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Abstract—Rapidly growing popularity of mobile devices such
as smartphones and digital tablets has changed the way people
obtain information. Cellular and wireless local area networks
provide almost ubiquitous connectivity. However, many scenarios
threaten to leave us disconnected for extended periods of time.
We study how peer-to-peer communication with mobile devices
can be used without network infrastructure. With epidemic
models for opportunistic content spreading we investigate the
performance of such systems and compare them to simulated
results. Real life mobility traces are used as a base to simulate
how information is spread between the devices and two different
types of spreading were studied in more detail. In particular, we
investigate how fast a percentage of the total number of devices
can receive the information. The results are displayed for the best
performing device and indicate that these models does not neces-
sarily have to agree with what actually happens. Nevertheless, we
argue that the models provide a good mathematical framework
for analyzing systems of this sort and conclude that these models
can be extended to incorporate more general assumptions.

I. INTRODUCTION

THE number of internet-connected mobile devices, such
as smartphones and digital tablets, increases more than

ever and has quadrupled in the last four years. By 2015
it is expected to surpass 2 billion units [1]. By means of
various networking technologies which they support, these
devices are capable of establishing wireless links between two
devices whenever they are in transmission range and without
the need of connecting to internet access points. Wireless
technologies, such as Wi-Fi and Bluetooth, allow this peer-
to-peer communication and it is commonly known as ad
hoc transmission [2]. This creates new possibilities in how
communication can occur and has great potential in a number
of areas.

In absence of an cellular infrastructure this way of sending
information still enables communication. Our dependency on
continuous connectivity makes us more vulnerable to these
kind of scenarios. This could be the case in disaster situations
such as after an earthquake or tsunami where communication
is vital and reporting to rescue teams or authorities are hard
by normal means. Devices in ad hoc mode could let you send
information about nearby hazards that are instantly shared to
people within contact range [3].

Peer-to-peer communication also has multiple other interest-
ing applications. A substantial part of the telephone operator
cost is because we require total coverage, new base stations
are built and the capacity is extended. Imagine if we could do
all we want without being connected, devices in ad hoc mode
provides just that possibility.

With an increasing number of devices and possibility of
spreading information this, of course, also increases the risk of
receiving malicious software with the potential of compromis-
ing your device or integrity. That aspect will not be discussed

further in this paper, however, the analysis of the spreading
of such software and diseases is a well explored subject in
mathematics. The theory and models of epidemic spreading
applies to any type of spreading if the right assumptions are
made, whether the content spread is a disease or information
of some type does not matter [4].

The goal of this paper is to analyze the spreading of
information between mobile devices using mathematical tools
and models developed in the field of epidemic spreading.
Comparing the performance of these analytic models to real
life mobility traces extracted from experiments performed by
research groups around the world [5]. These traces report
contacts between individuals that carry around devices that
are usually equipped with Bluetooth. We will use these traces
to simulate how information can be sent between the devices
and discuss two different types of spreading [6]. Specifically
we will calculate the time it takes for a fraction of the total
number of devices to receive the information.

The rest of this paper is organized as follows. Systematic
derivations of the theoretical expectation values are found in
section II where we introduce the theory needed to understand
the epidemic models. These models constitute the base for
the simulations which is describes in section III together with
the process of picking out the appropriate traces. In section
V we discuss potential continuations of this work and how
the performance of this technology could be explored in the
specific scenarios described earlier.

II. THEORY

A. Modeling epidemic spreading as Markov processes

A stochastic process with state space S is a collection of
random variables {X(t), t ∈ T} defined on the same proba-
bility space (Ω;F ;P ). The set T is called its parameter set
and it usually represents time. Then, the variable X(t) can be
seen as a state of the process at time t. We will only consider
continuous temporal dependence of the stochastic variables,
that is, t ∈ T = [0,∞). In particular, the process is called a
Markov process if and only if

P (X(tn+1) = in+1|X(tn) = in, X(tn−1) =
in−1, ..., X(t1) = i1) = P (X(tn+1) = in+1|X(tn) = in)

i.e. when the time evolution of the system only depends on the
current state and not the previous ones. This property is called
”lack of memory” and the requirement places great restrictions
on the possible distributions of the stochastic variables X(t).
One distribution that has memory-less property is the exponen-
tial probability density function (PDF) f(x) = λe−λx, x ≥ 0
(proof in Appendix B). We will from now on consider only
stochastic variables such that X(t) ∈ exp(λ), we say that
X(t) is exponentially distributed with rate λ.
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Fig. 1. Markov process for type I spreading.

