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ABSTRACT
As increasingly diverse facets of human life - including socializing,
exercising, and information-seeking - are mediated by ubiquitous
technology, they open the doors for the study of the hitherto underexplored interconnections between them. This work motivates and
grounds the use of geo-exploration data to predict the information
exploration behavior of users and to support their search. Based on
a two-week field study involving 35 participants, we have identified
multiple geo-exploration features that have significant associations
with a user’s information exploration behavior. We also found that
the same geo-exploration features could be combined to build predictive models for various facets of an individual’s information exploration behavior, and these models performed significantly better
than comparable personality-based models.
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1.

INTRODUCTION

This work studies the interconnections between individuals’ geographic exploration and their information exploration behavior.
Such an interconnection between geographic and online information
exploration has been alluded to in the past via conceptual metaphors
like information “foraging” and through recent empirical studies
like the one by Barbosa et al.[2], which has found a dichotomy
of explorers and returners to hold in both online and geographic
settings [31, 29, 2]. While Barbosa et al. [2] focus on broad consistencies in population level metrics, they did not study whether the
same individuals tend to be explorers in both geographic and online
settings or if a combination of geo-exploration features can predict
an individual’s information exploration behavior.
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The propensity of an individual to obtain the right information
from a search engine is based not just on the search results, but also
the way the user interacts with the results provided. Some users
tend to be “fast surfers” while others tend to be “deep divers” [19].
Consequently their information outcomes can be different, affecting
multiple facets of their lives including health management, financial
decisions, and job performance [6, 27]. Multiple researchers have
proposed different methods to nudge users of different personality
types and predispositions towards better information outcomes [45,
26]. For example, pre-emptively identifying that a user is likely to
under-explore the search results could be used to tailor the search
results accordingly [14], change the result interface, or design interventions [36] that nudge the user into exploring more web pages
before finishing their search session.
The majority of work on pre-identifying user behavior has focused either on explicit questionnaires, past search information,
or personal characteristics such as socio-demographic descriptors
and personality types [10]. In this work, we push this direction
further and investigate if an individual’s geo-exploration signature
can predict aspects of information behavior, and perhaps, perform
at par or even better than personality descriptors at doing so. Such
an interconnection between geo-exploration and information exploration, if found, will open a two-way door allowing the use of a
whole new category of data coming from geo/mobile sensors for
better information exploration, and also for using online information
exploration behavior for recommending geographic travel paths and
destinations.

2.

BACKGROUND

White and Roth [45] propose a set of features that must be presented in exploratory search systems, which includes (1) support
querying and rapid query refinement, and (2) leverage search context. Because user-generated queries may be based on their existing
knowledge and impose limitations on exploratory search, the presentation of query suggestions helps users explore additional query
terms. For example, dynamic queries method could be employed
for such rapid query refinement [1]. Dynamic queries method provides users with ways of seeing an overview of the data, exploring
it rapidly, and filtering out unwanted information. Through adjusting a query (with sliders, switches, and filters) users explore the
information space, and view the changing results. In the meantime,
contextual information of users can be used to automatically suggesting the right parameters for the various sliders and switches.
Besides the context captured by explicitly asking users or implicitly
by mining users’ past interaction behavior [11, 21], geo-exploration
data as described in this work could also be used to define such a
personalized model of search behavior.

When it comes to the behavioral models, past studies have acknowledged the effect of individual personalities, demographic descriptors, and personal contexts in human information behavior (e.g.,
[4]), but most studies have focused on traits that could be easily observed (e.g. gender, ethnicity) or elicited in a short time in laboratory
settings. Unfortunately, the personal contexts captured by observations in limited, unnatural settings must contend with multiple
challenges, including subjectivity in observation, biases, and limited
observation opportunities [12, 15, 32]. On the other hand, mobile
phones and sensors in people’s daily living help researchers build
personalized models of human behavior in different contexts and
connect them to other outcomes such as health, financial outcomes,
depression, happiness, and academic accomplishments [38, 23, 5,
47, 41, 42, 44].
An interconnection between geo-exploration and information
exploration has been alluded to in multiple recent studies. While
Hills et al. [20] review the exploration behaviors revealed in different
contexts (e.g. foraging, visual search, social search, etc.), a recent
study with fMRI experiments found that people use similar brain
structures during both navigating behaviors over physical space and
digital space [3].
Specifically, while the previous research has reported broad population level similarities between human mobility and web exploration behavior, we investigate this at an individual level, and study
the following research question:
Can a specific aspect of human information behavior - exploration
in search - be predicted by the same person’s geo-exploration behavior?

3.

METHODOLOGY

mobile app were anonymized.

