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Abstract-We present empirical analysis of human
searches for information from mobile devices, focusing
on temporal dynamics, semantics, and topics of queries.
Our analysis is based on a large scale data of mobile
search logs over a week period from a major US mobile
service provider. We find that human searches appear
in bursts over time with the distribution of the query
inter arrival time following a power law decay up to a
day and decays exponentially beyond. Interestingly, this
finding conforms to some other measures of human activity
reported in previous studies. We also provide preliminary
characterisation results of the semantics and topics of
queries, some of which conform to that of previous studies.
The results would be of general interest for understanding
the dynamics of human activity and, in particular, may be
leveraged for the design of mobile services.

I. INTRODUCTION

Search for information from mobile devices may become a
mainstream daily human activity as is already an established
habit with the search from desktop computers. This would
be further catalyzed by continuing increase of the mobile
device capabilities, turning a simple cellular phone into a
sophisticated personal computing device with many models of
smartphones and PDAs already available in the market. It is
important to understand the patterns of mobile user behaviour
as this may be leveraged in the design of the search service
and other applications. To this date, it seems that there has
been only a few reported studies on the mobile search usage,
see [11], [10], [2]. The various aspects of human dynamics
have been a subject of intense research, e.g. in the usage of
network services [16], [5], [6], [3], [9], [8], [13] and the human
mobility [4], [12]. Understanding of human habits is of general
interest and, in particular, may be leveraged for the design of
network services.

In this paper, we analyze mobile search data covering
queries from about 800,000 distinct users from a major US
mobile service provider with about S0M total number of mo-
bile service subscribers. Our goal is to investigate the temporal
dynamics of user searches for information. We also analyze
the semantics and topics of queries, which follow the previous
work [11], [10], [2]. To the best of our knowledge, analysis
of the temporal dynamics of mobile searches has not been
reported yet. Current mobile search is performed largely by
using either mobile versions of the search engines or carrier-
supplied search functionalities. Unlike to previous studies [11],
[10], [2] that considered queries to mobile versions of search
engines, our data is from a federated search service that
combines the carrier search results with that of a major search
engine provider. The access to the search user interface is
available from web portals of the carrier that contain the search
query user interface (Fig. 1). The results are hyperlinks to
URLSs or categories thereof (see Fig. 2 for an example).

We summarise our main findings as follows. We find that
human-initiated searches from mobile devices appear bursty
in time with the distribution of the query inter arrival time

sl
Search / Keyword
Search
Home
Fig. 1. Search user interface.
2 B2 =
29 results for news 11 results for news 82 results for headlines
External Web (1) Mobile Web Mobile Weh
Business Jam.com
News Economics Abc.es
Entertainment News Finance Aftenposten.no
Money News Headiines Aksam com tr
All Things TV More (7) Bab.com
More (14, Back to all results Bbe.couk
ore 14) Chsd6togo com
Search / Keyword Search / Keyword Ctanet com v
[(Searen ] e Dagbladet.no

Don.se
More (72)
Back to all resulis

Home
Home =

Search / Keyword
Search

Home

Fig. 2. An example search navigation: (a) the result set for the query “news”,
(b) the result set by selecting “External Web”, (c) the result set by selecting
”Headlines”. The result sets contain categories of URLs or URLSs.

exhibiting the following dichotomy: it approximately follows
a power law decay up to a day and decays exponentially
beyond. We show data for particular users suggesting that
the dichotomy characterises the behaviour of individuals and
may not only be an artifact of the aggregation of samples
over a population of users. Same dichotomy was already
found to characterise the inter contact time of human-carried
and vehicle-mounted mobile devices and the return time of a
mobile device to a stationary site [12], hence suggesting that
this may be a result of some general nature of human activity.
We find that a large portion of the observed users (> 80%)
issue a query in only one day of the week. A small portion of
the observed users (< 1%) issue queries each day of the week.
In general, there is a high variability of the queries issued per
user over the week. We also observe that the aggregate volume
of queries over a day does not significantly differ for a week
and a weekend day, which perhaps non-surprisingly, suggest
that a small portion of mobile searches are work related. Our
analysis suggests that more than half of mobile search sessions
consist of one query only and the distribution approximately
follows a power law in the range from ten to hundred queries.
Our analysis of query semantics and topics parallels that of
[11], [10]. In conformance to the previous studies, we find that
a large portion of queries are of adult category. In contrast, we
find the mean number of words per query to be significantly
smaller (1.5 vs. 2.5 [11], [10]). This may be a result of using
the lists of top popular queries that are provided by the service.

