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Abstract—Social system networks with high data rates and limited storage will discard data if the system cannot connect and
upload the data to a central server. We address the challenge of
limited storage capacity in mobile health systems during network
partitions with a heuristic that achieves efficiency in storage capacity by modifying the granularity of the medical data during long
intercontact periods. Patterns in the connectivity, reception rate,
distance, and location are extracted from the social system network
and leveraged in the global algorithm and online heuristic. In the
global algorithm, the stochastic nature of the data is modeled with
maximum likelihood estimation based on the distribution of the
reception rates. In the online heuristic, the correlation between
system position and the reception rate is combined with patterns
in human mobility to estimate the intracontact and intercontact
time. The online heuristic performs well with a low data loss of
2.1%–6.1%.
Index Terms—Biomedical informatics, body sensor networks
(BSNs), mobile ad hoc networks, mobile health systems, preventive
interventions, public health informatics, social system networks,
wireless ad hoc networks.

I. INTRODUCTION

M

OBILE body sensor networks (BSNs) consist of
lightweight embedded systems and medical sensors that
aid in the treatment and monitoring of many diseases and disorders, such as neurological disorders and chronic cardiac diseases. Patients with mobile lifestyles can benefit from continuous monitoring, early detection, and prevention of complica-
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tions. Early detection of complications result in better recovery
rates and lower overall health care costs.
Social system networks research aims to understand the interconnections, structure, dependencies, and patterns in human
mobility using embedded systems. These mobile social networks raise a challenge in communication due to network partitions. During network partitions, these lightweight systems with
limited storage capacity cannot upload data to the central server.
Our goal is to use network-analysis techniques to model complex social health care networks and to efficiently enable continuous data collection on lightweight embedded systems. Our
research has two main contributions. First, a new concept, social system networks, is presented. Social system networks are
mobile networks of lightweight systems that extract patterns in
interdependent social relationships to improve system design.
Patterns in social networks are extracted and used to estimate intercontact time and intracontact time between patients and base
stations. Second, a model of the reception rate is leveraged in
the global algorithm for maximum likelihood estimation (MLE)
and in the local heuristic for the online detection of the system’s
position on the patient. This local heuristic allows a continuous
stream of data to be collected and reduces the amount of data
lost on the system.
The intended model applies to the continuous monitoring
of patients with high-data-rate sensors in a nursing home. The
number of patients can range from tens to hundreds of patients
spread out over several nursing home facilities. A high-datarate electrocardiogram (ECG) sensor data collects data using a
social system network. This system is specifically well suited
for elderly or chronic disease patients that constantly need to
be monitored for lengthy period of time ranging from weeks to
months. However, these active patients still have normal, mobile
lifestyles and cannot be tethered to a large system.
All mobile networks (cellular, 802.11, Bluetooth, Zigbee, etc)
suffer from network partitions. It is unrealistic to assume that
patients will always be in an urban area with well-developed
resources. At some point in time, a patient will lose connectivity while moving around the environment (e.g., leaving the
nursing home or departing for a walk). Our system continuously monitors patients by adapting the ECG data rate to the
expected movement and contact patterns. If the patient encounters a peer or smart device (e.g., PDAs, smartphones) that is a
sink node with a direct connection to the internet, the system
uses its peer as a mule to deliver its data to the data analysis
center or hospital. During network partitions, the sample rate is
reduced to maximize the amount of continuous data that can be
stored.
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The proposed techniques specifically target an ECG sensor
and the 2.4-Ghz bandwidth. However, these techniques can be
applied to any high-data-rate embedded system, where quality
data granularity is preferred. An outstanding challenge is how
to balance the need for a high data rate to detect complex conditions, such as asymptomatic arrhythmia, and the need to have
continuous data in order to diagnose infrequent conditions. The
heart rate can diagnose some common conditions, such as tachycardia, bradycardia, and onset of change in patients. However,
more complex conditions such as ventricular tachycardia or onset of change that focuses on a particular ventricle in the heart
requires the entire ECG waveform. This research is applicable
to mobile BSNs with embedded systems with limited memory
capacity and high-data-rate sensors.
II. RELATED WORK
Previous research explores techniques that opportunistic mobile systems use to deliver data to remote destinations. DataMule addresses the problem of sparse area networks by using
mobile entities called mules to pick up data from static embedded systems and drop off the data at wired access points [1].
Message ferrying describes a proactive routing algorithm that
allows embedded systems to deliver data on a specified route [2].
Another study, ZebraNet, uses a history-based protocol that intelligently selects nodes based on prior communication patterns
and satisfies the tradeoffs between storage, bandwidth, and energy requirements [3]. Our social-network-analysis techniques
manage the system’s local resources so that the data granularity
is modified to meet the storage restraints on the system.
Previous research in human mobility has used mathematical relationships to extract patterns in mobility. Previous work
describes a statistical analysis of intercontact and intracontact
periods in an opportunistic network [4]. Additionally, experimental studies have shown a correlation between line of sight
and reception rate in mobile environments [5]. However, previous work has not leveraged these findings in the system design.
Research in online social networks has focused on how groups
of users search, share, and organize content on online internet
sites, such as Facebook and YouTube [6], [7]. In health care
social networks, Merrill et al. analyzed patterns in public health
networks to improve public health organizations and build collaborations [8]. This paper presents a social system network
that focuses on communities or networks of individuals with
lightweight medical systems that extracts patterns in connectivity, reception rate, location, and distance to improve system
design. Specifically, an heuristic uses the estimated intracontact
and intercontact time to provide continuous, high-quality data
collection.
III. OVERVIEW
The physical size and cost-effectiveness of lightweight embedded systems result in limited processing power and communication bandwidth. Our goal is to create an infrastructure that
manages the system’s resources in order to lose as little data as
possible. An overview of the techniques employed for mobile
data collection of high-data-rate systems are shown in Fig. 1.

