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Abstract—The capability to anticipate a contact with another device can contribute to improving the performance and user satisfaction

of mobile social network applications and of any other relying on some form of data harvesting or hoarding. This paper presents a nine

year data set of wireless access logs produced by more than 70,000 devices and 40,000 users. Research on the recurring contact

patterns observed between groups of devices permitted to model the probabilities of occurrence of a contact at a predefined date

between pairs of devices. As an example, the paper presents and evaluates an algorithm that provides daily contact predictions, based

on the history of past pairwise contacts and its application on a reputation service.

Index Terms—Mobility, contact recurrence, modelling

Ç

1 INTRODUCTION

THE knowledge on users mobility patterns can be applied
on pervasive computing environments to model appli-

cations [22] and routing protocols [16], to harvest comput-
ing resources [6] or provide network connectivity [24] to a
group of mobile devices and to facilitate the creation of dis-
tributed data stores [20].

The capability to anticipate contacts between groups of
users can further improve those applications as well as
those that use real-time flows by estimating future band-
width requirements and therefore improve their reservation
mechanisms (e.g., [12], [28]).

A contact is usually defined as a moment where two devi-
ces are within transmission range or can communicate medi-
ated by a single Access Point (AP). Contact patterns are
usually estimated by applying a statistical fitting on multiple
metrics of a data set produced by a population of individuals.
The goal is to find a statistical distribution that provides a
good approximation to the metrics of interest and that can be
evaluated in run-time. One of the most frequently cited met-
rics is the inter-contact time (ICT), defined as the time interval
between two consecutive contacts of the same two peers. ICT
is used in multiple applications and frequently modelled
using a power law distribution [2], [17], [18].

An excessive focus on ICT can limit the range of optimisa-
tion strategies made available for application developers. The
capability to predict recurring contacts between groups with
more than 2 elements or the number of devices in proximity

would allow social networks, user assistance applications,
geo-replicated databases and even Machine-to-Machine
(M2M) networks to minimise data redundancy in cooperative
caching, improve availability and reduce communication cost.

Unfortunately, the design of such metrics is severely con-
strained by the large amounts of mobility data required to
give statistical relevance to any modelling effort. This paper
gives a step in this direction by presenting and analysing a
data set prepared from raw data extracted from the edur-
oam wireless network site on the Polytechnic Institute of
Lisbon. The data set, originally presented in [11], registers
all the accesses of the 76,479 distinct devices to each of the
network’s 239 access points (APs) between 2005 and 2013.

The paper studies the dimension of groups of devices of
any size observed in the data set and the repetition patterns of
their meetings. In addition, it shows that in most cases, a Par-
eto statistical distribution (with parameters differing with the
group size and recurrence period) can be used to model the
group contact recurrence probabilities. These findings con-
firm the relevance of the Pareto distribution in the modelling
of contacts, complementing, supporting and validatingwith a
large sample what has been previously observed for pairs in
data sets with a considerably smaller dimension. In addition,
the paper extends existing results for contacts between large
groups of devices and using broader time spans.

The modelling of recurring contacts inspired a ranking
algorithm that, for some device, creates an ordered list of the
devices most likely to be in contact in some future day. The
algorithm is fully distributed, with each device constructing
its own ranking, supported by its previous observations. The
algorithmwas validated against a mobility scenario extracted
from the same data but with a different methodology and
year, and also against a trace of GPS positions of Taxis in
Rome. Results show that although distinct, both environ-
ments share the same statistical properties, allowing the rank-
ing algorithm to improve the probabilities of success in
predicting the devices thatwill be in range in a future day.

Finally, the paper proposes an application of the ranking
algorithm on a reputation management service for mobile
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applications. The goal is to improve the service performance
without increasing the number of contacts to a centralised
reputation server. To address this goal the ranking algo-
rithm is used to anticipate future contacts, improving the
hit rate of the cache of reputation information. Results show
that the ranking algorithm can contribute to improve rogue
devices detection.

In brief, the contributions of the paper are three-fold. First, it
presents and studies the patterns observed in a 9 year data set
with 70,000+ WiFi devices. Second, it describes a statistical
modelling of the recurrence of contacts on groups of any size.
Finally, it presents an algorithm that leverages on the statistical
model to predict future contacts between devices that have
previously been in contact. The presentation of these results is
organised as follows. Section 2 makes a brief survey of the
related work and discusses possible applications of this effort.
The characterisation of the data set and the methodology used
for extracting and analysing the data is presented in Sections 3
and 4. Section 5 addresses our efforts in modelling contacts
recurrence into statistical distributions. Experiments on pre-
dicting contacts using data from the previous sections is
detailed in Section 6. Section 7 presents an application of the
contact prediction algorithm, in particular, a reputation system
for resource sharing on ad hoc environments. The conclusions
and the directions of the futurework are the focus of Section 8.

2 RELATED WORK

The Haggle project [27] is a good example of a project that
combined research on human mobility with its applications
on mobile computing, data dissemination and opportunistic
routing.Haggle characterized humanmobility on two dimen-
sions: inter-contact time between pairs of devices and contact
duration. The project showed that ICTs tend to follow a Power
Law with a Exponential Decay, something also supported by
other studies (e.g., [17]). Haggle leveraged several applica-
tions, for example Bubble Rap [16], a socially influenced rout-
ing protocol that used Haggle’s mobility traces to infer
communities usingK-Clique [23] andweighted network anal-
ysis algorithms [21]. Research on spatio-temporal communi-
ties [22] emerged fromusing the same data sets of Bubble Rap
to combine the study on communities detection with the
duration of the contacts. Results were applied in the problem
of information dissemination in opportunistic networks.

In [4] the authors study ICTs in two data sets created using
distinct approaches. One is based on the view of an external
observer. In particular, on data collected from the access logs
of WiFi networks. The second, named direct contact, contains
records captured directly by the devices. These have been
either produced by devices designed specifically to be carried
by users or by exploiting the Bluetooth connectivity of mobile
devices. Authors observed that the distribution of ICTs can be
modelled by a power law when in the range between 600s
and 86400s and attributed it to the human work day pattern.
As a follow up, the paper shows how this result impacts cur-
rent forwarding algorithms and makes suggestions for
improvements. In contrast, the work presented in [17] used
six data sets to conclude that the modelling of ICTs using a
power law is adequate for intervals not exceeding half of the
value found in [4]. When the duration is above 43200s, an
exponential distribution shows to bemore adequate.

