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Cost-Effective Data Transfer for Mobile Health Care
Youssef Khazbak, Mostafa Izz, Tamer ElBatt, Abdulrahman Fahim, Arsany Guirguis, and Moustafa Youssef

Abstract—In this paper, we introduce the novel concept of cost-
effective mobile health care which leverages the multiple wireless
interfaces onboard most mobile phones today. First, we study
the problem of uploading medical data using the “least cost”
radio interface. Toward this objective, we propose the wireless
interface selection algorithm (WISA) which decides the wire-
less interface yielding the least cost, depending on the data size,
modality, and quality of service (QoS). Second, we study using
modeling and simulations, the problem of cost-effective medical
advisory message dissemination (on the downlink) which gives rise
to an interesting cost-delay trade-off when leveraging free short
range phone-to-phone (P2P) communication. Finally, we build a
proof-of-concept testbed, coined CellChek, which showcases the
proposed WISA algorithm and demonstrates its operation using
sample wireless-enabled medical devices, namely pulse oximeter
and blood pressure monitor. The experimental results gathered
using the prototype provide key insights into the system and the
involved tradeoffs. The concepts explored in this paper along with
the proposed schemes hold great promise for this emerging area of
research that is of equal importance to developing and developed
countries promising considerable cost savings.

Index Terms—Data dissemination, delay, experimental results,
interface selection, mobile health care, simulation, testbed.

I. INTRODUCTION

T HE UBIQUITY and widespread usage of mobile and
smartphones has inspired many novel applications and

services that range from social, business, and security to health
care [1]. Despite the remarkable progress achieved in several
arenas, fully leveraging ubiquitous mobile communications
for health care services in underprivileged communities
remain a daunting challenge. The convergence of sensing,
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communications, and computing creates ample opportunity
for providing secure, reliable, and timely remote health-care
services, in general, and mobile health-care services in
particular. This is of particular importance to under-served
communities where health-care services are either too costly
or not immediately available. This is primarily attributed to
the acute shortage of qualified health-care professionals, and
consequently health education and training, and the limited
availability of advanced medical equipment in developing
countries, among other factors.

On the other hand, the consistently growing number
of mobile subscribers creates ample opportunity for ubiq-
uitous (i.e., anywhere and anytime) health-care services.
Mobile phones have achieved significant penetration glob-
ally, and in developing nations in particular, over the past
decade. According to the estimates of the International
Telecommunication Union (ITU), there are nearly 7 billion
mobile subscribers worldwide as of May 2014, including 4.5
billion in developing countries alone [2].

The use of mobile devices to improve health care, coined
“mHealth,” has been one of the most prominent areas within
the broader emerging field of “mDevelopment” encompassing
novel use cases, e.g., mLearning and mCommerce. It includes
a breadth of initiatives ranging from treatment adherence to
data collection, drug control, health financing, and education.

The pressing need for health-care services for low-income
communities coupled with the ample opportunity presented by
the steadily growing penetration of mobile Internet access set
the perfect stage for a new research paradigm, namely cost-
effective mobile health care. Despite the fact that leveraging
mobile phones for mobile health-care services is not a new con-
cept as evidenced by recent literature [3]–[11], the emphasis on
cost savings as a major design driver, rather than after-the-fact
issue, has not received sufficient attention from the community.

The prime objective of this paper is to introduce this ripe
area of research and shed light on a specific problem within
this space, namely cost-effective data transfer. This is achieved
via leveraging the multiple radio interfaces available on smart-
phones, and soon will be available low-end phones. The envi-
sioned system, coined CellChek [12] and shown in Figs. 1 and
2, is not only tailored to overcome a unique set of challenges
inherent to mobile phone usage in low-income communities
(e.g., expensive data plans, predominantly prepaid plans, and
limited public Wi-Fi access) but also poised to effectively
exploit a unique set of features inherent to 3G cellular sys-
tems [e.g., free incoming calls and inexpensive short message
service (SMS)]. CellChek is envisioned to leverage a num-
ber of sensing modalities ranging from wireless-enabled on-
body medical devices (e.g., blood pressure, pulse oximeter and
ECG) to mobile phone sensors (e.g., accelerometer, GPS, and
camera).
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Fig. 1. CellChek system.

Fig. 2. CellChek operation: (left) sensor data collection and (right) sending the
medical data to the HCP [12].

Our contribution in this paper is threefold. First, we intro-
duce the novel concept of cost-effective data transfer for remote
patient monitoring and medical advisory dissemination. To the
best of the authors’ knowledge, this is among the first work
in the open literature that focuses on the design of mHealth
systems from a cost perspective. We develop a novel cost-
driven wireless interface selection algorithm (WISA) based on a
“generic” cost model that not only covers a variety of 3G cellu-
lar pricing plans, but also captures the dynamics of plan usage.
Second, we explore cost-effective data dissemination that lever-
ages the proximity of mobile users to minimize the cost of
message dissemination, subject to delay constraints. Finally, we
develop the novel CellChek system prototype using Windows
Mobile and Android platforms showing its operation and merits
in plausible scenarios. The experimental results collected by the
system prototype reveal interesting insights about the system.

This paper is organized as follows. In Section II, we sur-
vey the mobile health-care literature. Afterward, in Section III,
we present the background and motivation underlying cost-
effective mHealth. The core of this paper, namely cost-effective
data transfer from a remote patient, is presented in Section IV.
Section V focuses on balancing the cost-delay tradeoff in mes-
sage advisory dissemination. The CellChek system prototype
is introduced, reporting experimental results, in Section VI.
Finally, conclusion is drawn and potential directions for future
research are pointed out in Section VIII.

II. RELATED WORK

Utilizing mobile devices for remote health care has gained
momentum due to its potential for enhancing the quality of life
and reducing the load on classic health-care systems [3]–[11],
[13]. However, only recently has the cost aspect surfaced due to

its importance to under-served communities and direct impact
on the much needed scalability of mHelath services beyond
pilot systems.

In [4], the authors survey wireless communications standards
and architectures in telehealth systems. The smart home care
concept and architecture have been introduced in [5]. However,
the cost, among other tradeoffs, associated with data transfer
was out of the scope. Recently, the work in [3] uses off-the-
shelf Wi-Fi enabled mobile phones to monitor breathing rate.
The CodeBlue project [14] uses a number of medical devices,
e.g., pulse oximeter and ECG connected to Zigbee transmitters.
These sensors publish relevant information while physicians
subscribe to the network via multicasting. Physicians can spec-
ify the information needed, such as the identification of patients
of interest and vital signs.