Fig. 1. Overview of methods employed for the continuous ECG data collection
of mobile patients.

First, in field experiments analyzed the reception rate of embedded medical systems with various levels of visibility to a
remote system. A statistical analysis of the observations is leveraged in a global algorithm and a local heuristic. A global capacity management algorithm was developed to determine the
optimal granularity of data that should be collected on the system. A local heuristic exploited data on intercontact patterns
and reception rates to efficiently manage the system’s limited
memory online. This paper compares the local heuristic and
the optimal solution, and discusses the benefits of high-quality
continuous data collection for social system networks.
IV. SOCIAL SYSTEM NETWORKS
Social system networks are a subset of social networks that
specifically focus on techniques for mobile technologies. In social system networks, the interactions between systems in the
network are an important channel for the transfer of data. We
assume that the components of the social system network are
interdependent and that patterns can be extracted from interactions. We also assume that the patterns observed in the networks
are long lasting and that subgroups in these social system networks are likely to occur.
Although individuals are unique, human beings are creatures
of habit whose regular behavioral patterns can be extracted and
analyzed. All communities have common ties that draw individuals together into groups. Social system networks aim to
efficiently and repeatedly extract the inherent periodicity in the
networks of mobile systems. The interconnections, structures,
dependencies, and patterns in the mobility of health systems are
explored in social system networks.
The health care community has intrinsic interdependent relationships shaped by cyclic patterns in the service of care, routines in daily activities, and relationships between individuals.
Social system networks of patients and health care providers
(nurses, doctors, and emergency personnel) can opportunistically communicate with one another to upload the patient’s
data to a central server. These ubiquitous transport systems may
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already be carried by health care providers in the form of cell
phones or PDAs.
Similar to social networks, social system networks also leverage techniques in mathematics, such as statistics and graph theory. However, social systems networks can leverage the quantitative and ubiquitous nature of mobile systems to enable new
finding in research areas that have only leveraged social networks. For example, researches in epidemics have observed
how social networks aid in the spread of diseases. Social system
network research can strengthen epidemic surveillance and preventive interventions by combining quantitative data collection
of mobile systems with ubiquitous networks of information.