3.4

“You are a journalist for a national newspaper. With the recent
focus on security breaches and consumer data breaches, vulnerabilities in data and software has become an important topic of interest
to a multitude of people ranging from government, companies, technical industry to general public.
You have been asked to write an article about data and software
vulnerabilities. Your article should be around 1000 words. Your
article should cover basic introductions to the topic, along with past
and present events. Your article should appeal to as many people
as possible, including an unfamiliar, lay audience and people in
affected businesses. It should cover different aspects of software
vulnerabilities that are relevant to their daily lives. The article
should also focus on the measures taken to minimize these risks at
industry, governments and consumer levels.
When conducting this task, you should collect as much information as you can by searching online. You can use snippets to
collect information that you deem useful for writing the report and
copy them into your article. Nevertheless, the article should be
well-written with a proper flow so that the readers would be able to
understand the context and get lots of information about this topic.”

To investigate how people’s geo-exploration behaviors relate to
their search exploration behaviors, we conducted a hybrid study
with a field study and a lab experiment. This section provides details
about the design of the study.

4.

3.1

4.1

Participants

In the recruitment stage for this study, we asked students of
Rutgers University to participate in a study through open calls via
various email-lists and social networking sites (e.g., Facebook).
Participants were each compensated $40 in cash upon completion
of the study. A total of 35 students participated during spring and
summer semesters of 2015.

3.2

Session Workflow

Each session’s workflow for this study is described in Table 1. We
invited participants to a lab in the school to introduce the study, and
install required apps on their phone. During the field study, participants were not asked to do anything specific except keep the mobile
app installed and answer the Big Five personality questionnaire [16].

3.3

Mobile App

The participants were given an app for their smartphones (Android OS) that recorded data about different locations they visit as
well as their phone call and SMS usage data. The app captured GPS
based location as well as approximate location based on nearest cell
tower. The unit of analysis for location data in this study was the
latitude, longitude tuple at the fourth decimal point resolution. This
roughly corresponds to 10m by 10m blocks and was selected as the
scale since current GPS data have a pseudo-range accuracy of about
8 meters at 95% confidence level1 . All data collected through the
1 http://www.gps.gov/systems/gps/performance/accuracy/

Lab Session

At the end of two-week field session, we brought the participants
to the lab where they were given an exploratory search task on the
topic of ‘cyber-security’ for 30 minutes, collecting as much information as possible to write a report as a result of the search. During
the task, users’ actions in the browser, such as visited Webpages and
queries, were recorded with timestamps. The task was presented as
follows:

EVALUATION FRAMEWORK

This section presents our evaluation framework that characterizes
exploratory behavior in search and in physical movment.

Exploration Behavior in Search

Most information seeking models [9, 13, 22] characterize exploration behavior in search tasks using the act of searching (through
queries, questions), and the outcome of searching (sources, documents). This insight provides us with two aspects of search tasks
where we could investigate exploration behavior: input to search
as expressed by queries, and output of search as represented by
the nature of the information (Webpages, in this case) discovered
i.e. clicked. The former can be measured using inter-query and
within-query diversity and the latter can be measured using novelty
of discovery suggested in [33]. These three measures are explained
below in details.

4.1.1

Inter-Query Diversity (ID)

One indicator of exploratory behavior in the searches conducted
by a user is the difference in attempted queries. To find the difference between two queries, we used Generalized Levenshtein
(edit) distance, a commonly used distance metric for measuring the
distance between two character sequences [24].

4.1.2

Within-Query Diversity (WD)

In information theory, entropy [34] refers to the amount of uncertainty of an unknown or random quantity. In information retrieval
literature, entropy is used to measure the effectiveness of combination of terms, for example, via the Maximum Entropy Principle
(MEP) [8]. Hence, here we gauge the relative unique and informative value of a specific query with an entropy-based measure. We

Session

Field Session

Lab Session

Procedure

Description

Time

Introduction

We introduce the study, and install the required app.

30 mins

Field task

Participants continue to use their phones throughout their everyday lives as the app collects their personal and
contextual signals. In the middle of this session, they are asked to answer to the personality questionnaire.

2 weeks

Introduction

We introduce the lab session and information-seeking tasks the participants will be given.

10 mins

Lab Task

Participants individually conduct an exploratory search task, including pre-survey and post-survey.

30 mins

Wrap-up

Wrap-up and (optional) interview.

30 mins

Table 1: Session Workflow
mobility in the information exploration context. Note that here we
considered the location data from the whole field session period.

first calculate the information entropy as follows:
|unigramsQa |

EntropyQa = −

∑

pu log2 pu

(1)

i=1

Where pu is the frequency of counts of each unigram, u appearing in
each query string, Qa , found in the entire dataset. The within-query
diversity for each user can be defined as the mean of entropy values
of each distinct issued query as follows.

4.2.1

Unique Locations

This is a measure of location-based activities: the total number of
unique locations visited by a user during the field session.

