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Abstract. There currently are many mobile computing devices with various properties and capabilities. These devices may
need to collaborate among them to allow nomad workers to perform a common activity. Unfortunately software developers in
charge of creating infrastructures or applications allowing these devices to cooperate among them, do not count with clear
guidelines to design such software components; particularly when these components must work in a scenario involving heterogeneous devices. This paper presents a study that tries to understand how to address collaboration among heterogeneous mobile devices, by exploring several variables affecting the process. In particular, this study explores various strategies to borrow
CPU slots from peer mobile computing devices and return the favor back later on. The study outcomes indicate there is a short
list of computing and network variables affecting the collaboration capability of the mobile devices. These findings have been
verified using data mining techniques. Based on these findings and the lessons learned, the article presents a simulation method
of computing scenarios that can help developers to determine which computing configuration would be suitable to be used in
each particular work scenario. Software designers can take advantage of this simulation method and the design guidelines reported in this paper in order to develop applications able to work appropriately in heterogeneous computing scenarios.
Keywords: Hardware resources sharing, mobile collaboration, simulation method, heterogeneous scenario, tit-for-tat strategy.

1. Introduction
The computing and communication capabilities of
mobile computing devices improve everyday. The
cost reduction of these devices makes them accessible to most people, and their use opens new opportunities to perform computer-supported mobile collaboration. This collaboration type involves nomad users
with mobile devices and a software system to perform on-demand interactions [32]. For instance, the
interactions among medical personnel at a hospital
[27] or the incidents discussion conducted by construction inspectors after reviewing building facilities
[30]. Typically small devices (e.g. handhelds) are
well prepared to support tasks involving high mobility [12]; however they are the most critical resource in
these scenarios. Despite improvements on their performance, they still have significant hardware limita-

tions (e.g. in computing power and memory capacity)
to conduct non-trivial collaboration activities. These
limitations could influence a user to not perform a
specific task. Alternatively, if the user performs the
activity without having the right hardware resources,
then the activity could fail and the participants would
get disappointed even in the case the collaborative
system provides outstanding services. Thus, the success of a mobile collaboration is also dependent on
the characteristics of the supporting devices [12]. The
lack of guidelines to deal with this challenge pushes
developers of these solutions to constrain the type of
devices that can be used to run a certain application.
The approach proposed in this article is an alternative to that solution. We assume the work scenario is
naturally heterogeneous in terms of computing devices, and the key is to take advantage of that fact
when designing mobile collaborative applications.

Trying to find a solution for managing the devices
heterogeneity and the hardware resources limitation
of handhelds, we have seen the opportunity to use the
volunteer [40] and public-resource computing concepts [3] for encouraging users to share their hardware resources. Thus, it is possible to perform nontrivial collaboration processes among mobile workers,
even including those with less hardware resources.
The proposed solution creates decentralized collaboration networks, where mobile nodes (i.e. the
device of a mobile worker) can share part of their
hardware resources (e.g. processing power) during a
given time to help other nodes. Thus, a user requiring
extra hardware resources to perform a collaborative
activity could take advantage of the resources available in their teammates’ devices. As a counterpart,
these nodes can claim the favor back when needed.
This article presents a study of the collaboration
process in a heterogeneous scenario, where handheld
devices are combined with PCs in several ways. The
interactions among these devices are supported by an
overlay network; i.e. a virtual network built over a
physical one [4].
This study also explores the advantages and disadvantages, in terms of cooperation level and users’
satisfaction, of having a heterogeneous computing
scenario. The resources sharing proposal has been
evaluated using simulations for several application
scenarios. CPU units are considered as shareable
resources to simplify the simulations, but in fact they
can be any other hardware resource or peripheral; e.g.
memory, or time units of a GPS or a Webcam.
Based on the study results we present a set of
guidelines for designers of mobile collaborative applications. Integrating these guidelines in the design
of the application encourages users to collaborate and
share their extra computational resources.
Since software designers need to determine, at an
early stage of the development process, the alternative solutions to deal with the devices heterogeneity
in a particular work scenario, this article proposes a
simulation method based on the study findings. This
method can be used not only to determine alternative
solutions but also to validate the suitability of already
implemented systems when they are used in a specific heterogeneous computing scenario.
Next section describes the problem to address and
the research questions of this study. Section 3 presents the related work. Section 4 describes the experimentation setting. Section 5 presents the obtained
results and its discussion. Section 6 shows the use of
data mining analysis techniques to identify the impact that several variables have on the collaboration

process. Section 7 shows the lessons learned. Section
8 describes the simulation method that can be used
by software designers to identify or validate possible
solutions. Section 9 provides guidelines to deal with
resource-sharing issues affecting the collaboration
process. Finally, Section 10 presents the conclusions.

2. Problem definition
Various questions arise when we try to analyze the
collaboration support provided by several overlay
network topologies involving heterogeneous hardware devices; e.g. under which conditions handheld
devices are able to share resources with others? What
additional resources are needed to encourage collaboration among them?
The definition of a set of relevant research questions will clarify the impact of several network topologies on heterogeneous work scenarios. In particular, it is interesting to study the introduction of
powerful devices in a mobile distributed network,
which would probably change the network behavior.
Therefore the first research question to be addressed
is the following one:
Research Question (RQ) 1. Does a mobile collaboration scenario need extra resources (obtained
from other powerful devices) to reach the target cooperation level among the users?
If the answer is yes, and new resources are required by the network, a new question arises:
RQ 2. Which effects are caused by the introduction of such powerful devices on the cooperation
strategy or behavior of handheld devices?
Various related works [8, 24, 28, 38] show the
network topology characteristics play a role in collaboration, and that it can also encourage and promote cooperation if certain conditions are present.
Thus, we not only expect that introducing powerful
devices in the network will promote collaboration,
but also we believe the collaboration level is highly
dependent on network topology and on node distribution. Consequently, a third research question arises:
RQ 3. Are the topologies used to support collaboration in various fields (e.g. game theory, neural
networks, file sharing) applicable to resource sharing on a mobile collaboration scenario? If answer is
yes, then does the network size affect node behavior?
Barabasi’s studies [5] describe a common behavior
pattern, named “networks undergo phase transition”,
that is found in the nodes of a real or artificially created graph that are “socially related”. This phenome-

non means that when a given threshold is reached, all
the network nodes undergo a transition phase when
they start acting as a single entity. Thus, the network
properties are shared among all the nodes. This allows us to formulate a fourth research question:
RQ 4. Do mobile devices follow the phase transition pattern during the resources sharing process?
Finally, it would be interesting to know if the
nodes placement strategy can be used to help improve the collaboration among the network nodes. It
gives us a fifth research question:
RQ 5. Is the nodes placement strategy a variable
that can be used to improve the nodes cooperation?
These research questions are not relevant in some
work scenarios like cloud computing, where the collaborative applications have no visibility or control
on the network topology. Therefore the nodes cannot
take particular actions, e.g. increasing the network
degree, to improve the collaboration them.