The mobile devices, which we will refer to as nodes,
are assumed to spread information to other nodes instantly
when they are within contact range of each other. Adopting
the terminology from epidemic modeling, we denote nodes
carrying information as infected and nodes that want to obtain
the information susceptible. When information is sent from
an infected node i to a susceptible node j we say that node
i has infected node j. Since we assume that transfer occurs
instantaneously, we will only consider when two nodes meet,
not by how long. The mobility of the nodes is indirectly
modeled since we assume the inter-meeting times, the time
between two successive encounters between two nodes, to be
exponentially distributed. Furthermore, we make no distinction
between the nodes and assume that all the inter-meeting times,
Ti, have the same rate λ.

Two types of spreading are examined in more detail.
Type I: Only the originally infected node can infect others.
Type II: All infected nodes contribute to spreading content.

We consider unlimited sharing and limited sharing where
the number of times a node can infect others is limited to k
times. In the case of unlimited sharing k =∞.

Common for both types is that the nodes do not recover in
any way, that is, if a node has become infected it will stay in
the same state forever.

B. Transition rates

If X(t) is a stochastic variable describing the number of
infected nodes at time t with the initial condition X(0) = 1 we
have, for a system of N nodes, X(t) ∈ {1, ..., N}∀t. Let Ti be
the stochastic time until node i is infected. Then the probability
of staying in the same state and not infecting another node is
the probability that the time t is less than all stochastic times
Ti. In particular, the time has to be less than the minimum of
all the Ti’s.

P (X(s+ t) = 1|X(s) = 1) = P (X(t) = 1|X(0) = 1) =
P (T > s+ t|T > s) = P (T > t)

where T = min(T1, ..., TN ) and s is arbitrary since we
assume the probabilities to be time homogeneous, they do
not change with translations in time. Since the nodes cannot
recover and the restriction that no more than one node can be
infected in every instant of time the only possible transitions
from a state X(t) = i is to X(t) = i itself or to X(t) = i+1.
All other transitions are assumed to be impossible and their
probability zero, hence the probability of transitioning to a
higher state. i.e. of infecting another node is the compliment
of the transition above.

P (X(s+ t) = 2|X(s) = 1) = P (T < t) = 1− P (T > t)

Fig. 2. Representation of type II spreading Markov process.

Here a distinction has to be made between the two types of
spreading discussed.

Type I: For a given system of N nodes in a state where
i of them are infected, X(t) = i, there are N − i nodes still
susceptible of infection. Only the originally infected node can
spread the content, if Tj is the stochastic time until node j is
infected we have in general

P (X(s+ t) = i|X(s) = i) = P (min(T1, ..., TN−i) > t) =
exp(−(N − i)λt)

where Ti ∈ exp(λ) and the last step is evaluated through a
theorem of which the proof can be found in Appendix A. A
representation of the Markov process for type I spreading is
shown in Fig. 1.

Type II: Following the same procedure as in type I with
X(t) = i where all i nodes can infect the other N − i. Let
T ji denote the stochastic time until node i is infected by node
j. Then, there are N − i nodes susceptible of infection by
i already infected nodes. Thus, in total there are i(N − i)
possible configurations of how another node can become
infected and the probability is given by

P (X(s+ t) = i|X(s) = i) =
P (min(T 1

1 , T
1
2 , ..., T

1
N−i, T

2
1 , ..., T

i
N−i) > t) =

exp(−i(N − i)λt)

Fig. 2 shows the Markov process for type II spreading.

C. Expectation values

In order to make some predictions of the quantitative be-
havior of the system, we will look closer at two metrics. These
are overall delivery time, E[Todt], and individual delivery time,
E[Tidt], where the notation indicates that they are expectation
values of stochastic variables. The overall delivery time is the
total time until all the nodes are infected, while the individual
delivery time denotes the time until an arbitrary node is
infected. The metrics will, of course, depend on which type
of spreading we assume.

Type I: Since we make no distinction between the nodes,
the inter-contact times are independent and identically dis-
tributed with rate λ. Thus, the expected time until an arbitrary
node is infected is equal to the mean of the inter-contact time,
or

E[Tidt] =
1

λ

For E[Todt] we need to consider the total time from X(0) = 1
until X(t) = N , i.e. until all N nodes are infected. As we
saw, the stochastic time in state X(t) = i until a transition
to X(t) = i + 1 is exponentially distributed with rate λi =
N − i. The expected time until total infection is the sum of
the expected times in each state
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E[Todt] =

N−1∑
i=1

1

λi
=

1

λ

N−1∑
i=1

1

N − i

where the last summation can be rewritten, since it is a sum
of all inverted integers from 1 to N − 1, with the harmonic
number Hn =

