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ABSTRACT (less than 140 characters). Twitter messages are widely re-
ferred to as tweets. It takes only a few seconds for a user
to write a tweet and have it distributed to the public and his

followers . Users can send and receive tweets through var-

Most of these sites make their data available. An intriguing 10US @pplications (such as web and instant messaging) and
question is can we exploit this real-time and giant data-flow 9€Vices (such as mobile phones, TV and computers). Ac-
to improve business in a measurable way. In this paper, wecording to comScore, Twitter finished 2009 with nearly 20

are particularly interested in tweets (twitter messages) t million visitors to its website, up from just 2 million vigits

are relevant to mobile network performance. We compare from 2008 [1].

tweets with traditional source of user experience, i.e.- cus In this paper, we analyz_e twe_ets r(_alated to one of _the
tomer care tickets, and correlate both of them with network largest mobile service providers in United States. We first
incident reports. From our study, we have the following ob- dentify network performance issues reported on twitted a
servations. First, twitter users and users who call custome COmpare them with customer care trouble tickets. Second,

service tend to report different types of performance issue W€ correlate these two sources of customer feedback with
Second, users on twitter are more accurate and faster to reetwork incident reports. To the best of our knowledge, this
port network problems that impact user experiences. Third, IS the first paper to exploit the microblogging content for
tweets can show some short term performance impairmentsN€Work performance monitoring. Our findings are three-
which are not recorded in incidents reports. These observa-0/d: (1) Issues reported on twitter are complimentary to

tions prove that twitter a complimentary source for monitor CuStomer care calls. (2) Twitter is faster to report network
ing network performance and their impact on user experi- performance issues compared to customer complaints to the
ences. customer care center. (3) Tweets report some short term

problems, which are not recorded in incidents reports.
1. INTRODUCTION The remainder of the paper is structured as follows.
' Datasets for analysis are discussed in Section 2, followed

~ Monitoring network performance is one of the key tasks py our presentation of result in Section 3. Section 4 reviews
in network operation. We detect network performance is- related work and Section 5 concludes the paper.

sues from two aspects, namely, systematic perspective and

customers’ perspective. From systematic perspectivenwe i

fer the issues based on measurement of network delay, pack-2 . DATASETS

age loss, etc. From customers’ perspective, we identify is-  In this section, we discuss the methodology to collect

sues based on users’ feedback. The traditional way to learndata and general information of collected data. Section 2.1

user feedback is through examining customer calls or email. presents Twitter data, Section 2.2 presents customer abire ¢

When a customer complains about a problem, we investigatedata and Section 2.3 shows the incidents report data.

and solve it. In this paper, we propose to go beyond customer .

care data to exploit a different channel, online social medi 2.1 Twitter Data

for tracking user feedback of network performance. We used twitter APIs to retrieve publicly available data
Online social network (OSN) has gained significant pop- relevant to our task. We emphasize here that only informa-

ularity during recent years [18]. Microblogging, like tvet, tion that was shared publicly by twitter users was obtained

is one of the popular ways users share information and expe-and analyzed First, we manually selected a few keywords

rience on the web. It's a breakthrough in social networking that are deemed as good queries for retrieving tweets rele-

because it takes communication into another level. Compar-vant to the mobile service provider we consider. Second, we

ing to Facebook, LinkedIn, MySpace, YouTube, and other followed twitter search API to obtain tweets and archived

social networking services, messages on Twitter are shortthe retrieved tweets along with the associated meta data to

