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“To construct a sentence is to breathe life into an amorphous mass of words,
establishing a set of connections between them.”

Tesniere (1959)
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1. INTRODUCTION 1

Chapter 1

Introduction

1.1 Motivation

The value of text data in generating actionable insights is well recognized in marketing research
(Berger et al. 2020). A central challenge in analyzing text data lies in its inherently interdisci-
plinary nature. On one hand, text can be viewed as a linguistic object, placing its analysis within
the domain of language research or linguistics. On the other hand, texts represent a form of
unstructured data, which can be analyzed statistically to uncover latent patterns and infer their
semantic content — an approach situated within applied statistics or automated text processing.
To derive marketing-relevant insights from text data, it is necessary to integrate these disciplinary
perspectives into a unified analytical framework (Berger et al. 2020). Figure 1.1 illustrates the
conceptual foundations combined in this dissertation to position it within the field of “Natural
Language Processing (NLP) in Marketing.” At its core, this work contributes to marketing re-
search, which is concerned with the systematic collection and analysis of data to draw inference
about customers and market-level behavior (Lee & Bradlow 2011). Marketing analyses are
inherently targeted, focusing on selected markets, customers, or product categories. To support
such analyses, this thesis draws on methods from automated text processing — specifically, topic
modeling. The application of topic models in marketing contexts has already demonstrated
substantial promise (Reisenbichler & Reutterer 2019). In addition, this work incorporates meth-

ods and theories from language research, particularly syntactic parsing using the Universal
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1. INTRODUCTION 2

Language
Research
“hOW”

Marketing
research

NLPin
Marketing

Automated
Text Processing
“What”

Figure 1.1: Positioning of this thesis at the intersection of Marketing Research, Language Research,
and Automated Text Processing.
Dependencies (UD) framework (De Marneffe et al. 2021). The analysis of syntactic structures
has also proven valuable in marketing-related studies (e.g., Atalay et al. 2023).

Syntactic structure is understood as a complementary layer of information that extends
beyond surface-level word co-occurrence and can enhance topic inference. The integration
of UD with topic models has not yet been systematically explored. This thesis addresses
this gap by proposing labeled UD-LDA, an autocorrelated topic model conditioned on UD
structures, and evaluating it against benchmark models using standard topic modeling metrics
across three customer review datasets. It consistently achieved better model fit and more
distinctive topics while maintaining competitive coherence, showing that syntactic constraints
can enhance performance without sacrificing interpretability. Further analysis revealed that the
type of syntactic relation systematically influenced topic propagation between words, providing

a linguistic explanation for how the model captures thematic interdependencies within sentences.

1.1.1 Different perspectives on text data

In the context of this research, text data offers two complementary avenues for generating

insights. The first focuses on identifying the specific content conveyed in texts — inferring “what”
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1. INTRODUCTION 3

underlying themes or topics are presented. The second examines the structural composition of
texts — understanding “how” language is constructed and used (see Figure 1.1).

An approach primarily concerned with the “what” dimension of text falls under the domain
of text mining or automated text processing. Netzer et al. (2012) define text mining as “the
process of extracting useful, meaningful, and nontrivial information from unstructured text.”
The central aim is to uncover informative content by detecting patterns in textual data. Simple
techniques include counting word frequencies, for example, tracking how often a brand is
mentioned in social media posts. More advanced methods, such as embedding models, represent
words as multidimensional vectors in a continuous space, placing semantically related terms in
close proximity based on contextual similarity (see, e.g., Mikolov et al. 2013). Topic models
such as those introduced by Blei et al. (2003) and adapted for marketing by Biischken & Allenby
(2016, 2020, 2025), identify latent themes by analyzing word co-occurrence patterns across
documents.

A common characteristic of these approaches is extensive pre-processing of raw text. This
may include removing rare words, stemming or lemmatizing tokens, or substituting synonyms.
As a result, the analyzed text often differs significantly from its original form. However, the
goal is not to examine linguistic structure per se, but to use text as a medium for uncovering
underlying content-related phenomena.

In contrast, analytical interest may also center on “how” texts are structured. One of the
defining features of text data is the flexibility authors have in expressing information: They may
write in complete sentences or bullet points, adopt an emotional or neutral tone, and vary in
syntactic complexity. When the primary focus lies in such structural aspects, text is no longer
treated merely as unstructured data — it is understood as language. Accordingly, such methods
are conceptualized in this study as linguistic approaches to text analysis.

Examples include Parts-of-Speech (POS) tagging, which identifies the grammatical cate-
gories of words in a sentence (e.g., Petrov et al. 2011, Kronrod et al. 2022); sentiment analysis,
which quantifies the emotional tone conveyed in text (e.g., Rocklage et al. 2023); and syntactic

parsing, which reveals the grammatical relationships among words in a sentence (e.g., Nivre

Dissertation Thomas Michael Ruf3er-Strobel, 2026



1. INTRODUCTION 4

et al. 2020, De Marneffe et al. 2021). This illustrates how linguistic approaches examine the
structure and usage of language.

It is important to underscore that language and text data can be approached from multiple,
complementary perspectives. This does not mean that analytical methods belong strictly to one
category or the other. Rather, these perspectives are often interdependent: The form (“how”)
of linguistic expression influences its meaning (“what”), and vice versa. This interdependence
underpins the rationale for integrating both perspectives when analyzing text in marketing

contexts.

1.1.2 Text data analysis in Marketing

The analysis of text data in marketing is typically driven by a specific goal, which we refer to as
a “targeted analysis”. This means that the examination of textual data is aligned with a clearly
defined, marketing-relevant objective (see Table 1.1). For example, one objective might be to
investigate how textual complexity (i.e., how language is structured) influences social media
engagement (Pancer et al. 2019), or to assess the impact of syntax and sentence construction on
the effectiveness of marketing messages (Atalay et al. 2023). Other objectives may center on
content-based insights (i.e., what is being communicated), such as deriving perceptual brand
maps from textual data (Netzer et al. 2012), or identifying latent topics in customer reviews to
predict satisfaction ratings (Biischken & Allenby 2016). In all cases, marketing research begins
with a clearly defined objective that shapes the subsequent text analysis.

The targeted nature of such analyses also affects the type and scope of data deemed suitable.
Consider the following example: Suppose we operate an upscale steakhouse in Los Angeles,
California, and our objective is to identify latent themes in customer reviews that contribute
to satisfaction or dissatisfaction. In this context, analyzing a large and diverse collection of
restaurant reviews from around the world would provide limited actionable insight. The reasons
for (dis)satisfaction among patrons of various restaurant types, price points, and locations are
too heterogeneous to support specific, context-sensitive decisions. Instead, the focus must lie in
uncovering drivers of (dis)satisfaction among a defined target group — namely, guests of upscale

steakhouses in the Los Angeles area. This clientele may have particular expectations, such as
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1. INTRODUCTION 5

the origin or aging process of the meat, which are only revealed through a carefully curated
and context-specific dataset. In such a case, the dataset might include reviews restricted to a
specific cuisine, price tier, and geographic region.

This pattern of deliberate data selection is also evident in prior marketing studies using text
data (see Table 1.1). Datasets are often focused on narrowly defined product categories such as
digital cameras (Lee & Bradlow 2011), sedan cars (Netzer et al. 2012), books (Ludwig et al.
2013), or oral care products (Timoshenko & Hauser 2019). Typically, these datasets consist of a
few thousand documents — ranging from product reviews and social media comments to blog
posts, essays, or articles. While these volumes exceed the scale of manual analysis, they remain
modest compared to the massive datasets used to train general-purpose language models.! In
short, the targeted nature of marketing-related text analysis inherently constrains the volume of
usable data. This makes it all the more essential to use available textual information as efficiently

as possible — an idea that will be further elaborated in the next section.

1.1.3 Combining “how” and “what” for Marketing Insight

The aim of this thesis is to identify latent topics — i.e., what is conveyed in customer reviews.
To this end, probabilistic topic models such as Latent Dirichlet Allocation (LDA; Blei et al.
2003) are commonly employed. In LDA, topics are modeled as probability distributions over a
fixed vocabulary, while each document (e.g., a customer review) is represented as a probability
distribution over those topics. A foundational assumption of Latent Dirichlet Allocation (LDA)
is the bag-of-words (BoW) assumption, which posits that the topic assignment of each word is
conditionally independent of all others, given the document-level topic distribution. As a result,
word order and syntactic structure are ignored. Topic inference relies solely on how often words
appear together within a document, regardless of their position or grammatical relationship.
Under this assumption, any ordering of words is admissible, as illustrated in Figure 1.2 (1) where
the document is represented as a word cloud.

However, a comparison with the original review reveals that much of the information about

how the text is structured is lost. The specific word order (e.g., readability), the presence or

!For comparison, Brown (2020) introduce GPT-3, a 175-billion-parameter model trained on a dataset comprising
300 billion tokens.
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. INTRODUCTION

Author(s)

Marketing Related Objective

Data Set(s)

Ludwig et al
(2013)

Investigate the influence of emo-
tions and writing style in con-
sumer reviews on online retailers’

conversion rates

18,682 book reviews obtained

from Amazon

Schweidel & Moe
(2014)

Infer brand sentiment from posts
conditional on the social media

venue

7,565 comments related to an en-
terprise software brand; 4,173
comments related to a telco brand

Pancer et al. (2019)

Relation of textual complexity
(readability) and social media en-

gagement

4,000 posts from a single Face-

book page in a two year period

Labrecque et al.
(2020)

the

between linguistic (pronoun)

Investigate relationship
choices and consumer engage-
ment (liking, commenting and

sharing) with social media posts

15,788 postings from the global
top-100 brands in the year 2015

Atalay et al. (2023)

Investigate the role of syntax
in designing effective marketing

messages

13.7 million reviews of 500,000
different products available on
Amazon; 1,012 transcribed con-
versations from the persuasion

for good dataset

Lee & Bradlow
(2011)

Describe market structure by in-
ferring brand-attribute associa-

tions from phrases

8,226 digital camera reviews in a

four year period

Netzer et al. (2012)

Infer market structure brand per-

ceptual maps from UGC

568,174 sedan car forum mes-
sages; 670,000 diabetics drug fo-

rum messages

Biischken & Al-
lenby (2016)

Infer topics from UGC that allow
for predicting customer ratings

696 Italian restaurant reviews;
3,212 upscale hotel reviews;

1,255 midscale hotel reviews

Timoshenko &
Hauser (2019)

Infer customer needs from UGC

115,000 oral-care reviews; 7,000
kitchen application reviews;
11,000 skin treatment reviews;
500,000 sentences from social

listening about prepared food

Hong & Hoban
(2022)

Predict each sentence’s contribu-
tion to the success of creative ap-

peals

60,943 essays from a crowdfund-

ing platform for teachers

Table 1.1: Overview of Objectives and Datasets in Text-Based Marketing Research.
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1. INTRODUCTION 7

absence of punctuation, sentence structure, and grammatical relationships between words are all
disregarded under the BoW assumption. In LDA, the only information considered relevant is
co-occurrence of words at the document level.

This thesis argues that such a limited perspective represents an inefficient use of available
textual information. Text data inherently contain rich structural cues that extend beyond simple
co-occurrence patterns. Incorporating such information into topic models can enhance topic
inference by considering not only what is said, but also how it is expressed. Indeed, prior research
has demonstrated the benefits of integrating structural features into topic modeling frameworks.
For example, Wallach (2006) augment LDA with bigram information to model sequential word
dependencies. Biischken & Allenby (2016) assign a single topic per sentence, using sentence
boundaries as structural units. Biischken & Allenby (2020) model serial transitions in topics
based on punctuation and word order. Other work has incorporated syntactic structure more
explicitly: Balikas et al. (2016) use noun phrases and sentence boundaries to constrain topic
assignment, while Boyd-Graber & Blei (2008) model topic transitions using unlabeled syntactic
dependencies. These examples suggest that the structural dimension of text (i.e., the how) can be
effectively employed to inform and refine topic inference.

Some structural features are directly observable (e.g., punctuation, sentence segmentation),
while others require pre-processing, such as syntactic parsing. For the latter, standard software
packages can be used during the data preparation phase. Figure 1.2 (2) presents an example
of a syntactic dependency tree constructed using the Universal Dependencies (UD) framework
(Nivre et al. 2020). UD is a cross-linguistic annotation framework that represents grammatical
structure through labeled head-dependent relations between words. Its design facilitates con-
sistent syntactic analysis across languages, providing a linguistically principled representation
of sentence structure (see Chapter 2.1.3 for a detailed overview of the framework). Even at
a glance, it is evident that the UD representation retains considerably more structural detail
than the BoW format. Specifically, UD encodes two forms of structural information that are of
particular interest for this study.

First, UD encodes grammatical relations as directed dependencies between head and

dependent words. As shown in Figure 1.2 (2), these relations are not aligned with word order:
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1. INTRODUCTION

Figure 1.2: Comparison of an American Restaurant review represented as a bag-of-words and as

Universal Dependency trees. The “cloud” representation in 1) indicates that any word
order is admissible.

The baked potato was well done with a nice crispy skin.
Everyone remarked how well the staff was.

k was tat done baked
a potato ake nice
staff - i
o skin everyone well crispy
e well with
remarked
was how the
2) root
rootl
. done .
passive oblique
nominal subject nominal

passive
potato auxiliary,

adverbial

determiner adjeg.';l.val was well case jectival adjectival
g marking odifi modifier
the baked with a nice crispy
root
rootl
. remarked
nominal clausal
Mp[ement
everyone ) well
adverbial
modifier copula
how staff was

ldeterminer

the

Notes. Top: Original Review. 1: Review in bag-of-words representation. 2: Review in Universal Dependency

representation. Arrows indicate syntactic head-dependent relationships between words. Blue labels specify the
syntactic type of head-dependent relationship.
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1. INTRODUCTION 9

they can span non-adjacent words and operate in either direction. For example, the dependency
potato — baked runs counter to the reading direction, while skin — nice bypasses the intervening
word crispy. These structures reveal words’ relationships which cannot be captured by bag-of-
words models or models of sequential word order. Further, syntactic dependencies often reflect
intuitive thematic relationships between words. In the relation potato — baked, the head word
“potato” conveys the main topical content, while “baked” refines its meaning without introducing
a separate topic. Similarly, the dependents “nice” and “crispy” refine the meaning of their head,
“skin”.

This observation motivates a shift in how topic assignment is conceptualized. This thesis
hypothesizes that topics are not independently assigned to each word, but may instead be
propagated along the edges of syntactic dependency trees. This leads to the first research

question:

RQ1: Does a topic model that conditions topic propagation on UD-based syntactic
dependencies yield an enhanced representation of the latent topic structure in text

datasets?

Second, Universal Dependencies are typed — each syntactic relation is annotated with a
label that specifies the type of dependency between head and dependent (see Figure 1.2
(2)). These labels introduce an additional layer of linguistic information that may support more
nuanced modeling of topic structure in text.

It is plausible that certain types of syntactic relations signal stronger thematic connections
than others. For example, the UD framework defines various modifier relations such as amod
and advmod, in which the dependent word refines or specifies the meaning of the head. In the
relation amod(skin, crispy), the adjectival modifier “crispy” elaborates on the meaning of “skin”,
indicating a close topical association.

By contrast, the relation ccomp(remarked, well) reflects looser thematic ties. In this case,
“remarked” is the predicate in the main clause, while the dependent “well” belongs to a sub-
ordinate clause that functions as a clausal complement (“how well the staff was”). Crucially,

the main clause (“everyone remarked”) remains grammatically complete and intelligible even
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1. INTRODUCTION 10

without the complement, which provides optional elaboration rather than essential information.
This syntactic configuration implies a weaker dependency at the topical level, as the thematic
continuity between head and dependent is less tightly coupled.

These examples support the hypothesis that the probability of topic propagation between
syntactically linked words may vary depending on the type of dependency relation. This

motivates the second research question:

RQ2: Does the type of syntactic dependency, as indicated by UD labels, contribute
to explaining the probability of topic propagation along the edges of dependency

trees?

To address these research questions, we develop a conceptual topic model that incorporates
structural features of text (the how) into the inference of latent topics (the what). Specifically, we
propose the labeled UD-LDA, a topic model that allows for topic propagation between syntacti-
cally connected words. While the mechanism of topic propagation builds on the autocorrelated
structure introduced by Biischken & Allenby (2020), our approach introduces a key extension:
we restrict topic propagation to head-dependent pairs identified through UD parsing. That is,
topic propagation is only permitted along the branches of syntactic UD trees, and the probability
of such topic propagation is conditioned on the type of dependency relation.

The labeled UD-LDA model is empirically applied to three customer review datasets represen-
tative of common use cases in marketing research. Its empirical performance is evaluated against
classical LDA, which operates under the BoW assumption, and against models that incorporate
alternative forms of structural information, such as word order and sentence boundaries.

The aim of this thesis is to explore the role of syntactic structures — specifically, labeled UD
trees — in the modeling of topic dependencies. We seek to understand whether and how syntactic
dependencies inform topic inference, and which relation types are most influential in driving or
inhibiting topic propagation. This work does not aim to define the boundary conditions of the
model, such as optimal document or sentence length for exploiting syntactic structure. Instead, it
adopts an exploratory perspective to assess whether syntactic annotations provide meaningful

signals for enhancing topic models.
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1. INTRODUCTION 11

1.2 Structure of the thesis

The structure of this study is as follows:

Chapter 2 approaches text data from two distinct perspectives. Section 2.1 adopts the “how”
perspective, focusing on the syntactic and grammatical structure of language, with particular
attention to the operationalization of language structure through the UD framework (Nivre et al.
2020). Section 2.2 then turns to the “what” perspective by introducing LDA (Blei et al. 2003), a
widely used topic model for inferring latent themes in text.

Chapter 3 addresses the central tension between the BoW assumption in LDA and the
syntactic structure of language captured by UD. Section 3.2 reviews topic model extensions that
incorporate structural features of language into the topic inference process. Section 3.3 then
presents the proposed integration of the “how” and “what” perspectives through the development
of the labeled UD-LDA, a novel topic modeling approach that conditions topic inference on
syntactic dependencies.

Chapter 4 presents an empirical evaluation of the labeled UD-LDA using three consumer
review datasets representative of typical marketing applications. Section 4.2 assesses the model’s
empirical performance against several benchmarks, focusing on model fit and topic quality.
Section 4.3 investigates how different syntactic dependency types influence topic propagation at
the sentence level.

Finally, Chapter 5 concludes the thesis with a discussion of the findings on the relationship
between linguistic form and content — and outlines key limitations and directions for future

research.

Dissertation Thomas Michael Ruf3er-Strobel, 2026



2. TWO PERSPECTIVES ON TEXT DATA “HOW” & “WHAT” 12

Chapter 2

Two perspectives on text data ‘“how” &

‘“‘what”’

2.1 ‘“‘How” - syntactic structure of language

2.1.1 General motivation for considering structural elements of language

When people write about their experiences in consumer reviews, blog posts, discussion forums,
or other media, they tend to formulate readable and understandable sentences. Tesniére (1959)
observed that, unlike a dictionary, words within a sentence are not perceived in isolation.!
Constructing sentences involves establishing connections between words which can be described
in terms of syntax (grammatical structure) and semantics (meaning). Against this background,
Futrell et al. (2020) define grammar as a “function from form to meaning or from meaning to form,
or in terms of an intermediate representation from which both meaning and form are derived”.
We view such a grammatical system as a bidirectional bridge between form and meaning, where
meaning can be inferred from form and vice versa. Without a proper grammatical structure,
understanding a sentence’s meaning becomes significantly more challenging (e.g. Tesniére 1959,
Futrell et al. 2015, Atalay et al. 2023). This challenges the common assumption among data
analysts — especially in bag-of-words models — that textual data are inherently unstructured. In

reality, language follows specific syntactic patterns that shape both form and meaning. When

INote that an alphabetically ordered dictionary still exhibits greater structural organization than a “bag of words”.
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learning a new language, a substantial part of the process involves studying its grammar. Humans
rely on such grammatical knowledge — often applied implicitly in their native language — to
interpret meaning. However, machines and algorithms lack this innate understanding unless it
is explicitly embedded in the data modeling process. This underscores the need for a formally
constructed, computationally processable framework that systematically represents the syntactic

and semantic relationships within textual data.

2.1.2 Constituency and dependency formalism

A fundamental question concerns the effective representation of the inherent syntactic structure of
sentences, especially for the purpose of using this type of information to improve topic modeling.
Constituency (or phrase) structure and dependencies are two common representations of the
linguistic structure of sentences. Phrase structure trees represent nested multi-word constituents,
while dependency trees depict the relationships between individual words. We briefly describe
both formalisms, highlighting some of their advantages and disadvantages, using the following

example sentence that one can find in a typical consumer review of New York City hotel visitors.

we went to New York and had a great time

Constituency: Syntactic constituency holds that groups of words can function as single units,
or constituents. To determine whether a sequence of words forms a constituent, various tests can
be applied. For example, constituents can often be repositioned within a sentence, as in “we [had
a great time] and [went to New York]”. They can also be substituted, as in: “we [traveled] and
had a great time” (Jurafsky & Martin 2021). These tests highlight how constituency reveals the
internal structure of sentences. A phrase is a specific type of constituent headed by a particular
word class, and its type indicates the internal organization of the phrase. Among the most
common are noun phrases (NP) and verb phrases (V P): noun phrases (NP) are made up of a
sequence of words centered around at least one noun, exemplified by “a great time”. The verb
phrases (V P) in English consist of a verb surrounded by various other elements, as illustrated by
“went to New York”.

To identify the constituency structures of sentences, formal generative rules such as Context-
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ROOT
I
S
|
| VP
| |
I VP I |
I - I |
| | PP | VP
b |___ | |
NP | | NP | | NP
| | | | I
PRP VBD IN NNP NNP CC VBD DT J3J NN
il I I I | & | I I
we went to New York and had a great time

Figure 2.1: An example of a constituency parse tree.

