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ABSTRACT
With rapid growth in smart phones and mobile data, effec-
tively managingcellular datanetworksis important in meet-
ing user performance expectations. However, thescale, com-
plexity and dynamics of a large 3G cellular network make
it a challenging task to understand the diverse factors that
affect its performance. In this paper we study the RNC
(Radio Network Controller)-level performancein oneof the
largest cellular network carriers in US. Using large amount
of datasetscollected fromvarious sourcesacrossthenetwork
and over time, we investigate the key factors that influence
the network performance in terms of the round-trip times
and lossrates (averaged over an hourly timescale). We start
by performing the “first-order” property analysis to analyze
the correlationandimpact of each factor onthenetwork per-
formance. We then apply RuleFit – a powerful supervised
machine learning tool that combines linear regression and
decision trees – to develop models and analyze the relative
importance of various factors in estimating and predicting
the network performance. Our analysis culminates with the
detection and diagnosis of both “ transient” and “persistent”
performance anomalies, with discussion onthe complex in-
teractions and differing effects of the various factors that
may influencethe3G UMTSnetwork performance.

1. INTRODUCTION
The wide adoption of smart phones and other mo-

bile devices such as smart tablets and e-readers has
spurred rapid growth in mobile data. In order to meet
user performance expectations and enhance user expe-
riences, effectively managing cellular data networks is
imperative: for example, quickly trouble-shooting per-
formance issues as they arise, or adding additional ca-
pacity where the network elements are overloaded. Due
to the sheer scale, complexity and dynamics of a typi-
cal large scale cellular data network, there is a myriad
of diverse factors that may affect the performance of a
cellular data network, from the types, geographical lo-
cations and coverage of various network elements (e.g.,
cell towers/base stations, radio network controllers, IP

gateways or routers) within the network infrastructure,
to the number of users served by each network element,
the amount of traffic generated by the users, user us-
age patterns and behaviors (e.g., mixtures of dominant
applications) across different times of days and weeks,
to user handset side as well as the (application) server
side issues.
In this paper, utilizing the massive amount of per-

formance and other data collected in one of the largest
cellular network carriers in US, we set out to analyze
and understand the various key factors that may influ-
ence the network performance in a large UMTS cellular
data network. For instance, we are interested in un-
derstanding how the geographical coverages of nodeBs
(i.e.,, base stations; please refer to Section 2 for a quick
overview of the UMTS architecture and its basic ter-
minologies) and their distances to corresponding RNCs
and/or SGSNs in the radio access network subsystems
in general affect the (average) round trip delays experi-
enced by users, how the overall system utilization (e.g.,
in terms of overall packet, byte or flow counts), the
number of subscribers and their usage patterns (e.g.,
the application mix) may have an impact on the (aver-
age) loss rates across the network, how the time-of-day
or day-of-week effect correlate with the overall network
performance over time, and so forth. Furthermore, we
are interested in dissecting how the confluence of vari-
ous factors may interact or counteract with each other
in different parts of the network, thus having a differing
effect on the overall network performance across the net-
work. For these purposes, we aim to build macroscopic
models that can help identify and access the various ma-
jor factors that may (or may not) influence the network
performance, and predict their effects across the net-
work and over time. (This is as opposed to microscopic
models that target specific network elements or users,
e.g., to trouble-shoot (transient or persistent) perfor-
mance issues experienced by certain network elements
(e.g., cell towers) or users. Building effective micro-
scopic models requires far more detailed, fine-grained
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(and perhaps also lower-level) measurement data.) Our
goal is to provide network operators with a “big pic-
ture” understanding of the major factors that influence
the overall network performance across different parts
of the network and over longer time periods.
To understand the diverse factors that may influence

the network performance, we gather and collect infor-
mation and data from a variety of sources in the large
3G UMTS cellular network. These include “static” in-
formation regarding the UMTS infrastructure, such as
the GPS location of each NodeB, the number of sectors
per NodeB, the corresponding RNCs that NodeBs are
associated with, the SGSNs that RNCs are connected
to, the equipment type and vendor of each RNC, and
so forth. We also collect IP flow-level data at each
SGSN/GGSN, where each TCP/UDP flow can be at-
tributed to one of the many RNCs connecting to an
SGSN. From the flow-level data, we can obtain impor-
tant usage-related factors such as the packet counts,
byte counts, and flow counts as well as the average num-
ber of bytes per flow, e.g., for each RNC in every hour.
In addition, we classify flows based on the known ap-
plications such as web, email, VoIP, streaming video,
MMS (multimedia messaging service), Jabber (another
messaging service), Appstore downloads, etc.; the appli-
cation mix therefore reflects the user behavior at vari-
ous locales. Clearly, the factors obtained using the flow-
level data are time-varying, and thus dynamic in nature.
Both to reduce the amount of data and to provide a“big
picture”view of the large cellular network, we aggregate
the flow-level statistics at the RNC-level and compute
the averages on an hourly basis. Last but not the least,
as two important indicators of the overall network per-
formance, we consider round-trip times (RTTs) and loss
rates, averaged on an hourly basis and aggregated at the
RNC-level. The RNC-level, hourly averaged RTTs and
loss rates are calcuated based on the average RTT and
loss rate of each TCP flow belonging to an RNC [24].
Clearly, one may expect that certain factors (e.g., dis-

tance of nodeBs to an RNC or SGSN) are more im-
portant in terms of their contribution to the overall
user delay performance, while others (e.g., heavy us-
age of stream videos) can be more critical in terms of
their impact on the loss rate performance. Unfortu-
nately, due to its vast diversity and complexity (for in-
stance, the numbers of NodeBs and sectors as well as
the geographical coverage can vary significantly from
one RNC to another, and the usage patterns and ap-
plication mixes differ also markedly across the network
and over time), teasing out each factor individually is
not an easy task. Not only are there a vast array of
diverse factors, but many of these factors are also inter-
twined, effecting disparate influences in different parts
of the network. Furthermore, there may be latent fac-
tors that are not explicitly accounted for, or captured

at all, in the information and data we have collected.
To circumvent these challenges, our approach is to