On the other hand, [13] exploits the smartphone accelerom-
eter for elderly activity monitoring. In [15], on-body sensors
are distributed to transmit positions through radio devices to a
computer which issues a warning in case of emergency. The
system adaptively analyzes body posture and determines the
injury level for rescue and treatment purposes.

Focusing on the user experience, the concept of always best
connected (ABC) was originally proposed in 2003 [16] where
the user is allowed to choose the best available access network
and device at any point of time. Although selecting a wireless
network interface to upload data is one of the prime objec-
tives of this work and is somewhat related to the ABC concept,
it is considerably different since it brings the transfer cost as
a major design parameter along with data size, modality and
delay tolerance.

In this paper, we target an extensible mHealth system that
not only utilizes access technologies, opportunistically, but also
accommodates mobile phone sensors as well as on-body medi-
cal devices, e.g., pulse oximeter and blood pressure monitor. In
addition, we leverage the proximity of mobile phones to min-
imize the cost of disseminating public health and other advi-
sories. Although having multiple wireless interfaces onboard
smartphones today opens room for simultaneously using them,
based on the multihomed terminals technology, e.g., [17].
However, in this paper, we focus on deciding the least cost inter-
face and leave the possibility of multihoming to future work.
The work in [18] has studied the similar problem of wireless
interface selection on smartphones, yet, with focus on energy-
delay tradeoffs. Deng et al. [19] proposed a wireless interface
selection scheme where the user objectives are defined in terms
of throughput and delay as well as the overall social util-
ity. Furthermore, [20] characterizes the power and throughput
tradeoffs of Wi-Fi and Bluetooth radios in smartphones, reveal-
ing interesting insights, yet, with no focus on cost issues. The
work in [21] exploits multihop communications to facilitate
data dissemination in mobile social networks with the objec-
tive of relieving the cellular network congestion through mobile
data offloading. Unlike [21], the second part of this paper aims
to reduce the cost for the health-care provider (HCP) in order to
disseminate advisory messages among a group of users, subject
to a delay constraint.

The cost and consumption of data plans have started to
receive attention recently, yet, with different objectives. For
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instance, [22] proposes a cost–benefit model to decide when to
prefetch user data. The objective is to minimize the application
response time through prefetching, while meeting budget con-
straints for battery lifetime and cellular data plan usage. Unlike
our work, [22] focuses on prefetching decisions. In addition,
[23] proposes a system for data plan sharing among users with
limited-quota data plans. The system targets smartphone users
with dynamic network usage, where users may over/underuse
their data plans. The objective is to allow users with remain-
ing quota to help others who fully consumed their quota. This
immediately yields cost savings to borrow users, avoiding high
“beyond quota” rates.

To the best of the authors’ knowledge, none of the systems
proposed in the open literature targets mHealth with prime
focus on cost. This brings about a plethora of new research
challenges attributed to pricing. For instance, choosing the least
cost radio interface is an open question depending on the cost
of the data plan and SMS, size and type of data (text, image,
and video), and the availability of public Wi-Fi. It is worth not-
ing that the proposed system can be extended along the lines of
the IEEE 802.21 Standard [24] to allow handover and interoper-
ability between heterogeneous networks for seamless upload in
case of mobility. However, this extension is a subject of future
research. In addition, sending advisory messages from the HCP
to patients, in a cost- and resource-efficient manner, is another
research direction presented in this paper.

III. BACKGROUND

A. Need

Remote health care is envisioned to have significant impact
on the welfare of people, in general, and on the underprivi-
leged and elderly community in particular. With the continuous
advances in health care, drug discovery, and quality of life, the
number of elderly citizens has been increasing rapidly. In addi-
tion, with the continuous pressure of daily life, it is becoming
more common for elderly people to live alone for extended peri-
ods of time during the day and throughout the year. The World
Health Organization (WHO) indicates that the worldwide pop-
ulation of elderly people aged 60 and over are expected to be
more than double by 2025, and more than triple by 2050 [25].
Moreover, another study shows that over 600 million people
worldwide have chronic diseases and over 500 million suffer
from aging. This highlights the strong need for 24/7 medi-
cal monitoring which is further aggravated by the fact that
qualified health-care services in under-served communities is
either costly or not immediately available. Hence, “cost” comes
immediately to the forefront giving rise to new challenges and
tradeoffs.

B. Opportunity

In May 2014, the ITU estimates 7 billion mobile subscribers
worldwide, including 4.5 billion in developing countries [2].
Access to a mobile network is now available to 90% of the
world’s population, including 80% of the population living in
rural areas. The growth rate in mobile penetration was fastest

in sub-Saharan Africa, where it grew from less than 2%–36%
between 2000 and 2008, according to the ITU statistics [26].
Mobile devices are making a significant impact on users world-
wide, especially those most vulnerable and geographically hard
to reach. Some of the key observations are: 1) mobile phones
used in low-income communities are predominantly basic
phones and 2) smartphones penetration is rapidly increasing
within the middle-class communities. Thus, it is straightfor-
ward to distill the following conclusions. First, SMS will play a
key role in mHealth, in general, and in cost-effective mHealth
in particular due to its low cost and guaranteed support on
any mobile phone. Thus, we give SMS special attention in the
interface selection algorithm on the uplink as well as the cost-
delay tradeoff on the downlink. Second, the witnessed price
trends for consumer electronics over the past decade project that
Internet-enabled phones should be affordable to low-income
communities in the near future. Thus, we embrace this pro-
jection and consider sensor-rich smartphones with multiple
wireless interfaces. Third, data plans in low-income commu-
nities are predominantly of the prepaid type. Unlimited data
plans are not of great interest in our study since they are neither
cost-effective nor needed by disadvantaged communities.

IV. COST-EFFECTIVE DATA UPLOAD

In this section, we focus on uploading the patient’s medical
data, using the mobile phone, at the least cost to individu-
als. Toward this objective, we introduce a lightweight WISA,
running on the mobile phone, to decide the least-cost radio
interface.