3. Related work
The collaboration problem among disperse units is
present in several areas, such as electrical engineering, electronics and transportation. For example,
Ponci et al. [33] propose a context-aware multiagents framework to dynamically manage energy in
complex power systems that involve heterogeneous
components and limited resources. Marti et al. [25]
present a similar solution to manage the traffic on a
road network when there appear meteorological
problems. Raveendranathan et al. [36] introduces the
concept of virtual sensor, which is composed of body
sensors that cooperate to provide specific services in
several application domains. Calafate et al. [6] propose a robust and efficient broadcast-based content
delivery system for vehicular networks, where the
nodes cooperate to minimize the content delivery
time. A similar proposal was presented by Kim et al.
[20] to minimize the energy consumption during the
management of wireless sensor networks.
As previously mentioned, our approach to deal cooperation among the network nodes is based on the
use of volunteer and public-resource computing. The
volunteer computing concept [40] proposes an interesting idea to share hardware resources among devices belonging to a peer-to-peer network. However, it
has well-known limitations generated by the network
architecture [9]. Particularly, many nodes (known as
free-riders) become selfish and strive to maximize
their own utility, by exploiting the system without

contributing to the community. Mitigating this effect
requires to introduce incentives to encourage the
nodes to collaborate with each other.
Some service architectures (e.g. SOA and SODA
[10]) and service protocol specifications (e.g. OASIS
Web Services Discovery and Web Services Devices
Profile [29]) deal with several aspects regulating the
interaction among nodes in heterogeneous scenarios.
However, such solutions do not impact the collaboration capability of the nodes, e.g. to share resources.
Thus, using a solution to enhance the node capability
for interaction is as important as using a strategy to
promote collaboration among the participating nodes.
In that sense this paper addresses just the strategies to
enhance collaboration.
A well-known mechanism designed to cope with
the free-riding problem is the tit-for-tat repayment,
which is a direct reciprocity scheme [28] used by
peer-to-peer file-distribution tools, e.g., BitTorrent
[35]. In tit-for-tat every node collaborates or not with
another one, depending on the last action taken by
the latter (i.e. it generates reciprocity actions).
Another approach to deal with the collaboration
problem comes from the heuristics used to place resources in a network in order to reach a certain routing objective. This objective may be, e.g., to improve
resiliency or performance of a routing protocol [37].
Although these proposals have shown to be successful, they consider all nodes as similar in terms of
features and capabilities. Therefore they cannot be
directly used to address cooperation in heterogeneous
scenarios. Moreover, such proposals consider a network with stable topology, which is not representative of mobile collaboration scenarios.
Several approaches have been used to study the
impact of overlay network topologies on the cooperation process; for example to analyze the topology
properties in real-world applications with a good cooperation level. In that sense, Iamnitchi et al. have
studied the patterns and properties of network topologies in file sharing applications [23], and Lozano et
al. have studied them on email systems [24]. The
topologies used in our study are based on these last
two works.
Another approach to deal with the problem of
sharing resources among distributed nodes was proposed by Feldman et al. [11]. They showed the proportional-sharing mechanism achieves a balance of
high efficiency and fairness degree at the equilibrium.
However, this approach is complex to implement in a
decentralized way with only local information.
Nowak studied properties of network topologies
for encouraging cooperation and proposed mecha-

nisms for cooperation evolution based on natural
selection [28].
Studies by Cassar [8], Santos et al. [38] and Lozano et al. [24] also show the potential impact of the
network topology on the cooperation process. Our
study basically differs from these previous ones because we model the heterogeneity and limitations of
computing devices. This study also takes into account the overlay network characteristics (e.g. the
clustering coefficient and the degree distribution) and
the placement of devices within the network.
Like these related works, we have limited the
study to the ideal environment for the nodes behavior.
We then do not take into account other computational
effects or drawbacks like load and task balancing or
allocation. We do not take the nodes mobility into
account either, but we consider changes in the network topology. Simulating mobility of real-world
nodes is a complex task [39], which should be addressed once the effect produced by the other network features has been understood. This study used
data mining techniques to understand the process of
collaboration among nodes and even to predict it.

The simulations validation is performed using two
techniques (1) checking internal simulator invariants
and (2) performing preliminary simulations with tested data and known results. This validation is reported
in [41]. The preliminary validation tests were made
on small network topologies and their results can be
verified with mathematically known solutions.
This section describes the network topologies used
in experiments, and the variables influencing system
behavior. Moreover, the algorithms, metrics and node
game strategies used in this study are also described.
4.1. Network topologies
It has been shown there are some topological patterns and graph characteristics promoting cooperation
among the nodes in real world networks [23, 24]. The
topologies selected for our study include are the most
commonly used to promote collaboration (Fig. 1):
torus, random, power law and small-world. These
topologies are briefly explained below.

4. Experimentation setting
All experiments of this study were done with a
network simulator, because the tests can be reproduced and also the variables to be studied can be isolated. Each experiment included simulations performed over a discrete scenario with 250 rounds.
Previous experiments by Vega [41] have shown this
number of rounds is enough to obtain significant statistical conclusions after discarding the first fifty
transitional rounds. In the time-based simulations,
however, these 50 first rounds are included.
In the experiments, the nodes played a version of
the Prisoner’s Dilemma game [34] in which each
participant plays the game against all neighbors and
no one knows the total number of rounds of the game.
Each node follows with the same probability a tit-fortat strategy to decide which action to take.
The simulation process starts by loading a nonweighted topology graph, which is artificially created.
It continues with the setting of the variables that represent the environmental conditions. Then, the simulations are executed with only one independent variable, assuring thus that the results reflect the impact
of just such variable. Finally, the results are gathered
after running a large number of simulations.

Fig. 1. Network topologies used in the study.

Torus: This topology involves an N-dimensional
torus, defined as the Cartesian product of N rings.
Symmetric torus topologies are built from rings of
the same length. A constraint is that the number of
nodes must be DN, where D is the number of nodes in
the ring. Under uniform traffic circumstances, torus
topologies have the advantage of providing a balanced use of the network resources. A symmetric
torus improves the mesh by connecting the head node
with the tail node in each row and column. Thus this
topology eliminates the edge effect.
Random: The Waxman's probability model for interconnecting nodes [7, 43] was used to build a random network topology based on Erdős–Rényi model.

It was done using the BRITE topology generator [26].
Edges are introduced between pairs of nodes u, v
with a probability that depends on the distance
between them. The {u, v} edge probability is:

P u,v = a e

d u ,v
bL

(1)

Power law: In this topology, a small number of
nodes act as hubs (having a high degree), while most
nodes have a low degree. Our power law network
was created using Barabasi’s algorithm and implemented using the BRITE topology generator. According to the incremental growth of the nodes’ power degree, the probability of interconnecting a new
node u with node v belonging to the network –the {u,
v} edge probability– is given by:
dv
dk

Degree
distribution
Torus
Random

where d(u,v) is the Euclidean distance from node u to
v; a is the probability of edges between any vertex in
the graph and controls the average degree of the network, b is the ratio between long and short edges and
L is the maximum distance between vertices. Waxman parameters are chosen with default generator
values a = 0.15, b = 0.2; and L = 1.000.000 is selected to represent a square surface of side 7.071 points
long. As nodes are distributed uniformly random
along the surface, d(u,v) is our random variable [0, L].
Thus, the Waxman model generates networks with
lower variability of nodes degree and smaller diameter size than other Internet topology generators [43].
The model also has an exponential clustering coefficient distribution, independent of network size which
is representative of most random graphs.