Free Grammars (CFGs), also known as Phrase Structure Grammars (PSGs), are required
(Jurafsky & Martin 2021). A CFG serves both as a mechanism for generating sentences and as
a tool to assign a grammatical structure to a given sentence (“constituency parsing”). A CFG
consists of production rules (A — B) that define valid symbol combinations. It distinguishes
between non-terminal symbols, which represent grammatical categories (e.g., POS or phrases),
and terminal symbols, which are the actual words of the language, typically listed in a lexicon.
CFG rules allow for hierarchical embedding. For example, the rule S — NP VP states that a
sentence () may consist of a Noun Phrase (NP) followed by a Verb Phrase (V P), as shown in
Figure 2.1. A further rule like NP — NN|NNP|PRP specifies that a Noun Phrase (NP) may
consist of a noun (NN), proper noun (NNP), or personal pronoun (PRP) - each representing a
POS category. Introducing terminal rules, such as NNP — New|York, connects the grammar
to actual words, indicating that the proper noun (NNP) can be realized by words “New” and
“York™. This hierarchical system supports the construction of tree-like structures to represent
sentence grammar, as illustrated in Figure 2.1.

Collections of syntactically annotated sentences with constituency parses that have been
reviewed and corrected by human experts are known as treebanks. The Penn Treebank (Marcus
et al. 1993) is one of the most widely used resources for English. Treebanks serve as training

data for publicly available parsing models, which are used to automatically generate constituency
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parses from raw text. The sentence shown in Figure 2.1 was parsed using the Stanza Python
library (Qi et al. 2020).

The analysis of the tree in figure 2.1 reveals a nested (recursive) arrangement of constituents.
For example, the word “time” appears within a noun phrase (N P), which is embedded in a verb
phrase (V P), itself nested within another verb phrase (V P), and ultimately within a sentence
(S). As a result, each word may be associated with multiple nodes in the constituency tree, a
property known as one-to-one-or-more correspondence. However, for certain applications, a
flat, non-recursive structure that assigns each word to a single, clearly bounded unit may be
more practical or computationally efficient. One method of avoiding the recursive nature of
constituency trees is partial parsing. This strategy focuses on identifying non-overlapping,
non-recursive elements within the text (Abney 1997). Rather than constructing a full recursive
tree, it extracts only flat, non-nested constituents. This process can be facilitated by techniques
such as noun phrase chunking, where information from the complete parse tree, as illustrated in
Figure 2.1, helps identify noun phrase chunks. Specifically, sequences of Parts-of-Speech (POS)
tags are used to define rules for chunking (e.g., Abney 1997,Bird et al. 2009). For example, in
Figure 2.1, the sequence of a determiner (DT'), followed by an adjective (JJ) and a noun (NN),
signals a noun phrase chunk: [a great time]. Moreover, the non-terminal symbols located just
above the POS tags in the full parse tree (such as NP) can further aid in identifying noun phrase
chunks. The sentence, with noun phrases chunked and enclosed in brackets, would appear as

follows:

[we] went to [New York] and had [a great time]

This non-recursive, flat representation is often more compatible with applications that require
discrete, clearly bounded text units. For example, phrase-level groupings such as noun phrases
can be treated as semantically coherent units, making them attractive for analyses that benefit
from localized meaning (Balikas et al. 2016).

However, this simplification also comes with limitations. Important relational cues between
words may be lost. For example, while the noun phrase “New York™” might signal a reference to

the city, its interpretation depends heavily on its connection to the verb “went”, which reveals
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it as a destination for travel. Similar surface structures — like “we dined in New York™ — could
imply different types of activities (e.g., dining, lodging, sightseeing), depending on the verb.
Such distinctions are preserved in the complete recursive constituency tree, where both the verb
and the noun phrase are contained within a higher-level verb phrase (V P), such as “went to New
York” (see Figure 2.1).

Another limitation of constituency-based trees, as in Figure 2.1, is that they do not explicitly
represent the relationships between words within a phrase. Take, for example, the internal
structure of the noun phrase (NP) “a great time”: All three words appear adjacent within the
same constituent, but the tree provides no information about their relative importance. This
raises the question of what “importance” means — whether it refers to the grammatical role that a
word plays in defining the type of phrase or its semantic contribution to the phrase’s meaning.
To address this, syntactic constituents can be linked to a lexical head using head-finding rules.
The head is typically considered the grammatically most significant word in a phrase, that is, the
word that determines the phrase’s syntactic category. For example, in the prepositional phrase
(PP) “to New York”, traditional grammatical head-finding rules identify the preposition “to”
as the head, as it determines the type of phrase (Miller & Miller 2011, pp. 49ff.). However,
this approach is not without controversy. Johansson & Nugues (2007), for instance, assign
head status to “New”, the first non-punctuation word following the preposition, placing greater
emphasis on semantic content than grammatical structure. From this perspective, semantic heads
are those words that contribute the most to the meaning of a phrase. In downstream applications
that aim to infer what a text is about, identifying the semantically most informative word may be
more useful, as it helps capture the meaning of a phrase. However, incorporating this semantic
information into constituency parses requires additional pre-processing. Semantically motivated
head-finding heuristics, such as those proposed by Johansson & Nugues (2007), provide a
promising foundation. However, this approach also moves us closer to dependency structures, a

framework explored in the following section.
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Figure 2.2: Dependency parse tree annotated with Universal Dependencies.

Dependency: A second family of formalisms used to represent sentence structure is depen-
dency grammar. Contemporary theories of dependency grammar build largely on the foundational
work of Tesniere (1959). The core principle of dependency grammars is that syntactic structure
is defined through directed, typed, binary relations between words (Jurafsky & Martin 2021).
The term binary means these dependencies link pairs of words only — dependencies between
multi-word constituents are not defined, making words the primary unit of analysis. Dependen-
cies are directed, with one word serving as the head and the other as the dependent. Moreover,
dependencies are typed, meaning each dependency is annotated with a label that specifies the
syntactic function of the dependent relative to the head. Consequently, the dependency structure
of a sentence can be represented as a directed graph G = (V,A), where V is the set of vertices
corresponding to the words of the sentence, and A is the set of labeled, directed arcs representing
dependencies (Jurafsky & Martin 2021). Figure 2.2 illustrates this concept with an example sen-
tence represented as a dependency graph. A detailed description of abbreviations and examples
is provided in Appendix A.1. These graphs, commonly referred to as dependency trees, exhibit

several notable properties (Jurafsky & Martin 2021):

1. Each sentence contains exactly one root node — the only word word that does not depend

on any other and instead functions as its own head.

2. Every other word in the sentence has precisely one head (i.e., one incoming arc), ensuring

that all words are connected to the root via a unique path.
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3. Each node V in the tree corresponds to exactly one word in the sentence, maintaining a

strict one-to-one correspondence between words and nodes.

The structure of dependency trees — acyclic graphs with one head per word — reduces
structural complexity compared to constituency trees, which involve nested constituents. This
property is advantageous for text modeling, as dependency grammars describe grammatical
relationships at the word level, matching the granularity used in such applications. For any
word in a sentence, there is exactly one corresponding node in the dependency tree. The single
incoming arc to this node indicates its head word and specifies the type of syntactic relationship.
Consequently, each dependency can be represented as a labeled triple: label(head,dependent)
(De Marneffe & Manning 2008).

These dependency labels specify the syntactic relationship between a dependent and its
head. The exact set of labels varies by dependency annotation scheme; for example, different
schemes may use distinct levels of granularity or theoretical assumptions to represent syntactic
phenomena. The examples in this thesis follow the Universal Dependencies v2 annotation
scheme, as described in De Marnefte et al. (2021). For instance, in Figure 2.2, the dependency
from York — New is labeled as compound, indicating that the words “New” and “York™ function
morphosyntactically as a single concept. Similarly, the label amod on the dependency of
time — great shows that “great” serves as an adjectival modifier of the noun “time” (De Marneftfe
etal. 2021). This type of information is particularly valuable in topic modeling because it provides
insights not only into which words are connected in a sentence but also into the grammatical
nature of these connections.

Another characteristic of dependencies is that they directly highlight predicate-argument
structures, information that is not directly accessible in phrase structure parses (De Marneffe
et al. 2006, Jurafsky & Martin 2021). An example is shown in Figure 2.2, where the sentence’s
main predicate “went” is directly connected to its arguments “we” and “York”. In contrast,
the constituency tree in Figure 2.1 does not make the connections between “we”, “went” and
“York” immediately clear, as they span multiple layers. Predicate-argument structures help us to
understand how the syntactic roles of words in a sentence link to meaning. As De Marneffe et al.

(2021) explain, language reflects how humans perceive the world: we see entities (or objects) that
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participate in events (actions and states). In language, the predicate (typically the head of a clause)
expresses a state or action and can syntactically take arguments (typically nominals) representing
the entities involved. In this example, “went” encodes the action described in the sentence. The
relation nsubj(went, we) indicates that “we” is the nominal subject to the predicate “went”, while
obl(went, York) identifies “York™ as an oblique argument. This syntactic predicate-argument
structure is not independent of the semantic interpretation of the sentence. De Marneffe et al.
(2021) argue that surface-level syntactic predicate-argument relations correspond to underlying
semantic roles: the syntactic subject often maps to the agent or actor in an event, while the oblique
argument often corresponds to the patient or undergoer. In our example, “we” functions as the
actor performing the action “went”, while ““York™ is the location being traveled to. Although
predicate-argument structures describe syntactic roles, they often align closely with the semantic
roles of the entities and events expressed in a sentence. Given this interplay between syntactic
and semantic structure, the information encoded in dependency structures represents a promising

resource for enhancing topic modeling.

Why Dependency? What we have examined so far serves as a high-level introduction to
two distinct formalisms for capturing the syntactic structures of sentences. In both cases, our
discussion has extended beyond purely grammatical aspects, touching on their connections to
semantics. For constituency grammars, we noted that applying semantic head-finding rules
can help highlight the semantically most significant word within multi-word constituents. For
dependency grammars, we explored how syntactic predicate-argument structures map onto the
semantic representation of events and the entities involved in them. It is therefore important
to clarify the purpose of this thesis: the aim is not to describe sentence grammar in the most
linguistically precise or accepted way, but rather to leverage syntactic structure to aid topic
modeling — a task that is ultimately concerned with uncovering latent topics and thus leans more
toward semantics than syntax. Nevertheless, both formalisms demonstrate that grammatical
structure can serve as an indicator of how words in a sentence are connected not only syntactically

but also semantically. Moreover, constituency and dependency grammars can, to some extent,
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even be converted into one another (De Marneffe et al. 2006, Johansson & Nugues 2007, Futrell
et al. 2020).

In the context of this thesis, we argue that the dependency formalism is better suited to
our topic modeling use case. Dependency labels are particularly promising because they allow
us to examine whether words are thematically closer or more loosely connected, depending
on the type of syntactic dependency relation. Additionally, predicate-argument structures
can directly link central words in a sentence, potentially helping to distill its core thematic
content. Another factor supporting the focus on dependency formalisms is the prevailing trend
in computational linguistics, which has increasingly moved from constituency to dependency
treebanks (De Marneffe et al. 2021). From a technical perspective, the one-to-one correspondence
inherent in dependency grammar aligns naturally with the word-level representation in topic

models, potentially facilitating integration, even if this simplicity alone is not a decisive argument.

2.1.3 Universal Dependencies

In the context of dependency-based syntactic theories, this thesis draws on the Universal Depen-
dencies (UD) framework. UD adopts a lexicalist perspective, treating the syntactic word as the
fundamental unit of analysis. In written language, syntactic words do not always correspond to
orthographic words separated by whitespace (Nivre et al. 2016). In UD, clitics or compounds,
are segmented into individual syntactic words; for example, “I’m” is segmented into “I”” and “m”.
This emphasis on the word as the basic unit of analysis sets UD — and dependency frameworks
more broadly — apart from constituency-based approaches.

UD is described as a framework for morphosyntactic annotation of human languages
(De Marneffe et al. 2021), describing words by their morphological attributes and syntactic

relationships. It defines two primary layers of annotation:

1. Morphological layer: documents the morphological properties of individual words,
including the lemma, the parts-of-speech tag, and a set of features associated with the

word form.
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2. Syntactic layer: captures and labels a word’s dependencies to other words (head and

dependent(s)).

The morphological layer specifies word-level properties such as the lemma (a word’s base
form, typically found in dictionaries), POS tag (grammatical category), and features of the
word form (e.g., number or tense). The syntactic layer, which is the primary focus of the UD
guidelines and of this thesis, represents the dependencies between words, specifying their head-
dependent connections and the type of syntactic relation. The goal is to leverage this dependency

information to enhance topic modeling.

2.1.3.1 Historical development

To understand the UD Framework, it is essential to examine the six design criteria that guide its

development. De Marneffe et al. (2021) describe these criteria as follows:

1. “UD needs to be reasonably satisfactory on linguistic analysis grounds for individual

languages — a journeyman’s universal grammar.

2. UD needs to be good for linguistic typology: It should bring out crosslinguistic parallelism

across languages and language families.

3. UD must be suitable for rapid, consistent annotation by a human annotator.

4. UD must be easily comprehended and used by non-linguist users with prosaic needs.

5. UD must be suitable for computer parsing with high accuracy.

6. UD must support well downstream language understanding tasks, such as relation extrac-

tion, reading comprehension, machine translation, and so on.”

These criteria highlight different dimensions of the value of a dependency grammar. The
first two criteria focus on the framework’s suitability for linguistic analysis and typological
research. Criteria 3 to 5 emphasize efficiency, aiming for ease of annotation, comprehensibility,
and suitability for automated parsing. The final criterion addresses the framework’s utility for

downstream analytical tasks. However, these criteria are not fully compatible and often involve
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trade-offs. For example, achieving ease of understanding (Criterion 4) can come at the cost
of linguistic precision (Criterion 1). As a result, not all of these (self-imposed) criteria can be
equally well satisfied in practice.

The UD project emerged from multiple independent initiatives, notably the Stanford Depen-
dencies annotation scheme (De Marneffe et al. 2006, De Marneffe & Manning 2008, De Marneffe
et al. 2014), Google’s universal POS-Tags (Petrov et al. 2011), and the interset interlingua for
morphosyntactic tagsets (Zeman 2008).

Initial efforts focused on transforming existing constituency parses from treebanks, such as
the Penn Treebank, into dependency parses. As a result, dependency structures and constituency
structures are closely interconnected. Dependency representations offer a complementary per-
spective on sentence parsing by providing explicit details about predicate-argument structures
(De Marneffe et al. 2006). According to De Marnefte et al. (2006), dependency structures are
derived from phrase structures in two main steps: (1) Dependency extraction, which involves
identifying the head of each constituent by choosing the semantic head over the syntactic head,
and (2) Dependency typing, which labels the relationships.

The decision to designate content words as heads is a distinctive (and linguistically debated)
feature of the Stanford Dependencies project, which was later carried over to the UD project. As
noted by De Marneffe & Manning (2008), a key goal of Stanford Dependencies is to represent
“semantically contentful relations”, aiming to improve their utility for downstream applications
such as information extraction. Early in the project, the aim was also to create a straightforward
description of grammatical relationships within sentences that could be easily understood by
non-linguists. As a consequence, precise semantics were compromised for the sake of uniformity
and simplicity (De Marneffe & Manning 2008), a decision that has attracted criticism from
linguists, though it has been less controversial among practical users (see Appendix A.2).

The principles of uniformity and simplicity were also applied in related areas such as
POS tagging. Zeman (2008) proposed a universal method for the automatic conversion of
tagsets, introducing the “interset interlingua” — an intermediate feature set designed to facilitate
conversion from tagset A to tagset B. This approach laid the groundwork for converting treebanks

with different annotation schemes into a unified representation. Petrov et al. (2011) introduced
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a universal POS tagset comprising 12 categories intended to capture the most frequent POS
distinctions across 22 languages. An early cross-linguistic effort in dependency annotation was
undertaken by McDonald et al. (2013), who combined Stanford Dependencies (De Marneffe
et al. 2006, De Marneffe & Manning 2008) with the Google universal POS tagset (Petrov et al.
2011) to develop a universal annotation scheme covering six languages. Building on these efforts,
De Marneffe et al. (2014) propose an updated taxonomy of Stanford Dependencies, which had
become the “de facto standard” in dependency representation. Their work focused on supporting
cross-linguistic application and achieving a uniform representation, ultimately leading to the
development of what they termed Universal Stanford Dependencies.

Nivre et al. (2016) describe UD (Version 1) as featuring cross-linguistically consistent
annotation guidelines that had been applied to treebanks in 33 languages. Designed as an open
community project, UD benefited from the participation of contributors who had previously
worked on the Stanford Dependencies project and other cross-lingual annotation efforts. By
the time Nivre et al. (2020) introduced UD (Version 2), treebanks were available for over 90
languages, supported by contributions from more than 300 researchers. De Marneffe et al. (2021)
report that UD treebanks now cover more than 100 languages. Today, UD has become the
cross-linguistic standard for dependency parsing (Jurafsky & Martin 2021).

The applicability of UD across different languages presents a compelling argument for their
integration into topic modeling applications. Topic models are generally language-agnostic,
treating texts as multinomial data (i.e., word counts), which allows them to be applied easily to
texts in different languages. Integrating UD preserves this flexibility, allowing topic models to be
used across languages without having to redefine the entire model for each one. This feature is
particularly valuable for marketers: for example, multinational companies can analyze consumer
reviews in different markets and languages without adapting the model specification. In the
American market, they might process reviews in English, while in the German market, they
would handle reviews in German. UD offer a unified framework that facilitates analysis in both

contexts .2

2Unlike Universal Dependencies, there is no large-scale, cross-linguistic project for constituency grammar.
Existing constituency resources are typically language-specific, and multilingual initiatives either involve converting
UD annotations or aggregating heterogeneous treebanks (e.g., Li et al. 2025).
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Figure 2.3: A UD parse of the sentence “We went to New York and had a great time” represented as
an arc diagram.

2.1.3.2 Annotation principles

This thesis focuses on the syntactic layer of the UD framework, which encompasses grammatical
relations between words. In this section, we will first discuss the syntactic information contained
in UD. Secondly, we will examine how words are assigned the roles of head and dependent
in pairwise relationships. Finally, we will outline the central characteristics of the identified

dependencies.

Syntactic information The syntactic layer is based on the idea that humans perceive the world
as consisting of entities (or objects) involved in events (actions or states), and that the syntactic
structure of human languages reflects these semantic patterns (De Marneffe et al. 2021). To

capture this, the UD syntactic layer distinguishes three basic types of structure:
1. Clauses: representing events or actions
2. Nominals: representing entities or objects
3. Modifiers: refining either nominals or clauses

Clauses express actions or states that typically involve participants realized as nominals,
while modifiers can be used to refine both clauses and nominals. Together, these elements form a
hierarchical structure in language. Beyond these core structures, UD also defines function words
and additional syntactic elements.

Consider the sentence “We went to New York and had a great time” in Figure 2.3, annotated

with Universal Dependencies.> In its basic form, the dependency representation may not

3A detailed description of abbreviations and examples is provided in Appendix A.1.
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Figure 2.4: An annotated UD parse tree illustrating the distinction between core structural types.
Rounded rectangles highlight the heads of clauses (predicates), while sharp-cornered
rectangles indicate the heads of nominals (arguments).

immediately reveal how these three core structures are organized. Figure 2.4 is intended to
guide the reader through the tree and provide an intuitive understanding of UD. Essentially,
the sentence describes two events or actions — represented as clauses — with the head words
“went” and “had” highlighted using rounded rectangles. Further, there are three entities involved
in these events — represented as nominals — highlighted with sharp-cornered rectangles. The
heads of these nominals are “we”, “York”, and “time”. The nominal “time” is modified by
“great”, illustrating how modifiers refine entities. Similarly, modifiers can also refine clauses.
The nominal “York™ demonstrates a special syntactic relation to “New”, indicating that they
form a compound of multiple words. Furthermore, function words such as “to”, “and”, and “a”
attach to the head words of nominals and clauses. This illustrates how sentences are generally
structured around clauses involving nominals, both refined by modifiers — an organization that
aligns with the notion of syntactic predicate-argument structures De Marneffe et al. (2021).
These relationships among clauses, nominals, and modifiers are further refined in UD
annotations through specific dependency labels. Table 2.1 organizes the 37 basic Universal
Dependency relations (v2) according to whether the head word functions as the head of a clause
(first two rows) or a nominal (third row), and whether the dependent is a nominal, clause, modifier,
or function word (columns). The lower section includes special cases of relations that fall outside

the narrow definition of dependency relations. The typology of these 37 basic grammatical

relations can be further specified depending on the language to which it is applied, using a colon

Dissertation Thomas Michael Ruf3er-Strobel, 2026



2. TWO PERSPECTIVES ON TEXT DATA “HOW” & “WHAT”

26

to indicate subtypes. For example, in English, the relation acl:relcl specifies that acl, which

generally denotes a clausal modifier of a noun, is further refined to indicate a relative clause.

Nominals Clauses Modifier words | Function Words
nsubj csubj
Clausal obj ccomp
Core arguments iobj xcomp
obl advcl advmod aux
Clausal vocative discourse cop
Non-core expl mark
dependents dislocated
nmod acl amod det
Nominal appos clf
dependents nummod case
Coordination Headless Loose Special Other
conj fixed list compound punct
cc flat parataxis orphan root
goeswith dep
reparandum

Table 2.1: Typology of 37 basic Universal Dependency relations (UD Version 2).
Adapted from: https://universaldependencies.org/u/dep/ (accessed
2024-05-03).

To examine more closely the information conveyed by UD labels, let us again consider the
example sentence shown in Figure 2.3. The dependency relation between the words “went” and
“we” is labeled as nsubj(went,we). This label, indicating a nominal subject, shows that “we” is the
agent or doer of the event or action (De Marneffe et al. 2021). From Table 2.1, we can see that
the dependent “we” is a nominal (i.e., an entity), while the head “went” has a clausal function
(i.e., event or action). The nominal subject acts as a core argument of the clause it is connected
to, further illustrating the concept of predicate-argument structures (see Chapter 2.1.2).

The object relation obj(had, time) indicates that “time” is a nominal and a core argument of
“had”, which again serves as the head of a clause (De Marneffe et al. 2021). This reflects another
predicate-argument relation, where the object “time” functions as the undergoer or patient of the
action (i.e., the great time was had by someone).