A. Wireless Interface Selection Algorithm

Given medical data (in the form of a file) to be uploaded
to the HCP, the WISA decides the least-cost wireless interface
subject to the available connectivity options, data size, modal-
ity, and QoS (particularly delay) constraints. The WISA cost of
data transfer coined the “Transfer Cost” is defined as the mon-
etary cost to upload the medical data from the patient’s mobile
device to the HCP medical facility. In the rest of the paper, we
use the term cost to refer to the transfer cost.

In essence, the WISA algorithm (flowchart given in Fig. 3)
checks the availability of public (free) Wi-Fi access, Bluetooth
P2P connectivity, and cellular 3G in this order, due to the zero-
cost advantage of the first two options. Thus, at the first step,
WISA searches for free opportunistic Wi-Fi. If not found, the
P2P mode is activated (Bluetooth/Wi-Fi) to check for a nearby
mobile phone (i.e., potential gateway) connected to the Internet
and willing to upload the data. It is worth noting that the P2P
mode is explored as a fundamental concept in this paper assum-
ing all users are cooperative at no cost. However, a thorough
treatment quantifying its cost benefits and potential tradeoffs
under realistic pricing models and incentives to users to coop-
erate lie out of the scope of this work and is a subject of future
research. If the first two wireless options are unavailable, WISA
concludes that there is no free wireless interface and, hence, the
nonzero cost 3G options need to be explored next. Accordingly,
WISA computes the data size and depending on its type (i.e.,
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Fig. 3. Wireless interface selection algorithm.

plain text, image, and video) decides the least-cost 3G trans-
port protocol to be used, namely data plan, SMS or multimedia
message service (MMS). Finally, if the previous options are not
available, WISA enters into a waiting mode and retries again
depending on the delay tolerance of the data at hand. If the data
is time-sensitive, the user is alerted to purchase the minimum
amount of data plan credit or urged to accept the minimum cost.

It is worth noting that at the core of WISA lies the data trans-
fer accounting (DTA) scheme which hinges on the proposed
“generic” cost model that not only covers a variety of 3G cel-
lular pricing plans offered by major mobile operators, ranging
from “Pay-per-MByte,” “Pay-Per-Hour” to “Unlimited,” but
also captures the dynamics of plan usage for purposes other
than medical as well as the medical data transfer timing relative
to plan commencement date. It uses the prestored parameters
of the plan in use, namely limited quota and time limit, among
other parameters, to compute the cellular data transfer cost. In
Section IV-B, we investigate DTA.

B. Data Transfer Accounting

In order to decide the least cost cellular data upload proto-
col, the cost of data upload using the data plan needs to be
quantified. On the one hand, the cost of sending a single SMS
(or MMS) is fixed as specified by the cellular operator. If the
data size exceeds the maximum SMS (or MMS) size, then the
incurred cost is linearly proportional to the number of mes-
sages needed. On the other hand, quantifying the cost using
a “limited” prepaid data plan is more tricky as it depends on
the plan parameters and pricing model. Toward this objective,
we surveyed various data plans offered by major cellular oper-
ators. As a representative of limited data plans (of interest to

low-income communities), we base our study on a generic data
plan discussed next.

Generic data plan is a time-limited, prepaid data plan with
a prespecified quota (in MBytes). This data plan is inspired by
data pricing schemes of major cellular operators in Egypt, e.g.,
Mobinil [27] and has the following characteristics. First, it is a
daily plan. If the quota is exceeded during the day, the user is
charged at a higher rate for each extra byte. Second, the plan
has three different states during the day.

1) In case of activating the data plan but not yet using it, the
user will not pay for the service, unless he starts data plan
consumption.

2) In case of utilizing a small percentage of the available
quota (i.e., under utilization), the user is charged for the
entire cost of the plan, which implies that the per byte
price will be higher compared to the case where the plan
is efficiently utilized.

3) In case of utilizing extra mega bytes (MB) beyond the
plan’s prespecified quota (i.e., over utilization), the user
is charged at a very high rate per extra byte compared to
the rate-per-byte within the limited quota.

Next, we derive the cost per MB for the generic time- and
quota-limited data plan under two cases. First, when the data
plan usage has not exceeded the prespecified quota. Second,
when the plan usage exceeds the quota, an additional term is
needed in order to account for the cost of the beyond-quota
usage. In both cases, the cost of one MB is calculated as the
payment by the end of the plan divided by the expected number
of MBs used throughout the plan duration.

Toward this objective, we introduce the following system
model and appropriate notation. We consider a single medical
event that takes place at an instant of time, where t hours remain
until the data plan expires and n MB until the quota is con-
sumed. We assume that this medical event generates data of size
Z MB. We model nonmedical data plan usage traffic as a con-
stant bit rate (CBR) with rate L (MB/h). We assume throughout
the paper that L is known without errors (this assumption is
relaxed later in Section VI-C). It is worth noting that nonmedi-
cal events are independent of the single medical event at hand.
The data plan time limit is denoted T hours and the limited
quota is assumed to be A MB. Finally, the price of the limited-
quota data plan is P and the price per extra MB is p. Next, we
consider two cases.

1) Data Plan Usage Is Within the Quota: If the expected
plan usage, upon expiry, does not exceed the quota limit, i.e.,
((A− n) + Z + L ∗ t) ≤ A, we show next that the cost per
MB is given by

CostMB =
P

(A− n) + Z + L ∗ t . (1)

Toward this objective, we first determine the expected data
usage (in MBs), by the plan expiry date and time, as follows:

Expected usage = (A− n) + Z + L ∗ t (2)

where (A− n) is the number of MBs consumed upon the medi-
cal event occurrence, Z is the medical event data size, and L ∗ t
is the number of nonmedical MB usage until data plan expiry.
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Fig. 4. Relative data cost per MB over a time period of 24 h.

If the expected usage does not exceed the data plan quota,
i.e., ((A− n) + Z + L ∗ t) ≤ A, then the result in (1) can be
obtained by dividing the plan cost P by (2).

2) Data Plan Usage Exceeds the Quota: If the expected
plan usage, upon expiry, exceeds the quota, i.e., ((A− n) +
Z + L ∗ t) > A, then the cost per MB would include an addi-
tional term for the beyond-the-quota usage

CostMB =
P + p ∗ (Z + L ∗ t− n)

(A− n) + Z + L ∗ t . (3)

If the expected usage exceeds the data plan quota, i.e., ((A−
n) + Z + L ∗ t) > A, then we should account for the extra
MBs cost. This is achieved via subtracting the quota from the
total usage of the plan as given by

Extra Usage = ((A− n) + Z + L ∗ t)−A. (4)

Thus, the cost per MB in this case is calculated as the summa-
tion of the limited quota MB cost and Extra Usage MB cost as
given in (3).