P u, v =

Table 1
Topology properties

(2)

k V

where dv is the current degree of node v to which
node u would be attached, V is the set of nodes which
joined the network. The lower term is the sum of outdegrees of nodes that previously joined the network.
Small-world: Two characteristics distinguish this
topology from other kinds of networks: (1) there is a
small average path length between each couple of
nodes and (2) there is a high clustering coefficient
which is independent of the network size.
Table 1 summarizes the main characteristics of the
used network topologies. Their properties allow us to
evaluate the effects on the cooperation process. The
topological metrics used are the following: degree
distribution, average path length scalability, and
clustering coefficient scalability.

Power law
Small-world

Average path
length scalability
O(N)

Constant
Low variabilO(Log N)
ity
Power law
O(Log log N)
Heavy-tailed O(Log N)

Clustering
coefficient
distribution
Constant
Exponential
Power law
High variability

Degree distribution. The degree of a node in a
graph is the number of arcs connecting to other
nodes. The degree distribution is the probability
distribution of these degrees on the whole topology.
Average path length scalability. The average path
length (APL) is the average number of hops between each pair of graph nodes using their minimum path. The APL scalability shows dependency
between the APL and the network size (N).
Clustering coefficient scalability. The local clustering coefficient of a node in a graph is the proportion of vertices of the node to the number of all
possible vertices. The clustering coefficient distribution is the probability of these coefficients in the
whole network.
4.2. Modeling the network nodes
Each computing device was modeled as being of
one of two types: (1) handhelds: smartphones or similar, and (2) PCs: laptops/desktop PCs or similar. A
more detailed classification can be done to get more
accurate results, but this classification is enough to
understand the main issues affecting cooperation.
These devices were modeled as having only one
resource to share and use, namely their CPU slots.
The relation between the CPU speed of handhelds
and PCs used in the simulations was based on tests
done to typical commercial products. We consider a
ratio of 1:5 between the processor speeds of these
devices. Consequently, we also consider handheld
devices are nodes having up to 3 CPU slots to use or
share, while PCs have up to 15 slots.
Each resource request has two parameters: (1) the
number of CPU slots required by the requester, and
(2) the number of rounds for which the requester
needs those resources. Both parameters have a maximum allowed value that was defined to assure a
minimal quality of service to the nodes.
The maximum number of CPU slots per request
was set to 10. Besides, the maximum number of

rounds to request a resource was established in 3.
This is a simplified model, but more complex task as
workflow executions [13] can be modeled in a similar manner. Since each simulation had 250 rounds,
which allow us to generate an important number of
interactions among nodes and thus we can study the
network behavior under several conditions.
The prisoner’s dilemma (PD) [34] was the collaboration strategy used to study the relationships between the nodes behavior for the previously presented topologies. In this game two players choose between cooperation or defection. The payoffs for the
two actions are shown in Table 2.
Table 2
Payoff matrix of the prisoner’s dilemma
Player decision
Cooperate
Defection

Co-player
Cooperate
b-c
b

Co-player Defection
C
ε→0

The relations between different possible payoffs
follow the rule b > c > ε → 0, which immediately
poses the dilemma: if cooperation is costly for the
individuals and it benefits only the interaction partners, then Darwinian selection should favor noncooperating defectors and eliminate the cooperators.
This leads to a highly inefficient outcome compared
to the results obtained by two cooperators.
The decision of choosing a collaboration strategy
must be based on the trust in others and their reciprocity. An interesting scenario for the collaboration
process is the one where two or more nodes play
more than one PD round. In that case, the nodes
know the intentions of others and all become only
partially anonymous. A common strategy to maximize the payoff is the tit-for-tat strategy. In this strategy and for a given round, a certain node A responds
to the request of a node B making the same decision
(i.e. cooperation or defection) made by B during the
last request from A. As a result, tit-for-tat optimization consists in not being harmed, but rather benefited, in comparison with other players.
4.3. Metrics for resources-sharing evaluation
The metrics used in this study were selected mainly taking into account the handheld features, because
they are the most limited devices. However these
metrics are also applicable to PCs.
One such metric was the Node Success Percentage
(NSP). The NSP of a node is defined as the ratio of
the satisfied requests to the total of requests made by

the node. The average NSP of all the network nodes
is the cooperation coefficient for that topology.
The second metric we used is the Node Acceptance
Percentage (NAP), which is defined as the ratio of
CPU slots that the node is willing to share to the CPU
slots requested by the node. The average NAP for all
nodes of the same type in the network represents the
cooperation willingness of that type of node.
4.4. Algorithm of a collaboration round
We describe below the game algorithm played by
the network nodes during a collaboration round. This
algorithm includes four stages [41]: request, response,
evaluation and closing.
Request stage: Each node that itself has no pending tasks creates a new request with a 50% probability of success. First, the node does a self-request for
the number of CPU-slots that it needs. However, if its
own resources are not enough to complete the task, it
sends the number of unitary requests needed to accomplish the task to the neighboring nodes.
Response stage: The strategy to address the response process is simple. Each node having the requested resources responds affirmatively to its own
requests. Then, each node that has received a request
from other nodes decides whether to share or not its
resources following a tit-for-tat policy. Thus, a node
v will respond affirmatively to a resource request if
the node has free CPU-slots, and also if the requesting node (u) is a cooperator. Considering node u as
cooperator means that such node must have responded affirmatively to the last request from node v. If u
and v have not met before and the free CPU-slots
condition is accomplished, then node v is considered
cooperator with 50% of success probability.
Evaluation stage: Each node evaluates its own affirmative responses and assigns CPU-slots accordingly. Then, the nodes evaluate the affirmative responses
from other nodes and randomly discard all the excess
of offered CPU-slots. Finally, the nodes compute the
number of affirmative or negative responses and consider that for the next tit-for-tat decision.
Closing stage: Each node computes pending tasks,
taking into account the remaining time for each task,
updates its status by removing messages and by calculating statistical data from the previous round.

5. Obtained results
The simulation results allow knowing the range of
values that can be found in mobile collaborative scenarios for various topologies and network parameters.
These results also give further insights for answering
the RQs stated in Section 2. The next subsections
describe the settings of the simulations, the obtained
results and the conclusions of their analysis.
5.1. The impact of introducing powerful nodes
The simulations show the effect of introducing
PCs on a mobile collaborative network, when the
nodes play a PD game using a tit-for-tat strategy. Fig.
2 shows the cooperation coefficient (average, maximum and minimum) achieved by handheld devices
on the four topologies considered in this study.

