si for this segment was
then estimated as follows:

S(i) =
1

bi−bi−1

bi−1

∑
t=bi−1

(xt −µ
(i))(xt −µ

(i))T

The algorithm then attempted to estimate the breakpoint set B
where the following regularized likelihood estimation was maxi-
mized:

max−1
2

K+1

∑
i=1

((bi−bi−1) logdet(S(i)+
λ

bi−bi−1
I)

−λTr(S(i)+
λ

bi−bi−1
I)−1)

Note that λ was a regularization parameter where λ ≥ 0. This
parameter ensured that Σ(i) was always positive definite. The empiri-
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Fig. 2: The figure shows an example plot of segmented Fitbit data and proximity estimate for a work shift. The regularization parameter λ for
the segmentation used in this plot is 5. The black dotted lines indicate the segmentation point generated from the GGS algorithm. The shaded
areas in the plot represent the type of room that the participant stays while at work. Particularly, the ”Other” label of the room type indicates
either the period of time that proximity recordings are missing or participants are outside the nursing station they are typically at work.

cal results showed that a smaller λ tended to generate more segments
in a time series. In this work, λ ∈ {5,10,15} were empirically tested
in our experiment. A more detailed explanation of the method was
described in [19].

3.2. Proximity Data Processing

The proximity data was processed similarly based on our previous
work [15]. RSSI strengths measured by hubs were inversely propor-
tional to the squared distance of the emitting device. However, it is
a challenging task to estimate the precise coordinates of the indoor
location, since the RSSI can vary significantly due to signal noise
generated from the wireless transmissions and signal absorption or
reflections from people and walls. Thus, the nearest hub (highest
RSSI) was used as an estimate of a participant’s location. Similar to
the aggregation process of the Fitbit time series, proximity estima-
tion was aggregated using RSSI samples over a one-minute duration.
The details of the processing approach can be found in [15].

3.3. Visual Inspections

One major challenge to validate the concept that physiological sig-
nals can indicate movement patterns was the lack of reference an-
notation from the wearable sensor recordings collected in the wild.
Firstly, it required a significant amount of effort to properly perform
the annotation, given a large number of participants in our study.
More importantly, recruiting researchers to annotate these wearable
sensor recordings when collected in the hospital may also introduce
privacy concerns such as HIPPA compliance. Thus, there is not a
direct way to validate the correlation between both unlabeled phys-
iological signals and location measures. Instead, we provided a vi-
sual inspection of the segmented Fitbit time series and proximity
time series. Figure 2 is an example plot of the segmented Fitbit time
series and location estimates for a participant while at work. The
black dotted lines indicate the segmentation point generated using
the GGS algorithm with λ = 5. The shaded areas in the plot repre-
sent the type of room that the participant stays while at work. In this
paper, we study four location types: 1) Lounge room, 2) Medicine
room, 3) Nursing station, 4) Patient room. The ”Other” label in the
plot designates the period that proximity recordings are missing or

participants are outside the nursing units where they typically work.
From this plot, we can discover that many segmentation points

closely align with transitions of one room type to another room type.
We also find that each Fitbit segment typically corresponds to a stay
in one room type or a combination of two room types. Given that
each segment of Fitbit data corresponds to an independent multi-
variate Gaussian distribution, these visual findings may support the
idea that the physiological responses with certain multivariate Gaus-
sian distribution can indicate a unique set of locations that people
visit. We wanted to underscore that these visual findings exist in
many recordings of a work shift. In the next section, we extended
our analysis by quantifying the relationship or mutual dependency
between these two data streams.

4. MUTUAL INDEPENDENCE ANALYSIS

From the previous heuristic inspections, we may surmise that there
was a potential strong link between an individual’s physiological
responses and movement patterns within their hospital workplace.
Here we quantified this dependency using mutual information anal-
ysis. The steps to compute this measure are listed below:
Fitbit Time Series Clustering We first decided to cluster each seg-
ment of the Fitbit time series. We clustered each segment based on
the mean, variance, and co-variance value within a time series seg-
ment, since samples within each segment were independently drawn
from a corresponding multivariate Gaussian distribution. We then
apply the Bayesian Dirichlet process Gaussian mixture model (BDP-
GMM) [20] to cluster the segmented data. BDP-GMM is a non-
parametric method that can estimate probability density functions
with a flexible set of assumptions. This clustering method seeks to
find the optimal number of clusters based on the estimated distribu-
tions in the data. Its main benefit for the analysis in this work is that
the number of clusters inside the data is unknown.
Proximity Feature Extraction For each segment generated from
the Fitbit time series, we extracted the corresponding proximity data
recorded between the start and the end of the segment. We then
computed the ratio of time where each participant stays in each room
type within a segment. For instance, participant stayed in the nursing
station for 10 minutes within a Fitbit time series segment between
7:00AM - 7:19AM, and the ratio of the time for participant spent in
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Table 1: Results of mutual information between proximity fea-
tures and physiological responses across all participants. The data
is shown in the format of ’Mean (Std.)’. We empirically test the λ

used in the segmentation algorithm at 5, 10, and 15.