Hence, it is straightforward to compute the cost of uploading
Z MBs generated by the medical event as

CostZ = CostMB ∗ Z. (5)

Fig. 4 shows the cost per MB trends with the variables t and n
for the above two cases. It shows that the cost per MB has the
two extreme cases discussed before; when the plan usage is very
low compared to the quota (i.e., A− n << A), this yields high
cost per MB. On the other hand, when the quota is exceeded,
the cost per MB becomes very high as well due to the higher
cost per MB, p. As a major component of WISA, the trends in
Fig. 4 provide valuable insights to assess the viability of using
the data plan as opposed to other options such as SMS. The
main finding is that near the end of the time period (1 day in
our case) when there is notable data left in a data plan, keeping
them is considered wasting resources that are already paid for.
On the other hand, when most of the data plan is consumed,
then using the data plan further after its end is of high cost and
other options should be considered such as SMS. In addition,
there is a special case when the predictable data usage in a day is
relatively low, the data plan initiation in this day can be avoided
and sending small data traffic can be done using other options.
WISA is built upon this finding to adapt the expected data cost
and make interface selection choices accordingly.

V. COST-EFFECTIVE SHORT MESSAGE DISSEMINATION

In this section, we shift our attention to cost-effective medi-
cal, or generally public, advisory message (e.g., SMS) dissem-
ination from the HCP server to a “co-located” target group of
patients or senior citizens in a senior housing residence. The
concept underlying the sought cost savings in this setting hinges
on the novel idea of leveraging the readily available free short
range P2P communication (e.g., Bluetooth or Wi-Fi operating
in the ad hoc mode) in order to disseminate messages in a mul-
tihop fashion to cover the target group. Our ultimate goal is to
provide cost-effective data dissemination to the users subject to
application delay constraints.

A. Problem Statement

Consider the problem of disseminating a single advisory
message, say by the local health authority, to a group of M tar-
get users. The straightforward approach toward disseminating
a message is to send M messages (SMS), one directed to each
user. Hence, the cost incurred would grow linearly with the size
of the target group M which would be a limit, especially in
developing countries, when the size of the group scales. In an
attempt to circumvent this linear growth rate, the approach pro-
posed is two phase: 1) Phase 1: the HCP server disseminates
the target message to a subset of N strategically located users
(called hubs) and 2) Phase 2: the hubs take the burden of dis-
seminating the message further to the rest of (M −N) users,
essentially forming an ad hoc network. Despite the simplic-
ity of the idea, it gives rise to interesting Cost-QoS tradeoffs,
particularly a cost-delay tradeoff.

B. Cost-Delay Tradeoff

In this section, we characterize the cost-delay tradeoff per-
taining to the problem of efficient message dissemination from
the HCP server to remote colocated mobile phones. We intro-
duce a theoretical model for the mobile phone ad hoc network
that adequately captures the problem and tradeoff at hand. We
consider M stationary, or quasi-stationary, nodes uniformly dis-
tributed over a circular region of radius R. All nodes have
equal transmission ranges, denoted r. Asymptotically (i.e., as
M → ∞), the circular region can be approximately divided into
N circular subregions (also called clusters) where the N mobile
phone hubs are assumed to reside at the centers of those clus-
ters and would be responsible for disseminating to members in
its respective clusters. Thus, it can be shown that the area of
each cluster would scale as O(πR2/N ) and, hence, the radius
of an arbitrary cluster, denoted Rc, scales as O(R/

√
N ). Based

on the fixed transmission range assumption for each node, it is
straightforward to conclude that the number of hops to prop-
agate data within a cluster is O(R/(

√
N ∗ r)) which is the

radius of the cluster divided by the node’s transmission range
r. In order to simplify the model and capture the crux of the
problem, we assume the presence of an ideal MAC protocol
that coordinates nodes transmissions and completely eliminates
interference. Thus, we do not account for MAC delays in our
model since it is expected to affect the values of link delays but
not the fundamental tradeoff at hand.
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Given the above model, quantifying the cost of sending N
messages C(N) is a linear function of the cost of a single
message, denoted S, i.e., C(N) = N ∗ S. On the other hand,
quantifying the end-to-end (E2E) delay, DE2E, defined as the
time elapsed between sending the message from the HCP server
until it reaches all M nodes, is discussed next.

At the outset, the E2E delay is the summation of the delay
in Phases 1 and 2. The delay incurred in Phase 1 is relatively
simple as it essentially amounts to the average message delay
from the HCP server to all mobile phone hubs, denoted D3G,
assuming transmission to the N mobile phone hubs takes place
exactly in parallel. As for Phase 2, the delay involved while for-
warding a message from a hub to its cluster members, denoted
Dad hoc, is quantified as follows. First, the worst-case ad hoc
network delay is the product of the average P2P link delay and
the maximum number of hops to cover the cluster (i.e., the
cluster radius quantified above), i.e.,

Dad hoc = Dl ∗Rc (6)

where Dl is the average P2P link delay and Rc is the cluster
radius. Second, the wireless link delay is known to accom-
modate the average transmission delay (Dt), average queuing
delay (Dq), propagation delay (Dp), processing delay (Dpr),
and average MAC delay (Dmac). In this model, we ignore the
propagation delays due to the short distances traveled (order
of meters) in case of colocated mobile phones, the process-
ing delays thanks to Moore’s law and, finally, the MAC delays
assuming the presence of an ideal zero-delay MAC as pointed
out before. Therefore, the P2P link delay boils down to

Dl = Dt +Dq (7)

where

Dt =
Z

B
(8)

is the transmission delay and Z is the message size (in bits) and
B is the P2P link bit rate (in bps) and

Dq =
ρ

2μ(1− ρ)
(9)

is the queuing delay that is based on an M/D/1 queuing model
[28], where ρ = λ ∗Dt is the system loading factor and λ is the
rate of arrival of transmission requests to the queue of the P2P
wireless interface, assumed to be Poisson in our model and Dt

is the average service (message transmission) time which is the
reciprocal of the service rate μ. Thus, the E2E delay, denoted
DE2E, is given by

DE2E = D3G +Dad hoc. (10)