Social media sites like twitter continue to grow at a fastgac
People of all generations use social media to exchange mes
sages and share experiences of their life in a timely fashion



our local disk. The meta data includes time that the tweet see the entire operation of the cellular network and service
was submitted, the user who wrote the tweets, etc. Third, They maintain a so calletletwork Incident Revieun a
we fetched user information through twitter REST APIs for collaborative editing system. The network incident review
those who authored tweets that we archived. User informa-keeps track of information regarding important network or
tion consists of user profile such as user location and theservice incidents as they are reported, diagnosed, rasolve
user’s social connections such as the number of followers. and concluded. And the review report serves as a channel
After data archiving, our next step is to identify tweets re- to communicate summary-level information about such in-
lated to the mobile network performance issues. We used acidents among the team members and senior management
few heuristic rules: (1) Tweets must contain mobile related members.
words such as phone, mobile, 3G, edge, etc; (2) Tweets must The incidents in the report include a wide variety of net-
contain performance related words such as slow, droprinter work and service issues including hardware failures, major
mittent, doesn’t work, etc; (3) Tweets should not contain ad maintenance activities, outages due to adverse weather, co
vertising indicating words like Ads and price symbols $. To gestion due to flash crowd (e.g., highway accident causing
verify the effectiveness of these rules , we randomly sachple traffic congestion and unexpected high cellular network con
100 tweets, and manually annotated whether they are relatedjestion), etc. Reading through the incident report, we first
or not to the mobile performance issues. Comparing rule- filtered out those non-customer-impacting events from our
based prediction with human annotation, we observed 87%study, such as planned system upgrade where redundant ca-
agreement. This is decent accurhfty our study. There are  pacity is in use during upgrade. We have also excluded very
potential methods via natural language processing and ma-ong incidents (e.g., greater than three hours) in our [zder
chine learning to improve the performance of this step. We of the analysis so that the chance of falsely joining a net-

will leave it as future work. work or service event to independent customer care tickets
and tweets is low.
2.2 Customer CareCalls Each entry in the incident review report contains crucial

We obtained customer care tickets based on customer calldnformation about the event. All entries contain tempomal i
from the cellular service provider. Note that these tickees ~ formation (i.e. the start and end of time of the incidents),
anonymized; no customer identification information is used and coarse spatial information, i.e. the primary market re-
in this analysis. Moreover, they do not have details of what gion where the incidents occur (e.g northeast, west, etc.).
customer reports to custom care. These tickets are taggedoreover, all entries haviacilitator/incident managecon-
with types of issues, i.e., billing and accounting, callptan tact information, for further investigation purpose, ahd t
and features, mobile devices, service coverage, perfarenan €xpected or estimated scale of customer impact. Most of the
impairments and service outages. In this paper, we mainly entries havencident summariesvhich describe the nature
focus on the customer calls regarding service impairmentsof the incidents in detaif. Some of the incidents contain
and outages, each of which results in a trouble ticket asso-root cause descriptions which explain the cause of the inci-
ciated with the type of service, the time that the call is re- dents in detail. In this paper, we only rely on the temporal
ceived by the customer care team (the trouble ticket is often and spatial information of the incidents.
issued at the same time), the location, and descriptioneof th
performance issues that the customer experiences, etc. Th&. RESULTS
description usually provides detailed information on when
and where the customer experienced the performance im-

pairment as well as the device and application that the cus-rg|ate hoth tweets and tickets with incidents report. Tha da

tomer uses Whi” the performance |mpa|rm|en'F okccur.redl. we analyze are based on a large cellular network provider in
In our data, the common customer trouble tickets include United States for the period of 16 days.

performance issues such as no coverage, cannot make or re-

ceive calls, call disconnected/dropped, and poor voicé qua 3.1 Incidents Report Results
ity, etc. It is important to note that not all customers will
call the customer service and report the performance impair
ments that they experienced. In addition, we will show later
that customers may not call the customer service immedi-
ately after they experience the performance impairments.

