Chapter 12
Inferring Thematic Places from Spatially
Referenced Natural Language Descriptions

Benjamin Adams and Grant McKenzie

Abstract Places are more than just a location and spatial footprint. A sense of
place is the result of subjective experience that a person has from being in a place or
from interacting with information about a place. Although it is difficult to directly
model a person’s conceptualization of sense of place in a computational representa-
tion, there exist many natural language data online that describe people’s experi-
ences with places and which can be used to learn computational representations. In
this paper we evaluate the usage of topic modeling on a set of travel blog entries to
identify the themes that are most closely associated with places around the world.
Using these representations we can calculate the similarity of places. In addition, by
focusing on individual or sets of topics we identify new regions where topics are
most salient. Finally we discuss how temporal changes in sense of place can be
evaluated using these methods.

12.1 Introduction

J. Nicholas Entrikin (1991) has written that narrative accountings of places are
essential resources for understanding the world because they provide “a distinct form
of knowing that derives from the redescription of experience in terms of a synthesis
of heterogeneous phenomena.” A key aspect of these narratives is that they come
from an individual point of view and therefore capture qualities of subjective
experiences. Much volunteered geographic information (VGI) on the Web comes
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in the form of unstructured, natural language descriptions of places on the Earth.
Examples of these kinds of descriptions include Wikipedia articles, travel blog
entries, and entries from microblogs such as Twitter. VGI place descriptions form
rich datasets for geographic analysis; however, the vast quantity of available infor-
mation begs for automated approaches to aid analysis. In this chapter, we describe
results of using topic modeling, a popular natural language-processing technique, to
identify the latent topics in a large corpus of travel blog entries that describe places
around the world. We examine how the topics are distributed over space and time
and how individual or combinations of topics can be drawn on a map to represent
places of thematic distinction.

Geography has traditions in both thematic and regional analysis. Thematic geog-
raphy examines the commonalities and the differences between geographic structures
through the lens of a particular theme, e.g., economics or politics. Regional geography
focuses on a particular region of the Earth and takes into account the unique spatial
organization of that region. Spatial heterogeneity is the notion that “geographic
phenomena do not oscillate around a mean, but drift from one locally average
condition to another” (Goodchild 2009). It is an important concept in geographic
information science since it means that statistical methods that treat the world as
flat will fail to accurately model many geographic scale phenomena. In a large
corpus of natural language documents, where the documents are associated with
one or more locations, the distribution of topics will be spatially heterogeneous.
Some common thematic patterns will be found across the documents that span
different geographic regions rather uniformly and other themes will be found that
are highly spatially and temporally correlated with particular locations and times.
Consequently, in these sorts of documents, there is grist for both thematic and regional
geographic analysis.

In this chapter, we describe a method for using topic modeling on georeferenced
natural language text to construct regions of thematic saliency. Topic modeling is
an automated data-mining technique that has enjoyed popularity as an effective
way to discover the latent topics in a large corpus of documents (Blei and Lafferty
2009). Informally, a topic is a semantically coherent grouping of terms that tend to
co-occur in a document. For example, a topic might be characterized by the words:
wine, vineyard, tasting, and cheese. A corpus of travel blog entries is used as an
exemplar in this chapter, but the techniques presented can be adapted to other texts
that are ordered in this manner. The text of each blog entry is modeled as a mixture
of topics produced through a random generative process and we generalize those
results over all the entries in a location. The result is that we can develop dynamic
statistical formal models of places out of highly unstructured volunteered data.
We show that some of the resulting topics correspond to specific geographic
locations and thus are applicable for predictive analytics of the form “Where (or
when) is this text about?” whereas other topics provide a means for thematic and
comparative exploration.

One result of applying topic modeling to a large corpus is that it effectively
reduces the dimensionality of the topic space allowing researchers to identify and
compare geographic contexts based on a fixed number of themes. This reduction of
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the corpus to an interpretable number of thematic dimensions creates potential for
different sorts of analysis. For example, as we show later in the chapter, the topics
discovered in the travelogues can be used to discern whether places are generally
viewed as natural places or rather dominated by descriptions of human made features.
In addition, by looking at the most prominent topics for a given place, researchers
can identify the landmarks, features, and associated activities that are most salient
in a place from the tourist’s perspective, which can be compared and contrasted with
other data about the feature distributions at a place or descriptions written by locals.
They can also be used to find places that otherwise might be very dissimilar but are
analogous with respect to specific thematic dimensions. Finally, when looking at a
corpus of travelogues that spans over time, researchers can use this methodology to
better understand how the touristic image of a place has changed over time.

The fundamental premise behind our approach for creating thematic regions
is that a natural language document that describes a place is an observation of
phenomena at a particular location, X, and the mixtures of topics that compose
these kinds of observations will be spatially autocorrelated. This can be viewed as
a rewording of Tobler’s first law that near places are more similar than far apart
places (Tobler 1970). Note, that while the mixtures of topics will show spatial
autocorrelation, the individual topics that make up those mixtures will have differing
degrees of global spatial autocorrelation. In other words, some topics are more
local than others.

The remainder of this chapter is organized as follows. In Sect. 12.2, we present
background information on topic modeling, place, and related work on using topic
modeling to find regional topics. In Sect. 12.3, we present the data collection and
preprocessing process. Section 12.4 shows the results of running latent Dirichlet allo-
cation (LDA) on the data and details the method to describe and analyze places
from these results. In Sect. 12.5, we show how the topics generated can be visualized
and how the regional extent of topics can be mapped, and in Sect. 12.6, we look
at temporal analysis of the themes. Finally, we conclude with future research.