Given the above model, it is evident that decreasing the num-
ber of mobile phone hubs N reduces the cost, yet, at the expense
of larger multihop delays in Phase 2. Notice that Phase 1 delay
is always constant and present for any choice of N . In fact,
Phase 1 delay constitutes the lower bound on the E2E delay
achievable only in the extreme case of N = M , i.e., there is
essentially no Phase 2. Thus, the quest for the optimal num-
ber of gateways that strikes a balance between minimizing cost

and minimizing E2E delays can be formulated as a constrained
optimization problem for minimizing the cost subject to a delay
requirement, denoted x, i.e.,

min
N

C(N)

s.t.DE2E ≤ x. (11)

Building upon the above model and the derived formulas for
cost and E2E delay, this problem can be solved in closed form
using Lagrange multipliers [29]. We introduce a new variable
(γ) called the Lagrange multiplier and construct a new cost
function

g(N, γ) = C(N) + γ(DE2E − x). (12)

By differentiating with respect to N and equating to zero

∂g

∂N
= 0

we get the optimal number of hubs N as a function of γ

N∗ =

[
γ ∗R ∗Dad hoc

2 ∗ S ∗ r
] 2

3

(13)

and we get γ from the constraint DE2E = x

γ
1
3 =

(2 ∗ S)1/3(R ∗Dad hoc)
2/3

r2/3(x−D3G)
. (14)

Finally, the optimal number of hubs N is given by

N∗ =

[
R ∗Dad hoc

r(x−D3G)

]2
. (15)

According to (15), the optimal number of mobile phone hubs
N∗ is independent of the message 3G transmission cost S
which may seem counter intuitive at a first glance. However,
this result turns out to agree with intuition due to the linear
dependence of the communication cost on S, i.e., C(N) = N ∗
S. Thus, minimizing the message dissemination cost subject to
the delay constraint x yields a minimum (optimal) number of
hubs N below which the delay requirement x would be vio-
lated. The optimal N∗ is independent of S which only affects
the slope of the linear cost function and, hence, the cost-delay
intersection point when plotted versus N as shown in Fig. 5.
However, the intersection point constitutes the optimal (that
minimizes both cost and delay) which is different from the con-
strained optimization problem in (11) which is primarily driven
by the delay constraint x.

C. Numerical Results

Using the above model, numerical results are generated to
confirm the tradeoff and show the optimal N∗ for plausible
scenarios for a group of colocated users. This analysis is con-
ducted given the numerical parameters in Table I. Based on
these parameters, we can compute Dt = 0.02 s and Dq =
2.1 ∗ 10−5 s from (8) and (9), respectively, and D3G = 0.5 s.
Next, we present numerical results that not only confirm the
cost-delay tradeoff but also quantify the optimal number of
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Fig. 5. Dissemination cost and E2E delay versus the number of hubs N .

TABLE I
SYSTEM PARAMETERS

Fig. 6. Cost-delay tradeoff.

mobile phone hubs N∗ as we change the delay constraint x
from delay-sensitive to delay-tolerant applications.

As shown in Fig. 6, the total message dissemination cost is
plotted against the E2E delay which confirms the fundamental
tradeoff. Each point on the curve corresponds to a value of N
that yields the shown cost and delay pair. The figure shows that
as the number of hubs N increases, the cost increases, yet, the
E2E delay decreases. The optimum N is the value that obtains
the minimum cost subject to the prespecified delay constraint x.

On the other hand, Fig. 7 quantifies the optimal number
of mobile phone hubs N∗ for a range of delay constraints x
between 0.6 and 1 s. This range of stringent delay requirements
prevail in near real-time dissemination scenarios from the HCP.
As the delay tolerance increases, the system allows more hops
to reach destinations in an attempt to reduce the cost. Hence,
we conclude that the number of mobile phone hubs needed to
disseminate the message can be reduced to save cost, if the HCP
message is delay-tolerant.

D. Simulation Results

In this section, we evaluate the performance of the proposed
two-phase message dissemination using ns-2 simulations [30]

Fig. 7. Optimum number of hubs N∗ versus different delay constraints x.

TABLE. II
SIMULATION PARAMETERS

Fig. 8. Effect of the number of users on the average E2E delay.

in order to confirm the tradeoff at hand under more realistic and
scalable network settings and study the effect of various sys-
tem parameters. We use the ns-2 simulator running over the
CRC testbed [31]. Table II summarizes the parameters used
in the simulations and their default values, namely the number
of mobile phone hubs, the mobile phone users’ density, speed
of motion, and hub’s transmission range. Users are distributed
randomly more than a 1-km2 area. Users’ mobility is modeled
using the random way point model [32]. For a given number
of hubs N , the deployment area is divided into N clusters. The
hubs positions are fixed at the center of their respective clus-
ters. At the MAC layer, we employ the IEEE 802.11 protocol.
We employ the popular AODV protocol [33], [34] for multi-
hop routing within each cluster. Next, we highlight the role of a
number of key parameters.

1) Varying the Number of Users, M : Fig. 8 shows the
effect of varying the number of users on the average E2E two-
phase delay. As expected, as M increases, the delay increases.
Disseminating through the hubs, however, keeps the delay
bounded even with high user densities.

2) Varying the Number of Hubs, N : Fig. 9 shows that
increasing the number of hubs leads to decreasing the average
E2E delay, yet at the expense of linear increase in the monetary
cost to the HCP. This confirms the cost-delay tradeoff charac-
terized in Section V-B. The reduced E2E delay is due to the
decrease in the multihop path lengths within each cluster on
the average and the reduced number of messages transmitted in
each cluster (and hence the interference). Finally, we note that
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Fig. 9. Effect of changing the number of hubs on the average E2E delay.

Fig. 10. Effect of changing users’ speed on the average E2E delay.

Fig. 11. Effect of changing hubs’ transmission range on the average E2E delay.

the delay decrease rate (gain) is sharper than the linear increase
in data transfer cost.

3) Varying the Mobile Phone users’ Speed: Different user’s
speeds reflect different modes of transportation (stationary,
walking, driving, etc.). Fig. 10 shows that moving with low
speeds leads to low E2E delays as the network topology dynam-
ics are limited. However, as the users’ speed increases, the
performance degrades due to routes maintenance.

4) Varying the Hubs’ Transmission Range: Fig. 11 shows
that the average E2E delay increases with the increase of the
hubs’ transmission range. This is attributed to the increased
interference on the shared wireless medium.