In this section, we first present the results of incidents re-
port, then compare twitter and tickets data, and finally cor-

We first analyze temporal distribution of incident report.
Figure 1 shows the cumulative distribution function (CDF)
of incidents duration. Note that the incidents here mean the
ones from incident report, rather than all incidents happen
in the network. From this figure, we observe a diversity of
2.3 Incidents Report incident durations given the log scale of X-axis. As we men-

] ) ) tioned in Section 2.3, in the later part of our analysis we
The service provider has a top tier of operators that over-

2Although some descriptions contain certain kind of detail location
1In statistical scene, the estimation result 87% is within 95% con- information (for example, city, device, highway information), it is
fidence interval, with a margin error less than 0.1, given that we challenging to automatically and precisely extract them due to the
randomly selection 100 samples. loose structure of the description text.
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Figure 1: The CDF of incidents duration Figure 2: The number of tweets and tickets per hour.
Due to privacy issues, the concrete number of ticketsis

focus on the incidents less than three hours. not reported.

3.2 Tweetsvs. Customer Care Tickets

In this section, we compare two sources of users experi- By manually investigating the message content of twitter,
ence: tweets and tickets based on customer care calls, Firstwe can observe the following three major types. (1) Com-
we conduct the comparison using tfew data, which in- ments and news regarding the product and customer service;
clude not only performance related ones but all tweets that (2) Advertisement (e.g. the sale of mobile phone); (3) Com-
we have archived and considered as relevant to the mobilements or complaints regarding performance related issues
service provider. Then we classify the data into different (which we are particularly interested in). Due to the loose
categories and drill down to the performance-related ones.organization of messages, it is difficult to precisely digss
Finally, we examine the delay of user feedback, namely, how tweets automatically. But in general, type (1) and (2) con-
long it takes for a user to report a problem after he/she expe-tribute to the majority of the tweets. On the other hand,esinc
rienced it. the tickets have fixed structure and categorization, itles re
i i tively easy to classify them. The majority (over 97 percent)
3.2.1 Time series of tickets are related to plan, bill or device questions ober

We compare volume of tweets and volume of customer lems. In the rest of the paper, we mainly focus on type (3),
call tickets over the same period of time. Figure 2 shows i.e., performance related tweets/tickets.
the number of tweets and tickets per hour basedhordata. Among tweets extracted using the methodology described
From Figure 2, we can observe the obvious daily pattern in in Section 2.1, about only 1% messages are related to perfor-
both cases. It is easy to understand that customer calls havanance issues. Similarly, only 1% to 2% of tickets are related
such pattern (common user behavior). It is also not surpris- to network performance. Figure 3 further breaks down the
ing for tweets because of the daily pattern of social media performance related issues into several categories. Friem t
access [2] and the fact that we focus the service provider infigure, we observe that issues reported by twitter users and
United States. We will later (in Section 3.3) see that such by customers who call customer care are very different. For
a diurnal pattern will not show up when we only focus on twitter users, call dropping is the most frequent complaint
performance related issues from twitter. Another intémgst  followed by slow connection, no service and others (e.g.,
observation of Figure 2 is the spike for twitter data on Day difficult to send messages or to post something on websites
7. Itis because of the discussions on new technology beingby phone). Different from tweets, more tickets are related t
made available to the consumer market no service or coverage (e.g. no coverage in some buildings).
e Very few of them are related to slow connection. Probably it
3.2.2 Classification is because different habits of different customers. The cus

We have investigated thraw data in the previous section. tomers who prefer to report the issues by call may care less
In this section, we move on to classify the data into différen about the Internet connection via mobile device. Moreover,
categories, and then focus on the performance related ones.we also find that many tickets are about the voice quality,



Table2: Thedelay between the customersexperiencethe
incidents and the customersreport the incidents.
B Twiter [ Delay [ Oday [1day [ >1day]

Twitter | 98.3% | 1.2% | 0.5%
Tickets | 38.4% | 21.2% | 40.4%

There is a delay between the time when the customers
experience the incidents and the time when the customers
report the incidents. The reporting time is the timestamp to
post the twitter message or to make the call to customer care.
It can be directly retrieved from the data. On the other hand,

the time when customers experience the incidents, if exists
is embedded in the messages of twitter or the description of
[ ﬂ lj tickets. For example, in twitter, the message is like “a cou-
ple of call dropgoday’; in tickets, the description can be “no