Fig. 2. Cooperation coefficient of handheld devices using four
network topologies and five PCs ratios.

The simulation also considers several ratios of
handhelds and PC. They are represented in the X axis
(Fig. 2) as % of handhelds / % of PCs. For example,
the first dataset was obtained with a network of 1000
nodes that had 20% of handhelds and 80% of PCs.
In every simulation (unless otherwise stated), the
devices were randomly placed on the network without following any particular topology pattern.
Fig. 2 shows minor variations in the maximum
values of the cooperation coefficient between networks nodes, when considering various handhelds vs.
PCs ratios and also network topologies. The variations are important when the network is composed
just by handheld (i.e. a 100/0 ratio). In that case the
average values of the cooperation coefficient are considerably lower than in the other network configura-

tions. These results help us to answer RQ 1, showing
the introduction of PCs improves the level of cooperation among nodes, regardless of the network topology. PCs increase the number of resources available in
the network providing thus more collaboration capability to handheld devices.
Although the maximum value obtained for the cooperation coefficient is close to 100% even when
there are 20% of PCs, the minimum value decreases
with the percentage of powerful devices. Additionally, the effect of increasing the number of PCs improves the minimum value of the cooperation coefficient in the network. We can see that there is almost
no improvement in such minimum value (less than
7%) after introducing more than 60% of PCs.
These results show it is possible to improve the
cooperation coefficient of the handhelds in a mobile
resource-sharing scenario by introducing new resources in the network. We used standard statistical
methods to compute the confidence interval and margin of error [31] of the values. The standard error of
the mean values is at most 0.055. The relative margin
of error for the mean is at most 12.02% for a 95%
confidence level. Thus we can consider the average
values computed on this test set are valid.
Comparing the same topology with different ratios
we have seen that there were statistically significant
differences between means determined by one-way
analysis of variance, ANOVA (F(4,366) = 2.396, P =
2.49E-60). Therefore, we think the observations and
conclusions based on this test set are also valid.
5.2. The impact of introducing powerful nodes and
the tit-for-tat game strategy
Although the two types of nodes considered in this
study play the same game and follow the same strategy, there is no guarantee that they will have the
same behavior or obtain the same cooperation values.
Fig. 3 represents the average willingness of a node
to cooperate with other nodes of its community. This
simulation included 1000 nodes arranged according
to the four chosen topologies. The network was composed of 60% handhelds and 40% PCs, and it had an
average degree equal to 6.
Moreover, we also ran the same experiment but
with the cooperation willingness calculated taking
into account the tit-for-tat strategy and unlimited
available CPU slots for the participating nodes. The
“limited” and “unlimited” tags, respectively, differentiate these simulations. The difference in the results shows that the cooperation willingness from the

nodes does not correspond to their real willingness,
due it is influenced by their resource limitations.

between the means determined by a one-way analysis
of variance, ANOVA (F(3,996) = 2.614, P = 6.45E25). Thus, these observations can be taken as valid.
5.3. Impact of using several network topologies

Fig. 3. Cooperation willingness of powerful and handheld devices
with limit/unlimited neighbor resources.

These results help us to answer RQ 2, indicating
that the cooperation willingness decreases with decreasing availability of CPU slots. Thus, this limitation affects mainly handheld devices.
Since PCs have many more CPU slots available
than handhelds, the difference in the willingness of
PCs to cooperate is lower (between 2.96% and 3.9%)
than handhelds, independently if we consider limited
or unlimited CPU slots. Typically, PCs are selfserved although the resources are scarce for
handhelds. Therefore such a situation considerably
degrades the cooperation coefficient of the network:
for non-torus topologies it is more than 50%.
These results show that introducing powerful devices to the network and adding some limitations that
did not originally exist in the PD game, have a considerable impact on simulation results. In spite of
having several handhelds willing to cooperate, many
of them finally do not share their resources due to the
limited number of available CPU slots.
The series in Fig. 3 correspond to the sample mean
of the test sets. The standard error of the mean values
is at most 0.005. The relative margin of error for the
mean is at most 1.61% for a 95% confidence level.
Therefore, we can consider these values as valid.
Comparing the cooperation willingness values for
limited and unlimited handheld devices, we can see
that there are statistically significant differences between means determined by t-test (unpaired samples
and unequal variances), when = 1.33E-26 < 0.05.
If we compare the cooperation willingness results
on unlimited handheld devices for the four topologies,
we also can see statistically significant differences

This simulation scenario is the same than the previous one, but in this case the observed variable was
the Cumulative Distribution Function (CDF) of the
requests failure percentage of handheld devices. This
CDF value represents the percentage of nodes that
keep a certain defection level when trying to collaborate with the neighbors. The X axis in Fig. 4 represents the percentage of requests that failed because
the potential collaborator had no available CPU slots
for sharing. The curves shown in Fig. 4 indicate for a
given percentage of failure, the percentage of requesting nodes having these failures, e.g., in a network with a torus topology, 60% of the failures occur
to just 5% of the requesting nodes.
The simulation results are analyzed below in three
different areas: (1) below 40% of failure percentage,
(2) from 40% to 80% and (3) above 80%. In the first
area, there is a linear increase of the network nodes
affected by the failed requests; i.e. up to 40% failure
in the requests, the number of affected nodes grows
almost linearly. This means all topologies, but particularly random, are well-influenced by topological
properties and potentially the network can achieve
better node success percentage (NSP).

Fig. 4. CDF of the failure percentage of handheld devices.

In the second area, the torus CDF grows faster
than in other topologies. In the case of the power law
topology, the CDF does not grow as much as in other
topologies, which indicates that there are many underused resources. This resources underuse clearly
negatively affects the cooperation rate among nodes.

Finally, the third area analyzes the random and
small world networks. The first one has almost a
20% of their handhelds with an NSP lower than in
the small-world, even if the neighbors of the requester node have CPU slots available. In small
world, the distribution is similar than a torus network.
Fig. 4 also shows a local point of view of cooperation among nodes and it allows us to decide among
various topologies without considering the effect of
the game played by the nodes and the cooperation
strategy used by them. Based on these results, the
recommendation is to consider the small-world topology as the best one. Its minimum failure percentage is not as good as random topology –and not as
bad as power law–, but its distribution is somehow
similar to that of the torus topology. These results
answer RQ 3 indicating the studied network topologies produce different impacts on the collaboration;
thus some topologies are more suitable than others.
5.4. A network undergoing phase transition
This simulation intends to identify whether
Barabasi's phenomenon [5] can be found in heterogeneous networks during resources sharing (RQ 4) or
not. In order to do that we ran a complete set of simulations, which involved four network sizes (5000,
1000, 500 and 100 nodes) and the four selected network topologies. The ratio of handheld was kept at
60% and the nodes degree was kept at 6. The observed variable was the node success percentage
(NSP). After running 250 rounds we computed, for
each node in the network, the number of rounds in
which such a node made a collaboration request, divided by the percentage of success obtained by those
requests (Fig. 5).