The authors in [25] focused on temporal communities and
their relations instead of ICTs. Authors extracted temporal
communities from four distinct data sets, the largest of which
considering the observation of 97 nodes over 9months. In spite
of the small scale and duration of the study, authors presented
two interesting findings: iÞ a direct implication between the
establishment of social communities and temporal communi-
ties; and iiÞ the identification of one class of devices, those
with a high contact rate that are rarely seen in temporal com-
munities, but contribute significantly for the efficient content
dissemination in opportunistic social networks. Social com-
munities are equally the focus of SocialCast [7]. The project
exploits the human tendency to share interests and locations
to develop an efficient routing protocol for publish-subscribe
on Delay-Tolerant Networks. The authors use Kalman filters
for forecasting future contacts, based on previous collocation
observations. SocialCast was among the first protocols sup-
porting one-to-many communication forHaggle.

PreKR [15] is a framework that improves forwarding on
opportunistic networks by using a kernel regression based
estimation for link pattern prediction. Using historical obser-
vations of networkmaps on three data sets, one ofwhich being
Bubble Rap, PreKR determines the probability of the recur-
rence of a link between two devices. Authors show that PreKR
outperforms all other prediction methods, including
Prophet [19], a protocol for Mobile Ad Hoc Networks that
routesmessages according to the probability of the next hop to
eventually become in contact with the destination. The distin-
guishing factor was the use of kernel regression, that allowed
PreKR to achieve an accuracy ofmore than 90 percent.

Most of the above works are built on models obtained
from data sets that are limited on the duration and on the
number and type of devices. coMobile [29] is an interesting
exception that leverages from very large scale data sets col-
lected from public transportation access records and mobile
cell towers to define a mobility pattern model. Unfortu-
nately, the granularity of the data, reflecting either instanta-
neous human presence or coarse grain locations can hardly
be used to infer contacts between users.

A survey of most mobility models as well as of the
modelling process using real traces can be found in [14]. To
the best of our knowledge, research on very large data sets,
spanning several years and covering thousands of users is
limited to the work described in this paper and whose initial
results were published in [10]. This paper extends these
results by demonstrating their applicability in a practical
scenario using a reputation system as the supporting appli-
cation. The eduroam data collected in the scope of this proj-
ect was further applied in the development of Mobiplity,1 a
publicly available scenario generator for human mobility
using exclusively real data [9].

3 METHODOLOGY

The data set used in this study aggregates the log records
produced between January 1, 2005 and December 31, 2013
by all the Access Points (APs) composing the eduroam WiFi
network at the Lisbon Polytechnic Institute (IPL).

IPL is the 7th largest high education institution in Portugal
with approximately 1300 teachers and 15,000 students,

1. http://edata.e.ipl.pt
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distributed by 10 distinct campuses in the metropolitan area
of Lisbon (see Fig. 1). The eduroam WiFi network results
from an international effort aiming to transparently provide
wireless Internet connectivity to its members in the campus
of all adhering institutions. The IPL’s site of the eduroam net-
work is supported by approximately 200 Cisco Systems APs,
covering a total of 26 buildings and inter-building areas.
Records are originated from all the users that accessed the
network at least once, thus including occasional visitors.

Fig. 2 shows a continuous growth of the number of users
and devices although at distinct rates, specially since 2010.
This is coincidental with an increase in the sales of
smart-phones observed at the national level. The increase of
the ratio between devices and users from 1.11 in 2005 to 1.70
in 2013 suggests a growing trend on the number of users
accessing the network with more than one device. Fig. 3
depicts the number of devices that connect daily. As expected,
the plot exhibits an irregular pattern consistentwith the differ-
ent activity levels that can be found on workdays, weekends
and summer and winter breaks in a campus. The figure

equally indicates a consistent increase in the wireless network
usage, with the average number of devices connecting daily
to the network increasing 10 times in a 8 year time span (from
155 in 2005 to 1554 in 2012). It should be noted that neither of
these gains can be attributed to an increase in the number of
students of IPL, whose change cannot be compared to these
ratios. The evolution is further observed in the increase on the
amount of traffic supported by the network, depicted in
Fig. 4. The plot shows an interesting decay both in the upload
and total series in the last years of the study which is attrib-
uted to the loss of popularity of P2P file sharing networks.

Table 1 aggregates the users by the number of years
where they were observed. The table shows that the data set
contains more than 20,000 users observed in two or more
years, making the data set suitable for long term analysis on
user mobility patterns. Of particular interest are the 178 that
have persistently appeared in each of the 9 years of the
study. Fig. 5 details these results by counting the number of
users appearing exactly on each time span of two or more
consecutive years. For clarity, the figure omits users found
in a single year and those not found on consecutive years.
As a consequence of the increasing number of users and
devices, the latest years of the study are those that share
more users. In particular, 2012 and 2013 share 9452 users,
with 48 percent of them having been observed also in 2011.

Fig. 6 depicts the Complementary Cumulative Distribu-
tion Function (CCDF) of the users accumulated networking
time per year. The figure shows a surprising stability across
the years, with approximately 10 percent of the users stay-
ing connected for more than 106s (277 hours). As depicted

Fig. 1. Location of IPL sites.

Fig. 2. Devices, users, and access points.

Fig. 3. WiFi devices connected per day.

Fig. 4. Traffic and network time.

TABLE 1
Years Per User

#Years 1 2 3 4 5 6 7 8 9

Users 24,106 9,814 4,703 2,527 1,453 863 478 230 178

Fig. 5. Number of users observed in consecutive years.
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in Fig. 4, overall, the data sets hours used per year increases
from 218� 103 in 2005 to 2220� 103 in 2013.

Fig. 7 compares the proportion of Small Mobile Devices
(SMD) and Laptops accessing the network in each year, deter-
mined from the vendor, parameter request list and hostname
fields of the DHCP messages exchanged between the devices
and the supporting infrastructure. The analysis of this result
is justified by the observation that small mobile devices tend
to reproduce more accurately the users’ movement patterns.
The increasing penetration of SMDs on the eduroam network
and its impact on the mobility is further supported by Fig. 8.
In the case of SMDs, the figure shows a consistent increase in
the number of APs visited per session although the duration
of the sessions remains consistently around 400s. This implies
a reduction on the ratio of session time per AP, suggesting
that users are increasingly walking in the campus with their
smart-phones permanently connected to the WiFi network
and therefore, increasing the accuracy of the mobility models
extrapolated from this data. Examples of SMDs are smart-
phones, PDAs and tablets, using Windows CE, iOS and
Android. The second class, Laptops, group the larger devices
usually running over a classical operating system (Linux,
Windows or OS X). The class of each device was determined
by its operating system. Table 2 depicts the total dispersion of

the 65,160 detected devices by the most popular operating
systems. These results are only estimates given that: i) users
are free to change the data sent by their DHCP client and, ii)
recent Apple devices dont send vendor information. Devices
with multiple operating system capabilities are represented
once per operating systemdetected.