4.2.2

Location Diversity

NQ

WD =

∑a=1 EntropyQa
|Q|

Higher value of within-query diversity means that the participant
has entered diverse keywords in a query during the search task.

4.1.3

Novelty of Discovery (ND)

In an exploratory search task where there is plenty of information
available for a topic, one does not need to be skilled at exploration to
find a large amount of information. Therefore, what really exhibits
one’s exploratory behavior is the ability to find information that is
novel - not found by many. To measure this, we used Likelihood of
Discovery (LD), defined by Shah and González-Ibáñez [33]. LD for
webpage wpi is defined as follows:
LDwpi =

−1 · n{wpi }
|U|

(4)

Where |Coverage| is the set of distinct content pages that a user
visited. Thus, ND goes from −1/|U| (found most novel pages) to
−1 (found most common pages). For a large N this metric ranges
between −1 and 0 with a higher value indicating a higher propensity
to find novel information.

4.2

Where pi = percentage of overall visits that were devoted to location
i, and b is the total number of unique locations visited.
The diversity score measures how evenly a user’s geographic
movements are distributed between different locations, using Shannon Entropy [40, 28]. A user with low diversity distributes her time
unevenly across locations, whereas a user with high diversity spends
time evenly across many locations.

4.2.3

Location Loyalty

Loyalty characterizes the repetitions in user movements. Similar
to an animal going back to the same patch of grass, this characterizes
the tendency of a user to go back to his favorite locations.
k

L = ∑ pi

|Coverage|

LDwpi
∑i=1
|Coverage|

Modeling Geographic Exploration

Animal foraging literature has shown that different animals exhibit individualistic patterns of foraging (e.g. [18]). When presented
with a spatial distribution of “patches” with different utilities, animals face a trade-off between the conflicting demands of sampling
a variable environment and the exploitation of the most profitable
resources (e.g. [7]). The response of different animals to this tradeoff varies, and while some animals demonstrate higher degrees of
“diversity” across patches, others tend to show higher degrees of
“loyalty” to the known patches [39, 35, 17, 46]. We posit that similar
traits in human mobility behavior may be useful to model human

(5)

i

(3)

Here, n{wpi } is the number of users who found wpi and |U| is the
total number of users. Therefore, LD for a page goes from −1/|U|
(highest) to −1 (lowest). The Novelty of Discovery measure for
each user can be found as follows:
ND =

D = − ∑ pi · logb (pi )

(2)

(6)

i

Where pi = percentage of overall visits that were devoted to location
i, and k is the chosen threshold on a user’s favorite locations. In this
work, we consider k to be top-third of a given user’s most frequent
locations. Note that we employed the meaning of loyalty used in
[37] and adjusted it to our context given the limited number of
locations visited by the participants. A similar top-third threshold
has been adopted by multiple studies to demarcate the groups or the
relationships with highest tie strength or social prestige in the past
(e.g. [25].) In essence, the loyalty feature captures the degree of
repetition in a participant’s movement patterns.
The resulting values are between 0 and 1, with the larger numbers
meaning higher spatial loyalty. For example, a user with very high
spatial loyalty will spend almost all of her time (e.g. 80%) in her
favorite locations, while a user with low spatial loyalty might spend
only 40% of her time in the top-third of her visited locations.

5.

RESULTS

This section presents our findings resulting from exploratory analysis. This analysis starts with examining relationships between
variables using correlation analysis, and proceeds to build predictive models. Please note that for analysis we used data from 31
participants since geo-locational data from four participants were
missing.

5.1

Correlation Analysis

Beginning our investigations, we first used the evaluation framework described earlier and looked at if and how different aspects
of geo-exploration relate to aspects of search behaviors that exhibit
exploration. The results are presented in Table 2.

5.1.1

Unique Location

While Pappalardo et al.’s study [28] found aggregated mobility volume of individuals in municipal level related to the socioeconomic developments, a similarly defined feature was not found
to have predictive power on information seeking behavior at an
individual level.

5.1.2

Location Diversity

Results here show that Location Diversity was positively correlated with Within-Query Diversity (WD), while negatively related
to Novelty of Discovery (ND). This indicates that those who visited
more diverse locations were also likely to have more within-query
diversity and find less unique content. (See Discussion section for
more comments.)

5.1.3

Location Loyalty

Location Loyalty was positively correlated with Inter-Query Diversity (ID) and ND, but negatively correlated with WD. This shows
that people with higher loyalty to locations were likely to try different queries and encounter more novel information, but they were not
quite “adventurous” with each query they issued. In other words,
the more loyal someone to a location, the less likely they are to use
uncommon terms in their queries.
Variables
Unique

Inter-Query

Within-Query

Novelty of

Diversity (ID)

Diversity (WD)

Discovery (ND)

.285

-.318

.263

-.261

.433*

-.460**

.401*

-.440*

.548**

Locations
Location
Diversity
Location
Loyalty

Table 2: Correlation between Variables (*: p < 0.05, **: p <
0.01).

