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ABSTRACT

This paper presents the u-map, a user-centric crowd-
sourcing recommendation system that enables mobile
users to select the best service provider in a certain
region. Via u-map, users upload information about
their profile, quality of experience (QoE) feedback for
a service, network measurements, and position in the
database of u-map. In our earlier work, we analyzed
the performance of u-map, in terms of power consump-
tion, responsiveness, and scalability. To understand
how users assess such systems in general, and how they
perceive the performance of u-map and its services specif-
ically, we performed a field study. The study evaluates
the GUI of the u-map client and the impact of u-map on
the discovery of new networks for improving the QoE of
VoIP calls. The paper presents a methodology for per-
forming such studies, analyzes the collected measure-
ments, models the user satisfaction about u-map, and
highlights the main findings.

1. INTRODUCTION

Wireless access, use, and traffic demand are on a
fast rise. Wireless networks manifest periods of severe
impairment, causing severe degradation of the quality
of experience (QoE) of services. Due to the diverse
set of services, network operators, and users, the es-
timation of the QoE is challenging and largely under-
explored. Furthermore, there are no automated real-
time QoE diagnostic tools. The traditional mobile net-
work access paradigm is both static and fragmented:
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Users subscribe to or prepay for specific cellular opera-
tors/providers for long-term network access. However,
the technology that allows user devices to select the ap-
propriate operator and/or base stations (BS) is ready.
Moreover, the Body of European Regulators for Elec-
tronic Communications (BEREC) in recent reports en-
visages measures for consumer empowerment, boosting
consumer choice, network transparency and developing
mechanisms for data collection and analysis. New tech-
nological and business paradigms (e.g., the network vir-
tualization, MVNOs, access sharing) provide more op-
tions to users and providers. Motivated by the need
to empower customers to select the appropriate service
provider/operator and make educated decisions, espe-
cially when visiting a new region, we developed the u-
map.
The u-map supports a crowd-sourcing monitoring sys-

tem that collects real-time information about the per-
formance of the network and services. This informa-
tion includes network measurements as well as customer
feedback and opinion scores about services. The u-map
can then apply statistical analysis and data mining tech-
niques on these data to recommend the most appropri-
ate service provider, enabling users to make educated
selections. Providers/operators can also query u-map
to obtain feedback about the quality of their network
and services in an inexpensive, almost real-time manner.
U-map can act as a “semi-automatic” alarm detection
system: it can enable providers to better understand
a target user population, model their QoE, and detect
problems with their network infrastructure and services.
Databases have been proposed to maintain spectrum

or physical-layer based information (e.g., [1–6]), focus-
ing on spectrum availability/usage, “whitespace”, and
interference. Micro-Blog [7] users can upload measure-
ments captured by their cameras, GPS, accelerometers,
or health monitors. MyExperience [8] collects various
measurements about device usage, user context infor-
mation, and environmental measurements. OpenSignal
maps [1] and Sensorly [9] focus on signal strength mea-
surements. Farshad et al. [10] utilize crowdsensing for
urban WiFi characterization. Portolan [11] also per-
forms traceroute-like measurements for the discovery
of the Internet topology. WiScape [12] opportunisti-
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cally collects transport-layer measurements on laptops
to provide a coarse-grained view of the wireless land-
scape. WiScape [12] provides a coarse-grained view
of the wireless landscape by opportunistically collect-
ing transport-layer measurements. MCNet [13] mea-
sures the WiFi performance using the crowdsourcing
paradigm on Android devices. WeFi [14] allows the
automatic connection to the best available network in
terms of throughput. Typically monitors focus on either
the mobile device [15–19] or the infrastructure. Unlike
these approaches, u-map integrates a richer set of data,
encompassing cross-layer measurements (e.g., RSSI val-
ues to QoE scores) and user preferences (e.g., about
data rate and price).
Our earlier work [20, 21] presented the main con-

cept of u-map and a preliminary performance analysis
that focused on the responsiveness and scalability of u-
map. This work extends the analysis by performing a
field study. The field study was conducted in a two-
week period and included 21 users, aiming to a) eval-
uate the overall performance of u-map, its Graphical
User Interface (GUI), and its main functionalities, e.g.,
provider selection, improvement of QoE, b) highlight
the most important parameters that affect the user ex-
perience and future adoption of u-map, and c) address
the main weaknesses of u-map. The study also provided
a methodology for a) modeling the overall user satisfac-
tion about u-map, b) assessing the services that u-map
provides and the need for such systems, and c) learning
about the user requirements and profiles. The paper is
structured as follows: Section 2 describes the architec-
ture of u-map, while Section 3 focuses on its evaluation.
Finally, Section 4 summarizes our conclusions and fu-
ture work plan.