Contacts data evaluated in this paper are extracted from
the RADIUS protocol [26] session logs, which considers the
association of each user to a single AP. Fig. 9 reports on the
number of sessions recorded each year. Log records contain
the device MAC address, AP id, user name, session start
and stop dates thus permitting to unambiguously identify
the user, device and moment it was created. Prior to the
analysis, logs have been purged from the following incon-
sistencies, that can be attributed to problems with the wire-
less network card drivers:

� Consecutive sessions between the same device and
AP with an interval of less than 5 seconds have been
merged in a single session;

� Time overlapping sessions S1 and S2 of the same
device to distinct APs have been serialized by setting
the stop timeof S1 to occur at themoment immediately
before the start time of S2. Given that network cards
cannot be concurrently associated to more than one
AP, this impossibility can only be explained if the
device did not disassociate correctly from one AP
before associating to the next with the former artifi-
cially establishing the session stop time by timeout;

� Sessions with the same start and stop time were
removed. Sessions with these characteristics are cre-
ated when a user has some issue while connecting to
the network, although the network considers the user
authenticated (thus creating the RADIUS record).

The RADIUS records purged from inconsistencies were
then uploaded into one SQL Database. The DBMS played a
key role in the continuation of the project. In particular,
information extracted using standard SQL commands

Fig. 6. Network time per user.

Fig. 7. Proportion of small mobile devices to laptops.

Fig. 8. Sessions duration and number of APs visited.

TABLE 2
Devices per Operating System

(Sorted Ascending)

Operating System Devices

Windows CE 432
OS X 1,514
iOS 7,431
Android 10,449
Linux 13,386
Windows 31,948

Fig. 9. Absolute number of sessions.
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contributed to diversify data’ applications, which include
discussions on the evolution of the utilisation of wireless
networks and mobile devices, the generation of mobility
scenarios and the study of the recurrence of contacts. The
interested reader is referred to [11] for a more in depth
analysis of the data set and to [9] for its applications on the
generation of mobility scenarios.

3.1 Temporal Communities

In this paper, a temporal community (TC) is defined as the
set of devices connected simultaneously to the same AP.
A TC exists as long as its membership does not change.
The addition and/or removal of any member results in the
creation of a new temporal community. The approach is
oblivious to associations of devices to distinct APs with
overlapping coverage and to the repetition of TCs in the
same day, which are ignored. Table 3 summarizes the TCs
counted using this approach.

The membership of a TC is likely to reflect the presence of
multiple groups and/or individual users that coincidentally
associated to the same AP at the same time. This paper inves-
tigates the repetitive occurrence of groups of any number of
devices, independently of in some occasions the members
being or not part of a larger TC. This approach is better repre-
sented by the Temporal Sub-Communities (TSCs) of a TC,
defined as each of the

Pn
i¼1

n
i

� �
distinct combinations ofmem-

bers that can be arranged from the TCwith size n that created
it. The paper will focus on the study of TSCs. However, it
should be noted that this approach does not exclude the TC
itself, as it is included in the set of TSCs it has originated.

The multi-year analysis depicted in Table 3 shows a non-
negligible variation of the number and size of the communi-
ties. Part of this variation can be attributed to the addition
of Access Points (APs) to the network (cf. Fig 2), mostly
motivated by the need to resolve localised network bottle-
necks. Such addition contributes to a decrease in the dimen-
sion of temporal communities as devices have more
alternative APs for association on the most frequently
accessed locations. In line with previous researchers (e.g.,
[4]), devices that are connected to the same AP are consid-
ered to be within transmission range.

Fig. 10, which depicts the size of the biggest TC observed
each day, clearly shows the impact of the academic environ-
ment on the network. In the figure it is possible to observe
the reduced activity during the Winter (end of December),
Summer (August) and Easter (March) breaks (cf. Fig. 3).
The irregularity of the plots can also be attributed to week-
ends and to local organization of events.

3.2 Temporal Patterns

The probability of recurrence of two and three consecutive
hits of the same TSCs was evaluated on 4 distinct temporal
patterns. The Consecutive Days (CD) and the Consecutive

Week Day (CWD) patterns use intervals of respectively 1 and
7 days. These patterns serve to investigate repetitions
inspired by common student activities, like the daily atten-
dance to school and the weekly attendance to classes. The
Consecutive Month Day (CMD) and Consecutive Week (CW)
use more irregular patterns. CMD seeks for repetitions in
the same day of the month of consecutive months. CW seeks
repetitions in any weekday of consecutive weeks.

For clarity, and as an example, consider the observation
of a TSC on July 18th, 2012 (Wed). A hit will be considered
if the same TSC is observed on July 19th for CD, July 25th
for CWD, August 18th for CMD and on any day between
the 22nd and the 28th of July (Sun-Sat) for CW.

These temporal patterns are negatively affected by calen-
dar irregularities. No attempt to attenuate the effects of pub-
lic holidays, weekends or school breaks has been made. This
option was chosen to approximate the results from those
found by some application using past experiences to esti-
mate the probability of contact repetition.

4 GENERIC DATA ANALYSIS

The accumulated number of Temporal Sub-Communities
(TSCs) found in every day of 2012 is depicted in Fig. 11 as a
Complementary Cumulative Distribution Function. For
clarity, the figure presents TSC sizes in steps of 6. It was
observed that the lines of omitted TSC sizes evolve similarly
to those that are represented.

A first surprising effect observed in Fig. 11 is the peak of
the number of TSCs at size 38, of whichmore than 1020 can be
found in 1 percent of the days of 2012. This can be attributed
to the methodology used for determining TSCs. Recall from
Section 3, that the paper considers all possible combinations
of any TC elements as TSCs. In this case, each of the observed
TCs of size 74 produces, by itself, 74

38

� � � 1:7� 1021 TSCs with
size 38. Still, the figure is illustrative of the potential number
and size of the groups of devices within transmission range
that can be found in academia. Notice for example that in 18
(5 percent) of the days of 2012 it was possible to find at least
1010 communities of size 62 and that, in spite of the approxi-

mately 150 class days per year at IPL, 292 (80 percent) of the

days hadmore than 100 TSCswith 14 devices.

Fig. 10. Maximum temporal community size per day.