Fig. 5. Node success percentage vs. number of collaboration request rounds.

The results indicate that the “undergo phase transition” phenomenon can be found in heterogeneous
networks, where almost all the nodes have cooperation coefficient around two values: 50% or 100%.
It is interesting to note that the PCs behave as expected; i.e. they introduce new resources to the network, thus helping handhelds but without being
harmed by the system and getting around 50% of
cooperation in all cases. Instead, the handhelds cooperation is distributed from 12.5% to 100% of NSP.
The results shown in Fig. 5 imply that handhelds
can be divided into two groups: “aggressive” and
“moderate”. When handhelds act aggressively, they
perform a higher number of requests –equivalent to
PCs in number– and their cooperation coefficient
falls below 50% –the same achieved by PCs–. This is
caused in part because handhelds do not have available resources equivalent to their requests, and thus
their requests frequently fail.
Moderate handheld devices –those that make fewer requests than PCs –are not harmed because the
number of requested CPU slots is equivalent to the
number they offer to others. These two behaviors of
handhelds generate two different NSP distributions
(Fig. 5) and they cause the presence of a “network
undergoes phase transition” phenomenon.
Fig. 5 also shows that a relevant collaboration process starts just when at least 50% of the requests are
positively answered. Then, the percentage of nodes
involved in a collaboration process remains stable
until the cooperation coefficient goes over 85%.
5.5. Impact produced by the network size
This section shows the results of evaluating characteristics related to network size, which allows us to
know whether or not this feature produces changes in
the system behavior. It also helps us to address the
second part of RQ 3.
The impact of network size is related to two network parameters: the nodes’ degree and the number
of nodes in the network. We have kept the average
degree constant and have modified the number of
nodes, which allows us to study network size impact.
Like the previous tests case, this simulation involved random networks with four sizes: 5000, 1000,
500 and 100 nodes. The network degree remained at
15 and the percentage of handheld was 60%.
It seems reasonable to argue that if a node only interacts with its neighbors and if the network size increases without changing the average nodes degree,
then the node behavior should not change. However,
the results shown in Fig. 6 demonstrate that there ex-

ists a propagation effect between nodes that modifies
their behavior linearly with the network size. Small
networks assure a high minimum cooperation level
among handhelds, but these networks require that an
important number of nodes be willing to collaborate.

Fig. 6. CDF vs. Node success percentage of handheld devices.

From the network size point of view, the decisions
of each node have a different impact on the global
results. The larger the network is, the more willing
will be the node to share its resources. Thus, the global cooperation willingness improves as expected.
Fig. 6 also shows three different patterns of behavior for CDF values. This behavior, particularly the
stationary values, can be explained by the networks
undergo phase transition phenomenon, explained in

Section 2. It supports the results shown in section 5.4
which helped us to answer RQ 4.
Fig. 7 shows the network size effect from the point
of view of nodes behavior. It depicts the histogram of
CPU slots dedication on both types of devices on a
random topology with 60% of handheld devices and
two different network sizes: 125 and 1000 nodes. The
average network degree was kept at 6.
On the 125 nodes network, both types of devices
have a high percentage of free CPU slots. This effect
is justifiable because the tit-for-tat game strategy gets
the fairest price for the shared resources. However, it
is a clear example of underused resources on the system. Moreover, when we increase the network size,
both systems reduce the number of free CPU slots in
order to share more. A notable consequence is that
handheld devices become fairer as the difference
between shared and used resources becomes smaller.
Another effect is that PCs brake their balance between shared and used CPU slots, in favor of increasing the resources for sharing, which reduces the
number of requests. Therefore, the PCs not only keep
the cooperation coefficient at 50% (Fig. 5), but also
they also are more willing to help handheld devices.
These observations allow us to answer the second
part of RQ 3 indicating that network size clearly affects the collaboration strategy used by handhelds,
and thus it affects the whole system. The next subsection analyzes the potential relationship between
nodes degree and node success percentage (RQ 6).

Fig. 7. Histograms of average CPU slots requested, used, shared and free on random topologies.

5.6. Impact produced by the nodes degree
A simulation was performed to identify the impact
of nodes degree on the success percentage of collaboration requests. It was done with a network of 5000
nodes, with 60% of PCs, and random, power law and
small-world topologies. Two average values for the
network degree were used: 15 and 35. The observed
variable was the CDF of the handheld nodes success
percentage. Fig. 8 shows that the cooperation coefficient is inversely proportional to the network degree,
which allows us to answer RQ 5 and RQ 6.

source-sharing processes in a mobile scenario, and
(2) evaluate each feature algorithmically using some
well-known feature ranking algorithms.
We create our own datasets for this analysis. The
datasets are composed of all requests, responses, NSP
and states of each node, round by round. As was previously mentioned, each simulation included 250
rounds. Over 100 simulations were run by combining
the features previously explained; i.e. the four selected topologies, with the five ratios of handhelds/PCs
and to the four network sizes.
6.1. Features set

Fig. 8. CDF vs. node success percentage of handheld devices.

This result reflects the fact that tit-for-tat positive
decisions are fast in being flooded through the network. Consequently, we can affirm that the nodes
connectivity also contributes to trigger a “networks
undergo phase transition”. Finally, it is interesting to
point out that the phase transition effect cannot be
generalized to all topologies because, at least, it is
dependent on the network degree.

6. Analysis of results using data mining techniques
Features selection is an important step when datasets have many variables and correlated data. For
an efficient identification of structures with data mining techniques, it is needed to evaluate and determine
the variables in the data set that contain valuable information [19]. Determining subsets of a reduced
number of features, e.g. with machine learning techniques, is another way to identify efficiently properties in data sets [2]. The feature subset selection in
particular is a method for enhancing the performance
of data mining algorithms by reducing the variables
search space [14]. With this analysis we intend to: (1)
identify a short list of features to understand re-

Choosing an appropriate feature set is the most
critical part of any machine learning algorithm. We
have followed the steps and recommendations presented in [14] to choose the appropriate feature set
and analyze it. Although there are techniques and
algorithms to construct this feature set, we have created a set of "ad hoc" features because the data domain is already known to us.
Understanding the resource-sharing process requires identifying features that represent the system
components, particularly the devices, topologies and
node proximity. The feature dataset describing these
system components is typically obtained by aggregating their individual features. An aggregation function
is required to combine the feature values for obtaining a whole dataset that is going to be analyzed. We
have named device features the dataset that represents the network nodes. The relationship among
nodes has been captured in a dataset called proximity
features. Finally, the network topology was represented through the topological features dataset. The
features selected to create each of the mentioned datasets are presented below.
Device features:
CPUs. This feature indicates the available CPU
slots (i.e. resources) that the device has for using
and sharing. This feature is intended to embed the
fact that a device with more CPU slots is more
likely to share resources.
Device type. This feature represents the type of
device; i.e. handheld and PC. It is similar to the
CPU feature, but instead of being a numeric value
it has a nominal one.
Request rounds. It indicates the number of rounds
in which a device has requested CPU slots to other
nodes. Since this feature is the denominator of the
NSP metric, it seems reasonable that the NSP val-