2. SYSTEM ARCHITECTURE

The u-map is a review and recommendation system
that follows the client-server architecture. A u-map
client, running on mobile devices, stores locally net-
work measurements collected at the background dur-
ing a session, such as a GSM or VoIP call, web brows-
ing, game, or video streaming. Furthermore, it enables
a user to indicate his/her QoE feedback, at the end
of the session. It dynamically uploads these network
measurements and subjective data on a spatio-temporal
geo-database of the u-map server. The u-map server
collects, processes, and stores these data. The large
size and heterogeneity of the collected measurements,
need for data integrity, fault-tolerance, erroneous-data
detection (e.g., injected by mis-configured or malicious
users), treatment of missing values, protection of user
privacy, and access control are critical aspects that need
to be considered for the design of u-map. The u-map
client (henceforth referred to as client) includes a mon-
itor, performance estimator, database, back-end inter-
face, and its GUI. The monitor runs in the background
and records network-related information, such as traffic
demand, network data (e.g., network type & provider,

RSSI, interference, packet loss) together with times-
tamps and position information. Session data is also
recorded. The prototype focused on two types of ses-
sions, namely, the GSM and Sipdroid calls. For each
session, the start and end time, termination status (i.e.,
was terminated successfully or abruptly, or was blocked),
and user feedback are recorded. The user feedback con-
sists of an opinion score, followed in some cases by an ex-
planation (e.g., as in the Skype). Each session is associ-
ated with the network measurements and opinion scores
collected during that session. The performance estima-
tor assesses the services of those sessions. The client
internal database stores temporarily the recorded data
using OrmLite, an object-relational mapping package.
The back-end interface includes a secure HTTP client
and the functionality that connects the client to the
HTTP server using the JSON data-interchange format
for communication. During a connection, a client may
upload the recorded information to the u-map server.
The client runs on the Android OS. The u-map server
includes the set of services and mechanisms to receive
data from clients, process, store, and analyze it, as well
as allow controlled access to it. The u-map server con-
sists of a PHP application, database, and security and
privacy components. The PHP application is a con-
tent management system that enables the u-map server
and client communication. The registration and login
processes are also implemented in the PHP application
using a certificate authority to sign and validate client
certificates. The server employs the PostgreSQL with
the PostGIS extension, which allows the formation of
spatial queries. The user privacy is protected by re-
quiring authorization for granting access to the data.
The client-to-database connection relies on the end-to-
end security that protects the integrity and confiden-
tiality of the submitted data by leveraging standard
technologies (e.g., public-private key pairs, TLS). To
further protect sensitive information, access is allowed
only to aggregate statistics. The u-map server imple-
ments a query rewriting access control mechanism that
allows users to control the information revealed to third
parties through a fine-grained discretionary approach.
More precisely, access control rules define who has ac-
cess to what data; who can be a user or a role (e.g., op-
erator, application), and what is a query over the data.
The u-map server (simply server from now on) runs on
a Linux machine.

3. PERFORMANCE ANALYSIS

This section evaluates the usability of u-map, and its
impact on improving the QoE of VoIP calls. In our ear-
lier work [20, 22], we analyzed the power consumption,
responsiveness, and scalability. For the assessment of
the usability, functionality and services of u-map, a field
study was conducted. We use the terms subjects, partic-
ipants, or volunteers, interchangeably to refer to these
participants. During the field study, objective measure-
ments and subjective scores were collected via u-map.
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Specifically, via u-map clients, the subjects evaluated
the QoE of their VoIP calls, and these QoE scores,
along with network measurements, were uploaded to
the server. Furthermore, at the start and end of the
study, the participants provided feedback by answering
two questionnaires (available online at [23]). The data
were analyzed using various statistical analysis and ma-
chine learning algorithms.
Methodology: To evaluate the user experience when