II. DATA

Our data consists of IIS logs of the mobile search service
over a week period, from Apr 01, 2007 (Sun, 4:00) to Apr 08,
2007 (Sun, 4:00). The logs are standard IIS with fields includ-
ing the timestamp, URI, user identifier, query, HTTP status,
etc (see [15] for details). We consider a subset of data log



TABLE I

PER DAY STATISTICS.

Day | 1 2 3 4 5 6 7

log records | 734,100 702,015 695,306 716,686 706,365 698,449 655,793
with userid (%) 78.69 78.96 78.56 78.50 78.33 78.70 77.46
with query (%) 52.15 52.77 53.78 52.89 54.40 53.72 51.79
distinct userids | 188,975 184,541 183,873 186,900 185,881 188,298 178,718

records with non-empty user identifiers, i.e. carrier subscribers.
In total, the part of the data that we consider contains 498,872
distinct queries, 278,595 distinct query words, and 865,726
distinct user identifiers. We provide data per day summary

statistics in Table I.
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Fig. 3. Queries per hour.

III. RESULTS

We first present our analysis of the temporal dynamics of
mobile searches and then of query semantics and topics.

A. Temporal dynamics of mobile searches

We consider the aggregate query volume over one hour
time slots. From Fig. 3, we observe that the aggregate queries
exhibit strong diurnal periodicity, which is indeed to be
expected as queries are issued by humans. Within each day,
the activity phase is centred on the peak usage at about 20:00
UTC (12:00 PST or 15:00 EST). It is interesting to observe
that there is no significant difference in the volume of searches
for week and weekend days.

TABLE I

NUMBER OF DAYS A USER SUBMITTED AT LEAST ONE QUERY.

Days | 1 2 3 4 5 6 7
Users (%) ‘ 81.78 11.73 3.61 142 085 034 0.21

We next observe that the number of queries per user varies
widely. The number of queries per user in the week versus
the user query frequency rank (Fig. 4) approximately follows
a power law for the top 10,000 of users with respect to the
number of generated queries (about 1% of the total number
of users). A small portion of users generate many queries and
a large portion of users generate a few. It is of interest to
understand how individual users generate queries over time.
Do users typically issue queries daily or sporadically over
some larger timescale? To address this question, we consider
the histogram of the number of days that individual users issue

Mumber of queries

User rank

Fig. 4. Number of queries per user.

at least one query (here a day is a calendar day). See Table II.
The results suggest that most of users issue queries in one day
of a week and the portion of users issuing at least one query
in n days of a week is decreasing with n. A small portion of
users issued a query in each day of the week (about 0.2% i.e.
1,730 users). This suggests that for most users, mobile search
is not a daily activity yet.
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Fig. 5. Query times of users with most queries.

We now consider user inter query time. In Fig. 5, we show
samples of query times for a set of users that generated most
queries. These samples demonstrate that the user query activity
appears in bursts over time, which seems to be governed
by diurnal periodicity and bursts over shorter timescale. In
Fig. 6-left, we show the complementary cumulative distribu-
tion function (CCDF) of the samples of the query inter times
aggregated over 2,000 users who generated most queries. This
distribution appears to approximately follow a power law for
the inter query time of the duration up to about a day and
then decays faster onwards. Re-plotting the same graph with
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Fig. 6. CCDF of inter query time: (Left) log-log scale, (Right) lin-log scale.
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Fig. 7. CCDF of the session activity time: (Left) in real time, (Right) in the
number of queries.

x axis in linear scale (Fig. 6-right) confirms that beyond the
one day horizon, the distribution is exponentially bounded.
These qualitative results are reminiscent of those found to
characterise the inter contact time between mobile devices and
a mobile device and a stationary site [12]. On the one hand,
it is interesting that these seemingly different characteristics
of human activity exhibit the same qualitative feature. On the
other hand, this may not be entirely surprising as indeed both
are a result of human activity.