VI. CellChek SYSTEM

In this section, we present the built CellChek system pro-
totype hosting two medical devices, the DTA module and the
WISA algorithm. In addition, we present experimental results,
collected using the prototype, which provide key insights about
CellChek and the involved tradeoffs. Finally, we illustrate use
case showing CellChek in operation and highlighting its unique
features and merits.

It is worth noting that the cost-effective short message dis-
semination concept proposed in Section V is not integrated
into the system prototype due to the need for a large-scale
system deployment to be able to run experiments and collect

statistically significant results for the E2E dissemination delay,
among other performance metrics. This is a potential direction
for future work.

A. Overview

The CellChek system prototype accommodates two major
types of sensors, namely the widely available Bluetooth-
enabled medical devices (e.g., blood pressure monitor [35] and
pulse oximeter [36]) and mobile phone built-in sensors (e.g.,
accelerometer for fall detection). It is worth noting that the
CellChek system is extensible to other short-range wireless
technologies with lower power consumption for sensory data
collection, e.g., ZigBee, when available in mobile phones [37]
and medical devices [38].

In essence, the user’s mobile phone collects sensory data
and transmits it to the HCP server over two steps. First, the
patient directs the CellChek mobile software to read the mea-
surements from the on-body medical devices and the mobile
phone built-in sensors. Measurements are collected using the
medical devices through a Bluetooth connection. Second, the
patient uploads the data through SMS/MMS or the Internet (Wi-
Fi/3G data plan) in a cost-effective manner using the WISA
algorithm. Caregivers can then access the HCP server anytime
via a web interface to remotely monitor their patients. In addi-
tion, CellChek provides a cost-effective advisory dissemination
service via sending notifications to a subset of the target mobile
phones from the HCP server and utilizing the short-range free
P2P communication capability, such as Wi-Fi or Bluetooth, to
disseminate information to nearby mobile phones. More details
about the CellChek system prototype and demo can be found in
[12], [39].

B. Experimental Results

In this section, we conduct extensive experiments to eval-
uate CellChek cost benefits and compare its E2E upload delay
against three data upload baseline systems namely, Always-use-
Wi-Fi, always-use-dataplan, and always-use-SMS. In addition,
we evaluate the effective data transfer rate from the pulse
oximeter to the smartphone over Bluetooth. In the always-
use-WiFi system, whenever medical data are ready for upload,
the system uploads it opportunistically using free Wi-Fi hot
spots. Similarly, the always-use-dataplan and always-use-SMS
systems upload data through the cellular data plan and SMS,
respectively. One common feature to these baseline systems is
that uploading data in each system happens through only one
wireless interface all the time. On the other hand, CellChek
leverages the WISA algorithm to select the least cost wireless
interface at any given time.

1) Delay Results: Fig. 12 shows the cumulative distribu-
tion function (cdf) of the E2E data upload delay given a typical
medical record of size 100 bytes. The medical record includes:
patient alias name, a single pulse oximeter and blood pres-
sure readings, the collection time and location (if available).
Intuitively, CellChek would incur higher upload time compared
to the baseline systems due to the WISA algorithm process-
ing time. It is worth noting that the baseline systems incur
zero interface selection time, since each system relies solely on
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Fig. 12. CDF of the E2E upload delay for three baseline systems: always-use-dataplan, always-use-Wi-Fi and always-use-SMS versus CellChek.

one technology for data upload. Typically, WISA commences
by checking the availability of the active least cost interface.
In our experiments, CellChek limits the Wi-Fi search to pub-
lic, free Wi-Fi access points (APs) availability due to its zero
cost. Accordingly, initially, WISA scans the surrounding area
for public Wi-Fi APs. If APs are found, it establishes a con-
nection with the strongest signal, free AP. Otherwise, WISA
compares the cellular data plan upload cost to the SMS cost to
decide the least cost, depending on the data size, modality and
QoS requirements.

In Fig. 12, we plot the cdf of the E2E data upload delay for
CellCheck against the three aforementioned baseline systems.
Few observations are now in order. First, it can be noticed from
Fig. 12(c) that CellChek selecting SMS incurs higher delay than
the always-use-SMS baseline, due to the selection processing
delay, and the highest among all three plots. This is attributed to
the high delay associated with the SMS protocol in addition to
the selection processing delay. Second, we notice that the delays
in Fig. 12(a) and (b) are comparable, since Wi-Fi scanning is
the dominant in both cases; cellular data plan upload or Wi-Fi
upload. Third, CellChek selecting cellular data plan or Wi-Fi
incurs the highest delay compared to its corresponding baseline
due to the interface selection processing delay. However, it is
worth noting that the interface selection delays in all cases are
in the order of few seconds, which is generally tolerable by a
typical user, especially when targeting cost savings.

It should be noted that the upload delay is dominated by
two factors, namely the Wi-Fi scanning time followed by time
incurred in searching and connecting to APs with Internet
access. Moreover, the Wi-Fi scanning time changes on different
smartphone platforms. For instance, according to our experi-
ments, Wi-Fi scanning on HTC Touch Diamond 2 lasts for 1.6
s, while measurements reported in [18] shows that on the Nokia
N-95 smartphone it takes 2.03 s and takes 1.11 s on Android G1.
The Wi-Fi scanning process takes place in all CellChek cases
plotted in Fig. 12. On the other hand, the second dominant fac-
tor, namely searching for a usable AP, may not arise in all cases,
e.g., if no Wi-Fi AP is available in the surrounding area, after
Wi-Fi scanning. Therefore, the interface selection delay added
by CellChek in case of cellular data plan selection [Fig. 12(a)]
tends to be lower than the case of WiFi selection [Fig. 12(b)] in
some cases.

2) Cost Results: In Fig. 13, we compare CellChek to the
Always-use-dataplan and always-use-SMS baseline systems.
However, the always-use-Wi-Fi system is not shown since its
data upload cost is simply zero. The experiment setup is based
on a major cellular operator in Egypt, namely Mobinil, and is
as follows: single SMS cost is 0.3 EGP, single SMS size is 160

Fig. 13. Data upload cost of always-use-SMS, always-use-dataplan, and
CellChek.