first take several major classes of factors and perform
network-wide correlation and other “first-order” analy-
sis to understand how significantly each of these major
factors individually influence the overall RNC-level net-
work performance (in terms of hourly RTTs and loss
rates). This provides us with a baseline understand-
ing of the individudal effect (or lack thereof) that each
of the major classes of factors has on the overall net-
work performance at the RNC-level. Next, to examine
the collective effect of various factors on the network
performance and sort out their relative contributions,
we apply RuleFit [12] – a powerful predictive learning
method via rule-emsembles, combining both linear re-
gression and decision trees. RuleFit provides both pre-
dictive and interpretative capabilities that are needed
for our analysis. By aggregating as well as dividing the
datasets along different dimensions (e.g., based on geo-
graphical locations such as states or along time such as
days or weeks), we intelligently apply RuleFit to build
macroscopic models to assess and dissect the various
major factors that affect part or the whole network, and
predict their impact on the network performance over
time. For example, by analyzing the network perfor-
mance predictions over time and comparing the model
obtaining using the datasets from all RNCs with those
obtained from the RNCs located within certain geo-
graphical regions, we can identify the major factors that
have persistent network-wide effect as well as uncover
those factors that have marked impact at certain locales
or at certain times. Furthermore, by examining the level
of the overall contributions of all factors as well as the
relative importance of each factor and how they differ
across locales or over times, we can also infer whether
there are potential latent factors in play, affecting the
network performance in a way that cannot be quantified
using the factors explicitly included in the models. Sig-
nificant deviations from the model predictions may also
signal anomalous events, and can be used for diagnosis
purposes (see Sections 6, 7 for details).
In summary, the models and insights obtained from

our study provide the network operators with a “big
picture” understanding of the overall RNC-level RTT
and loss rate performance in a large 3G cellular net-
work and the various factors that may influence such
performance, thereby the user experiences. Such a “big
picture”understanding can help network operators bet-
ter cope with the management challenges posed by the
scale and complexity of a large cellular network. For
example, our relative importance analysis reveals that
the placement of the network facilities has a major effect
on the RTT performance; whereas loss rate performance
may hinge on the collective effect of the type of equip-
ment being used, the usage patterns such as the appli-
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cation mix, and flow size, etc. The factors identified
by models suggest that the network operators can re-
duce latency by improving the network coverage in some
parts of the network, or add additional network capacity
in other parts of the network to meet the user demands
due to the increasing usage of bandwidth-intensive ap-
plications. While our study is focused primarily on
macroscopic models, as the results in Section 7 illus-
trate, they may also help diagnose and trouble-shoot the
network performance issues associated with certain part
of the network or specific network elements by detecting
anomalies and pointing to potential latent factors that
are in play. Finally, we believe that the methodology
developed in this paper can be applied to other 3G net-
work architectures, and possibly also the emerging 4G
(LTE) cellular networks.

2. BACKGROUND AND DATASETS
In this section, we give a brief overview of the ar-

chitecture of the typical 3G UMTS network, and the
datasets we collected for our study.

2.1 UMTS Network Overview

Figure 1: UMTS network architecture

As illustrated in Figure 1, a typical UMTS network
consists of two major entities, the UMTS Terrestrial Ra-
dio Access Network (UTRAN) and the core network.
UTRAN consists of base stations (NodeB), and Ra-
dio Network Controllers (RNC) which are connected
to and control a number of NodeBs. Each NodeB is
typically configured with multiple sectors, e.g., 3 sec-
tors (the common configuration) in three different di-
rections, each covering 120 degree range. If there are
more than three sectors associated with one NodeB,
multiple sectors are overlapped on each direction, and
are distinguished using different frequencies. Moreover,
NodeB usually supports multi-carrier technology. Via
software configuration, each sector can support multi-
ple carriers in order to further increase its capacity. The
core network is comprised of the Serving GPRS Support
Nodes (SGSN) and the Gateway GPRS Support Nodes
(GGSN). To connect to, say, a web server located in the
outside Internet, a User Equipment (UE) will first con-
tact the nearest NodeB. After receiving the user data

access requests on one of its sectors, NodeB will han-
dover the user requests to its upstream RNC, which
further forwards the data service requests to an SGSN.
In the core network, the SGSN establishes a tunnel with
a GGSN, using the GPRS Tunneling Protocol (GTP).
The data is carried as IP packets in the tunnel and fi-
nally reaches the web server in the external Internet.

2.2 Datasets
For this study, we combine datasets collected from

a variety of sources in order to gain a more compre-
hensive view of the various factors that may influence
the network performance. As mentioned in the intro-
duction, these data sources include “static” informa-
tion regarding the UMTS infrastructure, such as the
GPS location (and zipcode) of each NodeB, the num-
ber of sectors (and carriers) per NodeB, the correspond-
ing RNCs that NodeBs are associated with, the SGSNs
that RNCs are connected to, the equipment type and
vendor of each RNC, and so forth. To gain a sense
of the population density and demographics in each
base station/RNC coverage area, we also utilized the
2000 census data1, which contains the land area cover-
age of each zip code. From these static data sources,
we can estimate the geographic areas that are covered
by each NodeB, RNC and SGSN, and get a sense of
the population density and other demographic informa-
tion (e.g., rural vs. small city vs. large metro, etc.).
Therefore, these static factors can help us dissect and
understand the impact from the geographical coverage,
regional variations, the placement of the networking fa-
cilities, and other infrastructure-related issues.
There are two major sources of dynamic data that are

used in our study. One is the IP traffic data collected
periodically at each GGSN. Because of the large volume
of the traffic, all the measurements were computed at
the RNC level, i.e. aggregated for all the users served by
the same RNC, and at the granularity of an hour. (The
time mentioned in this paper always refers to the local
time of the RNC location.) From the IP traffic data, we
obtain the RTT and loss rate performance measurement
data and the usage related statistics such as the number
of bytes, flows, packets, average flow sizes, and so forth,
as well as the application classifications and mixes (e.g.,
email, VoIP, streaming video, MMS, Jabber, Appstore
downloads) – traffic that cannot be classified is labelled
unknown. The other dynamic data source contains more
lower level information, such as the total number of Ra-
dio Resource Control (RRC) [1] attempts served by each
RNC at every hour. An RRC attempt indicates a con-
nection establishment attempt between the UEs and the
1While the census data is almost 12 years old, the land
area coverage per zip code does not change drastically over
the years. Moreover, we do not make any direct conclusion
based on the census data, but rather combine it with other
data and techniques for our study.
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UTRAN, and therefore the #RRC attempts can be a
good approximation of the #requests served at each
RNC. The datasets collected span more than 6 months.
However, as representative examples and for illustrative
purposes, we will focus on the datasets collected during
a two-week period in September 2011. To adhere to the
confidentiality under which we had access to the data,
at places, we present normalized views of our results
while retaining the scientifically relevant bits.