V. EXPERIMENTATION
Over 24 h of experiments were performed to extract patterns in packet reception rate and signal strength from varying
transmission ranges and node placements on the body. In these
experiments, two people started on opposite ends of a 100-feet
range. They walked toward each other, crossing at or near the
midpoint of the range, to reach the other’s starting point.
These experiments took place with two participants wearing
embedded systems for communication nodes. Person A acted as
the receiver and was fitted with six embedded systems. The six
embedded systems were placed on person A’s head, chest, arm,
stomach, back, and leg. Person B acted as the transmitter and
carried only a single node. However, the placement of the node
on person B varied over the same six positions aforementioned.
For each participant, six trials were performed along the 100feet range with only the placement of B’s transmitter on the body
changing. Data on the reception rate and the distance between
subjects was collected.
Results were measured by tracking the packet reception rate
and received signal strength for each iteration of the experiment.
The transmission rate was three packets per second with each
packet carrying a sequence number resulted in approximately
10 800 samples being collected for each participant. Messaging
was not reliable, therefore, the sequence number enabled a count
of dropped packets to be taken.
Fig. 2 presents the results obtained from the experiments, in
which the transmitter was mounted on the side, arm, or head. In
these trials, signal propagation had a partial line of sight to the
remote receiving nodes. As persons A and B move closer, the
reception rate gradually increases. As the subjects move away
from one another, the reception rate gradually decreases. The
result is an approximately balanced reception rate curve peaking
when the transmitters and receivers were in close proximity to
one another.
Fig. 3 presents the results from the experiments, in which the
transmitter was mounted on the front of the subject. These experiments allowed for a direct line of sight to the front mounted
receiver nodes along the first half of the walking range. However, the line of sight was obstructed for the second half of
the walking range. In these experiments, the reception rate is
initially high, but drops drastically when the subjects pass one
another and there is no longer a clear line of sight.

Fig. 2. Box plot of the reception rate as A and B move toward each other over
a 100-feet range for nodes with partial line of sight placement (arm, ankle) with
a trendline of a two-period moving average. The x-axis labeling shows A’s and
B’s progress along the range, i.e., 20/80 shows that A and B have both moved
20 feet toward each other from their starting points.

Fig. 3. Box plot of the reception rate as A and B move toward each other over
a 100-feet range for nodes with direct/no direct line of sight place (chest, waist)
with a trendline of the two-period moving average. The x-axis labeling shows
A’s and B’s progress along the range, i.e., 20/80 shows that A and B have both
moved 20 feet towards each other from their starting points.

In either scenario, the received signal strength is directly proportional to the proximity of the transmitter and receiver. The
experiments: 1) determine how placement on the human body
affects performance at various positions, and 2) identify patterns
in reception rates, position, and distance.
VI. HEALTH SYSTEM DESIGN
Architectural support in the hardware and software allow
efficient data reconfiguration. The Continuous Health tELOS
(Chelos) was built based on a two-led ECG embedded system
developed by Fulford-Jones et al. [9]. The Chelos has a two-lead
ECG, an MSP510 central processing unit, and a CC2420 radio
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that communicates with 802.15.4. The system has a radio range
of approximately 100 feet and consumes 23 mA at 9 V. The
Chelos has 48 KB of ROM, 10 KB of RAM, and 1 MB of flash.
The circular first in first out (FIFO) buffer can store three
levels of data granularity, 80, 40, and 1 Hz (heart rate). The
circular buffer also has the functionality to store high priority
data that will be accessed first. High priority data are transmitted
with a flag to denote its importance. For high priority data, the
pointer is moved backward and the data is stored before the
normal data.
VII. ALGORITHMS AND HEURISTICS FOR MOBILE DATA
COLLECTION
In this mobile environment, patients walk around with embedded medical systems in an ad hoc network. When two nodes