B. For data plan pricing, we adopt the generic pricing model
introduced in Section IV-B using the following scenario:

1) data plan quota (A) = 5 MB;
2) time limit of the data plan (T ) = 24 h (1 day);
3) the time remaining in the day (t) = 12 h;
4) price of the data plan (P ) = 1 EGP;
5) price of an extra MB, beyond the plan (p) = 5 EGP, in

which the user is charged 0.5 EGP for each extra 0.1 MB.
In Fig. 13, the cost using always-use-dataplan system

depends on the following parameters: gathered medical data
size Z, rate of nonmedical data plan usage L, and the MBs
remaining until the plan quota is fully consumed n. On the
other hand, in the always-use-SMS system, the cost depends
only on the medical data size Z, i.e., increases linearly with Z.
CellChek cost is the minimum over all systems, shown in gray
in Fig. 13. Thus, depending on the scenario under considera-
tion, the CellChek data upload technology would vary between
SMS, dataplan, and the free Wi-Fi, if available. In the follow-
ing, we demonstrate the WISA decision under two different
scenarios: data upload using SMS and data upload using the
data plan. A third scenario for data upload using opportunis-
tic “free” Wi-Fi is trivial whereby the WISA decides Wi-Fi
upload, upon checking its availability first, since its upload cost
is guaranteed to be minimum, i.e., zero.

a) Scenario I: data upload using SMS:
• Case A: Consider the gathered medical data of small size
Z = 100 B, the user has not started consuming the data
plan yet n = 5 MB, and a fixed rate of nonmedical
data plan usage L = 0 MB/hour. Under this setting, the
data can be sent using a single SMS with cost less than
the price of a full data plan. As shown in Fig. 13, the cost
of data plan = 1 EGP, while the cost of SMS = 0.3 EGP.
Hence, WISA decides uploading the data using the low
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cost SMS service, as opposed to paying the full cost for
the daily data plan.

• Case B: If the gathered medical data size Z = 100 B,
the user consumed around half of the data plan n = 2.4
MB, and the rate of nonmedical data plan usage L = 0.2
MB/h. In this case, as the remaining time in the data
plan t = 12 h, under normal nonmedical data plan usage,
the data plan will be fully utilized. The cost of upload-
ing medical data requires extra usage beyond the quota
= 0.5 EGP, while the cost of SMS = 0.3 EGP as shown
in Fig. 13. Hence, WISA decision is to upload using only
single SMS.

b) Scenario II: data upload using data plan:
• Case A: Assume the gathered medical data size Z = 100

B, rate of nonmedical data plan usage L = 0.1 MB/h, and
the MBs remaining until the plan quota is fully consumed
n = 3.75 MB, therefore, 1.25 MB already consumed.
This implies that the user has already started consum-
ing the data plan and the price of the daily data plan has
already been paid. Given the remaining enough quota to
transmit the medical data, the WISA decision would be
to upload using the data plan. The cost of data plan com-
puted using (5) < 0.01 EGP shown in Fig. 13 (since only
after 12 h the user still has large portion of the quota
which will not be fully utilized given nonmedical data
only).

• Case B: As shown in Fig. 13, consider the gathered med-
ical data size Z = 250 B, rate of nonmedical data plan
usage L = 0.2 MB/h, and the MBs remaining until the
plan quota is fully consumed n = 2.4 MB. Under normal
nonmedical data plan usage, the data plan will be fully uti-
lized. Hence, the cost of uploading medical data requires
extra usage beyond the quota = 0.5 EGP, while the cost
of SMS = 0.6 EGP. Accordingly, WISA decision is to
upload using the data plan.

Thus, the experimental results confirm the cost-delay trade-
off in the data upload process. Although CellChek imposes
higher delays compared to the three baseline systems, namely
the Always-use-one-interface, as shown in Fig. 12, it yields
valuable cost savings especially to low-income communities.
Few second delays are typical and tolerable by many mHealth
applications except for few emergency “real-time” scenarios
where the data is delay-sensitive. In general, we argue that the
extra interface selection delay contributed by CellChek can be
tolerated by most mHealth applications.

3) Effective Transfer Rate of the Pulse Oximeter: In this
experiment, we measure the effective transfer rate of the pulse
oximeter (NONIN Onyx II Model 9560 Bluetooth) [36] and
contrast it against the reported nominal rate. Our measure-
ments show that for one pulse oximeter packet (consisting of
25 frames where each frame is 5 Bytes) received by the smart-
phone over Bluetooth, it takes up to 384 ms, with the mean
being 340.57 ms. Thus, the average effective transfer rate for
the used pulse oximeter device can be computed as follows:
25 frames * 5 Bytes * 8 bits / 340.57 ms = 2.9 Kbits/s. This
low effective transfer rate shows that the Bluetooth v2.0 link is
not fully utilized by the pulse oximeter due to its inherently low
data rate nature. Interestingly, the nominal transfer rate reported
in the pulse oximeter specifications sheet equals to 3 Kbits/s,

which largely agrees with the average transfer rate measured in
our experiments.

C. Impact of Imperfect Knowledge of L

In this section, we relax the perfect knowledge of L assump-
tion and study the effect of nonzero error, δ, on the WISA
interface selection decision. In particular, we establish condi-
tions on δ, under which the WISA decision remains correct in
the presence of error in the estimation of L, which represents
the robustness of our algorithm to errors. Toward this objective,
we study two general cases comparing the upload cost of the
cellular data plan (Cost3G) and SMS upload cost (CostSMS),
namely Reference Case I (WISA selects the data plan when
δ = 0) and Reference Case II (WISA selects SMS when δ = 0).
We focus on the former since the latter lends itself to similar
analysis and is omitted due to space limitations.

Reference Case I: Cost3G(δ = 0) < CostSMS

In case of estimation errors of L (δ �= 0), a correct WISA
decision is guaranteed iff

Cost3G(δ) < CostSMS. (16)

Based on the data plan pricing model proposed in Section IV-B,
the following two subcases are studied.

1) Data Plan Usage is Within the Quota: We substitute
from (1) and (5), while replacing L with (L+ δ) to capture
the estimation error, in (16) above. Simple manipulations yield
the following condition for correct WISA decision:

δ >
P ∗ Z

CostSMS
− [(A− n) + Z]

t
− L. (17)

We note that error values larger than the threshold in (17) yield
a correct WISA decision, which may seem counter intuitive at a
first glance. However, this is expected since in Reference Case
I, Cost3G(δ = 0) < CostSMS and, depending on their differ-
ence, δs above a threshold would give rise to either increase
(or decrease for negative δ up to a limit) in the denominator
of (1) when replacing L with (L+ δ) to capture errors. This,
yields lower Cost3G (or higher, yet, still lower than CostSMS)
and, hence, preserves the correct decision.