TABLE 3
Temporal Communities Observed in the Data Set

Year 2005 2006 2007 2008 2009 2010 2011 2012 2013

Max. TC Size 33 43 44 66 69 74 159 121 108
TCs 370,245 1,113,630 1,309,098 1,682,684 1,700,471 1,935,039 2,775,835 5,633,825 11,366,159
Average TC Size 6.45 8.16 8.32 9.37 9.96 11.08 10.77 10.08 11.5
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Fig. 12 revisits these results after grouping the TSCs in
weeks, to attenuate the spurious effects of occasional TCs of
very large size, visible in the significantly distinct shape of the
curves. Independently of the 30 class weeks, plots suggest
that TSCs of sizes up to 23 tend to occur in a large proportion
of more than 90 percent of the weeks and that 20 percent of
theweeks havemore than 105 communities of size 68 or less.

The large number of communities and the high fre-
quency with which they were observed suggest that at least
in the academic environment it is not hard to find large con-
centrations of users, motivating the research on different
applications, for example on cooperative distributed data-
bases [20] and on capacity estimation of wireless networks.

5 RECURRENCE OF CONTACTS

For each Temporal Sub-Community (TSC) t observed in
some instant t, the study on t’s recurrence will proceed in
two steps. First, it will measure the frequency with which t

is observed a second time, respecting one of the temporal
patterns defined in Section 3. In other words, we will look
for occurrences of t in instant t0, knowing that the relation-
ship between t and t0 must necessarily respect one of the
temporal patterns. The second step will evaluate the persis-
tence of these occurrences. It estimates the probability of

observing t in a third instant t00, with the time interval
between t0 and t00 respecting the same temporal pattern that
was found between t and t0. The analysis will focus in 2012,
considered to present a good trade-off between the manage-
ability of the data set and its recency. Leveraging from these
results, the section proceeds with the proposal of a probabi-
listic model for the occurrence of the third contact.

5.1 Observations of Second Contacts

Fig. 13 depicts the CCDF of the TSCs thatwere observed a sec-
ond time satisfying each of the Temporal Patterns defined
above. The figure clearly demonstrates that the selection of
the temporal pattern has a strong impact on the results. Con-
secutive Month Days is the temporal pattern that performs
poorly. This is expected as it is hard to find any human rou-
tines depending on the day of the month in the Portuguese
academic environment. In contrast, the CD and CWD tempo-
ral patterns, which reflect better the typical student schedule,
perform reasonably well, specially for TSCs of 6 or less users.
In these cases, more than 90 percent of the days presented 100
or more TSCs which were equally observed in the previous
day orweek.

The best results are presented by the CW temporal pat-
tern, where it was not hard to find 10,000 communities of

Fig. 11. TSCs per day. Fig. 12. TSCs per week.

Fig. 13. Temporal patterns for two consecutive periods.
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sizes 6 or less equally observed in the previous week in
90 percent of the days. This is not a surprising result consid-
ering the great flexibility of the constraints imposed by CW
in comparison with CD and CWD.

5.2 Observations of Third Contacts

Fig. 14 shows the average and standard deviation of the
proportion of TSCs that repeated in a third consecutive
instant from those that were observed twice. Results con-
tribute to decrease the relevance of the observations of large
TSCs in two consecutive periods. Although it is frequent to
find large TSCs, their membership tends to vary with time.
Therefore, the occurrence of large TSCs can only be used by
applications depending on ad hoc concentrations of users.

Concerning TSCs with small number of members, the
results permit a separation of the CD and CWD temporal pat-
terns, with the daily one showing to be more predictable. CD
and the more relaxed CW temporal patterns are the only able
to obtain probabilities of repetition above 10 percent for TSCs
of up to 4 members and to show a surprisingly 30 percent for
TSCs of size 2. This can be considered as a non-negligible
probability of finding the same device on, respectively, the
next two days andweeks. CWoutperformsCD in the stability
of the predictions, as it presents a smaller standard variation
of the sample.

Fig. 15 depicts these results using CCDFs of the absolute
number of occurrences observed. As suggested by Fig. 14,
TSCs with significant results are those with small member-
ship sizes. It is also interesting to notice the distinct pattern
exhibited by each temporal pattern. Still, it should be
noticed that it is not hard to find a considerable number of
TSCs satisfying the CD and CW criteria for 3 consecutive
intervals. In the case of CW, in 90 percent of the days of
2012 it is possible to find 100 TSCs of 6 members that were
observed on 3 consecutive weeks. As for CD, more than 100
TSCs of size 6 can be found in 10 percent of the days, In line
with what was observed before, the CWD and CMD tempo-
ral patterns show worst results, in both the number of TSCs
found and on the probability of their recurrence. Although
relatively rare, the study was able to find TSCs of size up to
22 occurring in the same day of the week for 3 consecutive
weeks, possibly reflecting the weekly attendance to some
lecture. For TSCs with very small sizes (up to 4) more than
100 repetitions were found in 50 percent of the cases.

5.3 Probabilistic Model

To model the temporal patterns observed in TSCs, the
results above were fitted to statistical distributions using
Matlab’s Akaike information criteria. Fig. 16, which aggre-
gates TSC sizes by distributions, shows that the Generalized
Pareto distribution is the most adequate to model the behav-
iours observed in the paper. Our findings are consistent
with results found for modelling other aspects of human
mobility, for example those detailed in [5], [13], [17],
although using considerably smaller scale samples.

Interestingly, the CD, CWD and CMD temporal patterns
exhibit an exception where only a single size of the TSCs is
better represented by Generalized Extreme Value. As
depicted in Table 4, the sizes of the TSCs with an abnormal
behaviour are distinct for each temporal pattern and no
relation between the values could be found. Therefore, these

Fig. 14. Probabilities for three consecutive periods.

Fig. 15. Temporal patterns for three consecutive periods.

1672 IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 17, NO. 7, JULY 2018



cases are considered as an anomaly and the reminder of the
text handles them indifferently from the remaining.

A practical application of these results can be obtained by
reproducing the approach discussed in Section 5.2 to create a
fitted function that returns the probability of occurrence a
third time of a group of size n. Results are approximated by
function PC presented in Eq. (1), modelled by constants a and
b presented in Table 5 and graphically depicted in Fig. 17.

PCtpðnÞ ¼ atp � ebtpn: (1)

Standard deviation can be approximated by a function
SCtpðnÞ ¼ atp � ebtpn, which is similar to function PC
although with a distinct set of constants a and b, equally
depicted in Table 5.