The adjectival modifier relation amod(time, great) indicates that “great” is a modifier of the

nominal “time” (De Marneffe et al. 2021). Here, “great” refines the meaning of “time”: they do
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Dependency Relation

Description

amod(time, great)

“great” is the adjectival modifier of the nominal “time”.

case(York, to)

“to” is a (functional) case marking element to the nominal “York”.

cc(had, and)

“and” is a coordinating conjunction linked to its introduced
conjunct “had”.

compound(York, New)

“New” and “York™ are compounds that behave as a single unit.

conj(went, had)

“had” and “went” are two elements connected by a coordinating

conjunction.

det(time, a) “a” is a determiner (article) connected to the nominal “time”.
nsubj(went, we) “we” is the nominal subject (core argument, typically a nominal)
of the predicate “went”.

“time” is an object (core argument, typically a nominal) of the
predicate “had”.

“York” is an oblique (non-core) nominal argument of the predicate
“went”.

“root” points to the (one!) root of the sentence: typically the
sentence’s main predicate).

obj(had, time)

obl(went, York)

root(root, went)

Table 2.2: Description of UD relations in the sentence: “we went to New York and had a great time”.

not just spend time in New York but have a great time. From these dependency relations, we can
identify clear instances of all three basic UD structural types in our example sentence: nominals,
clauses, and modifiers.

However, there are also relations that cannot be interpreted strictly as predicate-argument
structures. One example is the determiner relation det(time, a), which falls under the category of
function words by attaching the determiner “a” to its nominal head “time”. As a function word,
the determiner is subordinated to the nominal. This subordination of function words is a general
principle in the UD framework: they are consistently treated as dependents in the relations in
which they occur (De Marneffe et al. 2021).

Another special case is the relation compound(York, New), which connects the two words
“New” and “York” that morphosyntactically behave as a single unit, “New York”. Such multi-
word constructions differ from typical modification (De Marneffe et al. 2021): “New” does not
refine the meaning of its head “York™ (as in distinguishing a new York from an old York). Instead,
the combination of these two words creates a single, fixed meaning referring to the city “New
York”. A summary and brief descriptions of all the ten UD relations identified in the sentence

“we went to New York and had a great time” can be found in Table 2.2.
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Head/Dependent assignments One important characteristic that has not yet been described
concerns the question of which of the two words in a UD relation is superordinate or subordinate
— that is, which word is designated the head and which the dependent. UD follow a clear guiding
principle: content words are related through dependency relations, while function words attach
to the content words they further specify (Nivre et al. 2016). According to De Marneffe et al.
(2021), words in the main syntactic relations are generally assumed to be autosemantic, meaning
they are content words with independent meaning — typically verbs, nouns, adjectives, or adverbs.
This implies that content words tend to serve as heads in UD relations, while words of a more
functional nature are treated as dependents. Essentially, this results in a notion of semantic
hierarchy within dependency trees: words higher in the tree are more autosemantic than those
lower in the tree (see Figure 2.4). For example, we see main dependencies connecting the

LR N3

semantic content words “we”, “went”, “York”, “had”, and “time”, while “York™ and “time” are

LR N3

further specified by the words “New” and “great”. Function words such as “to”, “and”, and “a”
carry limited meaning and appear at the lowest level of the dependency tree, not serving as heads
of other dependents.

Although Universal Dependencies define syntactic relations via their labels, the framework’s
principle of assigning autosemantic content words as heads and subordinating function words
results in a hybrid of syntactic and semantic annotation. This design choice is motivated by the
goal of increasing cross-linguistic parallelism, based on the assumption that languages are more
alike in what is being said than in how it is being said (Croft et al. 2017, De Marneffe et al. 2021).

However, the use of semantic heads is a major point of criticism among theoretical linguists, a

critique that is addressed in Appendix A.2 of this thesis.*

Characteristics of identified dependencies: It should be noted that the first column of Ta-
ble 2.2 highlights several relations that link words in predicate-argument structures, such as
nsubj(went, we), obl(went, York), and obj(had, time). These relations alone already convey the

core content of the sentence. From them we can deduce that two distinct events are described

“4A recurrent critique of UD concerns its decision to treat content words as heads over function words, a choice
that blends semantic and syntactic criteria. Linguists argue this contradicts established syntactic principles and lacks
historical precedent for subordinating elements such as prepositions and auxiliaries. While problematic for purely
syntactic research, this structure creates direct links between semantically relevant words, which can be advantageous
for certain downstream applications.
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as well as the entities involved in each. The labels further specify the semantic roles of these
entities: nominal subject “we” functions as the agent (or doer) in the “went” event, while the
oblique object “York™ serves as the undergoer in the same event; similarly, the object “time”

functions as the undergoer in the “had” event.

Once these dependencies are established, the connected words are no longer interchangeable
without altering the grammatical and semantic integrity of the sentence. For instance, in the
alternative sentence ‘‘As time went by, we had New York on our list to visit”, the entity “time”
participates in a different event and functions as the agent performing the action “went by”.
This observation serves as an initial indication that word pairs involved in the main syntactic
relations capture the gist of a sentence by forming its core predicate-argument structures. These
structures identify which events are being described and which entities are actively or passively
involved. Figure 2.4 illustrates this idea: the heads of clauses (used to express events) are
directly connected to the heads of nominals and other clauses (used to express entities). These
dependencies, which occur at the top of the tree, link the main content words of the sentence.
All other relations either refine the meaning or ensure grammatical well-formedness.

We also observe that word pairs connected by dependency relations can vary considerably
in their degree of semantic relatedness. At one extreme, the relation compound(York, New)
effectively denotes a single semantic unit, since the two words jointly refer to the city “New
York”. Other dependency pairs, such as conj(went, had), link elements that are semantically less
tightly connected, representing two potentially independent events or actions. In contrast, certain
relations such as deft(time, a) reflect grammatical dependencies without clear standalone semantic
contribution: the determiner “a” derives its function from syntactic necessity rather than semantic
content. This observation, that different types of dependency relations encode varying degrees of
semantic proximity between words, may be particularly useful for downstream applications such
as topic modeling.

Dependency-linked word pairs are not constrained to adjacent positions in the surface word
order (i.e., bigrams of consecutive words). This becomes especially evident when UD are

visualized in linear reading direction, as shown in Figure 2.3. Dependency relations may span
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both closely and distantly positioned words: for instance, “went” and “York™ are separated
by two intervening words, while “went” and “had” are separated by four. In contrast, some
relations involve adjacent words, such as “went” and “we”, or “time” and “great”. Importantly,
the direction of dependency relations does not necessarily align with the reading direction. For
example, in amod(time, great) or det(time, a), the dependency relation is directed against the
reading direction. These observations suggest that grammatical dependencies are not adequately
captured by models assuming first-order word dependencies in the reading direction. In contrast,
the structure of UD enables the identification of linguistically meaningful word relations beyond

simple heuristics, such as first-order dependencies in surface word order.

2.1.3.3 Usefulness of UD for topic modeling applications

This subsection summarizes the key arguments previously presented in support of using the UD
framework, specifically in the context of its planned use for topic modeling.

As outlined in Section 2.1.2, dependency formalisms offer a number of advantages over
constituency-based approaches, particularly in computational applications. Among these, the
structural alignment between dependency grammars and topic models is especially notable. The
one-to-one correspondence in dependency grammars, where each syntactic node corresponds to
a single word, matches the granularity of topic models, which treat words as the fundamental
unit of analysis. While topic models rely only on word counts at the document level, dependency
structures offer two additional dimensions of information at the word level: (1) the identity of the
syntactic head and (2) the type of grammatical relationship between a word and its head. This
facilitates a direct and interpretable integration of syntactic information into topic models.

Another important advantage of the UD framework lies in its cross-linguistic applicabil-
ity. Topic models are inherently language-agnostic and can be applied to text data in various
languages without requiring changes to the underlying model architecture. The Universal De-
pendencies project supports this by providing treebanks in over 100 languages (De Marneffe
et al. 2021). Consequently, topic models enhanced with UD annotations can be deployed in
multilingual settings, an important consideration for international applications, such as the

analysis of customer reviews across markets.
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A further key feature of UD is its emphasis on predicate-argument structures, which reflect
how humans conceptualize the world: as events (clauses) involving entities (nominals). The
primary dependencies in a sentence, typically linking predicates to their core arguments, capture
this semantic core effectively. Modifiers, in turn, attach to either clauses or nominals to enrich or
specify meaning. This structuring of linguistic information is potentially valuable for identifying
latent themes in textual data.

It is particularly noteworthy that grammatically related word pairs in a sentence are not
necessarily adjacent. These dependencies do not follow simple heuristics such as fixed word
windows or unidirectional relations aligned with reading order. In UD, syntactic relations can
hold between neighboring and distant words, and the direction of the head-dependent relation may
follow or oppose the reading direction. This characteristic opens up opportunities for enhancing
topic models by moving beyond highly simplifying assumptions. Rather than modeling local
thematic dependencies through proxies such as n-grams or sentence boundaries, UD allows for
directly incorporating surface-syntactic word dependencies into topic models, thus providing a
more linguistically grounded approach.

In addition, one of the most frequently voiced criticisms of UD from a theoretical linguistic
standpoint also offers a valuable opportunity for integration with topic models: namely, the
deliberate selection of content words as heads. In UD, head-dependent decisions are not based
solely on grammatical criteria, but are also guided by the principle of autosemantic properties,
the extent to which a word carries an independent semantic meaning (De Marneffe et al. 2021).
Consequently, heads are generally more autosemantic than their dependents. This design choice
introduces a semantic hierarchy into the syntactic tree structure, whereby words appearing higher
in the tree possess more inherent semantic content, while words lower in the tree are more
context-dependent.

This semantic argument is particularly compelling from a topic modeling perspective, as it
enables modeling along this semantic hierarchy. Words with strong autosemantic properties can
be assigned a topic in analogy to the i.i.d. topic assignment mechanism in LDA, where a topic
assignment z is sampled from the document-level distribution ;. In contrast, less autosemantic

words, those whose meaning is shaped by context, may inherit the topic of their syntactic head,
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as indicated by the dependency structure. Thus, the semantic hierarchy encoded in UD trees
offers a mechanism to condition the assignment of topics in the syntactic context.
Grammatical labels in UD further enrich this representation by specifying the syntactic
nature of the head-dependent relationship. As Futrell et al. (2020) suggest, grammar can be
conceptualized as “a function from form to meaning or from meaning to form, or in terms of an
intermediate representation from which both meaning and form are derived”. In this sense, UD
labels may indicate not only the syntactic function but also the semantic closeness between head
and dependent. This opens up the possibility of leveraging grammatical relations to model topic
dependencies at a more granular level, e.g., deciding whether head and dependent should share

the same topic or have distinct topic assignments based on their syntactic link.
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2.2 “What” - topic modeling with Latent Dirichlet Allocation

Having previously examined the syntactic structure of textual data — essentially addressing “how”
text is constructed — this section shifts focus to analyzing “what” is expressed through text.
Specifically, we explore the underlying thematic content conveyed in corpora of textual data. To
this end, we take a closer look at Latent Dirichlet Allocation (LDA) which was introduced by
Blei et al. (2003) in their article as the smoothed LDA, and hereafter referred to simply as LDA.
LDA is arguably the most widely used topic modeling technique and serves as the foundation for
numerous more advanced variants. Its primary use case is to uncover the latent thematic structure
of text collections, such as consumer reviews (e.g., Blischken & Allenby 2016, 2020, 2025).
However, LDA-based models have also been successfully applied to other types of discrete data
for tasks such as image classification (e.g., Wang et al. 2009) or the analysis of supermarket
shopping basket data (e.g., Hruschka 2014). LDA constitutes the basis for the topic model variant
to be developed in this thesis. Therefore, a detailed examination of the LDA will be conducted,

with a focus on textual data.

2.2.1 Idea

Targeted marketing analyses typically begin with a specific research objective in mind — be it
understanding customer preferences, identifying unmet needs, or evaluating brand perception.
The collection of textual data is carefully aligned with these goals. For example, researchers may
collect customer reviews, social media posts, or survey responses related to a particular product
category, brand, or consumption context. Once collected, the resulting body of text is referred to
as a corpus which is divided into individual documents, such as customer reviews, each defined
by observed textual boundaries. Documents, in turn, consist of sequences of words, which form
the basic observed units in text analysis.

Beyond these observable elements, topic modeling introduces a layer of latent structure: it
assumes that each document is a mixture of latent topics, and each topic is characterized by
a specific probability distribution over words. For example, restaurant reviews might simulta-
neously address topics such as food quality, service, pricing, and atmosphere, although with

varying emphasis. While some customers may focus primarily on the taste and presentation of
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dishes, others might comment more extensively on the friendliness of the staff or the cleanliness
of the venue.

From a marketing research perspective, the ability to discover such latent topics holds
great analytical value. First, it offers a compressed, yet interpretable representation of large
text corpora: What are the dominant themes that emerge across customer reviews? What
topics are particularly relevant for certain customer segments? Second, it enables scalable
analysis. Manually reading and annotating every review is impractical, if not infeasible. Topic
modeling addresses this challenge by statistically inferring the underlying topics of the corpus

and estimating the proportion of each topic within individual documents.

2.2.2 Model definition

LDA can be viewed as an extension of Latent Semantic Indexing (LLSI) and Probabilistic Latent
Semantic Indexing (PLSI). LSI (Deerwester et al. 1990) performs a reduction in dimensionality
of textual data by decomposing the term document matrix (VxD) into a term topic matrix (VxT)
and a topic document matrix (TxD) using singular value decomposition (SVD). Here, V denotes
the number of unique terms in the vocabulary, D the number of documents in the corpus, and
T the number of latent topics. With typically T < V, this mathematical transformation yields
a more compact representation of the text corpus. Building on this, PLSI Hofmann (1999)
introduces a probabilistic perspective by modeling each word in a document as being generated
from a document-specific mixture of latent topics. LDA as introduced by Blei et al. (2003)
refines this idea by treating the topic mixture weights themselves as latent variables on the
document level. This refinement is referred to as the smoothed LDA, a fully Bayesian generative
probabilistic model in which Dirichlet priors are placed on both the distribution over topics for
each document and the distribution over words for each topic. This smoothed version of LDA is
the model most frequently cited in the literature and widely adopted in practical applications. It
serves as a modeling technique for achieving a parsimonious and interpretable representation of
a text corpus, one in which the generative process and its latent variables can be clearly specified

and analyzed.
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The generative process of LDA can be described as follows:

1. For each topicz € [1: T]:
(a) Draw @ from Dirichlet(#) Vti.i.d.
2. For each document d € [1: D|:

(a) Draw 6, from Dirichlet(e) Vd i.i.d.
(b) For each word wy,, n € [1:N,]:

i. Draw z4 , from Multinomial(6;)

ii. Draw wy , from Multinomial(¢—;, )

where:
Wq 5 1s the (observed) n-th word in document d
Zdn 18 the (latent) topic assignment of word n in document d
6, is the (latent) topic probability distribution for document d
@, is the (latent) word probability distribution for topic ¢
o and f are the (a priori fixed and symmetric) hyper-priors of §; and ¢, respectively.

The fundamental idea of LDA is that each topic is characterized by a probability distribution
¢, over (unique) terms, that is, over the vocabulary. Additionally, each document is modeled
as a random mixture of latent topics, denoted 6;. This allows documents to contain varying
proportions of a finite set of topics. As the term “latent” suggests, the topics themselves are not
directly observed; the only observed variables are the words within documents. Each observed
word wy, is assumed to be generated through a two-step stochastic process: first, a topic
indicator z4 , is sampled from the document-specific topic distribution &;; second, given the
topic assignment z,4 ,, the word is sampled from the topic-specific word distribution ¢—, ,. This
generative mechanism implies that different topics assign different probabilities to terms in the

vocabulary. For instance, in the context of restaurant reviews, the topic “service” is more likely to
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Documents within corpus
Words within documents
Zon < 0, < 04
Topics
< ¢, < p
n el d [1:D] te[tT]

Figure 2.5: Directed Acyclic Graph of the LDA model.

generate words such as waiter, friendly, or courteous, whereas words like delicious, crowded, or
location may be more probable under different topics such as “food” or “ambiance” In this way,
LDA explains the systematic co-occurrence of sets of words by attributing them to underlying
latent topics.

The generative process of LDA can also be represented using a Directed Acyclic Graph
(DAG), as shown in Figure 2.5. In this graphical model, the shaded node denotes the observed
variables, namely the words in a document w, ,. All latent (unobserved) variables are rep-
resented as unshaded nodes. The directed edges indicate (stochastic) dependencies between
variables, while the plates denote replication over documents (d) and words within documents (n).
Conceptually, the DAG is equivalent to the generative process described above. However, this
representation is particularly useful for identifying conditional independence relationships among
variables. For example, given the topic assignment z, ,, the observed word wy ,, is conditionally
independent of the document-level topic distribution 8,, since the relationship between 6,; and
wq,, 1s fully mediated through z,; ,. The acyclic nature of the graph also facilitates an intuitive
understanding of the hierarchical structure of the model. The directed edges clearly delineate the
upstream (prior) and downstream (likelihood) components associated with each variable in the

generative process.
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Given the DAG of the LDA in figure 2.5 we can derive the factorization of the joint distribu-

tion of knowns and unknowns:

p(9,8.z,w,a, ) = p(9|5) x p(6|@) x p(z|8) x p(w|¢,z) x p(a@) x p(S)

D Ny
=[1r(¢18) b:[l p(bila) <H1p(2d,n| 9d)p(Wd,n|¢1:T,Zd,n)>] p(@)p(B) 2.1)

t=1

The hyperparameters ¢ and £ are typically fixed a priori and are commonly specified as
symmetric Dirichlet priors. This choice reflects the assumption that, a priori, all topics are
equally likely to be associated with any given document, and all words are equally likely to
be associated with any topic. Although hyperparameters are not part of the inference process
itself, they play an important role in shaping the model’s behavior through their smoothing effect
(Heinrich 2008). Smaller values of & encourage the model to represent documents using a few
dominant topics. In contrast, larger values of & will have a smoothing effect, resulting in a
more uniform distribution of topics within documents. Similarly, lower values of £ result in
sparser word distributions within topics, making each topic more focused on a limited set of
characteristic words. Higher values of £ lead to more uniform topic-word distributions. However,
since the optimization of these hyperparameters is not the focus of this thesis, further discussion
will be omitted.

In summary, LDA allows for a parsimonious summary of textual data. Instead of characteriz-
ing documents by their raw word frequencies in a high-dimensional space of size V (vocabulary),
LDA models documents in terms of a latent topic structure of size 7 (number of topics), where
typically 7 < V (Darling & Song 2013). In order to achieve this dimensionality reduction, the

latent topic structure must be inferred from the observed text corpus.

2.2.3 Model estimation

LDA can be conceptualized as an unsupervised learning approach. The documents in the corpus
are not associated with predefined labels, keywords, or categories. Instead, the algorithm infers

the latent topic structure that is most likely to have generated the observed data. According to

Dissertation Thomas Michael Ruf3er-Strobel, 2026



2. TWO PERSPECTIVES ON TEXT DATA “HOW” & “WHAT” 38

Blei (2012), estimation techniques for LDA can broadly be divided into two categories: sampling-
based methods and variational inference techniques. This section focuses on a sampling-based
method for estimating LDA parameters, specifically (full) Gibbs sampling.

Model inference in LDA refers to reversing the generative process described above to
estimate the posterior distributions of the latent model parameters 6, ¢, and z, given the observed
words w. The Dirichlet hyperparameters ¢ and [ are assumed to be fixed and known. The

posterior distribution can be expressed as follows:

p(97 ¢’Z7W|a7ﬂ)
p(wle, B)

P(97¢71’W7a7ﬂ): °‘P<67¢aZ7W|a7ﬂ) (22)

The denominator in the posterior expression is the marginal probability of the observed data
(also referred to as evidence), which is intractable to compute (Blei et al. 2003, Darling 2011,
Blei 2012). Consequently, the posterior distribution itself is also intractable to compute in a
closed form.

However, the posterior distribution is proportional to the joint distribution of 8, ¢, z, and w.
Although the joint distribution does not belong to a standard family of distributions from which
direct sampling is possible, it can be approximated using a Markov Chain Monte Carlo (MCMC)
algorithm known as Gibbs Sampling. Gibbs Sampling allows to indirectly generate samples
from a complex joint distribution without computing its full density (Gilks et al. 1995, Casella &
George 1992). Instead of sampling from the joint distribution directly, one iteratively samples
from the full conditional distributions of the latent variables z, €, and ¢. Each full conditional
specifies the probability of a single latent variable, conditioned on all other variables and the

observed data. This results in the following Gibbs sampling scheme:

p(zlw, 9, 8) o< p(w|$,z) x p(z|6) = ¢ 0 g, (2.3)

p(64|z, @) < p(z|6y) x p(64| @) = Dirichlet(ax+CIP)  Vvd €{1,...,D} (2.4)

p(Bw,z, B) o< p(w|@,z) x p(#|B) = Dirichlet(B+C"T)  Vee{l,..,T} (2.5)

The order in which the full conditionals (2.3 to 2.5) are iterated is theoretically irrelevant. If
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the process begins with sampling the topic assignments z, the two matrices ¢ and 8 must first be
(randomly) initialized.

The expression q)(V:W) o g; denotes the element-wise multiplication of the word distribution
vector for word w with the topic proportions vector for document d, yielding a topic probability
vector of length T'. These probabilities serve as the parameters for a multinomial distribution,
from which topic assignments z can be drawn independently for each word in each document,
conditional on the current values of ¢ and 6.