3. PROBLEM SETTING & ILL USTRATION
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Figure 2: RTT time series across all RNCs.

Due to the sheer scale, complexity and dynamics of
the large 3G UMTS cellular network, there are a myriad
of complex factors that may potentially affect or influ-
ence the overall network performance. Some of these
factors may depend on other factors, and interact with
each other differently in different parts of the networks.
To identify the major factors and tease out the effect of
each factor – and understand how they affect the overall
network performance in different parts of the network
and over time – are extremely challenging tasks. In this
paper, we consider RTT and loss rate (aggregated at the
RNC-level and averaged hourly) as two key performance
indicators. In Figures 2, we plot the RTTs of all RNCs
in the network over a two-week time period. The x-axis
is the elapsed time in hours since 12AM on Sep.2nd,
2011. The y-axis is the index of all the RNCs, which
are grouped based on the state they (primarily) serve.
The colorbar on the right is the indicator of the RTT
performance level. 2 As we observe from the figure, not
only that RNCs have large variability across times (the
temporal variability), e.g., a strong diurnal pattern, but
also across different RNCs (the spatial variability). For
loss rate, we observe similar trends. Moreover, the RTT
and loss rate time series are positively correlated in a
considerable manner. The correlation coefficient of the
average RTT and loss rate (averaged across all RNCs)
is 0.7 (see Table 1, which also includes the pairwise cor-
relation coefficients of RTT, loss rate and other usage

2Given the sensitivity of the data, and the privacy of the
users, the abosolute values of the metrics throughout our
study are anonymized.

statistics: flow size – average flow size, #bytes – the
bytecount, # flows – the flow count at each RNC per
hour, averaged across all RNCs ). This suggests that
time dependent factors are possibly one of the main
drivers for the performance variation over time.
On the other hand, the spatial variability of RTTs

and loss rates cannot be attributed to time dependent
factors. Clearly some geograpphic conditions and location-
dependent factors (e..g., varying usage patterns or dif-
ferent mixtures of applications served by different RNCs)
may come into play here. In terms of their spatial vari-
ability, the RTT and loss rate have very weak correla-
tion (in most hours), with values generally smaller than
0.4 and sometimes negatively correlated (see Figure 3).
In other words, suppose RNC A has larger RTT than
RNC B at a particular hour, it does not necessarily im-
ply that A is also likely to have a larger loss rate than B
in the same hour. This suggests that there probably ex-
ists two separate sets of factors which contribute to the
spatial diversity in the RTT vs. loss rate performance.

1 25 49 73 97 121 145 168

−0.2

0

0.2

0.4

0.6

Elapsed hours

C
or

re
la

tio
n 

co
ef

fic
ie

nt

Figure 3: Diurnal pattern in the correlations be-

tween RTT and loss rate spatial variability.

It is aslo interesting to observe that although their
spatial variability is weakly correlated, there exhibits a
distinct diurnal pattern, as clearly shown in Figure 3.
This also holds true in terms of the spatial variabil-
ity of other usage metrics, such as the #bytes, #flows,
flowsize. These observations indicate that the overall
network performance, whether RTT or loss rate, can
be affected by a combination of many factors. Their
relative importance or contribution to the network per-
formance may also differ across the network, and vary
over time.

4. FIRST-ORDER PROPERTY ANA LYSIS
In this section we start by looking into several major

classes of factors that are expected to have likely influ-
ence on the RNC-level network performance. These in-
clude various user usage-related factors, infrastructure-
related factors (e.g., locations, placement and cover-
age of network facilities) as well as device factors (type
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Table 1: Correlation coefficient of all pairwise

temporal variability.

RTT loss flowsize #bytes #flows

RTT 1 0.7017 0.2528 0.9763 0.9746

loss 0.7 1 -0.3794 0.6582 0.7606

flowsize 0.2528 -0.3794 1 0.3269 0.1619

#bytes 0.9763 0.6582 0.3269 1 0.9839
#flows 0.9746 0.7606 0.1619 0.9839 1

and vendor of network equipment). For each of them,
we present metrics for characterization and estimation
(where needed), and perform network-wide correlation
and other “first-order” analysis to get a better sense of
how they positively (or negatively) influence the perfor-
mance. This provides us with a baseline understanding
of the individudal effect (or lack thereof) that each of
the major classes of factors has on the overall network
performance at the RNC-level. Clearly, the complexity
and diversity of the network making it almost impossi-
ble to exhaust all possible factors and perform similar
analysis.

4.1 UsageFactors
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Figure 4: Distribution of traffic load on all RNCs

at 11AM.

User behaviors can affect the performance in a num-
ber of ways due to the varying traffic load and appli-
cation mix over different time periods (e.g., the time
of the day or the day of the week) and across differ-
ent parts of the network (as represented by the RNCs).
Foremost, it directly shapes the diurnal patterns seen
in the performance. As shown in Table 1, the num-
ber of bytes or flows served by each RNC has strong
correlation with the performance, in particular, RTT.
Besides, the traffic load also has a large variation across
different RNCs, The cumulative distribution of the total
number of bytes are depicted in Figure 4. The largest
byte counts can be 10 times the smallest byte counts
per hour. A similar distribution is also observed for the
number of RRC establishments seen on these RNCs per
hour, which can be a good approximation of the num-
ber of active subscribers and their data accesses at that
hour. This large variation of traffic load across RNCs

is an illustration of the huge diversity (in terms of users
and their data access activity) that exists in the large
UMTS network.
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Figure 5: Fractions of major applications on all

RNCs at 11AM.

In addition to the traffic load, application mix also ex-
hibits large variation and diversity over time and across
the RNCs. There are altogether 16 known categories of
applications, and one unknown category. Most RNCs
see a significant increase in streaming and appstore traf-
fic during the nighttime, whereas during the daytime,
web, email and other traffic tend to dominate. The
breakdowns of the major applications such as web, stream-
ing, smart phone, email, appstore, as well as the un-
known traffic across different RNCs are shown in Fig-
ure 5. The x-axis is the index for all the RNCs, where
the RNCs within the same state are grouped closer to
each other. The composition of the traffic exihibits a
clear geographical distinction. While most RNCs con-
tain a large portion of streaming traffic, several clus-
ters of RNCs contain much larger portions of unknown
traffic. A closer look at the dataset reveals that they
represent RNCs coming from 14 different states. As
will be discussed later, these states are also among those
that tend to persistently suffer the worst network per-
formance in terms of loss rate.