6 CONTACT PREDICTION ALGORITHM

The capability to anticipate user contacts is valuable to a
multitude of applications, which can be arranged according
to the observer, in 3 distinct categories. In the omniscient
observer category, a centralised server has access to the list
of all contacts that have occurred in the past. An example is
a reputation server that combines the contacts of all the ser-
vice members to anticipate those that will occur in the
future. The omniscient observer perspective is the one sup-
porting the theoretical analysis of the previous section. In
the localised category, some external observer, for example
an access point, creates a local perspective of the contacts
that occur between all the service members within his obser-
vation area. Finally, in the peer view category, each device
anticipates future contacts exclusively from those where he
has participated in the past. By not using any centralised
entity, peer view is the one with a broader applicability, cov-
ering more restrictive wireless network models, for example
mobile ad hoc networks (MANETs).

This section reports on our efforts to create an algorithm
capable to anticipate future contacts with a reasonable accu-
racy in the peer view perspective. The algorithm leverages
from the probabilistic model defined for the ominiscient
observer perspective and weights the probabilities of contacts
with the duration of the previous occurrence of each contact.

As a result, the algorithmpresents a rank, ordering devices by
the likelihood of contacting them again in the future.

6.1 Algorithm Description

The algorithm accepts a target date and a list of the contacts
observed in the past, tagged with their date, duration and
peer ID and outputs a list of peers, ordered by the likelihood
of finding them on the target day. Members of the output
list are all the peers from the input contact list that satisfy at
least one of the CD, CWD or CMD temporal patterns (see
Section 3.2) for the two previous consecutive instances and
which, if observed on the target date, will result in a third
consecutive occurrence of the pattern.

The algorithm ranks peers according to the score function,
calculated independently for each device d and given in
Eq. (2).

scoreðdÞ ¼ fCDðdCDÞ þ fCWDðdCWDÞ þ fCMDðdCMDÞ; (2)

where dCD; dCWD; dCMD are the duration (in seconds) of the
contact between the node running the algorithm and device
d in the last event of the corresponding pattern. The score for
each node is therefore dictated by a sum of 3 components,
one for each temporal pattern where d was observed. Each
of the components is given by the product:

ftpðdÞ ¼ wtp � PCtpð2Þ � CDtpðdÞ; 8tp 2 fCD;CWD;CMDg;
(3)

which combines, iÞ the weight attributed to the temporal
pattern (wtp); iiÞ the probability of the occurrence of the
third contact, as given by Eq. (1) (PCtp); and iiiÞ the weight
attributed to the duration of the last recorded contact
between the two peers (CDtp).

Preliminary experiments showed that CDtp should privi-
lege longer contacts, mapping them on proportionally
heavier weights. Equations 4 and 5 present the two classes
of functions experimented to model this property. Both
assume that the contact duration is bounded between 60s
and 86400s (one day), considered to be the interval

Fig. 16. Distribution fitting.

TABLE 4
TSC Size with

Exceptional Distribution

Temporal Pattern TSC Size

CD 6
CWD 3
CMD 2

TABLE 5
Probability Function Parameters

Temporal Probability Std. dev.

Pattern (tp) a b a b

CD 0.7167 -0.4204 0.3335 -0.205
CWD 0.6081 -0.4971 0.2375 -0.2216
CMD 0.5947 -0.601 0.4295 -0.357
CW 0.7701 -0.4431 0.1499 -0.1391

Fig. 17. Probability fitting results.
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representing social interactions between peers.

CDðdÞ ¼ kd

86400þ ðk� 1Þd ; k � 1; d � 60 (4)

CDðdÞ ¼ d

86400

� �2

; d � 60 (5)

Functions differentiate by the direction of their curve.
The family of functions of Eq. (4) increases the weight of
shorter contacts with k. In contrast, Eq. (5) tends to decrease
the relevance of shorter contacts, increasing the weight
more rapidly as the duration approaches 86,400.

Overall, the algorithm leverages from the probabilities of
occurrence of a third repetition of a contact between a pair
of nodes, which were found in the analytic study presented
in the previous section, to derive a ranking algorithm. The
algorithm uses the duration of the contacts and multiple
temporal patterns between the same pair of nodes as tie
breakers. Expectations are that these tie breakers correctly
identify the contacts that are more likely to occur, providing
to applications accurate estimates of upcoming contacts
with other nodes.

6.2 Evaluation

Evaluation was performed by running contact data sets
against the algorithm and comparing its ordering with the
contacts that have been actually observed. The capability of
the algorithm to correctly order the expectations of contacts
was evaluated using two metrics. Both measure the number
of hits (defined as a prediction of contact that has effectively
occurred), although using different perspectives:

The Rank of the First Miss (RFM) returns the position in
the algorithm’s prediction list of the first contact that was
not observed. RFM is useful for application programmers as
it provides an indication of the number of highly reliable
predictions of the list.

The second metric compares the proportion of hits across
the percentiles 10, 25, 50, 75 and 100 of the list. Percentiles per-
mit to evaluate the quality of the ranking. Expectations are
that the 100 percentile mirrors the analytic results discussed in
Section 5. Therefore, the quality of the ranking will be evalu-
ated by the increase in the proportion of hits in the lowest per-
centiles, which will confirm the capability of the algorithm to
put hits effectively observed on the highest positions of the list.

6.2.1 Trace Generation on MobIPLity

The ranking algorithm was experimented using a mobility
scenario generated by MobIPLity [9] with all devices that
connected to the eduroam network on IPL during the year of
2013. MobIPLity uses the records produced by the RADIUS

service to create mobility scenarios that closely reflect
observed user behaviour. RADIUS identifies the participants
and the timestamp of each association/dissociation event.
The geographical coordinates of the access point used con-
tribute with the estimate of the location of each participant.
Scenarios are produced in bonnmotion [1] format, a popular
mobility scenario generator capable of interacting with
numerous network simulators, as detailed in Fig. 18.

The MobIPLity trace-set mobility model is created from a
set E � D�A� fin; outg � T where D is the set of wireless
devices, A the set of access points of the network annotated
with their geographical coordinates and T are time stamps.
The set is populated with 2 events ðd; a; in; t1Þ; ðd; a; out; t2Þ,
for each RADIUS log record, with t1 and t2 time-stamping
respectively d’s association/dissociation to AP a. Finally, let
Ed � E be the subset of E containing all the events recorded
for device d.

Ed is expected to respect two invariants: iÞ devices are
always associated with an access point before being disasso-
ciated from it; and iiÞ in any point in time, a device is associ-
ated at most to one access point. Note that invariant iÞ is
trivially assured by the access points software and invariant
iiÞ by the corrections applied to the RADIUS logs that have
been outlined in Section 3.

We define E0
d ¼ ed;0; ed;1; . . . ; ed;n; d 2 D; ed;i 2 Ed; i > 0 as

the temporally ordered set of events for device d. Note that
invariant iÞ ensures that ed;2j; j � 0 are events of type in and,
conversely, ed;2jþ1; j � 0 are all events of type out.