A and B meet, either A sends to B, B sends to A, or no transmission happens. In the case of no data transfer, the node’s
intercontact time is not stopped. The expected intercontact time
is the expected delay between the two consecutive connections
of a node with any sink node. The intracontact time is the length
of the connection with the neighboring node.
The sink node is a node with connectivity to a storage server,
typically the internet. If a system comes into contact with a sink
node, it uploads its data. Often, the node does not have constant
access to a sink node. In this case, the embedded system must
manage its resources to prevent data loss and pass data through
its neighbors in a peer-to-peer fashion whenever it encounters
another node.
A. Global Algorithm for Capacity Allocation
The capacity allocation problem can be modeled as a budgeting problem. Let V = v1 , ..., vN be the nodes in the network.
Communication links in the network are organized as a graph
G(V, E), where V is the set of nodes and E is a set of edges. An
edge (vi , vj ) indicates the existence of a communication link
from vi to vj .
Definition: A valid path P is a sequence of nodes P =
< v1 , ..., vS > such that there is a link from vi to vj , where
1 < i, j < S. The start node is the designated source and the
end node is the designated destination, the sink S. Data traveling to the sink node flows through upstream nodes, ui .
A link in this network is denoted L(vi , vj ), and it has an
associated link capacity of how much data can be sent across
link vi to vj . This link capacity is referred to as C.
The buffer of mi , is the amount of memory at nodei , where i
ranges from 1 to N . N is the number of nodes in the network.
Each buffer can sample data at several different granularities gi ,
where i ranges from 1 to M.
Problem Statement: Given a network, assign data granularity
so that each node maximizes the amount of data received at the
sink diS k and the data granularity g. The objective function also
minimizes the amount of data lost l, as shown in the following:
Problem formulation:
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Constraints (2) and (3) guarantees that the memory or buffer
on each embedded system m does not exceed its capacity C.
Constraint (4) satisfies the fact that the capacity of the buffer at
the sink node msk is less than infinity. g is the percent of the
contact period that the node is at a particular data granularity. In
our deployment, the sample rates were 80, 40, and 1 Hz (heart
rate). Constraint (5) ensures that these granularity ratios g for
the various sample rates equals 1. Equation (6) calculates the
newly generated data, G. G is equal to the data size S times the
inter-contact time E and the intracontact time A. Constraint (7)
formulates that the buffer at k + 1 is equal to summation of the
node’s current buffer (mik ), newly generated data G for each
sample granularity ratio g, and the data from upstream nodes
u. Also, the data sent d and data lost l reduces the buffer size.
Constraint (8) defines that the data transmitted d is less than or
equal to the reception rate R times the intracontact time A. The
reception rate R is a metric that used the probability of packets
received and packets sent to estimate the link quality. Linear
programming was used to solve the constraints using Cplex, an
optimization software package.
The application of nonparametric statistical techniques to represent the stochastic nature of the packets was used in the problem formulation. MLE was used to determine the distribution
of reception rates gathered from the measurement studies. MLE
is a statistical method that fits data to a statistical model. In this
case, we fit the data to the model of the distribution of reception rate in the experimental data (see Fig. 4). Systems placed
on the side with a partial line of sight have a normal distribution with the peak reception rate of systems occurring when the
transmitter and receiver are closest to each other. On the other
hand, systems placed on the front have a skewed distribution
with the highest reception rates occurring in the first half of the
experiment range. The skewed distribution stems from a direct
line of sight to the remote system at the beginning of the experiment and no line of sight at the end of the experiment. The
MLE represents the stochastic nature of the data by modeling
the reception rates in the same distribution as the data.
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Fig. 4. Distribution of reception rate (RR) based on node placement on the
body. RR is the number of packets received divided by the total packets sent.