4.2 Infrastructural Factors
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Figure 6: Correlation of user requests and #sec-

tors deployed.

To meet the diversified user demands at different RNCs,
the number of NodeBs, sectors, and carriers associated
with each RNC also vary accordingly, as manifested in
Figure 6. For those regions with a large or an increas-
ing number of UMTS subsribers, multiple NodeBs are
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sector on performance.

likely deployed in the same geographical location. Both
the number of devices being placed and the geographi-
cal placement strategies used can play a crucial role in
influencing the network performance experienced by the
users in each region.
First, the more sectors or carriers are deployed, the

less load will incur on each carrier or sector. The impact
of the load per sector or per carrier, as characterized by
the number of flows per sector, on the network perfor-
mance is shown in Figure 8 using a one-day dataset.
The basic trend indicates that larger flows per sector
tends to incur larger RTT and loss rate. Note that it
is not a perfect linear curve, as the number of flows per
sector is not the sole factor affecting the network perfor-
mance. Other factors such as the varying behaviors of
users at different hours also come into play. Other met-
rics such as the number of bytes per sector, users per
sector, as well as the load on the carrier level exhibit
similar impact on the network performance.
Second, an increasing number of NodeBs within a ge-

ographical area of a fixed size can potentially improve
the RTT performance in that it leads to a decrease in
the coverage area per NodeB, and therefore smaller“last
mile” network latency between UEs and NodeBs. To
confirm and verify this intuition, we estimate the cov-
erage area of each nodeB (which is not directly accessi-
ble from our data) using a combination of information
from the census data and inference using the Voronoi
Diagram (based on the GPS locations of NodeBs). The
census data provides us with information such as the
land area covered by each zip code. Along with the zip
code information for each NodeB, we can approximately
compute the coverage area per NodeB. However, since
multiple NodeBs can be deployed even within the same

zip code area, as such this approximation may over-
estimate the real coverage area of a NodeB. To over-
come this problem, we also apply the Voronoi Diagram
to demarcate the serving area per NodeB, based on
the GPS locations of the NodeBs. The limitation with
this method is that not all US land areas (e.g., deserts
and other uninhabitable areas) may be covered by the
NodeBs. (Another technicality due to the use of the
Voronoi Diagram is that the NodeBs on the US bound-
ary are considered to have an“infinite”area – this effect
can be mitigated by explicitly including the contour of
the US boundary into the estimation process.) There-
fore, both methodologies may overestimate the coverage
area in some way. For this reason, we infer the coverage
area per NodeB by taking the minimum of the results
obtained by both methods. In Figure 7, the impact of
our estimated NodeB coverage area on the RTT per-
formance is plotted. As expected, RNCs with NodeBs
that have smaller coverage areas tend to have smaller
average RTT performance.
Similar to the location and placement of NodeBs,

the number of RNCs deployed in a geographical area
and the coverage areas of RNCs are likely driven by
the user/subscriber population and the load they gen-
erate. The same also holds true for SGSNs, but to a
lesser degree. In general, due to their smaller numbers,
RNCs and SGSNs are not as geographically spreaded
as NodeBs. For instance, RNCs and SGSNs may be
placed in certain selected locations for ease of manage-
ment. Overall, the distance between RNCs and SGSNs
are usually stable, and there is far less variability in the
distance between RNCs and SGSNs than there is be-
tween NodeBs and RNCs. The latter depends highly
on the geograghical coverage of each RNC, and varies
from region to region. Nonetheless, both the distance
between NodeBs and RNCs and the distance between
RNCs and SGSNs can potentially have a significant im-
pact on the network performance, especially the RTT
performance.

4.3 DeviceFactors
In addition to the aforementioned factors, the choice

of vendor for the networking devices such as NodeBs
and RNCs may also have an effect on the network per-
formance, as illustrated below. This may be due to
the fact that different vendors can have fairly different
hardware specifications [6], resulting in different data
processing speeds and capacities.
In the large cellular network studied in this paper, two

major types of devices are used, vendor-x and vendor-y.
The type of NodeB is usually chosen to be the same as
the RNC it connects to, most likely due to the hard-
ware level compatibility issue. The comparison of the
RTT and loss rate performance distributions of these
two types of RNCs at two different hours is shown in
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Figure 9: Comparing the performance for two major types of devices.

Figure 9, one for 12PM and the other for 4AM. While
the RTT performance distribution is quite similar for
both types for most of the 24 hours, all RNCs of vendor-
x outperform those from vendor-y in terms of their loss
rate. Moreover, such contrasting performance is per-
sistently observed across all 24 hours. More detailed
investigation reaveals that the maximum capacity for
NodeBs of vendor-x is 6 sectors and 12 carriers, whereas
NodeBs of vendor-y only have 3 sectors and 6 carriers.
To increase the capacity, additional carriers are config-
ured on vendor-y’s NodeBs through software configura-
tion. However, as the overall data processing capacity
of the device is still constrained by the hardware ca-
pacity, NodeBs of vendor-y tend to incur more packet
losses, especially during high loads.

5. PERFORMANCE MODELING
To understand the complex interaction of various fac-

tors and assess their relative importance and contribu-
tion to the network performance, we apply RuleFit [4,
12] – a powerful predictive learning method via rule-
emsembles – to build macroscopic models to assess and
dissect the various major factors that affect part or the
whole network, and predict their impact on the network
performance over time. RuleFit provides both predic-
tive and interpretative capabilities that are useful for
our study in a number of ways. Rulefit is useful for our
measurement analysis in a number of ways. First, it
provides better modeling accuracy, especially for such
a large pool of factors by combining linear regression
and decision tree. Second, Rulefit ranks the factors
based on their importance to the output performance,
thereby enabling the relative important analysis. Third,
by analyzing the fitting accuracy of the model across
states and hours, or comparing the model obtained us-
ing the datasets from all RNCs with those obtained
from the RNCs located within certain geographical re-
gions, we can identify the major factors that have per-
sistent network-wide effect as well as uncover those fac-
tors that have marked impact at certain locales or at
certain times. Furthermore, by examining the level of
the overall contributions of all factors as well as the
relative importance of each factor and how they differ
across locales or over times, we can also infer whether

there are potential latent factors in play, affecting the
network performance in a way that cannot be quanti-
fied using the factors explicitly included in the models.
Significant deviations from the usual model predictions
may also signal anomalous events, and can be used for
diagnosis purposes.
In this section, we start with an overview of Rulefit.