Percentage

Call.Drops  Slow.Connect No.service Voice.Quality Others . . . .
service sincg/esterday. We extract such information from
the tweets and tickets in a simple way: we identify the tim-
ing patterns like “now, today, yesterday, 3 days, 2010-84-0
Figure 3: Classify performance related tweets/tickets this morning”. We can find that over 90.1% of twitter mes-
based on the type of the issues. Due to privacy issues, sages do have such timing information. In comparison, over
the concrete percentages are not reported. 76.3% of tickets descriptions have no explicit timing infor

mation. Then we compute differences between timestamp

Table 1: L ocation information of tweets. to post the message or to report the ticket and the extracted

Location Info. No _ Yes time in the messages/description, illustrated in Table 2. W
City+State | State only| Others observe that most tweets are posted on the current date on

Twitter Profile | 37.2% | 29.6% 20.5% 12.7% which the customers experience the performance issues. It

Twitter Message| 69.5% | 20.5% [ 9.9% 1.0% means that the response time of twitter is much faster than

that of tickets. Note that timing information is very impor-
which are not seen in twitter messages. tant for verifying or detecting incidents. In this senseittv

We also compare the tweets and tickets by locations. IS better than customer care tickets.
There are two ways to retrieve the location information of .
tweets: user profile and message content. The message itsel?-3 Correlation Results
is a more valuable source because it provides the location di  In this part, we correlate both performance related twitter
rectly related to performance issues. Therefore, we filgt re and tickets data to incidents report. Figure 4 shows the time
on the location information in messages. If there is no such series of incidents, tweets and tickets. Different from-Fig
information, then we consider the location in the user pofil  ure 2, performance related tweets have no obvious diurnal
Because both profile and messages are human language impattern shown in Figure 4. It implies that these twitter mes-
puts without fixed structure, the location information @bul  sages are incident-driven. But customer tickets still thee
be missing or incomplete. There are three general categyorie diurnal pattern, because of the customers’ calling behavio
of location information based on our analysis: city + state, and aforementioned delay in incident reporting.
state only, others (e.g. city name only, street). Table Wsho To understand if there is strong correlation between inci-
the percentage of each category. We observe that a largedent reports and customer feedback, we conduct the statis-
proportion (37.2% of profile and 69.5% of twitter messages) tic correlation [12] between incidents and twitter/tickse-
of tweets have no location information at all. It reduces the ries, for each location. We compute Pearsons coefficient
number of valid tweets for later correlation purpose. In-con of correlation and conduct significance test. Unfortunatel
trast, the location information in tickets is well orgardze the test result shows no strong correlation between intsden
based on thenarketregions. Each market could be a couple and customers’ experiences. One possible reason is the time
of states (e.g. Georgia + South Carolina) or a part of one lag from the time when the incidents start to the time when
state (e.g. northern California). Different data sourcageh  users report performance problem. Correction of this time

different granularity of location information. Thereforee lag by some time shifting should be applied for correlation
use the most detailed common location for correlation pur- test. The challenge is that the time lags vary case by case
pose in Section 3.3 . and cannot be compensated systematically. We will leave

the design of new statistical significance test methodology

3.2.3 Timeliness under this particular situation as the future work.



Daily incidents

Number of incidents

— [] []

Date

Twitter (Performance related)

10

Number of messages

T T T
Day 4 Day 9 Day 14

Time (UTC)

Customer care tickets (Performance related)

Number of tickets

T T T
Day 4 Day 9 Day 14

Time (UTC)

Figure4: Thetime series of incidents, twitter and tickets. Due to privacy issues, the concrete number s of incidents and
ticketsare not reported.