B. Local Heuristic for Capacity Allocation
A local heuristic was used on the embedded system. Three
factors were estimated on the embedded system: the intercontact time, the intracontact time, and the location of system on
the human body. The probability of experiencing any given intercontact time was derived from a power law distribution. The
complementary cumulative distribution function (CCDF) of the
intercontact times is used to calculate the power law distribution. Previous research demonstrates that most mobility models
follow a power law distribution with an exponential tail for
the intercontact times between mobile devices [10]. The estimated intercontact and intracontact times is used to determine
the estimated gaps between the communication and the length
of connections. The location of the system aids in estimating
the reception rate to the remote system.
In the following is the equation for the power law distribution.
P(t) is the expected probability of an interconnect period being
less than or equal to time t. x is the current intercontact delay. y
is the scaling variable that preserves the proportionality of the
scale change and the shape of the function. y should always be
less than 1. Previous work established that there are power law
mobility patterns in humans, where y changes depending on
the type of environment (conference, laboratory, etc), wireless
communication (Bluetooth, WIFI, etc), and the number of participants [4]. For the default scaling factor, we used the scaling
factor that was similar to our deployment in terms of the number
of participants and environment [11]–[14], 0.59
P (t) = x × t−y .

(9)

In (9), the current time t is the time elapsed since the last contact. P (t) gives the probability of a contact happening within the
current time range t. Also, the probability indicates the percent
of intercontact times that are longer than the current intercontact
period experienced thus far. Relatively short intercontact times
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are most likely to occur over the course of the deployment.
However, significantly long intercontact times will also occur.
The dataset has a power law distribution with an exponential tail for the intercontact time. However, the exponential tail
begins after the sample rate would drop to 1. Therefore, it is
unnecessary to add the exponential decay to the heuristic. A
best fit linear regression line for the power law equation for the
dataset, where x is 15.9 and y is 0.59, is 0.99.
The next intercontact time as a percentage of the remaining
probability range was run on a deployment dataset. For the
Chelos embedded medical system, between 0.3% and 5.2%of
the overall data was dropped with approximation factors ranging
between 0.1 and 0.9. An approximation factor of 0.5 was chosen
because it resulted in a loss of 1% of the total data collected.
In the case of intracontact time, the exponential decay is important. When the time is less than 3000 s, x is 33.5 and y is
0.7 with a best fit linear regression line of 0.97. When the time
is greater than 3000 s, x is 31145 and y is 1.56 with a best fit
linear regression line of 0.97. Additionally, the placement of the
embedded system affects the reception rate and the probability
that the intracontact time will last long enough to send all of
the accumulated data. Patterns in the reception rate can be used
to draw conclusions about a system’s position on the body in
the local heuristic. Throughout the duration of a contact period,
the sequence numbers of incoming packets are monitored. Two
counts are kept, an expected packet count and an actual packet
count. Whenever a sequence number is skipped in the incoming
packet stream, the expected packet count reflects the lost packets. Comparing the loss rates on either side of the signal strength
maximum yields clues to the line of sight experienced between
transmitter and receiver.
The packet reception rate over the length of the connection
(intracontact period) before and after the peak in signal strength
was analyzed to determine system placement on the body. The
reception rates were at its peak when the systems were in close
proximity with a clear line of sight to the other system in the
experimental measurements. After the connection has been lost,
the reception rate statistics for both halves can be calculated and
compared. This rate is found by simply dividing the number of
packets received by the number of total packets expected for
each half. If the reception rate before the peak was significantly
higher than that after the peak, the system usually experienced
a clear line of sight to the transmitter before the peak and no
line of sight after the peak. A significant difference in reception
rates was when the absolute difference was greater than 15%.
Likewise, for a lower reception rate followed by a higher reception rate, the system was usually initially obstructed followed
by a line of sight to the embedded system. When the reception
rates were relatively balanced, the system had a consistent level
of interference the entire time, i.e., the system continuously had
partial line of sight to the remote system during the connection.
VIII. RESULTS AND DEPLOYMENT
The local heuristic presented previously only has the knowledge of the present, the past, its own system resources, and the
resources of recent neighbors. The local heuristic was compared
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with the global algorithm that has knowledge of its expected intercontact delay to encounter its next neighbor, available buffer,
and its expected delay to encounter a sink node. The expected
intercontact delay in particular determines the granularity of
sampling that the embedded system will use. In contrast to the
global algorithm, the local algorithm estimates the intercontact
time through history-based techniques. The global algorithm
determines the optimal sampling rate for each node in order to
get the maximum data to the sink.
The global algorithm and local heuristic is applied to each
snapshot of the corresponding dataset. The sample rate for each
node is calculated with the local heuristic that leverages the expected intracontact time, the expected intercontact time, and the
system position metric presented earlier in the paper. We assume
that the position of the node in reference to its receiving node
does not change more than once every 10 min for deployment
1 at Intel and deployment 2 at Cambridge. In deployment 3 at
UCLA, the system’s position was calculated at the end of every
intracontact period.
A three-day deployment was conducted to analyze the accuracy of the online local heuristic. Six participants each wore a
transmitter programmed with our algorithms described previously, and a single base station was used. All six participants
belonged to the same laboratory, where the one base station
was located. However, only three of the six participants spent
much of their day there. The other three would pass through
sporadically throughout the duration of the experiment.
Upon contact with the sink node, the node would send the
estimated system position, sequence number, and data collected
since the last contact with the sink. The mobile position heuristic accurately determined online the position of the embedded
system 93% of the time. The accuracy of determining the online position was calculated by comparing the actual positions
of the systems on the body as reported by the participants with
the results of the positioning algorithm that were sent with each
packet. The error in the positioning algorithm is most likely
attributed to long seated positions in proximity to the base station, where the overall reception rate was approximately even
during the entire transmission. As noted previously, proximity
and obstruction are the dominant factors in signal strength. Any
prolonged exposure leading to an incorrect positioning estimation is offset by the fact that a connection to the sink is open and
data are being delivered.
From the time stamps gathered on the incoming packets,
we can determine the length of the intercontact and intracontact periods. From these periods, we can generate a histogram
to observe the individual frequencies. Duration categories for
this experiment are divided into 30 s intervals. After accounting for each intercontact and intracontact periods in the correct
category, a CCDF can be generated. Figs. 5 and 6 show the
CCDFs for the intercontact and intracontact periods, and the
corresponding best fit lines. The exponent in the power law
equation is slightly lower than previous deployments with similar characteristics.
Experiments were run on the deployment dataset of human
mobility to explore how the global and local heuristic compared. Additionally, our online heuristic and global algorithm

Fig. 5.