ue of a node depends on the number of request
rounds in which that node has participated.
Needed CPUs. This feature is the number of extra
CPU slots (i.e. CPU slots from neighboring nodes)
required for a node to perform a specific task.
Topological features:
Topology. This feature represents the type of network topology: torus, random, power law and
small-world. The simulation results have shown
that the devices behavior (i.e. the collaboration coefficient) depends on the network topology.
Network size. It indicates the number of nodes
composing the network. The results shown in Section 5 indicate that the devices behavior also depends on the network size.
Clustering coefficient. The clustering index
measures the local density of nodes in a network.
Other researchers have reported that nodes in a
dense area are more likely to share resources compared to those located in a sparse area [1, 24].
Degree. This feature is the connectivity of a node
and it is intended to measure the fact that a more
connected node is more likely to share resources.
Neighbors’ degree. This feature represents the aggregated degree values of the neighbors of a certain node. While the connectivity of a node is significant, the connectivity of its neighbors sometimes also plays an important role. When nodes
have many neighbors, it is possible that those latter
nodes are more likely to cooperate.
Proximity features:
PCs. This feature counts the number of powerful
devices in the neighborhood. The PCs have more
CPU slots than handhelds. This difference allows
them to share these resources.
Neighbors’ CPUs. This feature is the aggregated
number of CPU slots in the neighborhood of a
node. This feature is related to the previously presented PCs feature.
Two-hops neighbors’ CPUs. This feature is related
to neighbors’ degree, but it aggregates the CPU
slots for an area of two hops for a particular node.
Note there are couples of features that have high
correlation (i.e. similarity) between them. In that case
it is enough for this analysis to use one of them. For
example we have not used the device type feature
because it provides information similar to CPUs. In

this case, we have chosen CPUs because it has a numeric value for the analysis. Likewise we use Request rounds instead of the Needed CPUs feature.
6.2. Features selection algorithms
The objective of these simulations is to execute the
feature selection algorithms, which will suggest us a
subset of relevant features to analyze during the
study of the cooperation coefficient in several scenarios. The features selection experiments were conducted using filter-based approaches on the datasets.
Two well-known feature selection algorithms were
applied: (1) Correlation-based Features Subset Selection (CFS), an algorithm that evaluates the feature
subsets, and (2) ReliefF, an algorithm that evaluates
individual features. We have chosen these algorithms
because they provide reliable feature sets, they are
able to process continuous variables, e.g. the cooperation coefficient, and they let us understand the resource-sharing processes. Other algorithms can provide similar or even better results, but the underlying
process is more complex to understand [19].
The Weka machine learning framework [15] provided the implementation of these algorithms. We
briefly review these algorithms below.
Correlation-based Features Subset Selection
(CFS) [16]: CFS evaluates the usefulness of a subset
of features by considering the individual predictive
capability of each feature, along with their degree of
redundancy. The algorithm selects subsets of features
that are highly correlated with the class, but having
low correlation between them.
ReliefF [22]: This algorithm evaluates the usefulness of a feature by repeatedly sampling an instance
and considering the value of the given feature for the
nearest instance of the same and different classes. We
have chosen it because it is noise-tolerant and unaffected by feature interaction. However, ReliefF
searches for all the relevant features, even if they are
redundant. This algorithm assigns a “relevance”
weight to each feature. In the simulations, we selected features with a relevance ranking above 0.
6.3. Selecting features for analysis
The algorithms must rank the features according to
their relevance values or order of importance. The
topology feature is highly relevant in this study, since
the four selected topologies do not have the same
influence on the cooperation coefficient. In our pre-

liminary tests, we have seen that the selected features
and their order depend on the topology feature.
We classified the datasets into four groups to show
the relevance of the topology. Table 3 shows the results (i.e. the selected and ordered features) after applying the algorithms to all datasets.
We have used ten-fold cross validation in the evaluation of the features selection process [17]. For the
CFS algorithm, we reported the number of times that
a feature was selected in the ten-fold cross validation.
For ReliefF algorithm, we reported the average relevance of the ten relevancies from the cross validation
(selected features had a relevance ranking above 0).
Both algorithms selected the Request rounds feature as relevant for almost every dataset. Notice the
CFS algorithm does not select features with high
correlation; e.g., it selects only the most relevant one
between PCs and Neighbor CPUs. Therefore the set
of features selected by CFS tends to be minimal.
However the ReliefF algorithm selects all relevant
features, even if there is similarity among them.
A first analysis of these results indicates that the
cooperation coefficient in the Torus topology depends mainly on the proximity features (i.e. Neighbor
CPUs, Two-hops neighbor CPUs and PCs). This is
an expected result because the Torus has no topological properties differentiating its nodes.
The cooperation coefficient in the Random topology depends on the proximity features (i.e. PCs is the
most influential feature), due to the low variation in
the topological properties of the nodes. In the case of
the Power Law and the Small-World topologies, the
nodes behavior depends on network topological features. In particular, the cooperation coefficient depends on the Clustering coefficient.
The set of relevant features obtained by both algorithms seems to be similar, but it cannot be clearly
seen by just analyzing Table 3. In order to check such
hypothesis, we re-processed the results obtained by
the ReliefF algorithm. This algorithm identifies the
similarity between the selected features and thus
helps to reduce the feature set. As mentioned above,
we know the result of CFS tends to be minimal, and
therefore it does not need to be re-processed.
To reduce the ReliefF resulting feature set while
keeping the optimal salient characteristics of the data,
we applied Principal Component Analysis (PCA)
transformations [17]. PCA is a procedure using an
orthogonal transformation to convert a set of possibly
correlated variables into a set of uncorrelated variables called principal components. Dimensionality
reduction is achieved by keeping the components
with highest variance. The number of principal com-

ponents is less than or equal to the number of original
features.
Table 3
Selected and ranked features by topology
Torus
- Request
rounds
(10/10)
- NeighborCP
Us (10/10)
- Two-hops
neighbor
CPUs
(10/10)
- Neighbor
CPUs
(0.004)
- Two-hops
neighborCP
Us (0.002)
- Network
size (0.001)
- PCs (0.001)
- Request
rounds
(0.001)

Random

Power Law
CFS
- Request
- Request
rounds
rounds
(10/10)
(10/10)
- PCs (10/10)
- PCs (10/10)
- Clust. coef.
(10/10)

ReliefF
- PCs (0.009)
- Degree
- Degree
(0.007)
(0.009)
- CPUs
- Neighbor
(0.002)
CPUs
- PCs (0.001)
(0.007)
- Clust. coef.
- Clust. coef.
(0.001)
(0.002)
- Neighbor
- Request
CPUs
rounds
(0.001)
(0.001)
- CPUs
(0.001)
- Network
size (0.001)

Small World
- Request
rounds
(10/10)
- PCs (10/10)
- Clust. coef.
(10/10)
- CPUs
(10/10)

- PCs
(0.017)
- Neighbor
CPUs
(0.015)
- Clust. coef.
(0.004)
- Two-hops
neighbor
CPUs
(0.003)
- Degree
(0.002)
- Network
size (0.002)

Applying a PCA transformation can reduce the
eight originally selected features (i.e. CPUs, Degree,
Clustering coefficient, PCs, Request rounds, Twohops neighbor CPUs, Network size and Topology) to
only 6 truly independent ones. Dimensionality reduction is accomplished by choosing enough eigenvectors to account for some percentage of the variance in
the original data (default 95%). Attribute noise can
be filtered by transforming to the principal components space, eliminating some of the worst eigenvectors. After applying the PCA transformations the
obtained results indicate that the relevant features
selected by both algorithms are similar, and they correspond to mainly those identified by CFS.
6.4. Using selected features by examples
The results obtained from feature selection analysis allowed us to observe two clear implications: (1)
the network topology is relevant to improve the cooperation coefficient and (2) there are different features to define “well-placed” handheld devices in
each type of topology.