2) Data Plan Usage Exceeds the Quota: We substitute
from (3) and (5), while replacing L with (L+ δ) to capture the
estimation error, in condition (16). Simple manipulations yield
the following condition for correct WISA decision:

δ >
P + p(Z + L ∗ t− n)− CostSMS

Z ((A− n) + Z + L ∗ t)
t(CostSMS

Z − p)
.

(18)

Interestingly, applying these conditions to plausible scenarios
with realistic parameter values, e.g., P = 1 EGP, A = 5 MB,
L = 0.04 MB, n = 4.9 MB, Z = 1 kB, and t = 0.1 h unveils
valuable insights. For instance, Scenario II in Section VI-B.
yields Cost3G about an order of magnitude less than CostSMS =
2.1 EGP for a wide range of δ. Hence, WISA practically experi-
ences no decision errors in this case, as confirmed by Fig. 14(a),
since the intersection point occurs at δ = −351% of L [from
(17)], which is an impractical high level of error that would
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Fig. 14. Impact of error δ in estimating L on the data upload costs and correct-
ness of the WISA decision when (a) P = 1 EGP yielding no WISA decision
errors and (b) P = 30 EGP.

Fig. 15. CellChek in operation. (a) Application GUI. (b) Patient medical data
collection. (c) WISA algorithm in operation, testing each network interface to
decide the most cost-effective available interface. (d) Send medical data through
the network interface decided by WISA.

never occur in a well-designed system. On the other hand, if
we raise the price of the data plan to P = 30 EGP (instead of 1
EGP), decision errors could occur. It still gives rise to Reference
Case I (and subcase 1; data plan usage within quota) governed
by (17), similar to the scenario of P = 1. However, it can be
verified from Fig. 14(b) that the switch from incorrect to cor-
rect WISA decision takes place at the intersection point when
δ = −25.7% of L, which perfectly agrees with the threshold in
the right hand side of (17). Any δ higher than this value yields
a correct WISA decision.

Finally, it is straightforward to show that, for Reference
Case II, the conditions on δ which yield a correct WISA deci-
sion for the two subcases are the complement of the ranges in
(17) and (18).

D. CellChek in Operation

In this section, we present an exemplary use case for the
CellChek system that not only showcases the system in oper-
ation but also demonstrates its utility for supporting health-care
services on the move.

1) Monitoring a Patient on the Move: Consider a passenger
riding a vehicle/bus/metro who needs to be continuously moni-
tored for sudden abnormal conditions. The passenger would not
be worried for his health, while practicing daily life activities,
as long as he is remotely monitored by CellChek, at minimum
cost. The CellChek mobile application can be easily launched
by connecting the wireless medical devices to the patient and
allowing the CellChek mobile software to collect the read-
ings from the medical devices as shown in Fig. 15(a) and (b).
CellChek generates a medical profile that stores the patient’s

vital signs. Afterwards, the gathered data is uploaded to the
HCP server using the WISA algorithm which chooses the least
cost wireless interface available. WISA explores different net-
work interfaces in the following order: wired connection, Wi-
Fi, 3G data plan, and SMS. As shown in Fig. 15(c), upon check-
ing the wired internet access as the first option, the red stop
sign means the interface is not available for WISA. Afterwards,
WISA tests free Wi-Fi internet access availability and so on. In
Fig. 15(d), we show the WISA decision under the two scenarios
described in the previous subssection: data upload using SMS
and data upload using the 3G/GPRS data plan.

VII. DISCUSSION

Security and privacy are prerequisites and main pillars of
mHealth systems, in general, including cost-effective mHelath.
For instance, fundamental security-cost tradeoffs, attributed to
the significant overhead contributed by classic security mecha-
nisms, arise in the context of CellChek. This motivates, among
other design aspects, the development of lightweight secu-
rity schemes with minimum overhead (cost), e.g., those based
on physical layer security [40], [41]. In addition, we high-
light that the Bluetooth standard offers three basic security
services, namely authentication, confidentiality, and authoriza-
tion [42], which can be further extended and complemented
with advanced security provisions to address its vulnerabili-
ties. Security and privacy for cost-effective mHealth systems
is a ripe area of research and, hence, warrants a comprehen-
sive treatment that lies out of the scope of this work and is a
promising direction of future research.

In order to introduce the novel concept of P2P dissemination
in Section V and formally characterize the cost-delay trade-
off, we introduced a theoretical model as well as a simulation
study to quantify the effect of different scenarios and param-
eter settings. Although geographically colocated mobile users
is a strong assumption, in general, its validity depends heavily
on the target applications and use cases. For instance, it res-
onates well and can be justified for a number of applications
of particular interest in this paper, e.g., group of mobile users
in a given area to receive health, safety or community alerts,
elderly care homes, residential neighborhoods, university cam-
pus, etc. On the other hand, for a class of mHealth applications
that is delay-tolerant, e.g., [43] and [44], this assumption may
be relaxed opening ample room for the delay tolerant network-
ing (DTN) paradigm targeting further cost savings over larger
geographical regions. A comprehensive study of the benefits
and tradeoffs of DTN in cost-effective message dissemination
lies out of the scope of this paper and is a potential subject of
future research.

VIII. CONCLUSION

In this paper, we introduced the novel concept of cost-
effective ubiquitous mobile health care based on the use
of sensor-rich mobile phones along with emerging wireless-
enabled medical devices. We propose the CellChek system
and the underlying WISA algorithm which selects the wire-
less interface yielding least cost to the patients using the
DTA scheme, depending on the data size, modality and delay
tolerance. In addition, we develop a simple, yet insightful,
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theoretical model for the short message dissemination that ade-
quately captures the fundamental cost-delay tradeoff. Finally,
we develop the CellChek system prototype using multiple
mobile phone platforms and two sample medical devices
and demonstrated its effective operation. The experimental
results confirm the data upload cost-delay tradeoff and pro-
vide valuable insights about the system. This work may be
extended along multiple directions, e.g., security-cost tradeoffs,
the design and implementation of cost-effective on-body sens-
ing platforms and integrating more sophisticated devices into
CellChek, e.g., ECG and EEG.
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