Instead of using statistical correlation, we use the in- vided by the accumulated duration of non-incidents during
cidents in the report as the ground truth and investigate the measurement period. We find that ratigc, is 8.3 for
whether these incidents are reported by twitter/ticketa.da tweets and 6.8 for tickets. It suggests that chance of hav-
More specifically, if during the period of incident, thereear  ing user feedback under incidents is significantly highanth
messages or tickets regarding the performance issues at théhat under no ongoing incidents.
same region (e.g. east, west, central, etc.), we deem these In Section 3.2.3 we quantitatively study the delay from the
tweets or ticketaissociatedvith the incidents. We verifythe  time when customers experience the service impact till the
incidents which last less than 3 hours. The reason to verify time when customers report the issue. In fact, there is an-
relative short-term incidents is that we have more confidenc other delay between the time when incidents take place and
with the joins when the time window is limited. In other the time when users experience problem. However, the time
words, the chance of falsely joining an incident to indepen- when users experience the incidents is not an accurate-times
dent tickets/tweets is low. We find that 55.6% of incidents tamp, as we discussed in Section 3.2.3. Therefore, we now
can be found in twitter, and only 37.0% of them found in quantitatively analyze thiotal delay from the time when the
customer care tickets. One interesting observation is that incidents start till the time when customers report problem
the matches found in tickets can also be found in tweets. Figure 5 shows the box statistics of two delay distributions
Moreover, we use the number of associated tweets/ticketsThe bottom and top of the box are the 25th and 75th per-
divided by the accumulated duration of incidents to de- centile, and the band near the middle of the box is the 50th
scribe the chance of observing tweets/tickets when intséden percentile (the median). The ends of the whiskers represent
happen, denoted as. Similarly, the chance of observ- the minimum and maximum value. We find that tweets re-
ing tweets/tickets when no incident happens, gaycan be spond approximately 10 minutes faster than tickets in gen-
measured as the number of un-associated tweets/tickets dieral. The fastest twitter response is in several minuteg. Th
implication of this observation is that it may be possible to

®Due to limited coarse location information, there are some poten- utilize twitter feedback to observe the impact of network pe
tial mismatch cases or false positive.
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Figure5: The CDF of delay distribution.

formance issues more timely than through customer tickets.

Finally, let us revisit Figure 4. There are obvious spikes on
Day 11 for both twitter and customer care data, even though
there are very few incidents recorded in the same period of
time. More specifically, there are many complaints from
both twitter and customer care regarding call drops during
8 PM to 10 PM in the central area. This may be an indica-
tion of certain short term network problems at that time, but
yet none were reported to incident reports covering the area

4. RELATED WORK

There have been a number of studies regarding the social

network. But most of them focus on the social network itself,
e.g., users behavior [18, 13, 19, 2], the impact on network
performance [20], community evolution [7, 14], informatio
propagation [22, 5, 4], privacy issues [8, 6]. Very few stud-
ies focus on showing the value of social network content.
One interesting example is [21]. In that paper, Vievetgl.
shows the microblogging like Twitter can contribute to the
situation awareness during natural hazards events likd floo
and fire.

Correlating different type of data sources is a common
methodology used in anomaly detection [15, 9, 3] and net-
work problem diagnosis [12, 10, 17, 16, 11]. Most of these
papers focus on the derivation of statistics methods. Our
study in this paper takes the first step to reveal the possibil
ity of utilizing social media content as one new source to
understand user experience of mobile network.

5. CONCLUSION AND FUTURE WORK

We have presented the first study of exploiting the social
network content for network performance monitoring. Our

data shows that users’ feedback from twitter can respond to
network incidents in a timely fashion. Therefore, it is a eom
plimentary source for understanding network performance
issues and their impact on user experience.

As future work, we plan to apply advanced techniques of
natural language process to better understand tweets|las we
as tickets and incident reports. For example, it is impdrtan
to advance the technique for intelligently extracting perf
mance related issue from tweets. It would also be intergstin
to quantify the severity level of performance related tweet
by the scale of the responses and the sentiment in the mes-
sages (e.g. to detect urgent issues based on users’ gttitude
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