∑n
i=1

1
i as

E[Todt] =
1

λ
HN−1

Type II: For the overall delivery time the same argument
as in type I applies, the time to total infection is the sum
of the expectation values in each state. For unlimited sharing
the time in each state is exponentially distributed with rate
λi = i(N − i)λ and thus

E[Todt] =

N−1∑
i=1

1

λi
=

1

λ

N−1∑
i=1

1

i(N − i)

The sum can be expressed in terms of harmonic numbers since

N−1∑
i=1

1

i(N − i)
=

1

N

(N−1∑
i=1

1

i
+

N−1∑
i=1

1

N − i

)
=

2

N
HN−1

The expected overall delivery time becomes

E[Todt] =
2

λN
Hn−1

The time until an arbitrary node is infected now depends on
the current state, since if X(t) = i there are i nodes that can
infect the N−i other nodes. Thus, the individual delivery time
is calculated as an expectation value over all the states as

E[Tidt] =

N−1∑
i=1

E[Tk,N−1]P{B} =

N−1∑
i=1

E[Tk,N−1]
1

N − 1

where we have used that P{B} = 1
N−1 is the probability

for an arbitrary node to be the k-th to become infected. It is
obviously uniform since we make no distinction between the
nodes, interchanging two nodes would constitute exactly the
same state. We also used E[Tk,N−1] which is the expected
time until k nodes have become infected, i.e. when we have
reached X(t) = k. This time is calculated in the same way
as E[Todt] where the upper limit is set to k instead of N − 1,
thus

E[Tk,N−1] =
1

λ

k∑
i=1

1

i(N − i)
so:

E[Tidt] =
1

λ(N − 1)

N−1∑
k=1

k∑
i=1

1

i(N − i)

where the double sum can be simplified by expanding it

N−1∑
k=1

k∑
i=1

1

i(N − i)
= 1+

1

2
+

1

3
+...+

1

N − 2
+

1

N − 1
= HN−1

and the individual delivery time for type II unlimited sharing
looks like

E[Tidt] =
1

λ(N − 1)
HN−1

TABLE I
SAMPLE OF ENTRIES IN A CHARACTERISTIC MOBILITY TRACE

Node Id 1 Node Id 2 tstart tend

1 2 410 415
1 3 650 661
... ... ... ...

III. METHOD

In this section we present the process of validating the
epidemic model with the real mobility traces. We will describe
what conditions are required from the traces in order to suit
our purposes and how we estimate the inter-meeting times
from the data. Finally, we will describe how we simulated the
spreading process by using the traces.

A. Selecting the traces

In order to compare the behavior of real systems to our
derived analytic expectation values, we will simulate the
spreading based on real life mobility traces. They are taken
from a database [5] where research groups upload their
experiments. We chose traces that best match our model,
representing mobile devices moving in a confined area with a
limited contact range. Quite generally these traces are a log
of entries that denote a specific meeting between two nodes.
Table I shows an approximate format and the most important
information contained in our traces. The first entry tells us
that node 2 was within contact range of node 1 between the
two given times. All our traces were collected over several
days and the recordings were performed even during the
nights, which resulted in many hours of inactivity where
no connections took place. Since these contacts are not as
interesting as during the day, we discarded all entries that
took place during the night. In a 24 hour period we called the
first 16 hours the day and the following 8 hours the night.
All times were adjusted accordingly and the resulting traces
are therefore joint collection of day times.

B. Inter-contact times

Let τi,j(n) be the n-th inter-contact time between node
i and j, our previous assumptions are that the sequence
{τi,j(n)}i,j,n is exponentially distributed with rate λ. The
expectation value of the inter-contact times is E[X] = 1

λ
and the best estimate to the expectation of the exponential
distribution is given by the arithmetic mean value [7]. τi,j(n)
is calculated from the traces through

τi,j(n) = tstarti,j (n+ 1)− tendi,j (n)

The sequence of all inter-contact times {Tict} in a given trace
is calculated by investigating all contacts between nodes i
and j, where we assume that the contacts are symmetric i.e.
τi,j(n) = τj,i(n). This symmetry allows us to only look at one
of the contacts and the sequence is finally used to estimate λ
according to

1
λ = mean({Tict})
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With the rate λ all expectation values can be calculated from
the analytically derived expressions, giving us a theoretical
description of the behavior of the system.

C. Simulation

The traces only contain entries about contacts between
nodes and not how information is sent between them. To model
this behavior, we simulate in Matlab the spreading based on
the traces for the two different types.