Another important issue addressed in this study
was the distribution of the various types of devices
over the network in order to maximize the cooperation possibilities (RQ 5). In order to answer this challenge, we ran several simulations to evaluate the sensitivity of the cooperation coefficient to different
nodes’ distributions, such as node degree and clustering coefficient. With this set of experiments we tried
to achieve an optimal network operation, but the results showed that there is no significant difference
among several nodes distributions (Table 4).

total number of requests has been kept invariable;
i.e. as in the original simulation.
c) Heterogeneous links: This strategy considers
placing nodes in a way that handhelds increase the
number of links with the PCs.
d) Requests and heterogeneous links: This strategy
mixes the two previously presented ones.

Table 4
Cooperation coefficient of handheld devices for various device
placement strategies
Topology
Power
law

Smallworld

Random

Handhelds
placed on
Clustering
Lower degree
Higher degree
Random
Higher cluster.
Lower degree
Higher degree
Random
Higher degree
Random
Clustering

Min.

Max.

Average

39.89%
40.76%
37.79%
26.99%
49.40%
48.48%
50.00%
47.78%
39.11%
34.59%
39.89%

100.00%
100.00%
100.00%
100.00%
100.00%
100.00%
100.00%
100.00%
100.00%
100.00%
100.00%

79.93%
74.25%
80.91%
78.55%
81.67%
81.12%
81.42%
80.77%
80.40%
81.69%
79.93%

Since the cooperation coefficient is not sensitive to
the analyzed parameters, it is possible to obtain a
very robust system with some placement strategies.
Therefore a random device placement strategy can
give an acceptable Cooperation coefficient.
In order to increase the cooperation possibilities
we ran several simulations to evaluate the sensitivity
of the Cooperation coefficient to the selected features.
From the feature selection results, we chose Request
rounds and PCs for the four network topologies, and
we also considered four devices placement strategies.
The simulations had 1000 nodes, a degree of 6 and
40% of PCs. These PCs played a tit-for-tat strategy.
Fig. 9 presents the computed handhelds' Cooperation
coefficient of a Small-world network, considering the
four device placement strategies. Next we explain
each of the placement strategies.
a) Random: This is the same strategy used in the
simulations shown in Sect. 5. We will consider this
strategy as the original one, and therefore we will
compare the rest of the placement strategies with it.
b) Requests: In this case the number of handheld
requests has been reduced by 20% and the requests
of PCs have been increased by 30%. However the

Fig. 9. Node success percentage on handheld devices vs. their
clustering coefficient.

Fig. 9 shows that the three new strategies improve
cooperation among handhelds, with respect to the
original one (random). We can also observe that applying strategy d) does not let the node cumulate the
collaboration improvement produced by these strategies separately. The results also show the reduction
in the number of requests does not affect the “phase
transition effect”. These results allow answering RQ
5, indicating there exist heuristics for nodes placement that allow improving the node placement cooperation.

7. Lessons learned
A number of issues related to the potential capabilities and limitations of mobile collaborative applications are understandable based on the simulation results. Software designers must consider these issues
to ensure the collaborative applications will be suitable in a particular work scenario and also to support a
specific mobile activity. The obtained results indicate
that the cooperation coefficient decreases when:
The overlay collaborative network is only composed of handheld devices (Fig. 2). It typically affects the design of solutions supporting collaborative activities with high users’ mobility.

The number of nodes in the overlay network decreases (Fig. 6). In the real world, mobile collaborative networks are formed on-demand and usually
they involve a small number of nodes. In that case
the users must be physically close during the collaboration process to increase the nodes degree and
thus ease the cooperation among devices. Otherwise the collaboration process will be almost impossible to be done successfully.
Handheld devices are “aggressive” in the sense that
they perform a high number of requests (Fig. 5).
Therefore, when the available resources are scarce,
the collaborative applications must wait for a random time period before sending a new collaboration request. It addresses two situations: (1) to reduce the probability of collision of those requests
and (2) to ensure an important rate of the shared resources. These issues impact directly on the response time perceived by the end-user during the
collaboration process.
The number of powerful devices in neighborhood
decreases. The software designer, however, can use
the handheld device placement strategies to try reducing this impact (Sect. 6). For example, the application could try using “open” mobile devices in
the neighborhood, even if they are not involved in
the collaboration process, as a way to improve the
resources available for collaboration or to manage
the current network size or topology.
Furthermore, the simulations allow us to understand the devices behavior from the local point of
view and make some preliminary conclusions. For
example, tit-for-tat strategies highly harm participants with a larger amount of resources (like PCs)
compared to other participants (Fig. 7). This repayment strategy is able to make the game as fair as possible. However, this is not a good global strategy to
apply since it generates situations of under-used resources (Fig. 7). Software designers must consider to
use different (at least two) repayment strategies in the
application, one for handhelds and another for powerful devices. Typically it means to deliver two versions of the collaborative application, which must be
able to interoperate between each other.

8. Simulation method
Software designers need to identify, at early stages
of the development process, which computing scenario is feasible to use when trying to address collab-

oration among heterogeneous devices. An early clarification of this issue can help developers to avoid
several problems, e.g. writing source code that will
not be part of the final system, developing a system
that will have performance/scalability limitations, or
experimenting a lack of collaboration among devices
because there are insufficient resources to perform a
certain task.
Based on the study results reported in this article,
we have systematized and simplified the performed
simulation process in order to make it feasible to be
used by software designers during the early stages of
a development process. Figure 10 summarizes the
resulting simulation method.
(3)
Identify the
Required
Resources

(4)
Set a Collaboration
Scenario
(4.1)
Determine
Devices
Features

(1)
Identify
Collaborative
Services

(2)
Identify the
Available
Resources

(4.2)
Determine
Topological
Features

(5)
Obtain the
Simulation
Results

(4.3)
Determine
Proximity
Features

Fig. 10. Structure of the simulation method.