12.2 Background

In this section, we provide background information on place, topic modeling, and
related work.

12.2.1 Place

According to Tuan, place is space infused with meaning, i.e., a way of making sense
of the world (Tuan 1977). Another commonly cited definition of place by Agnew
is that it is the combination of location, locale, and sense of place (Agnew 1987).
By this definition, sense of place is subjective and is a product not only of the physical
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structure of a place but also the phenomenological experiences that an individual
has when in a place or when observing a reference to a place (e.g., reading about it)
(Cresswell 2004). The conceit of the methods presented in this chapter is that
what people choose to write about a place reflects their sense of that place, and by
generalizing over many people’s writings, we can extrapolate an aggregate view of
aplace. By doing this kind of analysis, we remain agnostic on the question of whether
to approach the study of place from a relatively decentered and objective perspective
or relatively subjective perspective (Entrikin 1991). Because topic modeling
operates on the level of individual documents, analysis can be performed on the
level of aggregations of descriptions (as we do below), or it can be done on the level
of individual descriptions reflecting a more individualized notion of place.

Despite the importance of place in geography and related disciplines, there has
not been much success in formally modeling sense of place in geographic information
systems. The operationalization of place has, however, been identified as an important
research agenda; notably, an issue of the journal Spatial Cognition and Computation
was dedicated to this question (Winter et al. 2009). Multidimensional measures of
sense of place have been explored in human geography, but they tend to be tested using
psychological experimental studies of very specific geographic settings, e.g., lakeshore
properties (Jorgensen and Stedman 2006). The goal in this chapter is to explore
unsupervised ways of operationalizing place using a much larger, crowdsourced
dataset generated by many different people.

12.2.2 Topic Modeling

Generative topic modeling encompasses a suite of unsupervised data-mining methods
for uncovering the semantic structure of textual documents in a large corpus (Steyvers
and Griffiths 2007). A generative topic model is a statistical model that explains
how the words found in documents are generated as the result of a random process.
For the most popular generative topic model, LDA, each word in a document is
chosen from one of a set of topics that are shared among all the documents in the
corpus (Blei et al. 2003). Each document is modeled as a unique mixture of topics
(i.e., a multinomial distribution over topics), and each topic in turn is a multinomial
distribution over words. Therefore, to generate each word, one can imagine two
weighted dice being tossed. The first die has as many sides as there are topics and is
weighted uniquely for each document. It is used to probabilistically sample a topic.
Then, given the selected topic, we toss another dice specifically weighted for that
topic and with as many sides as there are words in the corpus, drawing the word.
This generative process is easily extended and can take into account other informa-
tion, such as authorship, which has lead to a number of variants of LDA (Steyvers
et al. 2004). Topic models are bag-of-words models, which means that the order
and syntactic context of the words in the text do not factor in the result.

The goal of topic modeling is to infer the latent variables (i.e., the weights on
the dice) most likely to have generated the observed words in a corpus of existing
documents. This inference is a Bayesian-inferencing problem on a large probabilistic
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graphical model. The main innovations in topic modeling over the last decade have
been to develop efficient algorithms for approximating this inference, given that an
exact solution to the problem is computationally intractable. Algorithms that use a
Gibbs sampling Markov chain Monte Carlo (MCMC) approach have proved effec-
tive to approximate parameters (see Griffiths and Steyvers 2004; Bishop 2006).

When running an LDA inference, the inputs are the ¢ and 3 hyperparameters,
the number of topics, and the observed data. The o hyperparameter determines
how many topics are assigned to a given document (a very small o will essentially
assign one topic to every document). The hyperparameter determines whether the
words are distributed more or less evenly over the topics. A number of excellent
implementations of LDA based on MCMC are freely available. For the work presented
in this chapter, we used the topic modeling toolkit contained within the MAchine
Learning for LanguagE Toolkit (MALLET) (McCallum 2002).

LDA is very modular, and several extensions to LDA have been developed,
including ones that allow for learning the number of topics, supervised labels,
and correlations between topics (cf. Blei and Lafferty 2006; Teh et al. 2006; Li and
McCallum 2006; Blei and Mcauliffe 2008). Extensions add to the computational
complexity of the approximate inferencing, however. In the analysis presented in
this chapter, we utilized the original LDA model, though the post hoc spatial analyses
of the topic modeling results presented here are fully compatible with any of the many
topic modeling variants.

12.2.2.1 Similarity of Documents

The Kullback-Leibler divergence, D,, , (also known as the relative entropy) of the
topic distributions of two documents can be used as a similarity measure. Let P and
Q be probability distributions of a random discrete variable:

P(i)
0(i)
Kullback-Leibler is an asymmetric measure; i.¢., the distance from P to Q is dif-

ferent than the distance from Q to P. If a symmetric measure is desired, then the
Jensen-Shannon divergence, D, can be used instead:

Dy (P1Q)=2_P()log
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D, (P|0)= EDKL (Pl M)+EDKL (o|m).

where M :%(P-ﬁ- Q).

12.2.3 Related Work

A location topic model for travelogues has been developed that explicitly decom-
poses documents into local and global topics (Hao et al. 2010). There has been some