Next, we describe the training and prediction datasets
and the list of features (factors) we use as input to Rule-
fit as well as their mutual interactions. By focusing
on a generalized model generated using one-day data,
important factors associated with the performance are
discussed. Interpretation of the rules generated using
the model is also presented. The fitting accuracy across
states and hours as well as using it as a mechanism to
detect persistent performance anomalies is further dis-
cussed.

5.1 Rulefit Overview
Rulefit is a supervised rule-based ensemble learning

technique. Given a set of input variables x, the ensem-
ble prediction is a linear combination of the predictions
of each ensemble members, which takes the form,

F (x) = a0 +

m
∑

i=0

amfm(x) (1)

where ai is the linear combination parameters, and fm(x)
is a set of base learners. They are different functions of
the input variables possibly derived from different para-
metric families. We consider base learners being a set
of simple rules, along with a set of linear functions of
the input variables. The rules are generated using de-
cision tree. Each rule base learner is in the form of a
conjunctive statement,

r(x) =
∏

j

I(xj ∈ sj) (2)

where sj is a subset of all the possible values of the
input variables. I(.) is an indication function, and the
rule takes value 1 only if all the arguments hold true.
The parameters ai of the linear regression model are
estimated with a lasso penalty. The importance of
rule rk is measured using

Ik = |ak|
√

sk(1− sk) (3)
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where sk is the support of the rule on the training data.
An input variable is considered important if it defines
important rule (or linear) predictors. The importance
of an input variable xl is defined as

Jl = Il +
∑

xl∈rk

Ik/mk (4)

where Il is the importance of the linear predictor, and
mk is the total number of input variables that define
the rule rk.

5.2 Predictor Var iables
To characterize the impact from all possible factors,

and apply them to Rulefit as the input predictor vari-
ables to predict RNC performance, we summarize them
into following 35 such metrics,
Usage factors: 1) nRRC : number of RRC establish-
ment attempts, 2) nByte : number of bytes, 3) nF lows :
number of flow, 4) Bpflow : number of bytes per flow,
5) - 21) fractions of 17 application categories, including
misc, web, ftp, instant messaging (IM), P2P, navigation
(Nav), VPN, email, Voip, game, Appstore, video op-
timization (opt), multimedia messaging service (mms),
push notification (push), smartphone applications, stream-
ing, and unknown category which is not able to be iden-
tified as any of the 16 categories.
Infrastructural factors: 22) B2RDist : distance be-
tween NodeB and RNC, 23) R2SDist : distance be-
tween RNC and SGSN, 24) nSector : number of sec-
tors, 25) nCarrier : number of carriers, 26) RRCpsec :
number of RRCs per sector, 27) RRCpcar : number of
RRCs per carrier, 28) nNodeB : number of NodeBs,
29) CovpNB : land coverage per NodeB, 30) Bpsec :
number of bytes per sector, 31) Bpcar : number of bytes
per carrier, 32) Fpsec : number of flows per sector, 33)
Fpcar : number of flows per carrier.
Device factor: 34) device : device type.
Beside, we also include geographical state as one of

the input variables to capture any state specific features.
All features are considered as numerical variables, ex-
cept device and state, which is in the form of an un-
orderable categorical variable.
Mutual information among features: To better
characterize the features that may affect the network
performance and give as much information to the learn-
ing algorithm as possible, we present a rich list of fea-
tures as input predictor variables. Some may share sim-
ilar information, while others are independent from each
other. Rulefit itself provides powerful learning algo-
rithm using decision tree to perform the feature selction.
Therefore, the existence of multicollinearity [3] among
these features does not affect the accuracy of the model.
However, when it comes to compute the relative im-
portance of each factor, Rulefit may consider a feature
as unimportant if another feature that is highly corre-
lated with it is selected to build the model. Instead of
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Figure 10: Pairwise mutual information among

all features.

taking the risk of losing the accuracy of the predictive
model [15] or losing the intuitive interpretation power of
the model by applying a separate feature selection tech-
nique on the dataset before applying Rulefit, we provide
more insights of the interactions among these features
using the concept mutual information [8]. The mutual
information of two variables x and y takes the form,

Ixy =
∑

x

∑

y

p(x, y)log
p(x, y)

p(x)p(y)
(5)

The idea of mutual information is similar to Pearson
correlation except that the former one also takes cate-
gorical variables. Ixy measures the amount of informa-
tion that one variable contains about another, which is
the reduction in the uncertainty of one variable due to
the knowledge of the other. Ixy = 0 if and only if x
and y are independent from each other, meaning know-
ing one of them give no information about the other.
If all the information contained in x is also contained
in y, then Ixy is the same as the entropy of x. In the
case when x and y are identical, Ixy is the same as the
entropy of x or y.
The pairwise mutual information of all the features

are shown in Figure 10. The colorbar on the right indi-
cates the mutual information level. The y-axis lists all
the features from top to bottom, and x-axis indicates
the same set of features in the same order from left to
right, i.e., the value in the ith row from the top and
the ith column from the left is the entropy value of the
ith variable. As expected, the entropy values on the di-
agonal of the matrix suggests that the categorical vari-
ables such as state and device have less uncertainty, as
they only have limited number of possible values associ-
ated with them. Second to the categorical variables, the
infrastural related variables have less uncertainty than
all the application mix related variables. In particular,
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R2SDist, the distance between RNCs and their SGSNs
are more stable due to the fact that only few selected
locations are used to place RNCs and SGSNs compared
to the span of NodeBs. Among all the applications, ftp
and game are two of the applications that have smaller
entropy values than the rest of applications, most likely
due to the fact that there are fewer users use ftp and
game via their mobile UEs.
The values other than the diagonal entries also shown

interesting observations. All the values on ith row or
ith column indicates the mutual information between
the ith variable and all the other variables. The 2nd
row or column implies that the number of requests as
characterized by nRRC share pretty large amount of
information with the traffic load per sector or carrier
as well as the usage related variables such as nBytes,
Bpsec, etc. Meanwhile, nRRC also contains much of
the information as contained in such application mix
related variables as misc, web, email, Voip, Appstore,
mms, push notification, smartphone apps, and stream-
ing, most likely due to the fact that they are widely used
among people, thereby leading to a high correlation be-
tween the nRRC and the fractions of these applications.