λ = 5 λ = 10 λ = 15
Lounge 0.10(0.05) 0.16(0.08) 0.20(0.10)
Patient Room 0.29(0.09) 0.41(0.12) 0.50(0.15)
Nursing Station 0.29(0.08) 0.41(0.13) 0.50(0.16)
Medicine Room 0.14(0.05) 0.22(0.08) 0.28(0.10)

the nursing station within this segment is 50%.
Measure of Mutual Independence Finally, we measured the mu-
tual independence between location estimations and physiological
responses based on mutual information analysis. We chose mutual
information analysis since it offered the measure of the inherent de-
pendence expressed in the joint distribution of proximity estimation
and clusters generated from physiologic data.

5. RESULTS

In this section, we presented the experimental results for the com-
puted score that measures mutual independence between proxim-
ity distribution and physiological time series using our data analysis
when applied on the TILES Fitbit recordings [12, 13].

5.1. Behavioral Patterns

Table 1 presents the comparisons of the mutual information between
the time ratio spent in each room type within the segment and cluster
of the segment generated using Fitbit recordings. From the table, we
discovered that the physiological response has a higher mutual de-
pendency with the stay-period in patient rooms and nursing stations
than with medicine rooms and lounge rooms. We also found that the
physiological response has a slightly higher mutual dependency with
the stay in medicine rooms than with the stay in lounge rooms. In
summary, the result indicated, inline with our previous visual inspec-
tion, that physiological signal patterns corresponded with the period
in which nurses stayed in patient rooms and nursing stations.

5.2. Multiple Regression Analysis on Self-reported Behavioral
Constructs

In this experiment, we utilized the mutual dependency between prox-
imity data and physiological time series to conduct a multiple re-
gression analysis over the self-reported survey responses regarding
working behaviors. We chose to model variables related to work be-
havior since our data analysis focuses on the data within the work
time. In particular, we selected the counterproductive work behav-
ior (CWB) from the TILES data set, which used the Interpersonal
and Organization Deviance scale (IOD) [21]. This survey contained
two subsets of related questions: one measured interpersonal de-
viance (IOD-ID), and the other measured organizational deviance
(IOD-OD). Individual Task Proficiency (ITP) survey [22] and the the
In-Role Behavior [23] responses were used to assess participants’
self-perceived job performance.

We first constructed a baseline multiple regression analysis from
a set of aggregation features. The aggregated Fitbit features of each
shift included average steps per minute and the standard deviation of
heart rate. We used the standard deviation of the heart rate instead
of the average of the heart rate since the resting heart rate can be

Table 2: Results of multiple regression analysis using aggregated
features and measures of independence between two feature types.
’Agg.’ and ’Ind.’ were abbreviations of aggregated features and the
measure of independence feature, respectively. The adjusted r2 is
reported in each cell. ∗p < 0.05, † p < 0.10

IOD-ID IOD-OD ITP IRB
Agg. −0.036 0.020 −0.001 0.041
Agg.+Ind.(λ = 5) 0.065 0.056 0.111∗ 0.119∗

Agg.+Ind.(λ = 10) 0.056 0.056 0.081† 0.103∗

Agg.+Ind.(λ = 15) 0.052 0.092† 0.085† 0.066†

significantly different across people. Additionally, we extracted the
ratio of time a participant spends in different locations in a work shift
as the aggregated proximity feature. Finally, we computed the aver-
age from these aggregated features from all shifts of recordings for
each participant. We conducted the multiple regression analysis by
combining the mutual dependence feature and aggregated shift-level
features. Table 2 shows the multiple regression analysis using differ-
ent sets of features mentioned above. We observed that including the
mutual dependency feature can consistently help improve the multi-
ple regression results compared to only using the aggregated feature.
We can also found that the mutual dependency feature can be helpful
in predicting task performance and In-Role behavior.

6. CONCLUSION AND FUTURE WORK

In this work, we report on extracting mutual dependency features be-
tween an individual’s movement pattern and physiological responses
at various workplace locations. We first heuristically explore an eco-
logically valid data set to demonstrate that the dependency between
an individual’s movement pattern and physiological responses ex-
ists. We apply a segmentation algorithm on the Fitbit time series and
observe that each data segment usually corresponds to a visit or a
combination of visits to different functional workplace locales. We
further compute the mutual information between the proximity fea-
tures and physiologic data within each segment and use this to quan-
tify the mutual dependency between these data streams. We find that
there is a higher mutual dependency between physiological signals
and the stay in the nursing station and patient room. In addition, the
results of the regression analysis show that these mutual dependency
measures between work movement patterns and physiological sig-
nals can be valuable in predicting self-reported assessments of work
behaviors. There are several compelling research directions we aim
to explore in the future. First, we want to systematically study the
selection of λ in the segmentation algorithm. We also plan to ex-
tend our analysis to include other data streams such as (anonymized)
interpersonal acoustic conversational dialog measures.
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[7] Onur Yürüten, Jiyong Zhang, and Pearl Pu, “Decomposing ac-
tivities of daily living to discover routine clusters,” in Twenty-
Eighth AAAI Conference on Artificial Intelligence, 2014.

[8] Katayoun Farrahi and Daniel Gatica-Perez, “What did you
do today?: discovering daily routines from large-scale mobile
data,” in Proceedings of the 16th ACM international confer-
ence on Multimedia. ACM, 2008, pp. 849–852.

[9] Katayoun Farrahi and Daniel Gatica-Perez, “Discovering
routines from large-scale human locations using probabilistic
topic models,” ACM Transactions on Intelligent Systems and
Technology (TIST), vol. 2, no. 1, pp. 3, 2011.

[10] T.V. Kasteren, A. Noulas, G. Englebienne, , and B. Kröse, “Ac-
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