Once the topic assignments z have been sampled, two count matrices can be updated. The
topic-document count matrix C’? records how often a topic z = ¢ is assigned to document d,
while the word-topic count matrix C"7 tracks how often a word v = w is assigned to topic z = 7.
These count matrices constitute the sufficient statistics for sampling from the full conditional
posterior distributions of §; and ¢. Given the topic assignments z, the draws of ¢ and 6 are
conditionally independent. Both are sampled from Dirichlet distributions whose parameters
are obtained by adding observed counts to the prior pseudo-counts & and S, respectively. By
repeatedly iterating through these full conditional distributions, a Gibbs chain of R samples is

generated:

({z}©,09,9), ({2}, 61, 1), ., ({2}, 69, 90), .., ({z}®, 6% Ry  (2.6)

The superscript i denotes the i-th iteration of the Gibbs sampler. Each draw of {z}(i) depends
on the previous draw of 801, ¢(i=1) while the draws of 8%) and ¢V are conditioned on {z}(i).
This dependency structure induces the Markov property, whereby each state of the chain depends
solely on its immediate predecessor, resulting in autocorrelation between successive samples.
The early samples are still influenced by the (random) initialization, a phase commonly referred
to as the burn-in period. If the number of iterations R is sufficiently large, the Markov chain
converges to its stationary distribution, and the generated samples approximate draws from the

joint posterior distribution of z, ¢ and & (Casella & George 1992, Steyvers & Griffiths 2007).
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Convergence can be assessed by monitoring the log-likelihood throughout the sampling process
(Darling 2011).

A disadvantage of the full Gibbs model estimation procedure is the high autocorrelation in the
Markov chain and the resulting computational inefficiency. For this reason, the collapsed Gibbs
sampler is more commonly employed for LDA estimation. In this variant, the latent parameters
¢ and @ are analytically integrated (“collapsed”), which accelerates convergence. Collapsed
Gibbs sampling for LDA is discussed in detail by Griffiths & Steyvers (2004), Heinrich (2008),
and Darling (2011). Nevertheless, the full Gibbs approach remains valid and is particularly
useful when working with extended or more complex variants of LDA for which collapsing ¢
and € is no longer feasible.

Before turning to the interpretation of modeling results, it is worth briefly addressing the
choice of the optimal number of topics 7. Importantly, inference regarding T is not part of
the Gibbs sampling procedure itself; rather, the number of topics must be specified in advance.
Several strategies have been proposed to support the selection of an appropriate value for 7.
A common approach involves estimating multiple LDA models with different values of 7" and
selecting the one that yields the highest log-likelihood on the training data (e.g., Griffiths &
Steyvers 2004). Alternatively, T can be selected based on predictive performance on hold-out
data, using metrics such as perplexity (e.g. Blei et al. 2003). A more advanced approach involves
nonparametric topic models that infer the number of topics directly from the data (e.g., Yee
Whye Teh & Blei 2006; Boyd-Graber & Blei 2008). However, identifying the optimal number
of topics is not the primary objective of this work. Given the researcher’s familiarity with the
datasets under investigation, the number of topics is fixed within a range considered appropriate

for the research goals at hand.

2.2.4 Model insights

Overall model fit Model fit provides insight into how well a topic model captures the underly-
ing structure of a text corpus, both for comparing alternative models and for optimizing internal
model parameters. In the context of LDA, model fit is typically evaluated using in-sample and

predictive measures. In-sample fit refers to how well the model explains the data on which it was
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trained. A common approach is to assess the (log) likelihood of the observed words given the

model parameters (e.g., Griffiths et al. 2004, Biischken & Allenby 2016):

D V T
logp(w) =Y Y nya-log (Z 9d,t¢t,v> 2.7
d=1v=1 t=1

Here, n, 4 denotes the frequency of term v in document d, 6;, represents the proportion
of topic ¢ in document d, and ¢, ,, denotes the probability of word v under topic t. While the
absolute value of the log likelihood is difficult to interpret in isolation, it becomes informative
for model comparison or selection — for instance, in identifying the optimal number of topics T
or evaluating alternative variants of topic models.

Predictive fit assesses how well the model generalizes to unseen data. It is commonly
measured using metrics such as perplexity (e.g., Blei et al. 2003), which are particularly relevant
when robustness to unseen documents is essential. Taken together, in-sample and predictive

fit offer a comprehensive view of model performance, allowing researchers to assess both the

explanatory power and generalizability of LDA-based models.

Topic distribution & The matrix 8 (with dimensions 7' x D) represents the topic distributions
across documents. Specifically, for each document d, LDA generates a multinomial topic
probability distribution 8, characterizing the document as a mixture of topics. The elements
of g, sum to one, reflecting the relative proportions of each topic within the document. Figure
2.6 illustrates this idea for the case of T = 3 topics. Each point §; represents the mixture of
topics in a single document. The vertices of the triangle correspond to documents entirely
devoted to a single topic, while the points closer to the center represent more heterogeneous
mixtures of topics. For example, 8, shows a balanced distribution across the three topics, while
65 is heavily skewed toward the topic “service experience”. This representation highlights the
dimensionality reduction achieved by LDA. Instead of describing documents in the original
high-dimensional word space (with vocabulary size V'), LDA projects documents into a much
smaller 7-dimensional topic space, where T < V. This facilitates interpretable, scalable, and
structured analysis of large text corpora, while capturing document-level heterogeneity in topic

composition. From a marketing perspective, the set of document-specific topic distributions
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topic
“service experience ”

topic topic
“taste of the food” “menu options”

Figure 2.6: Visualization of five documents represented as topic distributions within the topic
simplex for the case of T = 3 topics. Each point 6,; denotes the topic mixture of a
document, where the sum of topic proportions equals one. Adapted from Blei et al.
(2003).

{Qd}dD:] enables analysts to identify documents, such as customer reviews, that focus heavily on
particular aspects (e.g., taste of the food, menu options, or service experience). Furthermore,
topic distributions 6 can serve as covariates in more advanced analyses. For example, they can

be used to predict outcome variables such as consumer ratings (for an integrated model, see

Biischken & Allenby 2016).

Word probability distribution ¢ The matrix ¢ (with dimensions V x T') represents the proba-
bility distribution over words for each topic inferred by LDA. It is a corpus-level statistic that
identifies topics as distributions over terms that tend to co-occur across documents. Accordingly,
it is standard practice in topic modeling to interpret and report the most likely words for each
topic ¢. This is accomplished by sorting the entries of the topic-specific probability vector ¢,
in descending order and mapping the highest-probability values to their corresponding terms.
In this way, the top N most likely terms for each topic can be extracted (e.g., Blei et al. 2003,
Griffiths et al. 2004, Blei 2012, Biischken & Allenby 2016). Table 2.3 presents three exemplary
topics derived from a corpus of consumer reviews of American Restaurants, each represented by
its ten most probable terms.

These term lists are typically assigned descriptive labels by researchers, based on their
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2 B

“Menu Options”  “Service Experience” “Social Context”

1 fries time husband
2 cheese $ wife

3 chicken about girlfriend
4 sandwich waitress ordered
5 sauce table opinion
6 burger after family
7 salad one brother
8 good came date

9 meat minutes son

10 barbecue food mom

Table 2.3: Three exemplary topics represented by their ten most likely terms, based on a corpus of
American Restaurant customer reviews.
interpretation of the shared semantic theme (e.g., Blei et al. 2003, Blei 2012, Biischken &
Allenby 2016). In the example, Topic 1 was labeled “Menu Options”, while the others were
labeled “Service Experience” and “Social Context”, respectively. This labeling facilitates the
qualitative interpretation of LDA outputs, enabling the summarization of large text corpora in a
low-dimensional and interpretable format. Beyond qualitative interpretation, various quantitative
metrics have been proposed to assess the quality of inferred topics. One widely used measure is
topic coherence, which evaluates the extent to which the top words within a topic are semantically
related and can be grouped under a common theme. Another important criterion is topic
uniqueness, which assesses whether different topics describe distinct aspects of the corpus or
exhibit redundancy. The literature offers several operationalizations of coherence (e.g., Mimno
et al. 2011, Newman et al. 2010, Bouma 2009, Aletras & Stevenson 2013, O’callaghan et al.
2015) and uniqueness (O’callaghan et al. 2015, Biischken & Allenby 2020), which will be

discussed in greater detail in the empirical section of this thesis.

Dissertation Thomas Michael Ruf3er-Strobel, 2026



3. MODEL DEVELOPMENT 44

Chapter 3

Model development

In the preceding chapters, we approached the object of investigation, text data, from two
distinct perspectives. First, we explored the structure of language, specifically focusing on the
syntactic relationships between words within sentences. Our primary goal was to understand
“how” language is structured and to investigate how its underlying syntactic organization can be
computationally represented, particularly through the Universal Dependencies (UD) framework.
Subsequently, we reviewed Latent Dirichlet Allocation (LDA), the most widely used topic model,
which serves to summarize “what” text datasets are about. LDA is a stochastic model that
conceptualizes text data as multinomial data, treating documents as collections of co-occurring
words. Its principal objective is to summarize text data in a parsimonious way by inferring
patterns of word co-occurrence at the document level, referred to as topics. In this model,
linguistic considerations regarding the structural composition of documents play only a marginal
role.

At this point, an inherent discrepancy becomes evident. This stems from the fact that text
corpora are not naturally composed of multinomial data but rather consist of documents written
in natural language. As discussed above, natural language is rich in structuring elements such as
paragraphs, sentences, and grammatical conventions. We adopt the position that a topic model
designed to analyze textual data should account for this underlying structure by incorporating
additional assumptions grounded in linguistic theory. The notion that language-based documents

are merely unordered collections of words — as implied by LDA’s bag-of-words assumption —
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overlooks the often intentional and complex structure of natural language. The objective of this
chapter is to develop a topic model variant that combines both views on language-based data: it
recognizes syntactic dependency structures and utilizes them as complementary information in
the process of topic inference.

This chapter is structured as follows: Section 3.1 presents a detailed critique of the bag-
of-words assumption inherent in LDA. Section 3.2 reviews prior topic modeling approaches
that seek to overcome this assumption by incorporating textual structure. Building on these
contributions, we then motivate the development of a syntactically informed topic model. Finally,

Section 3.3 provides a formal description of the labeled UD-LDA model.

3.1 Revisiting LDA’s BoW within documents assumption

Our objective is to critically reexamine the premise that LDA is indifferent to the internal
structure of text documents. Specifically, LDA does not incorporate any information related to
linguistic or textual organization within the boundaries of the document. This limitation stems
from the underlying bag-of-words assumption, which treats documents as unordered collections
of words drawn from a fixed vocabulary. As a result, word counts at the document level serves
as the sufficient statistic for topic inference. The topic indicator z is assigned to each word
independently of its local positional context within the document (Figure 2.5). It is therefore
inconsequential whether words appear in close proximity, such as within the same paragraph,
sentence, phrase, or shared grammatical construction. LDA disregards these structural elements,
which implies that topic inference operates exclusively at the global document level. This raises a
fundamental question as to whether such an assumption is adequate for capturing the complexity
inherent in natural language documents.

In empirical applications, it is rare for textual documents, such as customer reviews, to
be presented as unstructured compilations of words. In contrast, such documents typically
exhibit a rich array of structural elements. Words are systematically organized into coherent
and interpretable phrases and sentences, conforming to (among many others: grammatical)

conventions. Moreover, successive sentences are often grouped into distinct textual sections,
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such as paragraphs or chapters, each demarcated from others. In many cases, a substantial
number of these structural elements are directly observable within the text. When analyzing such
documents, the analytical focus shifts from the document level to the local context of individual
words. The emphasis is no longer solely on the co-occurrence of words within a document, but
rather on the grammatical dependencies between words, their co-occurrence within sentences, or
their relative proximities. The central argument advanced here is that adequately capturing the
structural complexity of natural language data necessitates greater attention to the specific local
contexts in which words appear.

The integration of supplementary structural information — specifically the positioning of
words relative to others within a local context — into a probabilistic topic model renders the
assumption of conditional independence among words or topics within this context increasingly
untenable. Grammatical structures, for example, can influence the likelihood of selecting certain
words by assigning low probabilities to grammatically incongruent options in specific syntactic
positions. Furthermore, the systematic construction of coherent ideas through sentence formation
suggests a potential thematic interdependence among words within the same sentence. Incor-
porating local structural elements into topic modeling therefore necessitates a more nuanced
treatment of word interdependencies within these contexts, along with suitable modeling strate-
gies. The second argument advanced here is that once the analytical focus shifts to the local
context, the assumption of conditional independence must be abandoned. Instead, it becomes
necessary to formulate explicit assumptions that account for the nature and structure of word
interdependencies within local context.

We maintain the position that the fundamental assumption of LDA, which postulates that
natural language documents can be treated as a bag-of-words, is excessively simplistic. We
advocate for the incorporation of additional information regarding “how” language is structured,
thus shifting the analytical focus toward more local contexts within documents. This perspective
enables a more precise specification of the assumptions concerning word interdependencies in
local contexts. The underlying idea is not new; in fact, a number of prior studies have sought

to relax the bag-of-words assumption in LDA in order to more accurately reflect the structural
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characteristics of natural language. The following section reviews several of these topic modeling

approaches that have been proposed in the academic literature.

3.2 Relaxing the BoW assumption

LDA is frequently used as the foundational framework for advanced topic modeling techniques,
where the underlying assumptions are modified or extended by including additional model
components. In variants of topic models tailored for text-based datasets, these extensions often
involve incorporating information and assumptions regarding the structural composition of
the documents under analysis. However, the nature of the supplementary structural features
varies across contributions in the literature. These additional elements may be related to word
order, sentence organization, grammatical dependencies, or other linguistic features, thereby
influencing what is considered the relevant local context. Depending on the model, the local
context may encompass the immediately preceding word(s) in a sequence, an entire phrase or
sentence, or even the full document.

Furthermore, supplementary assumptions are typically introduced to capture interdependen-
cies between words within the defined local context. For example, the likelihood of observing
a specific word may depend on its preceding word, reflecting interdependencies at the word
level. Alternatively, interdependencies may arise at the latent topic level, whereby the topic
assignments of words are correlated within contextual boundaries. As a result, topic inference
becomes intrinsically tied to the observed local context within documents.

To systematically review the various variants of topic models proposed in the literature, the
following subsections 3.2.1 to 3.2.3 are organized according to the primary type of additional
structural language features used for modeling. Although model classifications are not always
clear cut, given that some approaches integrate multiple structural features, this categorization
facilitates a structured and comprehensive overview. For each model, we also describe how the
local context is defined, i.e., the contextual scope deemed relevant for topic inference. Finally,
we describe the assumed interdependencies, indicating how the relationships between words

are modeled within the specified context.
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3.2.1 Observed sequence of words

A straightforward approach involves conditioning on the observed sequential order of words
within documents. This represents an intuitive structural property of texts, given that written
language is typically processed in a linear, sequential manner. As such, word order is directly
observable in most textual datasets and can be readily exploited as supplementary information
for topic modeling.

A widely recognized contribution that incorporates the sequential structure of words within
documents is presented by Wallach (2006). This work extends LDA by integrating principles
from n-gram models. In n-grams, the probability of observing a specific term is conditioned
on the sequence of the preceding n terms, thereby emphasizing the importance of word order.
Wallach (2006) incorporates bi-grams into LDA, specifying that the local context for generating
a word w; is determined by the immediately preceding word w;_;. Accordingly, when generating
the i-th word in a document, given a topic assignment ¢ = z;, the word is drawn from a distribution
over words @, , o, with w;_; € [1,V]. This results in V distinct distributions, each conditioned on
the preceding word w;_;. Consequently, interdependencies at the word level emerge due to the
influence of the immediate local context. The contextual scope for sampling topic assignments
zi, however, remains at the (global) document level, with topics independently drawn from
64, consistent with the approach in LDA. Wallach (2006) reports improvements in predictive
accuracy and identifies topics that are less affected by high-frequency stopwords compared to
standard LDA. These findings highlight the value of incorporating structural features of language,
such as the sequential order of words, into the topic inference process.

Wang et al. (2007) extend the model introduced by Wallach (2006), based on the observation
that successive words (i.e., bi-grams) may form collocations or phrases that convey a distinct
meaning beyond the sum of their individual components (e.g., “white house”, Wang et al. 2007).
However, such compositional meaning is not consistently observed across all contexts (e.g.,
“yellow house”, Wang et al. 2007). To account for this variability, the authors augment the
bi-gram topic model by introducing a latent “bi-gram status” variable, x;, which depends on both
the preceding word and its associated topic. This bi-gram status variable allows the model to

determine whether or not two successive words should be treated as forming a bi-gram. If x; = 1,
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the word w; is drawn from a bi-gram model @,, | ., as in Wallach (2006). If x; = 0, the word
is generated from ¢, as in LDA. Their model defines local context as the word immediately
preceding in the observed sequence of words. Word interdependencies within this local context
are captured through the latent bi-gram status variable.

Additionally, an alternative perspective prevalent in the literature posits that the sequential
order of words within documents can offer insights into interdependencies at a functional level.
Specifically, this approach suggests that the observed word sequence facilitates the classification
of words into distinct categories, typically distinguishing between “functional” and “thematic”
words.

The composite model developed by Griffiths et al. (2004) is based on the premise that words
within documents can be categorized as either syntactic (“functional”) or semantic (‘“thematic”).
The authors argue that syntactic words appear consistently across different documents and serve
as structural elements that support the comprehensibility of language. In contrast, semantic
words vary depending on the document and are responsible for conveying meaning. The authors
extend the LDA framework by integrating a Hidden Markov Model (HMM), resulting in the
HMM-LDA. The HMM component is designed to capture first-order transitions between latent
word classes based on the observed word sequence. Transitions occur from the preceding word’s
class ¢;_; to the focal word’s class ¢;, with ¢ € [1 : C]. One of these latent classes ¢ = 1 is
designated as the semantic class. For words classified as semantic, the model reverts to the
LDA mechanism, where a topic assignment z is drawn from 6, followed by the word being

drawn from the topic-specific distribution ¢,(fzmamc)

. For all other classes ¢ # 1, words are drawn
directly from class-specific multinomial distributions at the corpus level, denoted @™ ). The
HMM component is conditioned on the observed sequential word order, in accordance with
the reading direction. Empirical findings indicate that the inferred word classes successfully
differentiate between content-bearing and functionally supportive words.

The work of Darling et al. (2012) and Darling & Song (2013) explores a related area,
focusing on the enhancement of unsupervised POS tagging through their proposed model,

labeled Parts-of-Speech LDA (POSLDA). The authors adopt a framework that distinguishes

between syntactic and semantic words, positing that content words are jointly characterized
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by their syntactic class and topic assignment, whereas syntactic words remain independent of
topics. Their methodology incorporates both content and functional word classes, modeled
using a Hidden Markov Model (HMM). Each functional class is associated with a single word

FUN)

probability distribution ¢( , while each content class is defined by a separate word distribution

CON) topic-specific content word distributions ¢(C0N ). By

for every topic, resulting in K X § (
modeling multiple content classes, the authors successfully identify distinct content-related PoS
categories, including nouns, verbs, and adjectives. Their findings underscore that linguistic
features, particularly the sequential order of words, support the identification of relationships
between adjacent words (i.e., the local context) at a functional level. Although the primary
objective of POSLDA was to enhance PoS tagging rather than topic inference, the authors
report a reduction in perplexity compared to standard LDA, indicating an improvement in model
generalizability.

The models discussed thus far demonstrate that the integration of minimal additional struc-
tural information — particularly the observed sequence of words — enables the specification of
interdependencies among co-occurring words within a local context. This, in turn, yields benefi-

cial effects on topic inference, thereby underscoring the value of structural language features in

the context of topic modeling.

3.2.2 Observed sentence boundaries

A commonly utilized linguistic feature is the explicit identification of sentence boundaries,
typically indicated by punctuation marks. Accordingly, documents can be conceptualized as
sequences of sentences, each of which can be further decomposed into sequences of words.
Sentence boundaries have been used as natural cues for topic transitions within documents.
The study conducted by Gruber et al. (2007) is based on the assumption that topic inference
is influenced by sentence boundaries and the sequential arrangement of words within documents.
To account for this, the authors introduce the Hidden Topic Markov Model (HTMM), which
models topic transitions between successive words using a Markov Chain mechanism. Specif-
ically, the model incorporates a binary topic transition variable y;, for each word w,. When

¥, = 1, the topic assignment z,, is drawn from 6, following the procedure of LDA. Conversely,
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when y;, = 0, the topic is inherited from the preceding word, that is, z,, = z,—1. The authors
restrict i, = 0 to those words that do not initiate a sentence. This implies that topic changes are
permissible only at the beginning of a sentence, thus maintaining a consistent topic assignment
across all subsequent words within a sentence. The HTMM thus integrates sentence boundaries
and word order as additional textual features to improve topic inference. The local context
comprises the immediately preceding word in the observed sequence, along with an indicator
specifying whether the focal word is the first word of a sentence. All subsequent words within a
sentence are deterministically assigned to the same topic as the first word of that sentence. At
the beginning of a sentence, a new topic may be introduced, as indicated by the binary topic
transition variable Whegin_sentence ~ Binom(¢). Although sentence boundaries are employed as
natural points for topic transitions, the authors do not provide a linguistically grounded justifica-
tion for this modeling assumption. However, empirical results indicate that HTMM improves
both perplexity and topic coherence compared to standard LDA.

Sentence boundaries also play a central role in the study by Biischken & Allenby (2016),
where the authors argue that consumers usually structure their reviews into sentences. They
propose incorporating sentence boundaries into the process of topic inference while simulta-
neously leveraging customer ratings to inform the distribution of topics across documents. In
the Sentence-Constrained LDA (SC-LDA), documents are conceptualized as collections of
sentences, with a single topic assigned to all words within a sentence. This constraint ensures that
all words in a sentence share the same topic, thereby introducing deterministic interdependencies
at the topic level within each sentence. While the order of words within sentences is treated as
exchangeable, the model prohibits reordering words across sentence boundaries, a modeling
assumption referred to as “bag-of-sentences” (Biischken & Allenby 2016). In a second model
variant, termed sticky SC-LDA (with topic carryover), the authors relax the bag-of-sentences
assumption by allowing topic carryover between adjacent sentences. Empirical results demon-
strate that both sentence-constrained variants outperform standard LDA in terms of predictive
fit. Additionally, the topics identified by the SC-models tend to explain customer ratings more
effectively than those identified by LDA. Notably, the authors find that the “stickiness” of

sentence-based topics is not a dominant phenomenon in the analyzed consumer review data sets.

Dissertation Thomas Michael Ruf3er-Strobel, 2026



3. MODEL DEVELOPMENT 52

That is, topic assignments are not frequently carried over from one sentence to the next. In their
discussion, the authors further propose that additional linguistic structures present in reviews
may provide opportunities to improve their models.