5.3 Training & Prediction Sets
For the varying purpose of modeling, prediction, and

diagnosing the network performance, we organize our
whole datasets into subsets of data in three different
ways.
The most intuitive way to organize the data is based

on the date they were collected. Each subset of the
datasets is a one-day data, containing 24 hourly aggre-
gated measurements for all RNCs. This will facilitate
our modeling and prediction of the datasets on a daily
basis. Starting from Sep.2nd, 2011, each such dataset
is labeled as TS-D-{mm/dd}. However, this organiza-
tion of the datasets mixes the measurements performed
at different hours as well as from RNCs within differ-
ent states. To better understand the modeling accu-
racy at specific hours or at particular RNCs, as well as
help diagnose the problem specific to certains hours or
RNCs, we further reorganize the datasets based on their
hour TS-H-{hour}, and state information. For simplic-
ity, we perform this finer granularity analysis only on
the datasets collected at the first 10 days which observe
less anomalies compared to the rest of the days. By
comparing the model and important factors from differ-
ent angles, we are potentially able to diagnose the per-
formance and narrow down the issues to certain days,
hours, or states.

5.4 Generalized Model
To get better a understanding of the important fac-

tors associated with the performance, a generalized model
is created and discussed using the first day data TS-D-

09/02. The model is generalized in the sense that it
is able to model the major performance behaviors for
RNCs within different states, across different hours, as
well as predict the performance in the near future.
Important factors: As one of the output of our model,
input predictor variables are ranked based on their rel-
ative importance to the performance. The top 10 most
important factors contributing to RTT and loss rate for
the generalized model are listed in Table 2, 3, respec-
tively. The number below each factor is the relative im-
portance level of that factor, where 100 is most impor-
tant and 0 is least important. Both RTT and loss rate
performance prove to be highly state dependent, which
might due to the varying geographical conditions, lo-
calized user interest or application mix, as well as other
state specific latent factors.
Beyond the state factor, other important factors sug-

gest that RTT is mainly dependent on such architec-
tural factors as the coverage of NodeB, the distance
between NodeB and RNC, etc. To better improve the
RTT performance, a better placement strategy of the
networking devices is critical. For instance, replacing
NodeBs covering huge areas with larger number of NodeBs
covering smaller area and transmitting at a lower power
might be more cost-effective. Moreover, instead of us-
ing a few selected locations for the placement of RNCs,
spreading them out may help reduce the distance be-
tween NodeB and RNC.
On the other hand, loss rate is more dependent on

such factors as the device type, the application mix,
and flow size (Bpflow). As we discussed earlier, devices
of vendor-x exhibit persistently better loss rate perfor-
mance than those of vendor-y. Application mix and flow
size are highly dependent though. The streaming appli-
cation is ranked as the most important factor is due to
the fact that its flow size is much larger than all other
applications.
Another observation is that the metrics associated

with NodeBs, such as, flows per sector or flows per car-
rier play a more important role than those associated
with RNCs, such as the load on RNCs, as characterized
by the total number of bytes or RRC establishments
served on them. That implies the network performance
is more constrained by the NodeB performance than
RNC. Some problems can possibly get fixed by simply
deploying more NodeBs or more sectors on NodeBs, or
even configuring more carriers on each sector, which is
far more cost-effective than adding more RNCs.
Rules interpretation: The model generated by Rule-
fit takes the form of a linear combination of a set of
easy-to-interpret rules. The coefficients and the sup-
port of a rule defines its importance as to how much
improvement or degradation it brings to the overall per-
formance. One of the important rules of the generalized
model suggests that reducing CovpNB to lower than
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Table 2: Top 10 factors and their relative importance to RTT performance.
P
P
P
P
PP

TS
Rank

1 2 3 4 5 6 7 8 9 10

state CovpNB mms B2RDist jabber Fpsec nFlow email Bpflow Bpcar
TS-D-09/02 100 39.72 37.04 15.98 13.20 5.96 4.65 4.41 4.24 4.07

state nByte CovpNB nFlow Fpcar B2RDist Bpcar mms Fpsec RRCpsec
TS-D-09/12 100 77.24 53.19 33.28 22.64 19.06 17.85 13.81 12.58 9.34

State CovpNB B2RDist R2SDist Bpflow jabber RRCpsec nNodeB nCarrier mms
TS-H-10 100 43.30 17.02 10.73 8.29 6.33 5.53 4.00 3.76 3.74

Table 3: Top 10 factors and their relative importance to loss rate performance.
P
P
P
P
PP

TS
Rank

1 2 3 4 5 6 7 8 9 10

state stream device Bpflow Appstore mms Voip CovpNB R2SDist web
TS-D-09/02 100 61.74 46.30 36.43 28.57 19.13 15.75 9.84 9.09 7.91

Bpflow state unknown smartphone web nByte email nFlow RRCpcar Fpcar
TS-D-09/12 100 71.45 45.72 22.23 21.08 18.09 15.25 13.82 11.97 11.94

Bpflow state device stream email misc jabber Appstore mms unknown
TS-H-10 100 93.09 43.57 20.68 15.79 14.57 12.20 11.77 8.18 7.01

12.35miles2 in 11 of the states , RTT can be improved
by 7.3ms. The support of this rule is 0.33, which is the
fraction of data points falling into this category. An-
other such important rule states that if more than 78
sectors are deployed for RNCs in 16 of the states , their
RTT can be improved by 6.69ms.
Similarly, for loss rate, the generated rules also sug-

gest a list of ways that can potentially improve the per-
formance. For instance, if the number of bytes per flow
gets larger than 6115 by combining smaller flows, the
loss rate can potentially get improved by around 0.16
percent within 13 of the states. On the other hand, for
three of the states , if the distance between RNC and
SGSN is larger than 270.9 miles, the loss rate will be
penalized for 0.28 percent.
Fitting accuracy and detecting persistent perfor-

mance anomalies: As discussed in Section 5 and 4,
the performance, as well as the traffic load and appli-
cation mix have large variations across different RNCs
and hours. Our generalized model may not fit equally
well for all these scenarios. As depicted in Figure 11,
the performance at early morning hours, from 2AM to
4AM, behave fairly different from the rest of the hours.
In fact, it improves during those hours, possibly due to
the decrease of the overall traffic load and the change
of application mix. While most traffic originates from
web, email, etc. during daytime, entertainment traffic
such as streaming, Appstore becomes more prevalant
during nighttime.
In addition, as mentioned in previous section, both

RTT and loss rate are highly dependent on the state
factor itself. Not surprisingly, the fitting error across
different states using the same generalized model also
observes a large variation, as shown in Figure 12. The
x-axis is the state index. In particular, the performance
observed in states labeled as 29, 30, 31 is much worse

than other states. These performance anomalies (im-
proving or regressing) exist persistently, not just for one
or two days. By comparing the fitting accuracy across
states and hours, or even individual RNC, Rulefit is
able to help us detect them and narrow down to spe-
cific hours or states.
Moreover, loss rate is observed to have persistent

worse fitting accuracy than RTT, which suggests the
possible missing latent factors in our model. Loss rate
performance is therefore more complicated than we ex-
pected and could depend on lots of other factors.