running u-map, a field study was conducted at the premises
of FORTH, for a two-week period, with the participa-
tion of 21 volunteers. Common practices and guidelines
for performing subjective studies [24, 25] were followed.
The subject population was composed by graduate stu-
dents and junior researchers from FORTH, excluding
the u-map development team. The study encompassed
the following four phases: (i) A 30-minute tutorial was
given on the first day of the study by one of the team de-
velopers. The tutorial introduced u-map, its function-
ality, and the client GUI. The users were instructed to
perform at least 3 VoIP calls per day, while at FORTH.
For that, they had to use the Sipdroid VoIP client with
u-map and assign their QoE feedback (score) via the u-
map GUI. The score is an integer ranging from 1 to 5 (1
corresponds to a poor performance, while 5 the excel-
lent one). (ii) At the end of the first phase, the subjects
also answered the first questionnaire. This question-
naire focused on the user background and profile (e.g.,
gender, familiarity with various technologies, Android
usage), preferences (e.g., QoE-vs-cost trade-off), traffic
demand (e.g., GSM and VoIP call frequency), and ex-
pectations about u-map. (iii) For a 2-week period, the
participants used u-map. (iv) At the end of this two-
week period, the subjects answered a second question-
naire to assess u-map. They evaluated various function-
alities (e.g., GUI, ability to discover new networks and
improve the overal QoE) and also provided an overall
score. Moreover, participants indicated the significant
factors that affect the performance and future adoption
of u-map. Feedback for improving u-map was also col-
lected. During the phases (iii) & (iv), there was no
interaction between the subjects and u-map develop-
ers. The study was anonymous. Each participant was
identified by a unique id generated by the u-map client
application. The submitted questionnaires included this
user id. The server runs on a Linux machine (CPU: 2.66
GHz Core 2 Duo, RAM: 2048 MB) located at FORTH.
Four WiFi networks have been deployed at FORTH,
namely the forth public access, forth authorized access,
eduroam, and netlab-QoS-test (experimental single-AP
network). One objective is the evaluation of the func-
tionality of u-map to discover a new network that po-
tentially can improve the QoE of VoIP services. For
this, a new WiFi network was deployed with SSID Pub-
licWiFi!. This network was configured to offer an im-
proved VoIP quality compared to the other networks.
It used a MAC address filter to allow only the devices
of the participants to connect to its APs. The Pub-

licWiFi! had the same number of APs and covered the
same area as the forth public access. To avoid introduc-
ing any bias, we did not indicate/mention the name or
the presence of any network to the participants. The
monitor was running on a Desktop computer and cap-
tured the network traffic of all APs. The collected data,
along with the answers to the questionnaires, were an-
alyzed and cross-validated.
The field study produced a rich dataset that includes

(a) network measurements collected by the monitor and
u-map, (b) users’ QoE feedback about their calls (col-
lected by u-map), and (c) subjects’ questionnaire re-
sponses. A variable corresponded to a question (in the
two questionnaires) and was numerical or categorical
(with no numerical ordering). Most of the numerical
variables measured the perception of subjects (about
the quality of a certain aspect of u-map) using the Lik-
ert scale from 1 to 5, ranging from “No” to “Yes”. They
were encoded as discrete numerical variables. Few nu-
merical variables corresponded to questions about the
frequency of performing an activity. Other multiple-
choice questions were encoded as categorical variables.
Finally, three questions required text: two questions
required the names of the networks the subjects used,
while the other one the characterization of the user fa-
miliarity with the WiFi configuration. The question-
naires were submitted in paper form. Prior to the anal-
ysis, we sanitized/pre-processed (when necessary) and
encoded the questionnaire answers based on their type
(e.g., numerical, categorical, binary, string) and domain
(e.g., range).1 Often measurement studies suffer from
missing values. In general, the methodology for treat-
ing missing values depends on the specific objective and
may introduce bias, leading to erroneous results.2 The
k-nearest neighbors imputation considers the statistical
dependencies between variables to predict the missing
values and is used in modeling the user satisfaction.
However, the k-nearest neighbors imputation method
is not suitable when categorical variables exist in the
data. So, in the case of user profiling using cluster-
ing algorithms (where categorical variables are present),
the missing values were substituted with the median of
the non-missing values of the respective variable. The
treatment of the “I don’t know” or “I didn’t understand
the question” answers is a related issue; for the gen-
eral statistics of our subject population these answers
are considered valid, while missing values are ignored.