A trace Wd ¼ w0; w1; . . . ; w2n�1; wi ¼ F ðed;2jþiÞ; 0 � i � 2n� 1;

j; n � 0 for some device d, is defined as a sequence of way-
pointswi. The way-points are defined by a geographical coor-
dinate and a time stamp, returned by a function F applied to
consecutive events (not necessarily starting on ed;0) inE0

d.
The output of function F depends of the position of the

way-point on the sequence and of the type (in; out) of the
event. The general case is depicted in Fig. 19a. w0 is set with
the time stamp of ed;2j and the coordinates of the access point
in the first of the sequence of events selected. Subsequent
transformations of pairs of events on pairs of Way-points
w2iþ1; w2iþ2; i � 0 will return coordinates overlapping a vec-

tor APAAPB
������!

, with APA;APB being the coordinates of the

Fig. 18. MobIPLity.

Fig. 19. Trace extraction examples.
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access points in the corresponding events ed;2jþ2iþ1; ed;2jþ2iþ2.
The precise locations are dictated by the predefined transmis-
sion radius of the access points, as w2iþ1 (resp. w2iþ2) will be
placed at the intersection of the vector with the transmission
radius ofAPA (resp.APB). Time stamps ofw1 and w2 are cop-
ied from the corresponding events. Notice that, according to
the definition of E0

d above, events ed;2jþ2iþ1; ed;2jþ2iþ2 are
respectively an out and an in record, thus signalling the
moment at which d abandoned the area covered by APA and
the moment at which d associated withAPB. The algorithm is
successively repeated for each pair of events andway-points.

In the particular case where the coverage area of two con-
secutive access points visited by the device is not empty
(Fig. 19b), the algorithm reflects the conservative approach
of wireless interface drivers. The two way-points receive
the time stamp of the in record and are set at 2/3 of the dis-
tance between the access points, chosen to reflect expected
driver behaviour by selecting the strongest signal only after
ensuring that the difference between both signals is enough
to ensure better connectivity.

Traces are terminated at an out event by creating a way-
point with the coordinates of the access point. It is assumed
that the device abandoned the eduroam network and there-
fore that the trace must be terminated when the speed for
traversing the distance between two consecutive access
points falls below some threshold. Alternatively, traces are
terminated when two consecutive connections to the same
AP exceed a time threshold, suggesting that the users have
abandoned and returned to the location.

6.2.2 Evaluation Results in MobIPLity

Contact data was extracted from MobIPLity traces by con-
figuring the LinkDump application of bonnmotion to extract
the periods in which two peers were within a 50 m range
from each other for a minimum of 60s. To prevent distur-
bance on the results due to the distinct patterns found on
weekends, the original data set was purged from the events
occurring on Saturdays and Sundays.

It should be noted that the data set used in the evaluation
is considerably distinct from the one used in Section 5 for
the analytic evaluation and which supported the rationale
of the ranking algorithm. The latter evaluated the 2012 data

set and defined a contact as the simultaneous association of
two or more devices to the same access point, using
RADIUS records. This section uses the 2013 data set and the
distinct methodology for defining contacts presented above.
In addition to exposing the ranking algorithm to a consider-
ably distinct data set from the one that inspired it, this
approach permits to verify if the properties observed during
the year 2012 are reproducible on a different year.

Parameters for the algorithm were experimentally tuned
in order to obtain the best results for the metrics used in the
evaluation. Table 6 depicts the experimental results for mul-
tiple variations of the CD functions with equal weights for
wCD and wCWD. Results evidence a minimal impact of the k
constant when the function of Eq. (4) is used, in contrast
with the results exhibited by Eq. (5). In practice, this result
evidences a preference of the algorithm for a fast growing
of the weight of the contact duration in the ranking. As a
result, the reminder of the text presents results using Eq. (4)
with k ¼ 4 for all the CDtp functions.

Table 7 shows the average and standard deviation of the
metrics when different weights are used. These results aver-
age the rankings produced for all devices and days, pro-
vided that the ranking contained 20 or more devices. The
table shows some encouraging results. In particular, that
the algorithm can, on average, correctly predict the contact
with the first 3.6 devices of the list and that 40 percent of the
highest 10 percent ranked devices have been found as pre-
dicted. The contribution of the algorithm becomes more evi-
dent by noticing that a random sort of the list (p100) would
equally distribute the 31 percent of the devices on the list
that were effectively observed by all the percentiles.

Fig. 20 further emphasis this result by evidencing the
28 percent performance gain of p10 over p100. A combined
analysis of the Fig. 20 and of the Table 7 highlights the distinct
contribution of each of the temporal patterns to the algorithm,
with the participation of the CMDor the use of individual pat-
terns consistently presenting worse results than a 50,50 per-
cent combination ofweights of CD andCWD.

In the elaboration of the results above, a ranking list is
always prepared, independently of the connectivity of the

TABLE 6
Evaluation of Contact Duration Functions

CDCD CDCWD rfm p10

k ¼ 4 k ¼ 5 3.61 0.40
k ¼ 4 k ¼ 6 3.60 0.40
k ¼ 2 k ¼ 2 3.58 0.40
k ¼ 3 k ¼ 6 3.57 0.40
Eq. (5) Eq. (5) 3.16 0.39

TABLE 7
Results (Average Per Day and Standard Deviation)

wCD wCWD wCMD Rank Totals rfm (s) p10 (s) p25 (s) p50 (s) p75 (s) p100 (s)

50 50 0 56,892,626 3.609 (6.75) 0.402 (0.38) 0.377 (0.35) 0.352 (0.32) 0.333 (0.30) 0.313 (0.29)
50 0 50 38,423,918 3.352 (7.13) 0.361 (0.37) 0.340 (0.34) 0.317 (0.32) 0.301 (0.30) 0.283 (0.28)
33 33 33 65,604,286 3.326 (6.30) 0.363 (0.37) 0.340 (0.34) 0.316 (0.32) 0.297 (0.30) 0.279 (0.28)
0 50 50 40,827,514 2.690 (3.81) 0.360 (0.37) 0.342 (0.35) 0.322 (0.33) 0.306 (0.31) 0.288 (0.29)

Fig. 20. Improvement observed (baseline p100=100 percent).
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device. However, many cases were found where some devi-
ces did not connect to any other device in one full day,
although the algorithm predicted some connections. Table 8
confirms that this cannot be considered a negligible aspect.
The table presents the same metrics after excluding the lists
prepared for these devices. Not surprisingly, lists become
muchmore accurate, with p100 approaching an average of 50
percent. In other words, on average, 50 percent of the devices
predicted by the algorithm are effectively found. More
demanding metrics, in particular RFM and p10 are in line
with the improvement of p100: on average, the first 5 devices
of each list are effectively found as predicted as well as more
than 63 percent of the percentile 10 of each ranking list.