In accordance with the model we originally have one
infected node, i.e. the initial condition is X(0) = 1. If node
i is chosen to be infected we consider the first contact it has
with node j and take this to be the time of infection. For type
I spreading, only node i is capable of infecting others, but
for type II all nodes j that become infected also contribute to
content spreading. In state X(t) = n where n ∈ {1, ..., N}
and the infected nodes are named 1, ..., n, the first contact any
of these makes with an uninfected node is the time when the
transition to the state X(t) = n + 1 occurs. In the case of
limited spreading, we simply disregard any contacts after a
node i has infected k others.

For a trace containing N nodes we introduced certain
threshold limits to be able to evaluate the performance of the
spreading as compared to the theoretical values. Specifically
the time until a percentage, 50%, of the total number of nodes
has become infected were studied. The mean time according to
our theory can be calculated though E[Todt] where the number
of nodes were set to the threshold limit. We performed the
simulations for every node in the traces as the starting node
and only look at the best performing node.

IV. RESULT

The results of simulating the spreading for the best perform-
ing node is visualized in this section. For future reference the
traces will be referred to as: Sigcom [8], Haggle [9] [10] and
UoM (University of Milano) [11] . The two types of spreading
are presented separately.

A. Inter-contact times and expectation values

When modeling content spreading as Markov processes,
we assumed that the inter-contact times are exponentially
distributed. In Fig. 3 the cumulative distribution function of
the inter-contact times is displayed together with FX(t) =
1 − exp(−λt) with λ estimated from each trace. This figure
aims to provide an overview of how well the empirical data fits
the model, rather than comparing the individual traces. We can
clearly see that the inter-contact times are not exponentially
distributed. In particular the tail is significantly longer for the
empirical data. We will further discuss implications of this in
section V.A.

The theoretical expectation values were compared with the
performance of the simulated spreading when every node in
the trace was set as the starting node. The relative deviation,
Re, between the expected and actual time until the thresholds,
50% and 80% of the total number of nodes infected, are
visualized in Fig. 4 and Fig. 5 and is defined as

Fig. 3. Cumulative distribution function for empirical data and exponential
distribution for each trace.

Re =
T (threshold)− E[Todt]threshold

E[Todt]threshold

Fig. 4 and Fig. 5 display the results for type I and type II
spreading respectively. Most nodes perform worse than the
theory predicts, especially in type II spreading where the node
spreading the content slowest has a relative deviation of about
240. This means that the time until the node reaches the
threshold is 240 times the expected delivery time. We can also
note that no node performs notably better than the theory.

B. Type I spreading

When only the originally infected node is capable of in-
fecting others, the simulation reaches the threshold of 50% of
the total nodes infected slower than the theoretically expected
value (Fig. 6). This is for the best performing node in the
Sigcom trace and the actual time until the threshold is about
twice as long as the expected value, i.e.

T (50% of the nodes infected)

E[Todt]
≈ 2

This gives a relative error of 100% for the best performing
node which is displayed in Fig. 4.

C. Type II spreading

For this type all infected nodes are capable of spreading
to other susceptible nodes, where we study both unlimited
and limited sharing. Comparing Fig. 7 to the corresponding
trace for type I, Fig. 6, we see that it reaches the threshold
limit faster and that the expectation values are significantly
lower. The best performing node reaches the 50% threshold
10 times faster in unlimited type II spreading than in type I.
The corresponding number for the expectation values is about
15.

The Sigcom trace for limited type II sharing is visualized
in Fig. 8 for different k values. No node reached the 50%
threshold for k < 6 and by comparing the results to Fig. 7
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Fig. 4. Relative deviation between theoretical and actual delivery time to
50% threshold for type I spreading

Fig. 5. Type II relative deviation plot, 50% threshold for all traces

we find that the delivery time is significantly higher when we
limit the number of times content can be shared by a single
node. By comparing to Fig. 6 which is the same trace for type
I spreading, we see that limited spreading performs worse,
even though more nodes contribute to the spreading.

V. DISCUSSION

A. Agreement with theory

Modeling the system as Markov processes we were able
to analytically derive theoretical expectation values for the
performance of the spreading process. As shown in the results,
even the best performing nodes do not spread their content
according to what the theory suggests. In the process of mod-
eling the spreading as Markov process a series of assumptions
has to be made. These include exponential distribution of the
inter-contact times, all with the same rate λ. The results clearly

Fig. 6. Type 1 spreading for Sigcom trace.