Jiang (2009) extend the distinction between content and functional word states through
the introduction of the nested HMM-LDA model. This model captures transitions between
latent word states within the observed word sequence, while explicitly incorporating sentence
boundaries as structural constraints. In line with the assumption that topics are generally
consistent within sentences, a single topic is assigned to each sentence. Given the topic of
the sentence, latent state assignments are drawn for each word using a Hidden Markov Model
(HMM), where the state of each word is conditioned on the state of the preceding word within
the same sentence. The model defines a collection of G = C + F latent states for each topic. F
denotes the set of functional states characterized by shared word distributions across topics and
C refers to the set of thematic states, each defined by a unique topic-specific word distribution.
As a result, content words are generated from distributions that reflect both their thematic state
and topic assignment, whereas function words are drawn from distributions specific to their
functional state, independent of topic. By simultaneously modeling the sequential structure
of words and the boundaries between sentences, the approach captures two distinct types of
interdependencies within the local context. Sentence boundaries impose interdependencies at the
topic level, enforcing a consistent topic assignment across all words within a sentence. Within
sentences, the sequential order of words informs state transitions among latent word classes. The
model successfully uncovers a correspondence between latent states and grammatical categories:
nouns, verbs, and adjectives tend to align with thematic states, whereas pronouns, prepositions,
and determiners are typically assigned to functional states.

The models reviewed in this subsection demonstrate that the incorporation of structural
information — specifically observed sentence boundaries — facilitates the specification of interde-
pendencies between words within sentences. In particular, interdependencies at the topic level
can be clearly defined for words that co-occur within the same sentence, consistent with the

intuition that topics tend to remain coherent within individual sentences. Moreover, observable
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sentence boundaries serve as natural markers in the text, indicating potential points of topic

transition.

3.2.3 (Quasi-) observed grammatical features

Another supplementary textual feature that can inform topic inference is the grammatical structure
of texts. However, it is important to note that such structures are not always directly observable.
Instead, many grammatical features must be “augmented” during the preprocessing stage prior
to topic analysis. Common preprocessing techniques include POS tagging, phrase structure
analysis, or dependency parsing. The widespread availability of software tools that support
these preprocessing steps allows these grammatical features to be treated as quasi-observed. The
existing literature documents a range of efforts aimed at incorporating grammatical structures to
enhance topic modeling.

Balikas et al. (2016) introduce copLDA, a model designed to capture topic interdepen-
dencies within textual segments using copulas. The approach is based on the assumption that
text segments, such as sentences or noun phrases, exhibit thematic coherence. While sentence
boundaries are directly observable features of text, the identification of noun phrases necessitates
an additional preprocessing step. In the two proposed model variants, topic correlations are intro-
duced within local textual boundaries, specifically (1) sentences and (2) noun phrases. Within
these segments, copLDA introduces topic-level dependencies via copula functions. Consequently,
the assignment of topics to words within text segments is conditioned on both the marginal
probabilities €; and a copula distribution. The authors employ a Frank copula for the purpose of
modeling interdependencies between topic assignments within text segments, introducing an
additional hyperparameter 4. A value of A = 0 corresponds to complete independence, while
A = o indicates perfect dependence of topic assignments within text segments. When 4 = 0
and the segment is defined as the entire document, the model reduces to standard LDA. The
authors empirically evaluate various A values across datasets and identify optimal values greater
than zero for both variants of the model, which supports the assumption of correlated topics
within segments. Notably, the optimal A is higher for noun phrases (4 = 5) than for sentences

(4 =2), indicating stronger thematic coherence within noun phrases. Perplexity-based evalua-
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tions demonstrate improved model fit over LDA, particularly for the noun phrase variant, and
yield topic sequences that align more closely with human judgment. These findings underscore
the utility of incorporating (quasi-)observed grammatical structures into topic inference.

Biischken & Allenby (2020) propose the Autocorrelated Topic Model (AT-LDA) with
covariates. This model enables first-order topic carryover from one word to the next within
the observed word sequence. In addition, it incorporates grammatical textual features — such as
sentence conjunctions and punctuation — to inform the probability of topic carryover.

Topic carryover is modeled via a latent binary indicator ¢, ~ Binomial (¥|z,-1). A value
of {, = 1 implies that the topic assignment is carried over from the preceding word (z, = z,—1).
Conversely, if ¢, = 0, the topic assignment z,, is drawn from from the document-level topic
distribution 6, in line with classical LDA. The topic carryover probability ¥, is specified through
a binary logit model. It includes observed grammatical features as covariates and allows the
intercept to depend on the topic assignment of the previous word z,,—;. Thus, the probability of
topic carryover is a function of both local grammatical cues and topic assignments. This requires
knowledge of word order to identify features such as conjunctions and punctuation.

The local context is characterized by the elements immediately preceding in the observed
text sequence. This encompasses not only the immediately preceding word but also considers the
preceding structural elements of text, such as conjunctions or punctuation. The interdependence
of words within that local context is conceptualized through probabilistic modeling of topic
carryover.

In their empirical analysis of customer review datasets, Biischken & Allenby (2020) provide
evidence of local serial topic dependencies, referred to as “topic runs”. The probability of
topic carryover is significantly influenced by structural linguistic elements, particularly sentence
conjunctions and punctuation. The authors report improvements in topic inference. These
improvements become more pronounced in more complex datasets, such as those with longer
documents or larger vocabularies. In such settings, both in-sample and predictive fit outperform
standard LDA. Topic quality, measured through coherence and uniqueness, is also enhanced
under greater textual complexity. In addition, topics inferred by AT-LDA with covariates exhibit

higher explanatory power for customer ratings than those derived from standard LDA.
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The AT-LDA model is particularly relevant for this thesis for two main reasons. First, the
model and its empirical results highlight that grammatical language features shape the latent
topic structure in texts. This supports the view that structural aspects of language (how texts
are written) interact with topical content (what is represented). Second, the model is technically
attractive due to its flexibility and extensibility. Any (quasi-)observed textual feature at the
word level can be integrated as a covariate in the binary logit specification of topic carryover.
This opens the door for incorporating more complex grammatical features beyond sentence
conjunctions and punctuation.

Biischken & Allenby (2025) propose the Topic Change Point Model (TCPM), which
represents text as a sequence of topic runs. These are sequential word segments originating
from the same topic and potentially interspersed with ubiquitous, non-topical terms. The model
enforces a topic change from one run to the next, with the boundary between runs defined as
topic change points. These change points are unobserved and inferred from the data. A variant of
TCPM incorporates observed Parts-of-Speech (POS) covariates to inform change point inference,
linking syntactic categories to the likelihood of changes in the topic.

A distinctive feature of TCPM is the use of observed POS tags, i.e., syntactic classifications of
words, alongside the word sequence as structural language features. The authors show empirically
that certain POS categories are systematically associated with topic shifts: for example, sentence
boundaries and coordinating conjunctions often indicate a topic change, whereas determiners
and personal pronouns tend to indicate topic continuation. This demonstrates how grammatical
features can inform the detection of topic boundaries, capturing the interplay between syntactic
and thematic structure in texts.

In TCPM, local context is defined at the phrase level, with phrases corresponding to the
sequence of words between two change points. These contextual boundaries are not predefined
(as with sentence boundaries) but are inferred. Within each phrase, topic words share a single
topic assignment, while non-topic words function as “syntactic glue” that ensures readability
but does not convey topical content. Modeling these non-topic words removes the need for
manual stopword pruning, as the model identifies such words automatically based on their

context-independent frequency. Empirical results show that TCPM facilitates topic inference
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using characteristic topic phrases rather than isolated word lists and achieves superior fit to
observed data compared to other topic models.

Boyd-Graber & Blei (2008) incorporate (quasi-) observed syntactic dependency structures
into the Syntactic Topic Model (STM). The observed data consists of a collection of documents,
each represented as a set of dependency-parsed sentence trees. These dependency structures
are treated as observed textual features and must be derived by preprocessing of the raw text.
Each sentence is represented by unlabeled dependency trees, characterized by hierarchical
parent-child relationships between words. The term unlabeled indicates that the grammatical
type of each dependency relation is not specified. The authors propose a nonparametric topic
model in which the number of topics is inferred from the data, rather than fixed in advance, as in
LDA. The model conditions on dependency tree structures to generate topic assignments z for
words. These assignments are informed by parent-child relationships within the tree structure.
Specifically, the topic assignment for a child word is drawn from a distribution defined as the

product of two vectors, §; and 7, .,

Zehild ° O * Ty (3.1

where 6; denotes the topic proportions of document d, and 7 is a corpus-level topic transition
matrix. This matrix encodes the transition probabilities from parent topics to child topics.
Importantly, topic transition probabilities are assumed to be invariant across documents and
types of dependency relations. The vector 7, specifies the transition vector, given the topic
assignment of the parent word. As a result, the model introduces topic-level interdependencies:
the topic assignment of a child word is conditioned on the topic assignment of its syntactic parent.
This creates a chain of interdependent topic assignments along the branches of the dependency
tree.

From a linguistic perspective, the methodology employed by the authors is particularly
relevant to this study, as it incorporates syntactic dependency structures into the topic model.
This approach extends the representation of textual data beyond simple word sequences and

sentence boundaries by establishing parent-child relationships between words, relationships that
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do not necessarily correspond to their linear order in the text. In the empirical application of
their model, the authors used the Penn Treebank (Marcus et al. 1993), a corpus composed of
manually curated constituent parse trees. Subsequently, these constituent trees were converted
into dependency parse trees (Johansson & Nugues 2007). Although the conversion process
produces labeled dependency trees, Boyd-Graber & Blei (2008) chose to disregard dependency
labels, focusing exclusively on the tree structure of unlabeled dependencies. We contend that the
use of dependency labels merits closer examination. Our hypothesis is that interdependencies at
the topic level are influenced not only by the existence of parent-child relationships, but also by
the grammatical distinctions encoded in these relationships.

The literature reviewed in this section has thus far treated grammatical structures as quasi-
observed phenomena. In addition, several studies attempt to jointly infer syntactic structures and
latent topics. Although not the central focus of this thesis, such approaches represent efforts to
exploit the interaction between grammatical characteristics and topical content.

For example, Wallach (2008) introduces a Bayesian model for dependency parsing. This
generative framework requires joint inference of both latent dependency tree structures and the
associated latent states. These latent states can be interpreted as “finer-grained POS tags” or
“syntactic topics”. For instance, the model is capable of generating multiple states that exhibit
a tendency to produce nouns. While one of these states generates nouns related to job titles,
another state is more likely to produce nouns denoting place names. In her model, the emphasis
is on inferring the surface structure of dependency trees, with no emphasis on labels for different
types of relationships. In contrast, our approach assumes that labeled dependency trees are
available through appropriate preprocessing. Moreover, our focus lies on investigating how
syntactic dependency labels contribute to topic inference.

The reviewed studies indicate that grammatical features of text can support topic inference.
Structural elements such as noun phrases, sentence conjunctions, punctuation, and dependency

trees have been effectively utilized to model word interdependencies at the topic level.
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Authors Model Structural Features Incorpo- | Scope of Local Context Modeled Interdependencies
rated
Wallach (2006) Bigram Topic Model Sequential order of words Preceding word(s) in sequence | Serial word-choice interdepen-

dencies

Wang et al. (2007)

Topical N-gram Model

Sequential order of words

Preceding word(s) in sequence

Serial word-choice interdepen-
dencies (bigram status)

Griffiths et al. (2004) HMM-LDA Sequential order of words Preceding word in sequence Serial word-class (syntactic/se-
mantic) interdependencies
Darling et al. (2012), | POSLDA Sequential order of words Preceding word in sequence Serial word-class (syntactic/se-
Darling & Song (2013) mantic) interdependencies
Gruber et al. (2007) HTMM Sequential order of words and | Preceding word in sequence Sentence-level topic uniformity

sentence boundaries

and serial topic interdependen-
cies between sentences

Biischken & Allenby
(2016)

(sticky) SC-LDA

Sentence Boundaries (and se-
quential order of sentences)

Words within the same sentence

Sentence-level topic uniformity
(and serial topic interdependen-
cies between sentences)

Jiang (2009)

nested HMM-LDA

Sequential order of words and
sentence boundaries

Preceding word in sequence
within sentence

Sentence-level topic unifor-
mity; serial word-class (syntac-
tic/semantic) interdependencies

Balikas et al. (2016) copLDA Sentence boundaries OR noun | Words within the defined | Sentence-level or NP-level
phrase (NP) boundaries boundaries (sentence or NP) topic interdependencies
Biischken & Allenby | AT-LDA Sequential order of words, sen- | Preceding textual elements in | Topic-level serial interdepen-
(2020) tence conjunctions and punctu- | sequence dencies
ation
Biischken & Allenby | TCPM Sequential order of words and | Sequence of words in between | Phrase-level topic uniformity,
(2025) parts-of-speech (POS) tags unobserved topic change points | interspersed by non-topic
words
Boyd-Graber & Blei | Syntactic Topic Model | Unlabeled dependency trees Syntactic parent-child depen- | Topic-level interdependencies

(2008)

dency pairs

along dependency tree branches

Table 3.1: Overview of topic modeling approaches incorporating (observed) structural features of text data.
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3.2.4 Summary

The outlined approaches share the common characteristic of incorporating (in)directly observed
information on “how” language-based text data is structured. In addition to document boundaries
(Blei et al. 2003), natural language offers a range of structural features that serve as informative
cues for topic modeling. For instance, many models condition on the observed word sequence
(Griffiths et al. 2004, Wallach 2006, Wang et al. 2007, Darling et al. 2012) or additionally account
for the presence of sentence conjunctions and punctuation within that sequence (Biischken &
Allenby 2020). Sentence boundaries are another frequently used structural feature (Gruber et al.
2007, Jiang 2009, Biischken & Allenby 2016). Moreover, some approaches leverage indirectly
observed syntactic structures that require additional preprocessing steps, such as dependency
trees (Boyd-Graber & Blei 2008) or noun phrases (Balikas et al. 2016).

The observed structural features (or their combinations) define a local context for topic
modeling. This local context may comprise the n preceding elements in a sequence, the set of
words within a sentence, or syntactically connected words. Conditioned on such local context,
models can specify interdependencies between linguistic elements that go beyond simple word
co-occurrence. These interdependencies manifest at different levels: the word level (e.g., Wallach
2006, Wang et al. 2007), the topic level (e.g., Boyd-Graber & Blei 2008, Balikas et al. 2016,
Biischken & Allenby 2016, 2020) or the word-function level (e.g., Griffiths et al. 2004, Darling
et al. 2012, Jiang 2009). The nature of these interdependencies ranges from deterministic to
probabilistic or conditionally independent. A summary of the relevant literature is provided in
Table 3.1.

We interpret the reviewed approaches as a synthesis of two perspectives on text data: the
question of “how” text is structured and the question of “what” content is represented. Observed
information on “how” language is structured supports the analysis of “what” latent topical
content is conveyed. The literature demonstrates that both perspectives can be combined in a
complementary manner. Specifically, (in)directly observed structural features of language allow
for the definition of a local context. Given this context, interdependencies between linguistic
elements can be modeled. This, in turn, facilitates a more accurate derivation of the latent topic

structure within text data.
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We see further opportunities for research that draws more explicitly on syntactic features
grounded in linguistic theory. So far, grammatical features in topic modeling have largely
been limited to sentence boundaries, conjunctions, noun phrases, or dependency tree structures.
However, none of these approaches explicitly considers the type of syntactic relationships
between words. The following section addresses this gap by introducing a novel topic model
variant that incorporates labeled syntactic dependency structures. Our intended application
in marketing research further underscores the relevance of this approach. In many marketing
contexts, the availability of data is limited, making efficient use of available information especially
important. From our perspective, this includes making use of syntactic features inherent in natural

language.

3.3 Labeled Universal Dependencies LDA

This section integrates the perspectives developed in Chapter 2.1 and Chapter 2.2 into a unified
framework: the labeled Universal Dependencies LDA (labeled UD-LDA), a novel topic model
variant based on labeled syntactic dependency structures. The central premise of this study is
that understanding the syntactic structure of language (how language is constructed) can support
the inference of topics, or what is expressed in a given text. Our approach builds on prior
work in the topic modeling literature, as reviewed in Chapter 3.2, which has demonstrated the
value of integrating structural features of text into topic inference. In the following section, we
discuss how three key contributions have informed the development of the labeled UD-LDA:
the foundational LDA model by Blei et al. (2003), the AT-LDA model by Biischken & Allenby

(2020), and the STM model by Boyd-Graber & Blei (2008).

Foundations and limitations of existing approaches As discussed earlier, the foundational
topic model LDA (Blei et al. 2003), introduced in Section 2.2, incorporates minimal structural
information specific to text data. It conditions solely on document boundaries, which define the
scope for topic inference. This is known as the bag-of-words assumption within documents.
However, this assumption contrasts with the general observation that texts are both formally

and thematically structured. Typically, texts present a coherent sequence of ideas, with words
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grouped according to thematic relevance. For instance, consider the restaurant review sentence:

“The senior menu is a very good bargain”. Here, the two words “senior menu” collectively
express a specific offering, while “very good bargain™ describes its great value. The words are
thematically interdependent, collectively expressing a meaningful proposition.

Biischken & Allenby (2020) address this issue by conditioning on the observed word
sequence. Based on the local context within this sequence, their model allows for autocorrelated
topics, where topics may be inherited from one word to the next. Topic propagation offers
an elegant and flexible way to capture local interdependencies between words. Figure 3.1 (b)
illustrates potential topic pathways through such propagation (shown in blue).

We argue, however, that topic propagation does not always proceed linearly through the
word sequence. In particular, retaining stopwords complicates a plausible interpretation of topic
inheritance.! It is questionable, for example, why the word “the” should transfer its topic to
“senior”. Intuitively, the direction should be reversed. Similarly, it seems unlikely that “senior”
transfers its topic to “menu” — rather, “menu” is the thematic anchor, with “senior” specifying it.
Hence, the reading direction aligns only partially with the intuitive flow of thematic dependencies.

Figure 3.1 (c) shows the same sentence represented as a parsed UD tree, with dependency
labels omitted for clarity. A closer look at the blue arrows reveals that they align with intuitive
notions of topic inheritance. For example, the word “menu” may pass its topic to the words “the”
and “senior”. Similarly, “bargain” may propagate its topic to the word “good”, which further
qualifies the nature of the deal. These patterns suggest that UD tree structures can reflect and
formalize intuitive thematic relationships between words. They thus provide a linguistically
grounded foundation for modeling topic flow at the sentence level.

The integration of syntactic tree structures into topic modeling is not new. Boyd-Graber &
Blei (2008) introduced the Syntactic Topic Model (STM), which relies on observed syntactic
parse trees. Here, a word’s local context is defined by its syntactic head (upstream) and its
dependents (downstream). Topic interdependencies are represented as topic transitions along tree
branches rather than through topic carryover. The position of words within parse trees determines

the local context, which is comprised of the word that is the head of the focal word (“upstream”)

IAs discussed in the introduction, the amount of data is inherently limited in targeted marketing analyses. For this
reason, we advocate against aggressive data pruning during preprocessing.
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Figure 3.1: Illustration of sentence structure representations and the potential paths for topic propa-

gation.
(a) bargain a good
The
very senior
is menu
(b) The — senior — menu — is — a —> very —> good —> bargain
(c) root
bargain
menu good
The senior is a very
(d) root
bargain

menu good

| det w amod | | cop |
v N v \

The senior is a very

Notes. (a) A sentence in bag-of-words representation. (b) A sentence represented in the observed sequence of words.
(c) A sentence in syntactic dependency representation showing hierarchical relationships among words. (d) A sentence
in Universal Dependency representation with labeled dependencies. The blue arcs indicate possible paths for topic
propagation, demonstrating how different structural representations of a sentence can impact topic propagation.
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and the words that are in turn dependents of the focal word (“downstream”). However, STM
assumes that the topic transition probabilities 7, are invariant with respect to the type of head-
dependent relation. Conditional on the topic assignment of the head word z;, = ¢, the probabilities
of topic transitions from head to dependent are independent of their type of syntactic relation.

Figure 3.1 (d) illustrates the same sentence with UD labels included. These labels help
identify which syntactic relationships are likely to support topic propagation: For example,
modifier relations such as “amod” and “advmod” tend to preserve topic continuity, suggesting a
high probability of topic propagation from head to dependent. Notably, the verb “is” does not
serve as the root of the sentence. Instead, it functions as a copula attached to “bargain”. The
cop relation marks “is” as a function word with limited autosemantic content, subordinated to
its more contentful head “bargain”. This reflects a core principle of UD: content-bearing words
are preferred as syntactic heads over grammatical function words (De Marneffe et al. 2021).
Accordingly, “is” may inherit its topic from “bargain”. These examples show that labeled UD
trees can formalize thematic relationships that are intuitively perceived in natural language. In
light of the findings by Biischken & Allenby (2020), who demonstrate that grammatical cues like
conjunctions and punctuation affect topic propagation, we argue that dependency labels offer
additional grammatical information relevant for topic modeling.

To the best of our knowledge, no existing topic modeling approach integrates syntactic
tree structures together with head-dependent labels. We address this gap by proposing labeled
UD-LDA. The central idea of labeled UD-LDA is to use (observed) syntactic structures from
labeled dependency trees for inferring topic interdependencies in text.> Labeled UD-LDA
models autocorrelated topics by allowing topic propagation along the branches of UD trees. The
probability of topic propagation is defined as a function of both the topic of the head word and

the type of syntactic relationship between head and dependent.