6. PREDICTION
One important application of the performance mod-

eling is to help predict future network performance from
the past. A model that can provide powerful prediction
accuracy will help the operators gain more insights of
the future needs, and therefore proactively take mea-
sures to prevent any predictable performance issues.
Any transient performance issue will also be easily de-
tected as a result of that.
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Figure 13: Prediction of a two-month duration.

For this purpose, we conduct a prediction for a two-
month duration using the observations in the first week
(i.e., Sep.2nd to Sep.8th). Considering the day of week
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Figure 11: Hourly fitting accuracy

on Sep.2nd.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31
0

10

20

30

40

State index

N
or

m
al

iz
ed

 R
M

S
E

 (
%

)

 

 

RTT

loss rate

Figure 12: Fitting accuracy across states on Sep.2nd.

pattern of the overall performance, we use the same
day within the first week to predict the same day per-
formance of furture weeks. The daily prediction errors
as characterized by normalized root mean square er-
ros(NRMSE) are shown in Figure 13. Note that the
prediction error for the first week is the indication of
the fitting accuracy of the model generated by Rulefit
for the real data.
Our observations are two-fold. First, similar to the

fitting accuracy across different states and hours of the
generalized model, the prediction error is much larger
in loss rate than in RTT, partially implying the “com-
plexity” of loss rate performance. On the other hand,
most of the future RTT performance is quite predictable
mainly due to the fact that it is more dependent on
infrastructure related factors. Second, there are more
variations in terms of the loss rate performance as it is
more susceptible to the change of user related factors.
Though the long term trend (even beyond 2-month pe-
riod) suggests that the loss rate performance is mostly
predictable, there are quite a few days showing quite
abnormal behaviors. One of the anomaly happens on
Sep.12th and 13th, as was displayed in Figure 2. An-
other anomaly happens the week after, where we ob-
serve an increase of loss rate (but not RTT) on quite
a number of RNCs. Several other anomalies also hap-
pened in October.
In real system, in order to provide better prediction

accuracy and alleviate the impact from anomalies in the
historical data, as well as be more responsive to more
recent trend variations, we can train the model using
more (than just one week) historical data and give more
weights towards recent data.

7. PERFORMANCE DIAGNOSIS
By adopting Rulefit, two types of preformance regres-

sions were unveiled, transient and persistent. However,
Rulefit is more than just a tool to detect performance is-
sue. Rather, it is also helpful in diagnosing these issues.
In this section, we present our approach to tackling with
these two types of performance regressions and reveal-

ing the possible existence of latent factors using Rulefit.

7.1 Transient PerformanceRegression
For diagnosing transient performance regression, we

take a step-by-step approach to solve this problem. First,
we extract the key factors associated with the anamaly
by applying the relative importance analysis. Next, we
further narrow down the issue to the specific group of
states, hours, or even RNCs by drilling down into the
fitting accuracy across different states or RNCs as well
as over time. In addition, with the macroscopic infor-
mation suggested by Rulefit, we need to conduct a more
detailed or even lower-level diagnosis on the original
data to provide a better understanding of the under-
lying behavioral change associated with the factors as
suggested by Rulefit.
Using the performance regression on Sep.12th as one

case study, we gain insights of the possible underlying
factors attributing to the performance issue by compar-
ing the important factors generated from Rulefit using
TS-D-09/02 and TS-D-09/12, respectively. As summa-
rized in Table 2, 3, the number of bytes starts to play a
more critical role in RTT performance, while the num-
ber of bytes per flow also replaces the state factor and
becomes the most important, both suggesting the pos-
sible issue related to the change of traffic load on that
day.
To further investigate whether the performance degra-

dation on that day was only observed on particular
states or all states, we compare the fitting accuracy
across states of these two models. As indicated in Fig-
ure 14, it was a problem associcated with a subset of
states, as much larger fitting errors are observed in those
states. The state index is the same as used in Figure 12.
Similarly, the fitting accuracy across hours suggests that
the performance issue occurs in all hours, not just for
particular hours.
With the heuristics obtained from Rulefit, we specu-

late that the problem is most likely due to the drastic
change of the traffic load in those states. To verify our
hypothesis, we compare the number of bytes served on
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Figure 15: Traffic ratio of Sep.2nd to Sep.12th.

Sep.2nd and Sep.12th for each individual state. Their
respective ratio of the number of bytes on Sep.2nd to
Sep.12th is shown in Figure 15. As we can see, those
states with larger fitting errors also see a drastic drop
of traffic on that particular day. Therefore, our as-
sumption is indeed borne out by our investigation of
the measurement data itself. A more detailed analysis
reveals that the drop of traffic load not only happened
to a subset of RNCs within those states, but rather, all
RNCs within those states. Moreover, these states are
by chance all located on the east coast. Based on these
induction, we believe that the degradation of the per-
formance was not attributed to holidays or particular
events, which normally incur more traffic than usual.
Rather, it could be an issue associated with the net-
work carrier itself, such as the failure of SGSN or GGSN
that can have a large impact on all the RNCs on east
coast. Similar strategies can also be applied to figure
out the underlying reasons leading to the other transient
anomalies observed in the weeks after that as shown in
Figure 13.