Fig. 7. Sigcom trace for type II unlimited spreading.

states that this assumption might be too naive. In particular, the
tail of the CDF from the empirical data has much longer than
than the exponential CDF. This suggests that there are longer
inter-contact times that our theory does not take into account,
making the expectation values lower than the simulated results.

As expected, type II spreading reaches threshold much
faster than for type I since more nodes are participating
in content spreading and we found significant differences
between limited and unlimited sharing. This indicates that the
sharing is not cooperative and that a few nodes do most of the
spreading. If this is the case, information can get ”captured”
by nodes that do not share the content effectively and thus
contribute to making the overall delivery time longer. This
fact is strengthened by Fig. 5, where we see that only a few
nodes perform close to the expected time but most of them
are significantly slower.
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Fig. 8. Type II limited spreading for the Sigcom trace with different k values

B. Simulations

When performing the simulations and manipulating the
traces we make some simplifying assumptions that might influ-
ence the results. The traces were recorded over several days
which included night times, which we eliminated from the
traces in pre-processing. We were only interested in the most
active parts when most of the spreading occurred. Although
this might suit the assumption for the Markov process better,
this does not model real life where times of less activity are
to be expected.

The inter-contact times were also assumed to be symmetric
in the sense that when a node i recorded a contact with node
j for t seconds we assumed that j also recorded i for the
same amount of time. Bluetooth devices search for nearby
devices with a set time interval, and these intervals might
not be synchronized between the devices. This could lead
to non-symmetric contacts in the mobility traces that are not
accounted for in the theory if we assume them to be symmetric
and only use one in the calculations.

C. Future work

Due to the large variety of applications of this technology,
there are several interesting questions that could be further
investigated. The work in this project has mostly focused on
the performance of spreading the content to as many nodes as
possible where we introduced the threshold limits at 50% and
80% of total infection respectively. In a disaster situation, the
total number of infected nodes might be of less importance
than how fast information reaches a specific node, that could
represent an authority specific to the situation. The techniques
we used in our simulations could be applied to a similar case,
where the expected time for some content to reach a specific
stationary node is studied.

Our model assumes that information is sent to nodes within
transmission range without any restrictions regarding the type
of the content. A more realistic scenario would be that people

choose what type of information they want to receive or
subscribe from a news feed in line with their interests. How
that would be incorporated in our simple model and how
the performance would be affected when all nodes are not
cooperating in spreading the information are interesting topics
that could be explored.

Another topic that could be explored further is how accurate
the assumptions we make actually are; that is, if the inter-
contact times really are independent, identical and exponen-
tially distributed and if the rate λ is about the same for every
node pair. These are fundamental parts in our treatment but we
have not argued whether or not they are true for real systems.
Further investigations of this question could confirm that this
way of modeling is valid.

VI. CONCLUSION

Using mathematical models from the field of epidemic
spreading we have studied how real mobility traces perform
by simulating spreading between the nodes. We reached the
following conclusions:

• Epidemic modeling provides a good mathematical frame-
work for our studies where theoretical results are easily
analyzed and analytically derived.

• Our method of simulating the spreading was successful
and could be used to study more specific scenarios and
performance evaluation of metrics other than the overall
and individual delivery time.

• The inter-contact times from the real-life mobility traces
are not quite exponentially distributed.

• Even the best performing nodes did not reach the thresh-
old in the time expected by our theory.

APPENDIX A
PROOF OF LEMMA

If X1, X2, ..., XN are independent, exponentially distributed
stochastic variables with rate λ i.e. Xi ∈ exp(λ) and Y =
min(X1, X2, ..., XN ) then

P (Y > x) = P (min(X1, X2, ..., XN ) > x)

=

N∏
i=1

P (Xi > x) =

N∏
i=1

e−λx = e−Nλ

APPENDIX B
MEMORY-LESS PROPERTY

We want to show that a exponentially distributed stochastic
variable lacks memory, i.e. that the probability of an event
happening in a time interval is independent of when we
perform the measurement. We prove this in the following
manner

P (X ≤ x+ y|X > x) =
P (X ≤ x+ y,X > x)

P (X > x)
=

P (x < X ≤ x+ y)

P (X > x)
=
FX(x+ y)− FX(x)

1− FX(x)

where FX(x) = 1 − exp(−λx), x ≥ 0 is the cumulative
distribution function (CDF) and thus
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FX(x+ y)− FX(x)

1− FX(x)
=

1− exp(−λ(x+ y))− (1− exp(−λx))

exp(−λx)
=

exp(−λx)− exp(−λ(x+ y))

exp(−λx)
= 1− exp(−λy) = FX(y) =

P (X ≤ y)

which proves that the exponential distribution lacks memory.
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