Labeled UD-LDA A graphical representation of the labeled UD-LDA is illustrated in Figure

3.2. The left-hand side of the figure shows the UD structure for a parsed sentence. Each

2In practical applications, topic modeling typically involves substantial preprocessing of raw text. This includes
sentence segmentation, tokenization, and often stopword removal or stemming. UD parsing is a natural extension of
this preproceesing pipeline and can be implemented with minimal additional effort using available software. As such,
we treat parsed dependency structures, including their grammatical labels, as (quasi-) observed pseudo-data.
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Figure 3.2: Labeled Universal Dependencies LDA (labeled UD-LDA).

node represents a word in the sentence, and labeled, directed edges indicate head-dependent
relationships. The sentence contains a single root word that serves as the initial point of
connection. All other words are linked to the root through a unique path within the syntactic tree.
This structure provides insight into the grammatical relationships between words in a sentence.
Directed edges identify which word pairs (wggp, , Was,) are in direct head-dependent relationship.
The dependency label assigned to each edge, dep_type(wWasp,, Wasn), specifies the grammatical
nature of the relationship. By treating this syntactic structure as observed, sentence boundaries
define a local context for modeling topic interdependencies within documents. This is reflected
in the “sentences within documents” plate on the right-hand side of Figure 3.2. Within each
sentence, the labeled UD-LDA further iterates over “words within sentences”. The focal word is
denoted as wyy, (highlighted in gray), and its unique syntactic head is wggy,,.

The topic assignment z;, of the focal word is generated using the topic propagation mech-
anism introduced by Biischken & Allenby (2020). A latent binary variable {;, determines
whether the topic of the focal word is inherited from its syntactic head. This variable is the key

component that allows for autocorrelated topics within the labeled UD-LDA framework.

Cdsn =1:z45 = Zdsh,
(3.2)

Casn =0 Z4n ~ Multinomial (6,)
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In the first case, {ys, = 1, the topic of the focal word is inherited from its syntactic head.
This results in a deterministic topic propagation: zgs, = Z4sh,. In this case, the link between zg4,,
and the document-level topic distribution 6, is deactivated. Instead, the topic assignment of the
syntactic head, z,44,, is directly passed to the focal word.

In the second case, {ys, = 0, no topic propagation occurs from the syntactic head. Here, the
relationship between zgg,, and zgq, is disabled. The topic assignment for the focal word, z;g,
is then drawn from a multinomial distribution parameterized by the document-specific topic
proportions 6.

In the lower part of the labeled UD-LDA model, the generation of the focal word wyy,
is conditioned on its topic assignment z4, = t, regardless of whether the topic was assigned
via propagation or sampling from 6;. The word is drawn from a topic-specific multinomial
distribution: wg, ~ Multinomial (@, ).

What remains to be discussed is the origin of the binary topic propagation indicator {yg,.
Following the mechanism proposed by Biischken & Allenby (2020), we assume that (g, is

drawn from Bernoulli distribution with success probability ¥ g,.

Casn ~ Bernoulli( Wysn|Xasn)

expl], f (3-3)

Wasn|Xdsn = m

As specified in Equation 3.3, the probability of topic propagation, yyq,, is modeled as a
function of word-level covariates x4, and corpus-level regression coefficients . The labeled
UD-LDA differs from the AT-LDA (Biischken & Allenby 2020) in the definition of the covariate
vector x45,. Here, the covariates are constrained by Universal Dependencies in two ways.
First, UD specifies the syntactic head of each word. This allows conditioning on the topic
assignment of the head word. Second, the UD label provides a grammatical specification of the
relationship between the head and the dependent. Thus, x4, is constructed as the concatenation

of two dummy-coded components: (1) the topic assignment of the head word, z4,, and (2) the

dependency relation type, dep_type(Wasn, , Wasn):
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Zdshy
Xisn = 3.4
dep_type(Wash,,Wdsn)

The resulting vector x4, has length K 4+ J, where K denotes the number of topics and J the
number of UD relation types (as defined in De Marneffe et al. 2021). Correspondingly, S is a
vector of corpus-level regression coefficients of length K -+ J, consisting of two parts: The first
K elements are topic-specific intercepts £, and the remaining J elements are dependency-type-
specific coefficients £y, 1ype. Positive values of £ increase the probability of topic propagation,
while negative values reduce it. The topic-specific intercepts allow for differences in propagation
propensity across topics, consistent with the findings in Biischken & Allenby (2020). The
coefficients associated with dependency types enable the model to capture systematic variation

in topic propagation behavior based on grammatical structure. The data generating process can

thus be described as follows:
1. Draw independently:

(a) Draw ¢ from Dirichlet(7) Vki.i.d.
(b) Draw @, from Dirichlet(e) Vd i.i.d.

(c) Draw f from MVN(EZﬂ)
2. For each sentence s € [1 : S4] in each document d € [1 : D]:

(a) For the root word w:

1. Draw z,,,; from Multinomial(8;)

ii. Draw wy,,; from Multinomial(¢—.,,)
(b) For non-root words w,, with n € [1 : Ny|,n # root:

i. Compute p(¥p|xn, B,zn,) using (3.3) and draw ¢, from Bernoulli( y;,)
ii. If &, =0, draw z, from Multinomial(6,); if §, =1, set z, = zj,

iii. Draw w,, from Multinomial(¢—.,)

By the definition of the UD framework, each sentence contains exactly one root word (De Marn-

effe et al. 2021). This root word is the only word in the sentence that has no head but serves as
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its own head. As a result, the topic assignment of the root word, z,,,, cannot arise from topic
propagation and is always drawn from 6. This also implies that the labeled UD-LDA does not
model topic propagation across sentence boundaries. Furthermore, it is important to emphasize
that the syntactic structure of sentences is not inferred by the model. Instead, the UD structure is
treated as observed and incorporated into the design matrix of the topic propagation regression.
Thus, the syntactic UD structure serves as a fixed skeleton that is subsequently populated with
correlated topic assignments and words.

The joint distribution of knowns and unknowns of the labeled UD-LDA model, given

document d, and assuming independent prior distributions, factorizes as follows.

p({wha{z}a: {CYa, 0. 64, B,x4, 00,7, B,Zp) <
Sd

H [p(ws,mot ‘ ¢7 Zs,root) X p(Zsmoot | Hd> X

s=1

N,

H [p(Ws,n‘¢7Zs,n7Zs,h,,a gs,n) X P(Zs,n‘zsﬁ,,y 4, é;,n) X P(é;,n|xs,n,,571s,hn)}j| (3.5

n=1
n#root

Py

xp(¢l7) x p(&il@) x p(B|B,Zp)

xp(7) x p(@) x p(B) x p(Xg)

Equation 3.5 identifies the parameters that require sampling to approximate their posterior
distributions and estimate the model. Given fixed priors 7, &, 3, 03, sampling is required for
@,0,, .z, ¢. Biischken & Allenby (2020) developed an Markov Chain Monte Carlo (MCMC)
sampling scheme for estimating the AT-LDA topic model with covariates. This scheme can be
adapted with minor modifications for use in the labeled UD-LDA. A version of the algorithm

tailored to the labeled UD-LDA is provided in Appendix B of this thesis.
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(Formal) relation to existing topic modeling variants The labeled UD-LDA can be formally
related to the three topic modeling variants discussed earlier in this section.

LDA (Blei et al. 2003) can be regarded as a special case of labeled UD-LDA. As previously
outlined, the case ¢, = 0 disables the relationship between z;,, and z,, resulting in z,, being drawn
from a multinomial distribution with document-specific topic probabilities §;. This implies that
Zn, is conditionally independent of all other topic assignments in the document. This mechanism
is identical to the topic assignment procedure in classical LDA. Hence, LDA corresponds to
the special case of labeled UD-LDA in which ¢, = 0 for all n € N,;. Under this restriction, all
topic assignments in a document are sampled from Multinomial (¢—.,), and word generation
wp ~ Multinomial (¢,,) proceeds as in LDA.

The labeled UD-LDA is also technically related to the AT-LDA model developed by
Biischken & Allenby (2020). Both models allow autocorrelated topic assignments via prob-
abilistic topic propagation. However, the labeled UD-LDA introduces additional structural
assumptions. First, topic propagation is restricted to occur only within sentence boundaries; there
is no propagation across sentences. Second, topic propagation is permitted only from a word’s
syntactic head wgy,, to its dependent wyy,. In AT-LDA, topic propagation is defined sequentially,
with inheritance from wy,_| to wg,. This can be viewed as a special case of syntactic dependency
where h(n) =n—1 Vn €2:N,. The transition from serial dependency to syntactic (Universal)
dependency requires monitoring the positions of words and their corresponding head within text
documents. In AT-LDA, the document’s “tree” structure forms a single branch aligned with the
reading order (see Figure 3.1 b). By extending this with labels indicating sentence conjunctions
and punctuation, AT-LDA can be embedded as a special case of the labeled UD-LDA.

Only limited formal parallels exist between labeled UD-LDA and the STM (Boyd-Graber
& Blei 2008). A key difference is that STM is a nonparametric model, allowing the number of
topics to be inferred from the data, whereas labeled UD-LDA assumes a fixed number of topics.
Both models treat the input data as a collection of dependency parse trees. However, STM does
not incorporate dependency labels. Its topic transition probabilities 7; are not conditioned on
syntactic relation types. In contrast, labeled UD-LDA uses dependency labels as covariates in

the topic propagation mechanism. The models also differ in their mechanisms for generating
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topic assignments. In STM, the topic assignment is derived from the normalized product of
the document-specific topic distribution and the topic transition probabilities (z, o< 6; 7, ). In
labeled UD-LDA, topic assignments results either from propagation (z, = zj,)) or from a draw
from 6;, depending on the outcome of the binary variable ,. Given the substantial differences
in model architecture and assumptions about topic interdependencies, no formal mapping exists

that would render one model a special case of the other.
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Chapter 4

Empirical analysis

4.1 Data

The empirical implementation of the labeled UD-LDA is guided by a marketing-oriented per-
spective. This necessitates its evaluation within the context of a targeted analysis. The objective
of this targeted analysis is to identify latent topics in customer reviews with the (general) purpose
of elucidating aspects of consumer behavior such as the origin of product evaluations or recom-
mendations. Unlike large-scale, undifferentiated text corpora, marketing analyses are typically
based on targeted data sets that reflect a specific intersection of key dimensions such as brand,
product type, price level, distribution channel, and consumer segment. Accordingly, the more
precise objective of this empirical application is to uncover latent topics that explain consumer
perceptions and behaviors in distinct market contexts. These insights can support marketers in
designing and refining offerings that resonate with their target groups.

Three targeted data sets of publicly available customer reviews are analyzed in this chapter.
Each data set corresponds to a specific marketing context and exemplifies a realistic scope
for applied marketing research. The first dataset consists of 1,683 reviews of American style
restaurants (collected from weS8there.com). This data set reflects the intersection of geographic
location, cuisine type, and price level. The second dataset includes 3,210 reviews of luxury
hotels in Manhattan (collected from expedia.com). This collection reflects the intersection of

brand, premium price positioning, and geographic location. The third dataset comprises 7,772
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Figure 4.1: Text data pre-processing for the labeled UD-LDA.

customer reviews of camping tents (collected from amazon.com). It reflects the intersection of
product category, price level, and online distribution channel. The relatively small size of all
three corpora, each ranging from several thousand to fewer than 10,000 reviews, is consistent
with the scope of targeted marketing analyses. As discussed in the introduction, this aligns with
the constraints of real-world marketing settings, where data sets are often limited in size yet
highly specific in focus.

A three-step preprocessing pipeline was applied to the text data prior to the empirical analysis
(see Figure 4.1). These steps included (1) manual corrections, (2) dependency parsing using
UDPipe, and (3) text standardization. The first step involved manual corrections of the raw
text. This included the removal of spurious characters (e.g., HTML tags, encoding artifacts)
and the correction of frequent spelling errors (e.g., “Manhatan”, “Manhatten”). In contrast to
typical preprocessing routines, stopwords, infrequent terms, and punctuation were retained, and
capitalization was left unchanged. These choices were made to preserve the original sentence
structure to the greatest extent possible, thereby facilitating accurate dependency parsing. For
example, preserving the capitalized form of proper nouns or the pronoun “I”” supports correct
syntactic analysis in English. At the end of this step, each review was represented as a single
character string.

In the second step, the character strings were passed to the UDPipe toolkit (Straka et al. 2016,
Straka & Strakova 2017), which performs sentence segmentation, tokenization, POS tagging,
lemmatization, and dependency parsing. We used a pre-trained model based on the English Web

Treebank (EWT) corpus (Silveira et al. 2014) via the UDPipe R wrapper (Jan Wijffels 2022).
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The EWT corpus is viewed as a gold-standard UD corpus comprising over 16,000 sentences
from genres such as weblogs, emails, newsgroups, reviews, and Yahoo! answers. The inclusion
of the latter two categories, both user-generated content, motivated our use of a model trained on
this corpus. At the end of this processing step each document is divided into individual sentences
that are tokenized into words and punctuation marks. Each token is annotated with Universal
Dependency information. Of particular interest for our model are the ID of each token’s head
and the type of dependency relation with its head. This information enables the representation of
each sentence as a typed dependency tree.

The third and final preprocessing step involved text standardization. At this stage, lowercasing
was applied, and punctuation marks were removed. Punctuation is excluded from topic modeling,
as it carries no semantic content related to latent topics. This removal does not interfere with
the UD tree structure, since punctuation tokens are always terminal nodes and never serve as
syntactic heads. A common practice in topic modeling is to eliminate infrequent terms to reduce
vocabulary size (e.g., Blei et al. 2003, Griffiths et al. 2004, Jiang 2009, Biischken & Allenby
2020). This study deliberately avoids removing rare words or stopwords. Doing so could disrupt
the dependency tree structure by eliminating the head of other dependents, thereby invalidating
the syntactic relationships central to our analysis. Since this research focuses on modeling topic
propagation along syntactic paths, preserving these structures is essential.

In conclusion, although the preprocessing pipeline may seem elaborate, it introduces only
minimal alterations to the original text. Its primary objective is to preserve the linguistic structure
while systematically incorporating UD information.

Automated UD parsing of raw text is not error-free. Therefore, it is essential to consider
the potential limitations of this approach. The complexity of automatic UD parsing is well
recognized in the NLP community. The Conference on Computational Natural Language
Learning (CoNLL) highlighted this challenge by making UD parsing its shared task in both
2017 and 2018 (Zeman et al. 2017, 2018). Standard evaluation metrics include the Labeled
Attachment Score (LAS), which measures the percentage of tokens correctly assigned both a
syntactic head and a dependency label, and the Unlabeled Attachment Score (UAS), which

measures only head assignment accuracy (Zeman et al. 2017, 2018). For English gold-standard
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corpora, UDPipe 2.5 achieves UAS scores between 80.2% and 83.9% and LAS scores between
75.9% and 80.4%.! While these figures may appear modest, they are competitive by current
standards in UD parsing. Alternative tools such as Stanza, implemented in Python, report slightly
higher accuracy (UAS = 86.2, LAS = 83.6 on the English-EWT corpus) (Qi et al. 2020). However,
integrating Stanza would complicate the workflow, as the present project is implemented in R.
Manual correction of UD structures, although theoretically ideal, is infeasible for two reasons.
First, inter-annotator agreement on the English-EWT corpus is reported at only 96%, indicating
that even human annotators exhibit some degree of inconsistency.” Second, manual corrections
are highly time and cost intensive, which is impractical for large-scale analyses. A core premise
of this study is that syntactic dependency information can be used for downstream tasks with
minimal effort. The manual inspection and correction of parsed trees would contradict this
principle. Furthermore, our interest does not lie in dependency structures themselves, but in
their contribution to downstream tasks such as topic modeling. Accordingly, we assess the utility
of automatically parsed UD structures for topic inference, as they are realistically available to
applied researchers using publicly accessible tools such as UDPipe.

An overview of the descriptive statistics of the datasets after preprocessing is presented
in Table 4.1. Although all three datasets fall within the same genre of customer reviews, they
differ in both size and complexity. The American Restaurant dataset, despite containing the
fewest reviews, shows the most extensive vocabulary and the longest average review lengths of
approximately 191 words (or 14 sentences). Luxury Hotel reviews are the shortest, averaging
approximately 53 words (or 4.3 sentences) per review. Reviews of considerable length, ranging
between 575 and 1,699 words, are found across all datasets. While the datasets differ at the
document level, these differences diminish considerably when attention is shifted to the sentence
level. The average sentence length is nearly uniform across all datasets, ranging from 12.4 to
14.4 words per sentence. These findings suggest that consumers tend to formulate sentences of
comparable complexity when describing products or services. Longer reviews arise not from

longer sentence constructions but from a higher number of sentences.

Uhttps://ufal. mff.cuni.cz/udpipe/1/models#universal_dependencies_25_models
Zhttps://github.com/UniversalDependencies/UD_English-EWT/blob/master/README.md
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Statistic Luxury Hotels Camping Tents American Restaurants
Number of reviews 3,210 7,772 1,683
Corpus size 169,389 682,494 321,451
Number of unique terms 6,019 10,521 11,966
Number of words per review
Mean 52.8 87.8 190.9
Standard deviation 46.9 111.4 225.8
Median 40 52 108
Maximum 575 1,697 1,699
Number of sentences per review
Mean 4.3 6.1 14.0
Standard deviation 3.1 6.5 15.5
Median 4 4 9
Number of words per sentence
Mean 12.4 14.4 13.6
Standard deviation 8.4 9.2 8.0
Median 11 13 12

Table 4.1: Descriptive statistics of the three customer review datasets. Summary statistics for
the Luxury Hotels, Camping Tents, and American Restaurants datasets, including corpus
size, vocabulary size, and distributional measures for words and sentences per review.

American _| o o o o |- —————————————————————————— -| o o 0 o O
Restaurants

Luxury | oo oo o |» —————————————————————————— ~| [ I T H s T
Hotels

Camping _| , P __________________________________________ 1 o o
Tents

T T T T T

-10 -5 0 5 10

Figure 4.2: Distributions of head-dependent distance across datasets. Head-Dependent distance
is measured as the difference in word positions within a sentence. Positive values indicate
that the dependent follows its head in the observed word sequence (dependency relation
oriented in reading direction), whereas negative values indicate that the dependent
precedes its head (dependency relation oriented against reading direction). A value of
+1 indicates that the dependent immediately follows its head. A distance of zero occurs
for sentence roots, which are their own heads. The vertical bar marks the median value
of each distribution.
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root

AN

would definitely stay again next time visit New York City

The power corners really add stability and the rear mesh vent works well  for airflow

Figure 4.3: Head-dependent distances in parsed sentences. Two example sentences are shown, the
first from the Luxury Hotels dataset and the second from the Camping Tents dataset. Ar-
rows indicate head-dependent relations, with numeric labels showing the head-dependent
distance. Positive (negative) values indicate that the dependent follows (precedes) its
head in the observed word sequence, while a value of zero marks the sentence root,
which is its own head.

In addition to sentence length, UD parsing enables the analysis of dependency distances,
defined as the difference in word positions between a head and its dependent within a sentence.
A value of zero is reserved for sentence roots, which are their own heads; thus, the proportion
of zero distances in a dataset equals the number of sentences. Positive values indicate that the
dependent follows its head in the observed word order (i.e., the dependency relation is oriented
in reading direction), while negative values indicate that the dependent precedes its head (i.e.,
the relation is oriented against reading direction).

Figure 4.2 summarizes these distributions across the three datasets. A consistent pattern
emerges: the majority of dependencies are concentrated around short distances, with the lower
quartile at -2 and the upper quartile at +1 for the American Restaurants and Luxury Hotels
datasets, and at +2 for Camping Tents. This clustering around zero confirms that syntactic depen-
dencies are overwhelmingly local, linking words that are close together in the linear sequence.
At the same time, the distributions show a substantial spread, with many dependencies extending
over several intervening words. Moreover, the median lies at -1 for all datasets, indicating that
more than half of the dependencies run against the reading direction, with dependents preceding

their heads in linear sequence. This shows that reverse-direction dependencies are not marginal

exceptions but a central characteristic of the syntactic structures observed in these datasets.
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Figure 4.3 provides qualitative illustrations: in both example sentences, some dependencies
connect immediate neighbors (e.g., stay — again), while others span larger gaps (e.g., add —
works, distance +7). In addition, several relations run against the reading direction (e.g., would
— stay, distance —3), indicating that the dependent often precedes its head.

Taken together, these observations highlight three key characteristics of syntactic structure.
First, dependencies are predominantly local, showing that the relevant context for most words is
typically located within a short range in the same sentence. Second, non-adjacent dependencies
are not rare anomalies but a systematic property of sentence structure, indicating that the relevant
context of a word often extends beyond its immediate neighbors. Third, the prevalence of
reverse-direction dependencies shows that many dependents precede their heads, meaning that
relevant conditioning information frequently lies to the right of a token in the linear sequence.

These findings carry important implications for topic modeling. Models that rely solely on
sequential proximity cannot account for the non-adjacent and bidirectional nature of syntactic
dependencies. As discussed in Chapter 3.2, extensions of LDA often assume first-order interde-
pendencies in linear sequence: some model first-order word choice probabilities (Wallach 2006,
Wang et al. 2007), others model transitions between word classes (Griffiths et al. 2004, Jiang
2009, Darling et al. 2012, Darling & Song 2013), or topic propagation across neighboring words
(Biischken & Allenby 2020). These approaches demonstrate that incorporating local context can
improve topic inference. However, their left-to-right perspective, while a convenient modeling
assumption and one that aligns with human reading practices, overlooks fundamental aspects of
how language organizes context.

More recent distributional approaches explicitly acknowledge that relevant context is both
bidirectional and often extends beyond adjacent words. Word2 Vec, for example, exploits the two-
sided local context (CBOW predicts a word from both the left and right neighbors; Mikolov et al.
2013). BERT generalizes this idea with deep bidirectional attention, predicting masked tokens
using information from both sides (Devlin et al. 2019). Transformer architectures further extend
the context window, enabling the modeling of long-range dependencies (far) beyond sentence
boundaries (Vaswani et al. 2017). For autoregressive language generation, however, transformer

decoders restrict each position to attending only to earlier tokens, ensuring that predictions
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Figure 4.4: Share of most common UD types across datasets.

condition solely on left context (Vaswani et al. 2017). This means that dependencies where the
head follows its dependent — such as the relation corners — power in Figure 4.3 — cannot be
represented directly. Transformer models can (successfully) approximate such relationships, but
the architecture itself enforces a one-sided, left-to-right conditioning. These models identify
relevant context in a largely data-driven manner, relying on large training corpora and highly
parameterized architectures, but without explicit guidance from linguistic theory.