The first step of the process involves determining
the set of services that will consume shared resources
through the network. Based on that it is possible to
estimate, for each type of device participating in the
computing environment, the resources that they will
have available for sharing with other nodes (step 2)
and also those that are required to process the collaborative services (step 3).
The results of step 2 represent the constraints on
the solution and the results of step 3 represent the
requirements. Considering these two components it is
possible to explore several collaboration scenarios to
determine which solution can provide a suitable option to deal with the collaborative services (step 4).
Based on the feature set identified and validated in
section 6, the features of three main components
should be set: the devices (4.1), the network topology
to be used (4.2), and the nodes proximity (4.3). Using
these settings and the resource requirements identified in step 3, it is possible to automatically obtain
various collaboration indicators (e.g. the cooperation
coefficient, the cooperation willingness and the CDF)

for a heterogeneous computing environment (step 5).
Software designers can interpret these indicators in
order to determine suitable settings to deal with the
collaborative services.
Depending on the indicator values, the designers
can perform changes to the feature set, in the resources availability or come-back to the first step to
perform a redefinition of the simulated computing
scenario. If the indicator values for a certain setting
are favorable, then the designers will know that such
configuration can be assumed as a structural solution
during the next steps of the system development process; i.e. during architectural and detailed design and
also during the implementation process.
This simulation method can also be used to evaluate capabilities and limitations of already implemented systems, in term of collaboration for sharing resources. It is possible to obtain the collaboration indicators determining how suitable a collaboration
strategy is for sharing resources in a computing scenario by replicating the work environment of an application and the implemented strategy. Therefore
this simulation method can be used for both, supporting the design of new solutions as well as evaluating
the suitability of already implemented applications.
This simulation process can be implemented
through a tool that requires the user select just the
simulation options. It will ease the use of the method
by software designers.

software designers should try the network nodes have
a large number of links among them.
9.2. Devices placement
Roy et al. [37] proved that the overlay placement
problem is a non-deterministic and polynomial-time
hard problem. In section 6.4 we have seen that the
device placement can be used to improve the nodes
cooperation level. Since we use an overlay network,
software designers can embed in the collaborative
application a software component that is able to take
advantage of the existence of a physical and a logical
(overlay) network in the collaboration scenario. Such
a component should listen to the physical layer of the
network and find candidate nodes to be “placed” in
the overlay network. Although such devices do not
need to be aware of their participation in the collaboration process, the effect produced on the whole system would be similar to place a regular node in the
overlay network. Thus, the collaboration capability
of the whole system could be improved.
9.3. Network scale
An unexpected result of our study was the fact that
the network size affects the cooperation coefficient.
Therefore, we recommend that the devices interested
in sharing resources should form a single network,
because partitioning the network will not increase the
cooperation coefficient.

9. Guidelines to deal with resource-sharing issues
Guidelines that help software developers to deal
with resource-sharing in mobile collaboration scenarios are presented below. We show some solutions to
implement such guidelines on mobile applications.
9.1. Dealing with network topology
If the overlay network depends on the developers,
then their efforts should focus on ensuring that the
applications use a small world topology. Kleinberg
identified the problem of how to find shortest paths
in a decentralized way, in the case of small world
network with only local information [21]. A new
method of constructing a small world topology in a
wireless network was proposed in [18]. Wang and
Nakao [42] propose a scheme of evolutionary game
theory for topology evolution to change any given
overlay topology into the small world structure. If the
application runs on a non-controllable topology,

9.4. Handheld versus PC requests
Considering the presented scenarios, if all
handheld requests depend on the developers decisions, then the cooperation algorithm should focus on
ensuring that handhelds perform fewer requests than
PCs; and also that such requests are equivalent to the
available shared resources of each node. It has been
shown in Fig. 5 that non-aggressive nodes – those
making a number of requests equivalent to their own
available resources - get a good collaboration rate.
By contrast, those nodes having an aggressive behavior frequently fail their requests because we are using
a tit-for-tat collaboration strategy, which assures a
fair payoff between shared and gained CPU slots. It
means that a node should not run a process asking
most of the required resources to other nodes, because in that case the unavailability of shared resources will make the system enter in a deadlock.

Furthermore, if the collaboration strategy depends
on the developers and powerful machines will be
introduced in the network, it is mandatory to consider
a different approach (for handhelds) to share resources and increase their usage. The simulation
method presented in the previous section can help
designers to address these cases.

10. Conclusions and further work
There exists today a many stationary and mobile
computing devices that could be collaboratively used
to support several activities in areas such as mining,
construction, transportation, or manufacturing. In fact,
most loosely-coupled activities can be addressed using just mobile devices or embedding a portion of
stationary devices. Managing device heterogeneity is
an open issue in mobile collaborative systems; therefore there are no guidelines on how to deal with it.
This paper presented a study that tries to understand the challenges behind the process of hardware
resource-sharing in mobile collaborative scenarios.
The study was based on simulations, which analyzed
the impact of several overlay network topologies
(particularly torus, random, power law and smallword) on the resource sharing process. The simulations considered two types of network nodes,
handheld devices and PCs.
The obtained results allow us to answer six research questions. Some of them focus on measuring
the impact of a network feature (e.g. size, topology or
degree) on the collaboration process, while others
intend to understand the consequence of performing
particular actions on the network (e.g. introduce
powerful devices or manage the nodes placement) as
an strategy to help improve the collaboration rate
among participants.
After performing the simulations we did an additional analysis of the network features participating
in the system to determine their roles and relative
importance in the collaboration process. Known data
mining techniques were used in this analysis. The
results show the availability of shared resources in
local/one-hop/two-hops devices considerably affects
collaboration. The network topology, its size, level of
clustering and degree also affect such process.
These results provide reusable knowledge for developers of mobile collaborative applications. In order to capture such knowledge and put it available for
software designers, a simulation method was defined
by systematizing and simplifying the process con-

ducted in the reported study. This simulation method
can help designers to both, (1) identify appropriate
strategies for sharing resources depending on the
computing scenario, and (2) determine the suitability
of already implemented solutions to share resources
in a certain work environment. The use of this simulation method during the early stages of an application development can help software engineers to
avoid several problems.
A set of lessons learned and guidelines have also
been included in this paper for helping engineers to
design mechanisms that allow mobile users to share
their free computational resources almost without
affecting the performance of the local applications.
As mentioned above, in this area there are still
several open issues and research opportunities. For
example it would be interesting to extend the results
shown in Sect. 5 to provide a distributed selfplacement algorithm based on empirical observations.
We believe it is possible to find mechanisms that
dynamically include nodes so that the network topology is favorably changed. Based on that solution it
would be possible to build self-regulated ad-hoc networks encouraging nodes cooperation.
Another point to address as part of future work is
the heterogeneity of the communication links composing the network, which clearly affects the nodes’
collaboration capability. In this article we have assumed the transmission capability of the network
links is stable (i.e. their quality does not affect the
collaboration results), since the simulations try to
isolate the effects produced by other variables namely the network topology, the devices population or
the network degree. Analyzing the influence produced by heterogeneous communication links on the
collaboration process can be the goal of a next study.
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