Intercontact CCDF of deployment.

Fig. 6.

Intracontact CCDF of deployment.

was run on several mobility datasets [11], [15]. While the mobility datasets for deployments 1 and 2 gave accurate information
on human mobility, they lacked two main properties needed for
our study. First, the datasets lacked any reference to a buffer
limitation and its implications on the embedded system. Second, the dataset did not record the link quality of the links that
it observed. The datasets only observed intercontact and intracontact times. For the first parameter, we used the hardware
limitations of the Chelos device, 48 Kb ROM, 10 Kb RAM,
and 1 MB of flash memory. For the second parameter, we used
the measurement study done on the 802.15.4 radio. The data
granularity of the dataset was every 10 min. An assumption
that was made was that those links were stable during those
10 min and that no other nodes were in the vicinity between
measurements.
The results of the deployment are shown below in Fig. 7,
where the global algorithm is compared to a local solution. Our
results show that our heuristic is close to the global solution.
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Fig. 7. Data lost of the naive, heuristic, and global solution on different
datasets.

Unfortunately, not even the global solution can prevent all data
loss. Notice that in some cases even at the lowest sampling
rate, data would be lost due to the period of the network partition. We also compare the heuristic to several other datasets in
Fig. 7 [11], [15]. Our online heuristic performs well on other
mobility datasets and the amount of data loss compared with
data collected does not rise over 7%.
IX. DISCUSSION
Our research is the first step in providing a reliable solution to continuous data collection of high-data-rate systems. We
specifically analyzed how the reception rate varies in a mobile
environment and addressed this factor in our research. However,
in order to build a comprehensive solution, all factors that affect
the system should be addressed. Open challenges and assumptions in the system, deployment, and results must be addressed
for a functioning BSN that operates as expected in a dynamic
environment.
In terms of the system, we did not address security of the
data on the embedded system. The security requirements for the
transmission of data among mobile health systems are a topic
that should be addressed in the future. Health systems pose stringent requirements in terms of data confidentiality. Researchers
have presented security solutions for peer-to-peer and ad hoc
networks. However, experimental deployments similar to our
study have rarely explored with mobile security solutions. The
implications of additional security on other aspects of the system outside of simulation should be explored. For example, an
additional delay due to additional encryption processing will
affect how much data can be sent during a time period.
Also, our research also made several assumptions in regards
to the deployment. Our research assumed that the patterns observed in the social system network are long lasting. However,
patterns in social networks often vary and drift over time. Even
in our analysis, the scaling factor varied depending on the type of
deployment (environment, types of participants, etc.). It would
be beneficial to compute the scaling factor online. Online computation of the scaling factor and other history-based variables
are a challenge due to the limited storage capacity on embed-
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ded systems. Techniques to compute the scaling factor online
without storing large amount of data should be explored.
Additionally, we simplified the problem by assuming singlehop networking, a small network of peers, and a three-day deployment. Our current global algorithm provides the capability for multi-hop routing. In the future, we would like to analyze the performance of the heuristic and global solution using
multi-hop routing algorithms. Moreover, a small network of six
participants carried our systems for three days. With improved
charging capabilities and more resources, we would like to run
experiments for weeks and months in order to get more accurate
data on how well the heuristic performs over a longer period of
time.
In order for ubiquitous data collection to occur, these health
systems must be part of a system that the user has a strong incentive to charge and continuously carry with them. The design
of multi-platform systems, such as a medical cell phone that
address multiple needs of the users should be explored. Multisensor platforms that have resources for other purposes can
possibly improve the algorithm. For example, locality information from GPS or cellular towers, may be leveraged to estimate
the intercontact and intracontact times.
Finally, even though the analysis of the data gathered at the
data analysis center is out of scope of this paper, it is an important factor that should also be addressed. The development of
efficient algorithms at data centers to make sense of the multitude of data is essential in building systems that accurately
notify users of abnormalities.
X. CONCLUSION
The efficient use of limited resources can be obtained through
techniques that collect continuous data from a patient despite
long intercontact periods. In this paper, our social system network analysis techniques allow the medical system to mitigate
data loss by modifying the sampling rate and leveraging patterns
in human mobility and reception rate in a BSN. We incorporated
the stochastic nature of the data from experimental studies on
human mobility in a global algorithm to determine the optimal
data granularity. Additionally, we presented an online heuristic for lightweight health systems that mitigates partitions in
communication by leveraging social patterns in reception rate,
intercontact time, and intracontact time.
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