Sessions. We partition the queries issued by each user into
sessions by using the standard threshold heuristics—a query
instance is classified as the beginning of a new session if
the time elapsed since the last query by this user exceeds
a threshold. We set the threshold to 5 min, following the
previous studies ([10] and references therein). We consider the
time between the first query of a session and the last query of
this session, for sessions with at least 2 queries (we call this
”session activity time”). In Fig. 7-left, we show the CCDF of
the session activity time with samples from the 2,000 users
with most queries. The median session activity time is about
1.2 min with 90% of samples shorter than 5 min. The data
suggests a power law decay for the distribution of the session
activity time in the range quarter to one hour. We further
consider the session activity time but measured in the number
of queries (Fig. 7-right). We find that 61.87% of the query
sessions are made of one query only. The median number
of queries per session is 1 with 90% of sessions containing
< 3 queries. The decay of the CCDF approximately follows a

power law in the range of ten to hundred queries. We finally
consider the time per query within a session. Fig. 8 suggests
that for most of the queries the time per query is about 1 min.
This conforms to previously reported results on the time to
enter a query [10].

Individual vs. population. We have observed that the
CCDF of the query inter time aggregated over a population
of users features a power law decay for values up to a day.
We also observed that the data does not support the hypothesis
that the query inter arrivals are statistically identical for distinct
users. It is legitimate to ask whether the observed power law
decay is an invariant property characterising the search activity
of a single user or is a result of the aggregation of the samples
over a population of users. It is well known that a power law
distribution may result from the aggregation of exponentially
distributed random variables with appropriately defined means
(e.g. power law distributed [7]). In Fig. 9, we show the CCDFs
for the session inter time for a sample of individual users. The
results suggest that the observed power law for the query inter
time may be a feature characterising individual human activity.

B. Semantics and topics of queries

In this section, we consider semantics and topics of queries.
We find that 72.75% of users issued queries that are all distinct.
The median number of distinct queries per query over users
is 1 and the mean is 0.89. This is inline with desktop web
search where unique queries are prevalent.

Semantics. We first consider the statistics for the corpus
of all distinct queries, not accounting for the frequency of
the query searches. We find that the mean number of words
per query and characters per query are 2.11 and 13.81,
respectively. The corresponding quantities obtained per query
submitted to the system, are 1.52 and 9.34, respectively. In
either case, the queries consisting of one word are most
frequent, which conforms to [11]. The difference between
the frequencies of one word and two words queries is more
emphasized in the distribution obtained by weighting the
queries with respect to their popularity (Fig. 10). The mean
number of words per query 1.52 is significantly smaller than
reported in earlier studies (2.56 [10]), which may be an artifact
of the usage of the lists of top popular queries that are provided
by the system (this requires further investigation).
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10"
w
o
Q
(&)
107
10° i
107 10™ ° 10" 107
Time (hours)
Fig. 9. CCDF of the session inter time for users with largest session
frequency.

Topics. We next verify some previously reported statistics
[11] on users’ interests on our data.! In particular, we find
that 15.76% of unique queries belong to adult category with
18.74% of all searches being queries of adult category. The
latter is close to the reported > 20% [11] for cellular phone
queries. We performed similar analysis to evaluate how fre-
quently users use URLSs as queries (using the search service as
a bookmark service). We find that 28.43% of distinct queries
are URLs, which appears large, but we find that substantially
smaller portion of all query searches (7.54%) are classified as
URLSs. This number is substantially smaller than the reported
17% in [11]. We further analyse user’s interests over content
by conducting the following simple analysis. For each user, we
identify the most frequently used queries by this user (we also
have done this for query words). We then use such identified
summaries of users’ interests to classify the users interests. We
find that the most frequent queries of 24.23% of users contain
a query of adult category. Same analysis but performed on the
set of most frequent query words yields 21.67% of users.

IV. CONCLUDING REMARKS

We found that human searches for information from mobile
devices feature the distribution of the query inter arrival time
that follows a power law up to a day and decays exponentially
beyond. Similar ("non Poisson”) characterisation has been
previously reported for other measures of human activity,
e.g. email response time [3], [8] and the inter contact time
between mobile devices and a mobile device and a stationary
site [12]. Future work may consider generative models that
would explain the causes of the observed human dynamics.

IWe classify a query to adult category if it contains a string from a
dictionary. Same for the classification to URL category where the dictionary

is ”.u, ”WWW”, ”http”.
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Fig. 10. Words per query: (Left) w/o query popularity weighting, (Right) w
query popularity weighting.

This question appears to remain open as the previously pro-
posed models ([3]; see also analyzed in [1]) seem to lack
full empirical validation. Indeed, there exist many generative
models for power laws (see survey [14]) but a question is
which model is best supported by data. Analysis of query
semantics and topics and the user interaction with the system
deserves a further study.
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