7.2 Persistent PerformanceAnomalies
To diagnose the performance regression persists within

a subset of problematic states as discussed earlier, we
intend to adopt the same methodology in diagnosing
the transient performance issue. Similarly, we apply
Rulefit to the training sets collected in different states.
We might have expected that the predictive model will
achieve better accuracy if we apply Rulefit to each states
individually. Surprisingly, the predictive loss rate per-
formance model generated for those states with poor
performance is rather inaccurate, whose explained vari-
ance is only around 50% or even lower. On the other
hand, the explained variance of the loss rate model im-
proves for those states with good performance. This
suggests that the factors presented in our study are not
complete enough to fully capture the loss rate behavior.
Rather, there may exist possible latent factors that play
a critical role but was missing in our feature list. This
phenomenon is also partly revealed by our previous ob-
servation as shown in Figure 5, where proportions of
the ”unknown” category of traffic in those problematic
states are much larger than the rest of the states. The
missing latent factors might be quite correlated with

the unknown type of traffic, and therefore suggesting a
finer-granularity investigation of this type of traffic by
the operators.
Besides the latent factors coming from the traffic it-

self, there may also exist other latent factors associated
with the specific geographical and demographical condi-
tions. Using one of the biggest and busiest states as one
example, the numerous tall buildings can lead to very
poor performance that are not considered in our model.
Besides, the large user density in that state leads to
the placement of many microcells, i.e. base stations of
smaller sizes and transmitting at a lower power [13]. As
a result, users traverse more quickly through different
cells. The poor handoff process therefore may also lead
to the interuption of service.
The anomaly behavior in the early morning hours

on the other hand is not due to its performance regres-
sion, but a large performance improvement compared to
other daytime hours after 7AM. To get a better under-
standing of why early morning hours have much better
performance, or in other words, why other hours have
much worse performance, we similarly apply Rulefit to
the training sets collected at different hours. The im-
portant factors for one of the daytime hours TS-H-10
are shown in Table 2, and 3. While the important fac-
tors for RTT is similar to our generalized model, Bpflow
becomes the most important factor during the daytime
hours. This is due to the fact that most applications
prevalant during those hours have smaller flow sizes, re-
sulting in a large number of smaller flows, and therefore
degraded loss rate performance. On the other hand, the
flow size become much larger during the early morning
hours due to the increase of streaming traffic. Simi-
lar to the problem with the states, the model gener-
ated for early morning hours also has very poor predic-
tive power, having only around 40% explained variance,
whereas the model improves for the rest of the daytime
hours. This also suggests the missing latent factors in
those hours. The existence of the latent factors both
during early morning hours and within the problematic
states illustrate the challenges coming from the“compli-
cated”nature of the UMTS network performance. With
the help of measurement datasets at a finer granular-
ity, i.e. NodeB or even UE level, we believe the opera-
tors can incorporate some of the missing latent factors,
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and perform more accurate diagnosis using the similar
methodologies discussed here.

8. RELATED WORK
There have been quite a few efforts regarding the

evaluation or improvement of celluar network perfor-
mance, such as [18] which studied the important fac-
tors affecting the network performance as well as the
web browsering performance, and MobiPerf [17] which
designed a measurement tool widely installed on mo-
bile end users in order to collect the client side mea-
surement data and provide them with a set of real time
network related information, Online tools, e.g., [2, 5],
are also available for measuring the performance. How-
ever, their measurement studies are all based on client
side factors, whereas the datasets in our study were col-
lected inside the carrier, containing more insights of the
factors pertaining to the carrier network itself. Besides,
unlike previous studies, which either consider the per-
formance indicator for a specific set of applications such
as Ping, HTTP, FTP, P2P, VoIP and streaming perfor-
mance [16, 20, 22, 27], or consider the performance im-
pact from only a few factors [10,14,25,26], we evaluate
the RTT and loss rate performance that are critical to
most of the applications and try to catch up as many
factors as we can in modeling the performance. Other
performance evaluation works include a study of the
impact of variable 3G wireless link latency and band-
width on the TCP/IP performance [7], the design of a
better handoff decision algorithm using the mobile ter-
minal location and area information [21], performance
evaluation of cellular networks using more realistic as-
sumptions [11], and a remodeling of handoff interarrival
time [9]. However, they are all simulation based work,
and the studies were performed under certain restricted
assumptions. Similarly, in [23], authors observed a sig-
nificant temporal and spatial variations in terms of the
network resource usage and subscriber behavior. No
systematic approach was proposed to model the perfor-
mance and understand the underlying important fac-
tors. In terms of methodology, a comparative study of
various analysis methods of network performance was
performed in [19]. However, none of them was applied
to real data and verified to be an effective approach in
detecting and diagnosing the performance issue. To our
best knowledge, our work is the first attempt to iden-
tify a large set of factors from both user’s and carrier’s
perspective via a large-scale collection of the datasets
inside the carrier. A systematic approach is presented
to build a macroscopic model of the cellular network
performance, as well as perform prediction, and diag-
nosis.

9. CONCLUSIONS
In this paper we have studied the RNC-level perfor-

mance in a large UMTS cellular network, with the goal
to provide a ”big picture” understanding of the various
major factors that may influence the overall network
performance across the network and over time. The ma-
jor contributions and findings of our study are the fol-
lowing. i) Large scale data collection: Our study utilizes
massive data periodically collected from diverse sources
over more than six months within one of the largest
UMTS cellular network carriers, whose coverage spans
the whole United States. The combination of different
datasets provides us a quite comprehensive view of the
network performance in the network. The conclusions
drawn in our study will therefore not be restricted to
any particular group of users or devices. ii) Identifica-
tion of a rich set of factors: As the network performance
is not a simple function of a few factors, we identify
a rich set of features or factors along different dimen-
sions, including usage patterns, user behavior or appli-
cation mixes, network coverage, geographical regions,
hardware and other factors associated with the network
infrastucture. While the features gathered in our study
are clearly not exhaustive, new factors can be easily
accommodated in our models. iii) Macroscopic mod-
els and relative importance analysis: The macroscopic
models developed in our study have both predictive and
interpretative capabilities. They provide network oper-
ators with a “big picture” view of the overall network
performance and a high-level understanding how vari-
ous factors may have a differing effect on the network
performance across the network or over time. iv) Un-
veiling potential latent factors and detecting anomalies:
Our models can also help unveil potential latent factors
that are not directly captured in our datasets, or are
hard to be captured using either numerical values or
non-orderable categorical values. The effect of poten-
tial latent factors can be inferred, for example, by com-
paring the prediction results produced by the models
feeding on different (sub)sets of data and by perform-
ing the relative importance analysis. Anomalies may
also be detected via significant deviations from usual
performance predictions.
In a nutshell, the models and insights obtained from

our study provide the network operators with a “big
picture” understanding of the overall RNC-level RTT
and loss rate performance in a large 3G cellular net-
work and the various factors that may influence such
performance, thereby the user experiences. Such a “big
picture”understanding can help network operators bet-
ter cope with the management challenges posed by the
scale and complexity of a large cellular network. While
the paper focuses only on a 3G UMTS network, we be-
lieve that our methodology can also be applied to other
3G (and perhaps also 4G) network architectures.
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