Dependency structure offers a theory-informed alternative. It encodes both adjacent and
longer-range relations, including cases where dependents precede their heads, thereby providing
a principled representation of context that sequential models systematically overlook. UD in
particular specifies which word pairs are connected and by what relation type. In light of the
empirical distributions above — showing predominantly local links, frequent non-adjacent rela-
tions, and many reverse-direction dependencies — UD captures precisely the kinds of contextual
connections that first-order sequential assumptions miss. This makes dependency information
a promising and interpretable signal for topic inference, especially in targeted, data-scarce
marketing settings.

While distance distributions highlight the positional properties of syntactic relations, depen-

dency labels specify the functional role that connects a head to its dependent. These labels may
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differ in their informativeness for topic inference: some reflect close semantic refinement, while
others mark looser structural connections. Figure 4.4 displays the frequency distributions of
dependency types for the three data sets analyzed. Once again, the distributions appear highly
similar across datasets. The dependency relations of nominal subjects (nsubj), determiners (det),
and case markers (case) are consistently observed to be the most frequent among all data sets.
Modifying relations such as adverbial modifiers (advmod) and adjectival modifiers (amod) are
also prevalent. As discussed earlier, these relations may contribute valuable information for
topic modeling, as modifiers help specify the meaning of their head words. Nonetheless, some
variation in dependency type frequency is observable. For example, the tent dataset exhibits
higher frequencies of direct objects (0bj), subordinating clause markers (mark), and adverbial
clause modifiers (advcl). These patterns suggest a more complex sentence structure in the tent
reviews, which aligns with the longer average sentence lengths in this dataset. In summary,
the internal syntactic structures of sentences show a high degree of consistency across all three
datasets. This structural regularity justifies further investigation into syntactic features as a basis
for topic modeling. If syntactic dependencies align with thematic dependencies in text, then
observed Universal Dependencies may serve as valuable prior information for inferring latent

topic structures.

4.2 Topic inference

This section addresses the first research question RQ1 of this thesis: Does a topic model
that conditions topic propagation on UD-based syntactic dependencies yield an enhanced
representation of the latent topic structure in text datasets? To this end, we evaluate the labeled
UD-LDA’s performance in an empirical application using the datasets described above. First,
we introduce the benchmark models (Section 4.2.1). We then compare models using multiple
evaluation criteria: model fit (Section 4.2.2), face validity of inferred topics (Section 4.2.3), topic

uniqueness (Section 4.2.4), and topic coherence (Section 4.2.5).
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4.2.1 Benchmark models

A natural benchmark is classical LDA, which does not incorporate any structural features of
the underlying text documents beyond word counts. This makes LDA a variant based on the
bag-of-words assumption (Figure 3.1 (a)). As previously discussed, LDA can be implemented as
a special case of labeled UD-LDA by setting ¢, =0,V n € Ny.

Since word sequence and sentence boundaries are commonly used as structural features in
topic modeling, appropriate benchmark models should account for this type of information. The
Sentence-Constrained LDA (SC-LDA) developed by Biischken & Allenby (2016) serves as
a benchmark that conditions on observed sentence boundaries while ignoring the sequence of
words within sentences. In SC-LDA, all words within a sentence are assigned the same topic,
i.e., topic assignments are homogeneous at the sentence level. This model can be viewed as a
special case of labeled UD-LDA in which topic propagation is deterministically set to { =1 for
all (non-root) words within a sentence.

The next benchmark model additionally incorporates word order within sentences as a
structural covariate. We implement a variant of the Autocorrelated Topic Model (AT-LDA) de-
veloped by Biischken & Allenby (2020). In our implementation, we allow for probabilistic topic
propagation between consecutive words within sentences, but do not use sentence conjunctions
and punctuation as covariates. Hence, topic propagation is solely conditioned on the observed
word sequence within sentences. The AT-LDA is implemented as a special case of labeled
UD-LDA, where each sentence is represented as a sequential “dependency tree”. Specifically,
the first word w,—| of each sentence is treated as the root, and each subsequent word w,, (for
n # 1) is the dependent of its immediate predecessor w,_;. This results in an unlabeled tree
with a single branch, following the observed reading direction (Figure 3.1 (b)). The word-level
covariate vector, x; includes only the dummy-coded topic assignment of the preceding word,
Zn—1.

A fourth benchmark model aims to incorporate (observed) syntactic head-dependent relation-
ships rather than linear word order. We refer to this variant as unlabeled UD-LDA. This model
is a special case of labeled UD-LDA that conditions on syntactic dependency trees without using

dependency type labels (Figure 3.1 (c)). The only difference from labeled UD-LDA lies in the
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specification of the covariate vector x;,, which in this case includes only the dummy-coded topic
assignment of the syntactic head word z;,,, omitting the information about dependency type.

All benchmark models, like most topic models, require the number of topics to be specified
as an input parameter. In the present study, the number of topics is fixed at K = 10 across
all experiments. This decision is based on prior research involving the same datasets, which
suggests that ten topics sufficiently capture the thematic structure in each of the three corpora. It
is also consistent with the targeted nature of the datasets under investigation. Although model
performance could be further evaluated by varying the number of topics, fixing K = 10 ensures
comparability and consistency between model variants.

It is important to emphasize that the objective of the following empirical analyses is not
to delineate specific boundary conditions under which UD-based topic modeling outperforms
alternative methods. Rather, the analysis aims to explore the potential contribution of syntactic
structures to topic modeling. Specifically, we examine whether, and in what way, labeled

head-dependent relations influence topic propagation and topic discovery within text data.

4.2.2 Model fit

In this section, we compare the (in-sample) model fit of the proposed labeled UD-LDA to that
of the benchmark models described above. While the model fit of a single model on a given
dataset is not inherently meaningful in isolation, it serves as a basis for evaluating the relative
performance of different models applied to the same data.

As a baseline, we report the model fit for the Unigram, a model-free benchmark that estimates
the marginal probabilities of words as p(w;) = % where ¢(w;) denotes the number of times a
specific term w; appears in the corpus, and W is the total number of words in the corpus. The
Unigram corresponds to LDA with a single topic. Thus, a comparison between the Unigram and
classical LDA highlights the added value of modeling documents as mixtures of latent topics.

We then turn to models that incorporate observed structural features of text. Specifically, we
consider the SC-LDA to assess the contribution of observed sentence boundaries. A comparison

with the AT-LDA allows us to examine the added benefit of incorporating sequential word order

within sentences to model topic propagation.
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We next consider models that incorporate (observed) syntactic tree structures obtained
from UD parsing. Comparing AT-LDA and the unlabeled UD-LDA highlights the value of
conditioning on syntactic head-dependent relations rather than on sequential word order. Finally,
we assess the contribution of grammatical dependency labels by comparing the unlabeled UD-
LDA with the labeled UD-LDA. This allows us to assess the contribution of the grammatical

type of head-dependent relations in modeling topic propagation.

Luxury Hotels Camping Tents American Restaurants

Unigram -6.02 -6.05 -6.44
LDA -5.25 -5.36 -6.11
SC-LDA -5.64 -5.71 -6.16
AT-LDA -5.49 -5.50 -6.22
unlabeled UD-LDA -5.30 -5.08 -5.95
labeled UD-LDA -5.10 -4.87 -5.86

Table 4.2: Model fit as the log marginal likelihood of the data (per word).

Table 4.2 presents the model fit results for all models variants across the three datasets.
It shows the log marginal likelihood of the data, normalized by the total number of words,
thereby allowing for comparability across datasets of varying lengths. Across all datasets,
the labeled UD-LDA achieves the highest model fit, indicating that incorporating syntactic
covariates — specifically labeled Universal Dependency relations — systematically improves the
model’s ability to explain the observed data. This finding underscores the benefit of conditioning
on grammatical structure when modeling topic propagation, as it captures not only what is
said but also how it is linguistically constructed. Notably, the labeled UD-LDA consistently
outperforms the classical LDA in all three datasets, despite imposing structural constraints on
topic assignment. This is particularly relevant given that classical LDA, under the bag-of-words
assumption, remains more flexible by design.

A more nuanced pattern emerges among the remaining benchmark models. Among those
incorporating topic propagation, the unlabeled UD-LDA performs better than the AT-LDA across
all datasets. This suggests that topic inheritance is more effectively modeled through syntactic
head-dependent relations than through word adjacency alone. This finding aligns with our
intuitive expectation, as illustrated by the example in Figure 3.1. However, additional structural

information does not universally lead to improved fit. In fact, the classical LDA outperforms
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both the SC-LDA and the AT-LDA in all three datasets. Even the unlabeled UD-LDA, which
utilizes syntactic tree structure without dependency labels, shows slightly lower fit than classical
LDA in the Luxury Hotels dataset. These findings suggest that structural constraints like
homogeneous sentence-level topics (SC-LDA) or sequential topic carryover (AT-LDA) can
limit model flexibility and do not result in improved in-sample fit. This result contrasts with
previous findings obtained on the same datasets; however, the present study applied a different
preprocessing pipeline, which may partly explain the divergence.

It is important to note that preprocessing choices in this study differ from those in Biischken
& Allenby (2016, 2020). Specifically, our approach retains all stopwords and infrequent terms,
consistent with our objective to preserve sentence structure for syntactic parsing. Moreover, our
implementation of the AT-LDA omits grammatical covariates such as sentence conjunctions
and punctuation, which were used in Biischken & Allenby (2020) to inform topic propagation.
Under different preprocessing conditions, such as stopword removal or shorter average sentence
lengths, sequential topic carryover or homogeneous sentence-level topic assignments may still

offer a plausible approximation of topic interdependencies in text.

4.2.3 Face validity of inferred topics

This section evaluates the labeled UD-LDA by assessing the face validity of its inferred topics.
To do so, we compare its results with those of classical LDA and validate both models against
intuitive expectations derived from a manual inspection of the datasets. Specifically, this involves
reading a random sample of reviews from each dataset to gain an understanding of the dataset
and the topics discussed by customers. This qualitative evaluation acts as a preliminary sanity
check to determine whether the labeled UD-LDA effectively captures topics relevant to the
corpus.

Topics are commonly represented by the most probable words from the topic-specific word
distributions ¢ for each topic k € K. To estimate these distributions, we computed the posterior
mean over the final 100 MCMC draws of ¢. This avoids dependence on a single chain state
while remaining computationally efficient.

Across all three datasets, we observe a relatively close alignment between the topics inferred
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by the labeled UD-LDA and those from classical LDA. To illustrate this, we examine the Luxury
Hotels dataset in more detail. Table 4.3 shows the top 20 words per topic from this dataset for
labeled UD-LDA, while Table 4.4 reports the same for classical LDA. We find that both models
generally identify interpretable topics, with some overlap in content. For example, both models
yield topics that can be interpreted as relating to location, staff, and positive overall experience.
These topics not only emerge across both models but also exhibit similar word compositions,
suggesting that both approaches capture core thematic patterns in the data.

For instance, consider the location topic: in labeled UD-LDA, this corresponds to Topic 10;

LEINT

in classical LDA, it corresponds to Topic 4. Among the top-ranked words are “close”, “walking”,
“distance”, “subway”’, “Times”, and “Square” for both models. This topic reflects that guests
frequently describe the hotels as centrally located, near key attractions such as Times Square
or Central Park. Importantly, this topic aligns with one of the key dimensions for which the
dataset was originally collected. As discussed above, the Luxury Hotel reviews represent a
targeted corpus defined by the intersection of brand, premium price positioning, and location.
The emergence of a clearly interpretable “location” topic therefore provides additional evidence
that the inferred topics capture relevant and context-specific themes within the dataset.

Similarly, both models identify a staff topic — Topic 1 in labeled UD-LDA and Topic 8 in
LDA. Words like “staff”, “friendly”, “helpful”, and “clean” suggest that reviewers often highlight
the hospitality and performance of hotel employees.

Both models also generate a broader topic that we interpret as representing a positive overall
experience. This corresponds to Topic 4 in labeled UD-LDA and Topic 6 in LDA. The top
words for this topic span multiple aspects of the hotel experience, including terms like “location”,
“view”, “experience”, “restaurant”, and “food”. While these terms collectively suggest a positive
stay, they are not as closely related as in more specific topics, indicating that this topic may
reflect an overall sentiment rather than a narrowly defined theme. Example reviews with high
proportions of this topic include: "Great hotel, excellent location, helpful and friendly staff".

"Had a great time, hotel in a great location, service and food excellent.” These reviews are

typically short and list various attributes that contributed to a favorable experience.
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Topic 1 Topic 2 Topic 3 Topic 4 Topic 5 Topic 6 Topic 7 Topic 8 Topic 9 Topic 10
and for the hotel to a we the would to
the our was the and the I in stay the
was with and a I room had of again and
very my is this we was were at I New
staff in a was you little stayed Times definitely York

room the breakfast great have bit I Square | recommend in
clean a not location not elevators was on will for
hotel to it is they no have hotel here of
were of that it nt were enjoyed and there a
helpful and but view but an loved to we City
friendly at only perfect had elevator expected with back from
comfortable on no place if bed wanted from highly close
rooms room there time that king thought floor 2o subway
nice us free good when lot they is be is
great day very stay did problem found room staying walking
location night room excellent could floor happy time not all
service stay good an was small there all return Square
are me which experience it rooms needed Hilton come Times
good check SO wonderful get be arrived street certainly distance
is out service nice be which impressed for I it
Table 4.3: Top 20 words in labeled UD-LDA on Luxury Hotels dataset
Topic 1 Topic 2 Topic 3 Topic 4 | Topic 5 Topic 6 Topic 7 Topic 8 Topic 9 Topic 10
the a New to the great the and for the
we room York and was location is was breakfast to
and and to the I view you very is and
was the in hotel it service of the and was
our was City a a hotel in staff a I
were with stay from that excellent and hotel good in
a bed this close have time a clean but they
to in will of hotel square are helpful no my
of nice hotel Times but restaurant to friendly not room
had very for walking not wonderful hotel stay free for
at but and Square nt amazing Square were in that
in comfortable I subway of fantastic Times comfortable rooms check
room on my walk room staff it location very not
for beds time location to everything if great there had
it bathroom again for would experience this nice with when
with not at distance this perfect on again $ on
us for definitely central in food right room or at
hotel small would is at an for would nice desk

stay size location great did and be rooms small a

on of everything station only the all definitely only were
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Table 4.4: Top 20 words in classical LDA on Luxury Hotels dataset
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While minor differences exist in the highest-probability words across models, the overall
findings support the face validity of the inferred topics. The topics appear to reflect genuine
content within the corpus rather than artifacts introduced by modeling assumptions.

Despite the substantial overlap between the models, the labeled UD-LDA identified two
topics in the Luxury Hotel reviews that were not detected by classical LDA. These topics are
particularly worth highlighting, as they may hold managerial relevance. First, labeled UD-
LDA’s Topic 6 includes terms such as “elevator(s)” and “problem” (see Table 4.3). This topic,
uniquely uncovered by the UD-LDA, reveals issues with the elevators. A manual review of the
corresponding customer reviews confirms that elevators were frequently cited as a pain point.
Guests complained about their small size, slow performance, or complete malfunction. This
is an operational issue that hotel managers could address to improve overall guest satisfaction.
The second distinct topic, labeled UD-LDA’s Topic 9, appears to capture guest intentions to
recommend the hotel or return for future stays — indicative of customer loyalty and word-of-
mouth in marketing terms. However, the top words in this topic do not explicitly reveal the
underlying reasons for such positive evaluations. To identify these drivers, managers could use
the per-document topic distribution 8 to filter and analyze reviews with a high proportion of this
topic. This approach may yield actionable insights into what aspects of the experience generate
loyalty or positive word-of-mouth, as guests often articulate their reasoning in narrative form.

It is important to emphasize that the discovery of managerially relevant topics ultimately
depends on the dataset at hand. The model itself does not guarantee the emergence of actionable
topics. Nevertheless, our qualitative evaluation shows that labeled UD-LDA is capable of
uncovering such themes when they are present in the data. While the topics inferred by labeled
UD-LDA largely align with those identified by classical LDA, nuanced differences in topic
composition and clarity emerged —particularly in topics less distinctly captured by classical LDA.

One further observation from the top word lists is that, similar to classical LDA, the topics
inferred by labeled UD-LDA are dominated by terms with high marginal probabilities, regardless
of topic assignment (e.g., “a”, “be”, “do”, “it”, etc.). As discussed above, there are different
strategies to handle such high-frequency words. Some modeling approaches regarded them as

function words (e.g., Griffiths et al. 2004, Jiang 2009) while others even treat them as stopwords

Dissertation Thomas Michael Ruf3er-Strobel, 2026



4. EMPIRICAL ANALYSIS 86

to be removed during preprocessing (e.g., Blei et al. 2003). In the labeled UD-LDA, however,
these words are not treated differently than other words — they are permitted to inherit the topic of
their syntactic head. Regardless of whether these topic assignments result from topic propagation
or are sampled from 6, they inform the topic-word distributions ¢ and consequently appear
among the top-ranked words across topics. This can hinder interpretability. A post-estimation
solution is to exclude high-frequency words from the top-word lists — under the assumption that
they contribute little to the semantic content of a topic. This filtering step can reduce noise and
enhance the interpretability of inferred topics.

What remains open is a systematic evaluation of the topic quality produced by labeled
UD-LDA relative to the benchmark models. A direct qualitative comparison across ten topics,
five models, and three datasets would require 10 x 5 x 3 = 150 individual assessments, rendering
a manual evaluation infeasible. Therefore, the next subsections employ established quantitative
measures of topic quality, such as Topic Uniqueness and Topic Coherence, to facilitate a

structured comparison of model performance.

4.2.4 Topic uniqueness

The analysis of Topic Uniqueness serves as a quality criterion for evaluating topic models,
specifically their ability to generate well-differentiated topics within a given dataset. Ideally,
each topic should identify a distinctive set of terms that captures a unique semantic context.
The capacity to detect distinct topics is essential for the model’s interpretability and its utility
in downstream tasks. However, topic uniqueness is not inherently guaranteed by the model
architecture. Rather, it emerges from the interaction between the model and the underlying
dataset. It is therefore also an empirical question to what extent a given model, applied to a
particular dataset, produces well-separated topics.

Various methods have been proposed in the literature to operationalize topic uniqueness. For
example, O’callaghan et al. (2015) assess uniqueness using the mean pairwise Jaccard similarity
among the top N most probable words in each topic. This approach yields a single aggregate

score per model, quantifying the average overlap across all topic pairs. While informative, such
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an average can obscure important differences, as it compresses a potentially wide distribution of
pairwise topic overlaps into a single summary statistic.

An alternative approach, adopted by Biischken & Allenby (2020), evaluates uniqueness by
explicitly calculating pairwise topic overlap. For each pair of topics 7 and j in a model with K

topics, overlap between the N most probable words is calculated as:

[{wi} 0 {wj}|

N 4.1

overlap(i,j) =

where {w;} and {w;} are the sets of the N most probable words for topics i and j, respectively,
with i # j. This yields K(K — 1)/2 pairwise overlap scores per model. The overlap score ranges
from O to 1, where 0 indicates no shared top words (perfect uniqueness) and 1 indicates complete
redundancy.

For our empirical analyses, we excluded stopwords to enhance the interpretability of the
most probable words per topic. To this end, we carefully curated a list of 56 stopwords that we
determined to be non-contributory to our topic analysis. After removing these stopwords, we
extracted the 20 most likely words per topic, which served as the basis for subsequent analyses
of topic uniqueness.

This decision is motivated by several considerations. As discussed above, topics frequently
contain high-frequency words that occur across a wide range of contexts (e.g., "a", "be", "do",
"it"). While these terms are legitimate outputs of topic models, they contribute little to semantic
interpretation. Crucially, their presence inflates topic overlap scores, as these words are likely
to appear among the top-ranked terms in multiple topics. Moreover, differences in overlap
across models could be driven by models varying ability to distribute stopwords across topics.
Excluding stopwords thus aligns the analysis with how practitioners and applied researchers
typically interpret topic models: by focusing on the semantically meaningful top words, with
non-informative terms filtered out. Nonetheless, to ensure that this procedure did not introduce
bias, we replicated the topic uniqueness analysis without removing stopwords and also varied the
number of top words used for overlap calculation. These robustness checks confirmed that the
relative model performance remained stable, indicating that our main findings are not an artifact

of stopword exclusion.
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To quantify topic uniqueness, we applied the methodology proposed by Biischken & Allenby
(2020), computing pairwise topic overlap using the 20 most likely terms per topic (N = 20). This
yields K(K — 1) /2 pairwise overlap scores per model. The mean model-level overlap scores for
each model and dataset are presented in Table 4.5. For the Luxury Hotels and Camping Tents
datasets, labeled UD-LDA achieves the lowest mean topic overlap, indicating the most unique
topics among the models. In the American Restaurants dataset, classical LDA yields the lowest
mean overlap, with labeled UD-LDA identifying the second lowest overlap. However, aggregated
overlap scores can obscure within-model variation. Some topics may be highly distinct, while
others show considerable overlap. Capturing this variation is essential for understanding how

consistently a model generates well-separated topics for a given dataset.

Luxury Hotels Camping Tents American Restaurants

LDA 0.152 0.212 0.040
SC-LDA 0.244 0.242 0.167
AT-LDA 0.184 0.074 0.251
unlabeled UD-LDA 0.123 0.077 0.096
labeled UD-LDA 0.076 0.070 0.057

Table 4.5: Model level topic overlap given model and dataset, based on N = 20 most likely terms
per topic (excluding stopwords).

For this reason, Biischken & Allenby (2020) do not rely solely on mean overlap scores.
Instead, they analyze the full distribution of the K(K — 1) /2 pairwise topic overlap scores. This
approach provides a more nuanced view of model behavior. A model with consistently unique
topics will produce a right-skewed distribution with a mode near zero, indicating that most topic
pairs share few or no terms. Figure 4.5 displays the distributions of pairwise overlap scores for
all models and datasets.