1An example of pre-processing is for the case of a ques-
tion about the significance of various factors for the use
of u-map, where subjects are asked to assign a weight
to each factor, with the weights summing up to 100.
We normalized these weights when the sum was a dif-
ferent number. In another question where users had to
provide the WiFi network names in a “free”-text form,
only obvious spelling mistakes were corrected.
2For example, in some cases ignoring the missing values
or substituting them with a mean of the corresponding
variable could be a valid approach.
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Figure 1: Factors affecting the u-map use.

To assess the statistical (in)dependence between various
parameters, we employed the χ2 test of independence,
the Spearman’s rank correlation coefficient (for ordinal
variables), and a G-test, based on a standard Monte-
Carlo permutation procedure [26]. An advantage of this
G-test is its robustness for small sample sizes.
To understand our user population, we computed some

general statistics based on their feedback from the first
questionnaire. Most of the subjects have a substantial
level of familiarity with Android or are experts (71%).
Similarly, a large percentage of users can configure their
wireless interface without problems (48 %). Subjects
indicated the important factors that affect the use of
u-map (or a related system) with their answers in both
questionnaires. The questions were phrased in a slightly
different manner. Specifically, in the first questionnaire,
subjects indicated the factors, specifying also their sig-
nificance level (weight). The top-3 factors were: the
“Privacy”,“ImprovedQoE of VoIP”, and“Easy & friendly
GUI” (Fig. 1 (left)). In the 2nd questionnaire, the sub-
jects were asked to classify these factors in a scale from
1 to 5, where 1 means “not significant” and 5 means
“very significant”. There, the top-3 factors were: the
“Privacy”, “Improved QoE of VoIP”, and “Battery con-
sumption” (Fig. 1 (right)). Interestingly, the subjects
had changed their opinion about the significance level of
these factors: the “Battery consumption” became even
more significant, reaching the third position, while the
“Easy & friendly GUI” was downgraded to the fifth po-
sition. The “Privacy”steadily remained the most signif-
icant factor. The “Low search time” was not one of the
important factors (Fig. 1). During the study, the load
of the server was low, resulting in small response delays,
which did not affect the user experience. This is consis-
tent with the fact that users evaluated the responsive-
ness of u-map positively, regardless of their responsive-
ness tolerance threshold. Subjects indicated their de-
lay/responsiveness tolerance threshold when using any
Internet retrieving-based service/application at the first
questionnaire. We assessed the statistical (in)dependence
between the responsiveness of u-map and the overall re-
sponsiveness threshold. The χ2, the Spearman’s corre-
lation, and the permutation-based test report p-values
of 0.23, 0.11, and 0.25, respectively, indicating a sta-
tistical independence. Interestingly while many partici-
pants reported that they did notice an increased battery
consumption (2nd questionnaire), it seems that this did
not impact negatively their overall evaluation. With p-
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eduroam

netlab-QoS-test

(a) (b)

Figure 2: Performance of WiFi networks, in
terms of QoE, packet loss ratio & burstiness of
packet loss ((b) has the same legend as (a)).

values of 0.55 (χ2 test), 0.33 (Spearman’s correlation),
or 0.51 (permutation-based test), the two variables are
considered independent. We speculate that most of the
participants were able to alleviate the negative effect of
the increased power consumption by performing some
sort of“power management”(e.g., deactivating theWiFi
interface). 3