5.2

Prediction Model

Multiple significant associations found in the correlation analysis
motivated the use of a combination of geo-exploration features to
build a predictive model for different facets of information exploration - Novelty of Discovery, Inter-Query Diversity, and WithinQuery Diversity - as described in the previous section.
We proceeded to create two classes for the three output variables
(Novelty of Discovery, Inter-Query Diversity, and Within-Query
Diversity) based on a split at the median values. Thus for each variable, we ended up with two equitably sized classes corresponding
to “High” (above median) levels of exploration, and “Low” (below
median) levels of exploration.
We employed the Naive Bayes classifier to build the classification
models and employed 10-fold cross-validation to obtain the results.
We compare the proposed geo-exploration feature-based approach
with two different approaches. One is a baseline ‘Zero-R’ approach,
which simply classifies all data into the largest category. The second
approach is based on using personality variables, which have been

Figure 1: Correct classification percentage for the 3 information exploration behavior features.
shown by multiple efforts to be related to information exploration
(e.g. [43, 19]).
Given the equitably distributed classes, the baseline approach
simply resulted in 52% accuracy for all the classification tasks. As
can be seen in Figure 1, the geo-exploration features perform much
better than baseline methods for classification of the information
exploration behavior. On average the geo-exploration features could
correctly classify the information exploration category 70% of the
time, which marks a 35% relative improvement over the baseline
method.
The second alternative approach considered was based on personalitybased features. Using the well-accepted Big-Five features [16] to
represent the personality, the model classified the three output variables correctly 39% of the time. This suggests that traditional
personality type measures may not be suited to predict information
exploration in short-term exploratory search tasks. At the same
time, these results suggest that geo-exploration feature-based models might be able to capture behavioral traits that go beyond the
personality variables when explaining the information exploration.
Further investigation with larger samples is needed to confirm this
initial evidence.

6.

DISCUSSION

As suggested in [2], the results of this study also find a dichotomic
characteristic between location diversity and location loyalty. In
terms of our study’s approach, returners can be understood to have
higher location loyalty while explorers correspond to higher location diversity. Location diversity and location loyalty in Table 2
consistently encounter opposite directions of associations with other
variables, thus suggesting that geograpahic explorers and returners are likely to obtain opposite outcomes in terms of information
seeking too.
We also found a dichotomy between two aspects of an user’s
information behavior: input to search as expressed by queries and
output of search represented in the discovered (i.e. clicked) information. Seeing location diversity and location loyalty, diversity in
search keywords (WD) is negatively related to the propensity to find
novel information during search (ND). We consider this observation
quite interesting and will investigate it further in our future work.
Along the same line of (geo) explorers [29] and Web Explorers
[2], diversity in geographical visits (location diversity) is revealed to
have positive relationship with diversity of keywords during a search
session (WD). This result indicates that a person who explores more

places than others might have varied perspectives toward the given
topics and/or want to look at diverse aspects of the question.
While previous studies (e.g [43, 19]) have suggested associations
between personality traits and information seeking behavior, our
results suggest that geo-exploration behavior is able to predict the
information-exploration patterns more accurately than personality
descriptors. While our methodology is significantly different from
previous studies and focused on specific aspects of informationseeking behavior (exploration in short-term search settings), we
consider this to be an interesting opportunity for further research.
With further validation, the proposed approach can be used to
leverage search context effectively via data from ubiquitous sensors
such as smartphones. In addition to search engines adapting the
results based on users’ online behavioral data, and contextualizing
it with immediate sensor metadata (e.g. geo-location), IR systems
will be able to support personalized query recommendation methods
[45]. For example, dynamic query interface (e.g. [1]), in which
slide bars adjust to user’s interests and actions, can automatically
represent the user’s preference to diverse search queries based on
the personalized behavioral model. In this sense, while Pirolli and
Card [30] attempted to design information systems that provide “information scent” to users so that they could find useful clues during
tasks, our findings can guide the system to customize individual
“scent” to different users.
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[10]

CONCLUSION

This work motivates and grounds the use of geo-exploration data
as obtained via smartphones to understand and predict the information exploration behavior of users. We have identified multiple
geo-exploration features that have significant associations with a
user’s information exploration behavior, and found that the same
geo-exploration features can be combined to build predictive models
of an individual’s information exploration behavior that perform
significantly better than personality-based models.
Limitations of our work include the small, relatively homogeneous sample, as well as the constrained setting of undertaking
information exploration in a short-term laboratory experiment. Despite the aforementioned limitations, we consider the work to be
potentially transformative, as it connects the field of personalized
information exploration with human geo-exploration literature. Besides epistemological insights, such a connection may in future lead
to use billions of smartphones to design better-suited information
experiences for users.
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