Table 9 exhibits the distribution of the results by day of the
week. It is interesting to notice that the performance of the
algorithm is not uniform across all theweekdays. The ranking
algorithm presents better results for Tuesday, Wednesday
and Thursday. The worst results of Mondays can be attrib-
uted to theweekend discontinuity impact on the CD temporal
pattern. Surprisingly, Fridays present the worst performing
results, although no evident explanation could be found.

6.3 Evaluation with Taxi Traces

To understand the applicability of the algorithm in a broad
range of scenarios, the algorithm was experimented in a data
set containing 1 month GPS traces of 320 taxis in Rome [3].
The data setwas sanitised to include onlypositions in themet-
ropolitan area of Rome, and to mark as off-line the taxis not
reporting their position for intervals above 120s. The trans-
mission range and all other variables required for defining a
contact replicate the values used in the previous scenario.

Table 10 shows the metrics presented by the algorithm.
Unfortunately, the smaller number of nodes and the shorter
length of the data set prevented experiments with the CMD
temporal pattern and forced to a reduction of the minimum
size of the rankings from 20 to 5. Surprisingly, p10 metric

shows values comparable to the ones obtained fromMobIPL-
ity, for the same configuration parameters. The differences in
the RFM can be attributed to the smaller dimension of the
data set, which necessarily reduces the ranking list and, pro-
portionally impacts RFM. The difference between p10 and
p100 loses significance, with the gain decreasing to 11 percent.

Table 11 show the outcome of the per day of the week
analysis in this data set. It is interesting to observe that Mon-
day is the worst performing day of the ranking algorithm.
This result is attributed to the discarding of weekends that
was kept from the MobIPLity analysis in an attempt to keep
the comparison fair. However, the social constraints that
encouraged the introduction of the exception for MobIPLity
have no significance in a taxis scenario, where devices are
expected to operate on all days of the week. To the extent of
our knowledge, this was the unique characteristic of the
algorithm which did not adapt to both scenarios.

6.4 Discussion
In contrast with our expectations, differences in results
between CD and CWD temporal patterns tend to be orthog-
onal to the environment. As an example, one could consider
that the CD temporal pattern better represents faculty (with
a daily schedule), CWD would better represent students
that meet in classrooms following a weekly schedule and
taxis movements would not reflect neither of these assump-
tions. However, the results obtained using the data from
MobIPLity present similar outcomes to the ones obtained in
Section 5.3, using the same data but on different years. Fur-
thermore, and considering that the Taxis in Rome trace also
present the same results, we are encouraged to consider
that these results support the applicability of the algorithm
and probability modelling on multiple environments.

Results suggest that performance could be improved by
considering weekdays in the ranking algorithm. However,
this claim must be supported by additional experiments in
other traces, and therefore, is left as future work.

TABLE 8
Results Excluding not Connected Days (Average per Day and Standard Deviation)

wCD wCWD wCMD Rank Totals rfm (s) p10 (s) p25 (s) p50 (s) p75 (s) p100 (s)

50 50 0 39,620,508 5.122 (8.11) 0.635 (0.28) 0.596 (0.24) 0.557 (0.22) 0.526 (0.21) 0.495 (0.20)
33 33 33 43,290,708 4.967 (7.82) 0.620 (0.28) 0.579 (0.25) 0.538 (0.23) 0.507 (0.21) 0.476 (0.20)
50 0 50 25,271,814 4.871 (8.82) 0.593 (0.29) 0.559 (0.26) 0.522 (0.24) 0.495 (0.23) 0.466 (0.21)
0 50 50 25,861,694 3.917 (4.64) 0.621 (0.28) 0.591 (0.25) 0.556 (0.23) 0.528 (0.22) 0.498 (0.21)

TABLE 9
Per Day of the Week Metrics for Setup with the Highest Improvement (wCD=50,wCWD=50)

rfm p10 p25 p50 p75 p100

Monday 3.15 (4.62) 0.4 (0.38) 0.38 (0.35) 0.35 (0.32) 0.34 (0.31) 0.32 (0.29)
Tuesday 4.13 (7.57) 0.45 (0.38) 0.42 (0.35) 0.39 (0.33) 0.37 (0.31) 0.35 (0.3)
Wednesday 3.97 (8.26) 0.41 (0.38) 0.39 (0.34) 0.36 (0.32) 0.34 (0.3) 0.32 (0.28)
Thursday 3.67 (6.65) 0.41 (0.38) 0.38 (0.35) 0.36 (0.32) 0.34 (0.31) 0.32 (0.29)
Friday 3.04 (5.65) 0.34 (0.36) 0.32 (0.33) 0.29 (0.3) 0.27 (0.28) 0.26 (0.26)

TABLE 10
Taxis in Rome Trace Results

wCD wCWD Rank Totals rfm (s) p10 (s) p25 (s) p50 (s) p75 (s) p100 (s)

50 50 3487 1.884 (1.39) 0.426 (0.49) 0.409 (0.43) 0.380 (0.33) 0.340 (0.28) 0.312 (0.25)
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7 SAMPLE APPLICATION

The contributions of the contact prediction algorithm to real
world mobile applications were evaluated by extending a
reputation system designed to support offline transac-
tions [8]. The reputation system does not expect that mobile
applications have a permanent Internet connection. Instead,
it assumes that the applications periodically communicate
with a central trusted entity (CTE). During the interactions
with the CTE, mobile devices: iÞ report to the CTE the expe-
riences of the most recent transactions performed while off-
line and; iiÞ retrieve from the CTE up to date reputation
information about other users, in order to reduce the proba-
bility of having failed transactions in the future. The reputa-
tion information rp (rp 2 ½�1; 1	) of each participant p is
affected by the outcomes of previous transactions as
reported to the CTE by the participants. Transactions are
assumed to imply the exchange of some virtual currency,
deposited by the participants in a bank account at the CTE.

Applications use reputation information to decide if
some transaction should be performed with other partici-
pants. Reputation information is signed by the CTE and
therefore cannot be corrupted. However, considering that it
can be obtained from the application’s local cache, from
other peers in the neighbourhood or directly from the CTE,
one must assume that it can be outdated. The scenario of
interest for this paper occurs when a misbehaving device
presents outdated reputation information, representing the
good behaviour it had in the past.