The study showed that the u-map can assist in the
discovery of new networks. When a new network be-
comes available in a region, a u-map user can eventually
discover it and connect to it.4 The measurements and
QoE feedback collected from this (first) user were up-
loaded to the server, and the name of this new network
was then included in the u-map recommendations for
that region. From that point on, the entire community
of u-map users was informed about the performance of
this new network. In this study, the first Sipdroid call
using the PublicWiFi! network took place during the
fourth day of the study. Until the end of the study,
6 out of 21 users performed VoIP calls using this net-
work. We found in various traces that low QoE scores
are correlated with high packet loss ratio and burstiness.
It was evident that by discovering PublicWiFi!, several
users improved their QoE. PublicWiFi! performed bet-
ter than the other networks, as it can be verified by
the collected network measurements and QoE statis-
tics. Fig. 2 shows the complementary CDFs (CCDFs)
of the performance of all WiFi networks from which
Sipdroid calls were made. Due to its light traffic, the
PublicWiFi! network could be beneficial to all the par-
ticipants. However, only some users took advantage of
its presence. We asked the users to report (in a re-
lated question of the 2nd questionnaire) whether they
noticed a difference in the QoE of their VoIP calls over
the different networks. Then, we compared these re-
sponses with the QoE scores that the users assigned to
their VoIP calls (that may have taken place in different

3Unfortunately we have not collected appropriate data
to validate this hypothesis. Note that a typical user
may not be able to perform such a task, an thus, an
automated dynamic power management becomes im-
portant.
4The discovery of this new network was manual in our
study but in a more general setting, it could take place
through announcements or friends.
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Figure 3: Evaluation GUI (left) & scores of user
satisfaction criteria (right).

networks). Indeed, the users who indicated that they
perceived a better quality of VoIP when using a specific
network had also provided higher scores for the QoE
of the VoIP calls made from PublicWiFi!, compared to
the calls made from forth public access. Similarly, the
stochastic difference between the QoE scores assigned to
the calls performed through different networks by the
users who did not perceive any difference on the QoE
of their calls is less prominent. Although several par-
ticipants agreed that the improvement of QoE is im-
portant, they evaluated the “reliable network discov-
ery” and “easy network configuration”as less significant
factors (Fig. 1). Users were interested in increasing
the quality of their experience through u-map without
having to perform the network discovery and configura-
tion themselves. This phenomenon was also consistent
with what was observed via the u-map traces: there
were users that despite their low QoE did not change
network. This could be due to their unwillingness to
“navigate” through the network discovery and configu-
ration GUI or their privacy concerns about a new and
unknown network (e.g., PublicWiFi!). This is an exam-
ple of the trade-off between privacy protection and the
automation of the network discovery and configuration
process (i.e., reducing the user intervention by making
the calls an almost ”1-click” operation). The evaluation
of the GUI focused on the functionality, visual clarity,
consistency, compatibility, informative feedback, explic-
itness, and flexibility & control of the u-map. The users
evaluated these aspects in the 2nd questionnaire using
the Likert scale. The mean overall score for the GUI is
3.90 out of 5, while the mean score for each aspect is
shown in Fig. 3 (a).
User profiling: To distinguish different user groups

with respect to their gender, demand, expectations about
u-map etc, we applied an extended version of the K-
means clustering algorithm [27] on a subset of the col-
lected data, which better describes the user profile. This
subset contains answers to the questionnaires and net-
work traffic statistics. The specific clustering algorithm
handles mixed categorical and numerical datasets. 5 In
both cases, the “weight” indicates the significance in the

5Apart from these parameters, the frequency of VoIP
and GSM calls, the usage of recommendation systems,
and the gender were also included in the clustering.
However, the analysis did not report any interesting
trend, and thus these metrics were omitted.

determination of user profiles. The impact of the over-
all evaluation of u-map and the traffic demand are of
significant importance. Also, the preference between
QoE and price was not found to be significant, since all
used WiFi networks were free of charge. Under differ-
ent conditions, this factor should have had higher im-
portance. The clustering algorithm reports three clus-
ters of 4, 6, and 11, users, respectively. With respect
to the evaluation of u-map, users of cluster 1 gave the
highest score and were more willing to adopt u-map
compared to users of other clusters. They also assigned
the highest score to the provider selection capability.
This is in accordance with the high score for u-map, as
provider selection is one of the key features of u-map.
Furthermore, users of clusters 1 and 3 expected that the
u-map would have a positive impact on the quality of
VoIP calls, while users of cluster 2 were more skeptical.
Users of cluster 3 evaluated poorly the quality of VoIP
calls on Android. This belief motivated them more to
adopt u-map. On the other hand, users of cluster 2 gave
a relatively high score to the quality of VoIP calls on
Android. This belief in conjunction with their expec-
tation that u-map would not significantly improve the
quality of VoIP calls explains why they provided the
lowest score for u-map compared to other clusters. An-
other interesting result for users of cluster 2 is that their
majority has a higher level of familiarity with Android
compared to users of other clusters. It seems that users
with low familiarity with Android provide a higher over-
all score compared to users with high familiarity. We
speculate that the u-map can improve the experience
of users that are not very familiar with new technolo-
gies. Finally, users of clusters 1 and 3 have the highest
and lowest levels of traffic demand, respectively, while
users of cluster 2 are characterized by a medium level
of demand.
Modeling the user satisfaction about u-map:

In general, the user satisfaction about a system can be
parameterized by the perception of the user about the
quality of its services and functionalities, given his/her
requirements. Requirements exist with respect to the
battery consumption, responsiveness, GUI, security, fault-
tolerance, and scalability. In this work, we focus on the
battery consumption, responsiveness and GUI. In the
2nd questionnaire, the participants were asked to as-
sess the u-map services, namely the improvement in the
QoE of VoIP, reliability of network discovery, reliability
in network recommendation, and easiness in network
configuration. Also, the subjects assessed their satis-
faction about u-map, providing an overall score and an
indication about their intention for future adoption of
u-map (Figs. 3 (b) & (d)). We model the user satisfac-
tion as a utility function based on the above parame-
ters and their significance level (following the approach
by Grigoroudis et al. [28]). The user satisfaction is
modeled as a weighted sum of criteria based on user
feedback. These criteria, with their respective score
and significance weight, are presented in Fig. 3 (b) and
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Fig. 1 (right). Fig. 3 (c) shows the mean opinion score
of users, per criterion. 33 questions are involved in the
generation of the utility: 20 of them evaluate the GUI, 6
of them the remaining criteria, and 7 others provide the
criteria weights. For the evaluation of the GUI and the
assessment of the user satisfaction, the missing values
needed to be filled, and the k-nearest neighbors imputa-
tion method was used. The predicted user satisfaction
of u-map is consistent with the overall score provided by
users. The mean user satisfaction is 3.65 (out of 5) com-
pared to the mean overall score of 3.58. The proposed
model accurately predicts the overall score: for 10 out
of 21 users, the model estimates the exact score, while
for 7 other users the absolute error is 1 (in a range from
1 to 5). An extended performance analysis and more
detailed discussion of its results can be found in [22].
The questionnaires are available at [23].

4. CONCLUSIONS AND FUTURE WORK

The outcome of the analysis is encouraging. Most of
the participants indicated that u-map can improve their
experience, helps in the discovery of networks that of-
fer improved QoS. During the study, 30% of users dis-
covered the best available network, improving substan-
tially their experience. Users were also satisfied with
the GUI of u-map. The presence of users that despite
the low QoE of their calls did not change network mo-
tivates us to jointly consider the problem of improving
the automation of the network discovery and configura-
tion process, addressing the privacy concern in joining a
new network. Finally, the users evaluated positively the
overall performance as well as specific features of u-map.
Based on user feedback, we modeled the user satisfac-
tion about u-map as a utility function. The model can
predict the overall score of the user satisfaction about
u-map accurately. A larger scale field study will be per-
formed soon and the prototype will become available
to the community. We have been also developing util-
ity functions that incorporate various techno-economic
terms, such as price, willingness to pay, preference of
price over QoE, and intrinsic indicators towards a ser-
vice provider (e.g., its brand name, perceived value and
reliability). Furthermore, we plan to “cross-validate”
the feedback that a client uploads in the database with
respect to erroneous and missing values before using it
for the u-map recommendations. This will enhance the
reliability of the recommendations, and thus, the value
of its service. Finally, this work sets a methodological
basis for evaluating such recommendation systems in
access markets.
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