The contributions of the contact prediction algorithm
emerge from the reputation system assumption on the lim-
ited amount of memory made available by the participants
to cache reputation information of other users. The paper
compares three possible caching policies. In the probabilistic
dissemination policy, the CTE keeps a list of all participants
ordered by their reputation, from the worst to the best. The
reputation data delivered for caching to each participant is
randomly constructed, by orderly traversing the list and
inserting in the participant’s local cache the ith member
with probability 1=i. The preference given to devices with a
bad reputation is justified by noticing that correct devices
will have no motivation for not presenting to potential can-
didates for transactions their most recent reputation certifi-
cates. On the second option, the ranking policy, the output of
the contact prediction algorithm is used in order to create a
rank of the devices ordered by the higher probability of
being in range on the following period. From this ranking,
the local device cache is filled with the devices that are con-
sidered selfish. The third policy is a variation of the previ-
ous, where the local cache includes all devices from the
ranking, with the requirement that at least half of the cache
includes devices that behave selfishly (bellow a predefined

threshold). We call this last policy, the biased ranking policy.
The biased ranking policy is motivated by the introduction
of the more ambitious requirement of reducing the number
of exchanged messages by dismissing the need of consult-
ing neighbouring devices cache.

To evaluate the reputation system, we used the traces
from the 2013 MobIPLity data set. After extracting the trace
we used bonnmotion to obtain all pairs of devices that were
within a 50 m range for at least 60s. For each contact we con-
sidered that a transaction was possible every 10s.

Simulation proceeds in days, with all devices concur-
rently connecting to the CTE at midnight. Each connection
to the CTE is first used by the devices to report the previous
contacts with the peers. In reply, the CTE uses the results
presented in Section 5 to construct, for each connecting
device, a set of the devices more likely to be observed in the
following day and whose reputation is bellow a predefined
threshold (in the experiment fixed at 0.0).

For the simulation, transactions between devices are
considered to have a duration of 10 seconds. Each trans-
action has a cost of 10 virtual coins, delivered by the
requester to the provider when a successful transaction
is completed. Each device has an initial budget of 1000
coins, thus imposing a limit of 100 operations to selfish
devices.

As depicted in Fig. 21, the ranking policy is able to
reduce by 22 percent the number of bad transactions and
increase in 38 percent the early detection of rogue devices
using the local reputation cache. The exception is on the
number of detected rogues by local cache when the propor-
tion of rogue devices is 10 percent, which can be attributed
to the fact that the probabilistic dissemination policy
includes any reputation certificates, while the ranking pol-
icy used a predefined low threshold to determine which
devices have their reputation certificate sent by the CTE.
Despite the differences the number of detected bad transac-
tions still shows improvement.

For the biased ranking policy we defined the selfish
threshold as 0, meaning that half of the cache includes the
highest ranking devices according with the contact predic-
tion algorithm, independently of their reputation. The other
half includes only devices from the ranking with a reputa-
tion lower than 0.

Fig. 22 shows the improvement on the number of good
transactions, where reputation information came from the
local cache, obtained using the biased ranking policy
when compared with the probabilistic dissemination pol-
icy. This is further detailed in Fig. 23 where the percent-
age of successful transactions when the biased ranking
policy is used is depicted according to the source of the
certificate. Possible sources are the local cache or the

TABLE 11
Per Day of the Week Metrics for Taxis in Rome, Setup with the Highest Improvement (wCD=50,wCWD=50)

rfm p10 p25 p50 p75 p100

Monday 1.27 (0.61) 0.19 (0.39) 0.2 (0.33) 0.18 (0.21) 0.16 (0.17) 0.15 (0.16)
Tuesday 1.87 (1.18) 0.48 (0.5) 0.42 (0.42) 0.41 (0.3) 0.39 (0.28) 0.35 (0.21)
Wednesday 1.95 (1.41) 0.44 (0.5) 0.41 (0.45) 0.4 (0.33) 0.34 (0.28) 0.31 (0.25)
Thursday 2.03 (1.5) 0.45 (0.5) 0.43 (0.45) 0.4 (0.35) 0.35 (0.3) 0.32 (0.25)
Friday 2.16 (1.58) 0.57 (0.5) 0.54 (0.41) 0.49 (0.3) 0.46 (0.27) 0.42 (0.24)
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reputation sent directly by the peer device. Between 27
and 34 percent of all transactions reputation certificates
were obtained from the local cache of the mobile devices.
The low number of bad transactions is attributed to the
benefits of using the contact prediction for the dissemina-
tion of reputation certificates.

Fig. 24 shows the impact of the introduction of the biased
ranking policy on the bad transactions and number of rogue
devices detected by local cache. The figure shows that the
gains are retained, when comparing with the probabilistic
dissemination policy.

8 CONCLUSIONS

Developers of mobile applications can be faced with the
need of anticipating the number or affiliation of the
groups of devices to be found in the future. This paper
leverages on a large data set of accesses to the wireless
network of an academic institution to extract the complete
set of temporal communities observed between 2005 and
2013. The paper derives a statistical model that character-
izes the different temporal community sizes assuming

four distinct recurrence patterns that mirror typical user
schedules.

The fitting of the observations showed that the recur-
rence of three temporal patterns can be modelled by gener-
alized Pareto distributions, confirming and supporting the
results already observed in studies with smaller scale sam-
ples for the Inter-Contact Times.

The paper presents an algorithm to predict contacts with
peer devices on a nearby future using the knowledge of pre-
viously observed contacts and temporal patterns. The algo-
rithm was evaluated against two data sets: one prepared by
extracting data from a different year of the same data set
that inspired this research and another prepared from a
publicly available trace of taxis in Rome. Evaluation results
showed that the algorithm presents good prediction capa-
bility and that its performance is comparable in both scenar-
ios, which raises our expectations of its applicability as a
generic prediction tool.

The prediction algorithm was applied to a reputation
system for resource sharing in ad hoc networks. Experi-
ments using the algorithm to drive the selection of the sub-
set of reputation information to be cached by the
participants provided a noticeable improvement in the

Fig. 22. Successful transactions where reputation came from local
cache.

Fig. 23. Total transactions with ranking algorithm biased ranking policy.

Fig. 24. Improvement when using a biased ranking policy.

Fig. 21. Evaluation results of the ranking algorithm.
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detection of rogue devices when compared with a probabi-
listic dissemination algorithm.

Analysis of the data continues. As future work, authors
plan to apply the lessons learnt in the modulation of recur-
rence of temporal communities on real world applications.
In addition, work will continue in the analysis and expan-
sion of the data set and on the verification of the applicabil-
ity of the results presented in the paper in other data sets.
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