The distributions in Figure 4.5 reveal two important insights. First, while no single model
dominates across all datasets, labeled UD-LDA shows a strong and consistent tendency to
generate more unique topics than other models that incorporate structural features. In the Luxury
Hotels and Camping Tents datasets, the mode of the overlap distribution for labeled UD-LDA is
visibly closer to zero, indicating a higher concentration of minimally overlapping topic pairs.
Even for the American Restaurants dataset, where classical LDA performs slightly better, labeled

UD-LDA still closely follows and outperforms the other structurally informed benchmarks.
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Luxury Hotels Camping Tents American Restaurants
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Figure 4.5: Distribution of topic overlap given model and dataset (N = 20, excluding stopwords).

Second, the distributions suggest that labeled UD-LDA produces fewer highly redundant
topics. This pattern is most evident in the Luxury Hotels and Camping Tents datasets, where the
density in the higher overlap range is comparatively lower for labeled UD-LDA. For the American
Restaurants dataset, however, classical LDA again performs best in minimizing redundancy
among topic pairs.

One possible explanation for these results is document length. The American Restaurants
dataset contains significantly longer reviews, with an average of 190 words, whereas reviews in
the Luxury Hotels and Camping Tents datasets average 53 and 88 words, respectively. Longer
reviews offer richer word co-occurrence information at the document level, which may benefit
classical LDA. In contrast, shorter reviews provide less such information, potentially increasing
the value of structural text features for modeling topic distinctions. These hypotheses point
to potential boundary conditions under which syntactic information enhances topic modeling
performance. Future research is needed to examine these conditions more systematically.

Overall, we observe a consistent tendency for labeled UD-LDA to identify more unique

topics, particularly in datasets with shorter documents. Importantly, our results indicate that the
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improved model fit achieved by labeled UD-LDA does not come at the cost of more redundant
topics. This reinforces the value of labeled UD structures in enhancing both model fit and topic

uniqueness.

4.2.5 Topic coherence

Coherence is understood as an indicator of within-topic quality. In its literal sense, coherence
refers to “the situation in which parts of something fit together in a natural or reasonable way” >
In the context of topic modeling, this implies that humans should perceive the N most probable
words within a topic as semantically related or fitting together in a natural or reasonable way. It
is important to emphasize that coherence is not an intrinsic property of a topic model, but rather
an empirical outcome that depends on the data. Whether a topic appears coherent hinges on
the presence of meaningful word patterns in the dataset, which allow for interpretable top-word
groupings. Nevertheless, comparing coherence scores across models applied to the same dataset
can offer insights into their relative ability to produce semantically meaningful topics. In this
way, coherence serves as a complementary performance criterion that helps determine whether
improvements in model fit come at the cost of reduced interpretability.

The main challenge lies in quantifying human-perceived coherence. Manual evaluation
across models, topics, and datasets is rarely feasible. To address this, various heuristic metrics
have been developed and validated against human judgments (Mimno et al. 2011, Newman et al.
2010, Bouma 2009, Aletras & Stevenson 2013, O’callaghan et al. 2015). Appendix C provides
a detailed overview of these measures and a systematic explanation of their components. To
date, no single coherence measure has achieved universal acceptance. Different metrics capture
different facets of coherence and may inherently favor certain model architectures. As a result,
metric selection should be both theory-driven and transparently reported.

In this study, we adopt Word2Vec coherence as the evaluation metric. This decision is

motivated by two key considerations (for details see Appendix C, Table C.1, second column):
1. direct vs. indirect confirmation measures

2. intrinsic vs. extrinsic reference corpus

3https://dictionary.cambridge.org/us/dictionary/english/coherence
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Direct vs. indirect confirmation measures: Coherence measures assess the interpretability
of a topic by analyzing its N most probable words and computing pairwise confirmation scores.
A direct confirmation measure is based on raw word co-occurrence statistics. For example,
the LCP measure (Mimno et al. 2011) evaluates how often two words appear together in the
same documents, normalized by the frequency of the conditioning word. This method assumes
that high co-occurrence frequency is indicative of semantic relatedness. By contrast, an indirect
confirmation measure assesses coherence using vector-based word similarity. O’callaghan et al.
(2015), for instance, propose computing cosine similarity between Word2Vec embeddings, which
reflect the contextual usage of words. Words such as football and soccer might rarely co-occur,
yet still receive a high similarity score they appear in similar contexts across the corpus.

This distinction is particularly relevant for the present work. All benchmark models consid-
ered in this study — except for classical LDA — integrate some notion of local context, whether
based on word order, sentence boundaries, or syntactic dependencies. As such, evaluating coher-
ence using document-level co-occurrence may systematically underestimate the performance of
these more structure-sensitive models. In addition, our datasets consist of user-generated content,
where individuals have considerable freedom in expressing ideas. People often express similar
ideas using different words. While count-based measures may fail to recognize such variation,
embedding-based metrics are designed to detect semantic similarity despite lexical diversity.
Indirect, embedding-based coherence measures thus align more closely with both the model

architectures under evaluation and the characteristics of the text data they are applied to.

Intrinsic vs. extrinsic reference corpus: Another key consideration is whether coherence
should be evaluated using an intrinsic or extrinsic reference corpus. An extrinsic approach relies
on an external, often large-scale corpus — such as Wikipedia — to compute word probabilities or
word vectors, rather than using the dataset to which the topic model was applied. For example,
Newman et al. 2010 argue that intrinsic methods risk reinforcing dataset-specific noise. However,
their study dealt with large, heterogeneous corpora across broad domains. In contrast, marketing
applications typically involve narrow, domain-specific data where such “noise” may actually

reflect important characteristics of the dataset that merit closer investigation. We therefore use
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an intrinsic Word2Vec coherence measure, computing confirmation scores on the same corpus to
better reflect dataset-specific semantics.

Consistent with the approach used in the topic uniqueness analysis, we excluded stopwords
from the list of top words in the coherence evaluation. Specifically, we applied the same list
of 56 stopwords that were deemed non-informative for interpreting topic content. This ensures
that both coherence and uniqueness analyses rely on a shared basis for evaluating top-word
quality. The exclusion of stopwords is motivated by the observation that they offer little value
for assessing within-topic coherence. Including stopwords among the top N most probable
terms can lead to paradoxical results, particularly under co-occurrence-based metrics such as
PMI (Fan et al. 2019). Because stopwords appear frequently and broadly across documents,
they tend to co-occur with one another regardless of topic, often leading to artificially high
coherence scores. However, such inflation does not reflect genuine semantic coherence or
topic interpretability. Topic coherence is computed using the N = 20 most probable words per
topic, excluding stopwords. We also replicated the analysis across alternative values of N and
with stopwords included; the relative performance of the models remained stable across these
conditions.

We generate word embeddings separately for each of the three datasets using the Word2Vec
implementation in R (Mikolov et al. 2013). This dataset-specific approach ensures that the
resulting word vectors reflect the distinct contextual usage of terms within each domain. For
example, the semantic representation of the word staff may differ between Luxury Hotel and
American Restaurant reviews, given its use in different contexts across these corpora. We train a
Skip-gram model with a context window of +4 words and set the embedding dimensionality
to dim = 30. The choice of parameters was guided by the characteristics of our datasets,
which contain relatively few and short documents. To validate embedding quality, we manually
inspected the most similar terms for selected seed words and confirmed that the resulting
similarity structure was plausible.

Following O’callaghan et al. (2015), we compute the Topic-Level Word2Vec Coherence
score (TC-W2V) as the average cosine similarity among all possible word pairs in the top N

terms:
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This yields one coherence score per topic. We calculate TC-W2V for all ten topics inferred
by each model and aggregate these values to obtain a model-level mean coherence score for each
dataset. Higher values indicate stronger semantic similarity among top-ranked topic words. The

resulting scores are reported in Table 4.6.

Luxury Hotels Camping Tents American Restaurants

LDA 0.284 0.274 0.211
SC-LDA 0.272 0.293 0.279
AT-LDA 0.259 0.336 0.207
unlabeled UD-LDA 0.278 0.331 0.234
labeled UD-LDA 0.292 0.311 0.250

Table 4.6: Mean model-level Word2Vec coherence (Skipgram Window Size + 4L), based on N = 20
most likely terms per topic (excluding stopwords).

We observe that aggregated Word2Vec coherence scores do not vary substantially across
models within each dataset. In the Luxury Hotels dataset, labeled UD-LDA achieves the highest
mean coherence score, closely followed by classical LDA. In the Camping Tents dataset, AT-LDA
ranks highest, with unlabeled and labeled UD-LDA occupying the second and third positions,
respectively. In the American Restaurants dataset, SC-LDA performs best, with labeled UD-LDA
ranking second. While the relative ranking varies by dataset, these results do not indicate that any
single model consistently outperforms others across all datasets. Labeled UD-LDA demonstrates
robust performance across datasets, ranking among the top three models in all cases.

The full distributions of Word2Vec coherence scores further support this interpretation
(Figure 4.6). While central tendencies are broadly similar across models, labeled UD-LDA
shows a slight skew toward higher coherence values in the Luxury Hotels dataset. Similar
patterns are observed for AT-LDA in the Camping Tents dataset and SC-LDA in the American
Restaurants dataset. Taken together, these findings suggest that labeled UD-LDA performs
competitively in terms of topic coherence. Importantly, it does so despite introducing structural
constraints absent from standard LDA.

In response to the first research question — whether incorporating UD-based syntactic depen-
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Luxury Hotels Camping Tents American Restaurants
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Figure 4.6: Distribution of w2v coherence given model and dataset (N = 20, excluding stopwords).

dencies enhances the representation of latent topic structure — we find strong empirical support
for the proposed labeled UD-LDA model. Despite its structural constraints and reduced degrees
of freedom, labeled UD-LDA achieves a favorable overall balance. It outperforms benchmark
models in terms of in-sample model fit, produces more distinct (i.e., less overlapping) topics —
indicating greater topic uniqueness — and yields competitive coherence scores. Crucially, these
results should be interpreted in combination: the model’s ability to identify distinct topics
without sacrificing coherence is a particularly desirable property. This balance suggests that
improvements in model fit and topic distinctiveness do not come at the expense of interpretability.
Lastly, we note that coherence was evaluated using automated metrics; future research may

complement these findings with human assessments.

4.3 Explaining topic propagation through syntactic structure

This chapter investigates the upper level of the labeled UD-LDA model architecture. More

specifically, it focuses on the mechanism of topic propagation, as captured by the latent indicator

Dissertation Thomas Michael Ruf3er-Strobel, 2026



4. EMPIRICAL ANALYSIS 95

variable {y,. This binary variable determines whether a given word inherits its topic assignment
from its syntactic head or samples a new topic from the document-level topic distribution. The
probability of topic propagation, denoted ¥, is modeled using a binary regression framework.
It is a function of word-level covariates x,, and corpus-level regression coefficients . The
covariates include both the topic assignment of the syntactic head, z4,, and the type of syntactic
dependency relation dep_type(Wash, , Wasn)-

A detailed analysis of this model component provides insights into the second research
question of this study, RQ2: Does the type of syntactic dependency, as indicated by UD labels,
contribute to explaining the probability of topic propagation along the edges of dependency
trees?

To address this question, the remainder of this chapter is structured as follows. Subsec-
tion 4.3.1 presents the regression results and identifies syntactic relations that significantly
influence topic propagation probability. Subsection 4.3.2 provides qualitative examples and
dependency-based visualizations to illustrate how syntactic structure shapes topic propagation in
real sentences. Subsection 4.3.3 highlights the consistency of topic propagation patterns across

datasets and discusses implications for both linguistic theory and model interpretability.

4.3.1 Empirical effects of dependency relation types

To assess the empirical influence of dependency relation types on topic propagation, we examine
the corpus-level regression coefficients By.p 1ype, Which estimate the effect of each Universal
Dependency relation type on the probability of topic propagation. Figures 4.7 and 4.8 display the
posterior distributions of the MCMC draws for these £ coefficients, based on the Luxury Hotels
and Camping Tents datasets, respectively. The dependency types are ordered from strongest
positive to strongest negative effects.

Coefficients that are not significantly different from zero suggest that the corresponding
syntactic relation does not meaningfully affect topic propagation. This implies that syntax alone
may be insufficient to explain topic transitions for these types. In contrast, coefficients that are
significantly positive or negative indicate that the respective dependency relation systematically

increases or decreases the probability of topic propagation. The results show that most syntactic
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dependency types have a statistically significant effect on topic propagation probability. That is,
the [ coefficients for the majority of relation types is significantly different from zero, either
positively or negatively. This supports the interpretation that syntactic structure systematically
shapes the thematic relationship between syntactic heads and their dependents.

Importantly, we observe a high degree of consistency across datasets for relations that
exhibit strong positive or negative effects. Dependency relations that substantially increase the
likelihood of topic propagation in both datasets include “det” (determiner), “amod” (adjectival
modifier), “advmod” (adverbial modifier), “cop” (copula), and “aux” (auxiliary). These results
suggest that adjectives modifying nouns, adverbs modifying verbs, and function words such
as determiners and auxiliaries tend to inherit the topic from their syntactic heads rather than
introducing new topics. This aligns with linguistic expectations: modifiers serve to refine or
contextualize the meaning of their heads rather than shift the topic, while function words are
generally non-autosemantic and thus adopt the topic of their head.

Conversely, dependency relations associated with decreased topic propagation include “obj”
(object), “obl” (oblique modifier), “acl” (adnominal clause), “acl:relcl” (relative clause), and
“ccomp” (clausal complement). These constructions typically introduce clauses or nominals to
a sentence. Clausal constructions represent events, actions or states, while nominal construc-
tions introduce entities involved in those. The significantly negative S coefficients for these
relations indicate a reduced probability of topic inheritance, reflecting their ability in introducing

autosemantic content into the sentence.*

4Note that we also estimated a P coefficient for the “root” relation. However, deterministically set &= o0t = 0,
ensuring that root words never inherit topics from an undefined head (see Equation 3.5).
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Effect of UD Relation Types on Topic Propagation in Luxury Hotel Reviews Dataset
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Figure 4.7: Posterior distribution of MCMC draws for S-coefficients, estimating the effect of

Universal Dependency relationship types on topic propagation probability in Luxury
Hotel reviews dataset.

Effect of UD Relation Types on Topic Propagation in Camping Tents Reviews Dataset
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Figure 4.8: Posterior distribution of MCMC draws for f-coefficients, estimating the effect of
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4.3.2 Dependency-based visualization of topic propagation

While the estimated £ coefficients provide a linguistically motivated explanation of how syntactic
relations influence topic propagation, these insights remain somewhat abstract at the aggregate
level. The effect of the hierarchical regression becomes more tangible when explored through
concrete sentence-level examples. To illustrate this, we visualize the latent topic assignments
in selected reviews from our datasets. Figures 4.9 and 4.10 present color-coded sentences from
the Luxury Hotels and Camping Tents datasets, respectively. Each word is colored according to
its topic assignment in the final iteration of MCMC sampling. Words that share the same color
(within the same model and dataset) received the same topic assignment.

These examples reveal a pronounced contrast between standard LDA and the labeled UD-
LDA model. In the standard LDA results (left-hand side), topic assignments reflect the bag-of-
words assumption, under which words are treated as conditionally independent. As a result,
changes in topic assignments often appear abrupt — even between syntactically or semantically
linked expressions. For instance, phrases such as ‘“Times Square” or “New York City” are not
consistently assigned to the same topic. Similarly, in the tent review, numerical expressions like
“$ 99” or “20 minutes” are split across topics. Although standard LDA may occasionally assign
adjacent words to the same topic (e.g., “New” and “York™ in the first review), such outcomes are
incidental rather than structurally informed.

In contrast, the labeled UD-LDA results (right-hand side) display visibly more coherent
groupings of topic assignments. Expressions such as “Times Square”, “New York City”, and
number-unit pairs like “$ 99” and “20 minutes” are more consistently assigned to a single topic.
This alignment of topic assignments is driven by the model’s hierarchical regression on UD
relations, where certain dependency types — such as modifiers and compounds — systematically
promote topic propagation. As a result, the labeled UD-LDA model enforces topical continuity
in places where syntactic links imply semantic interdependence. The resulting topic assignments
are not only syntactically grounded but also better aligned with human intuitions regarding which

words “belong together” thematically.
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LDA

The was great.

Very clean rooms and a wonderful view of Times Square.
The staff was very friendly and helpful.

| would definitely stay again time | visit New York City.

is a great value.
My complaint is that we got a lot of traffic noise off and on until about 2 in the morning.
But hey this is city that never sleeps so what do you expect.
We had a brand flat screen hdtv.
The room was a decent size considering this is New York City.
Bathroom shower both 3
The building has retained its historic charm feel.

labeled UD-LDA

The hotel was great.
Very clean rooms and a wonderful view of Times Square.
The staff was very friendly and helpful.

next time New York City.

This is a great value.
My only complaint is that a lot of street traffic noise off and on until about 2 in the morning.
But hey this is the city that never sleeps so what do you expect.
a brand new flat screen hdtv.
The room was a decent size considering this is New York City.
Bathroom and shower both very nice.
The building has retained its historic charm look and feel.

Figure 4.9: Color-coded example reviews from the Luxury Hotels dataset. Each color represents a unique latent topic assignment based on the final state of the
MCMC sampling. The left column shows standard LDA results, while the right column shows topic assignments from the labeled UD-LDA model.

LDA

tent is
Took 15 minutes to put up the first time and another 15 minutes to pack it up.
The power corners really stability and the mesh vent works well for airflow.

We purchased tent for $ 99
We set it up in our backyard it took
| say 20 minutes for that but it may be

free shipping.
for the main part the rainfly part a little
the next time.

labeled UD-LDA

is huge.
Took 15 minutes
The power corners

the first time and another 15 minutes it up.
and the rear mesh vent works well for airflow.

We purchased for $ 99 and free shipping.
We it up in our backyard it took 15 minutes for the main part the rainfly part was a little tricky.
| would say 20 minutes for that but it may be easier the next time.

Figure 4.10: Color-coded example reviews from the Camping Tents dataset. Each color represents a unique latent topic assignment based on the final state of the
MCMC sampling. The left column shows standard LDA results, while the right column shows topic assignments from the labeled UD-LDA model.
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We can further illuminate the underlying topic propagation mechanism by visualizing how
topics propagate through the syntactic structure of sentences. While the final topic assignments
highlight patterns of topical alignment, they do not reveal the underlying mechanism of topic
propagation — that is, which topic assignments are inherited from syntactic heads and which are
drawn independently from the document-level topic distribution 6.

Figures 4.11 and 4.12 present example sentences annotated with their UD parse structures,
which are treated as observed in the labeled UD-LDA. In these visualizations, black arcs indicate
the absence of topic propagation (i.e., the topic is drawn from 6;). Colored arcs indicate topic
propagation from the syntactic head to the dependent (i.e., { = 1). Each color corresponds to a
distinct topic.

These visualizations provide a more granular view of how the labeled UD-LDA model
leverages syntactic structure to propagate topics. For instance, in the sentence “Very clean rooms
and a wonderful view of Times Square”, the noun “rooms” (root) receives its topic directly from
6;. This topic is then propagated to its modifiers “clean” (amod) and “very” (advmod), — both
of which are dependency types with strongly positive S coefficients in the model.

A similar propagation mechanism is evident in compound constructions such as “Times
Square”, “New York City”, ‘ ‘power corners”, and ‘ ‘mesh vent”. In each case, the compound
relation promotes topic propagation, even across multiple words or against the typical reading
direction, due to its significantly positive effect on topic propagation probability.

At the same time, numerous breaks in topic propagation are observed, particularly for
dependency types such as objects (obj), oblique modifiers (obl), and conjuncts (conj), which
are associated with low f coefficients. These syntactic roles often introduce new entities or
events and thus serve as natural boundaries in topic flow, especially in more complex sentences
involving multiple predicates and (in)direct arguments. This pattern is clearly observable in
the final sentence of Figure 4.12, where two predicates — “add” and “works” — govern separate
syntactic units: “The power corners really add stability” and “the rear mesh vent works well
for airflow”. While being connected via a conjunction (conj), each predicate introduces its own
action. The absence of topic propagation between the two predicates is indicated by a black arc,

reflecting that topic propagation does not occur across this syntactic boundary. Additionally,
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conj

nmod
root ce
case
det
ac}vmod\/amod / _amod com;zgund
root Very clean rooms and a wonderful view of Times Square

/det
root The staff was very friendly and helpful

root obj
obl:tmod acl:relcl compound
N
_amod com;igund

root next time New York City

Figure 4.11: Dependency-based visualization of topic propagation in sentences from the Luxury
Hotels dataset. Arcs and labels represent syntactic dependencies from UD parses.
Colored arcs indicate topic propagation between head and dependent (i.e., { = 1),
while black arcs represent absence of topic propagation (i.e., { = 0).

obl conj
root obj
cc
/ nsubj \ case \/ nummod / amod
s v s
$

N
root We purchased for 99 and free shipping

root conj
cc
det nsubj /det obl
compound obj ﬁj ccmnsubj advmod case
// \/ . . o . )
root The power corners and the rear mesh vent works well for airflow

Figure 4.12: Dependency-based visualization of topic propagation in sentences from the Camp-
ing Tents dataset. Arcs and labels represent syntactic dependencies from UD parses.
Colored arcs indicate topic propagation between head and dependent (i.e., { = 1),
while black arcs represent absence of topic propagation (i.e., { = 0).
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topic propagation is suppressed between each predicate and its core arguments. For instance,
“add” does not propagate its topic to “corners” (nsubj) or “stability” (obj). Similarly, “works”
does not transfer its topic to “vent” (nsubj) or “airflow” (obl). This lack of topic propagation
aligns with linguistic theory, which posits that core syntactic UD relations often involve words
with autosemantic properties. Such words that introduce distinct topical content therefore receive
independent topic assignments in the labeled UD-LDA model.

Together, these dependency-based visualizations offer a mechanistic view of how the labeled
UD-LDA model integrates syntactic structure with probabilistic topic inference. Conditioning
topic propagation on UD relations leads to more consistent and semantically meaningful topic
assignments. Through relation-specific S coefficients, the model promotes topic propagation
for modifiers, compounds and function words — relations by which words are closely linked and
jointly refer to a concept, whether an entity or an event. Conversely, propagation is suppressed
for arguments and clausal relations, which typically introduce new topical content. This reflects

a core linguistic insight: syntactic form signals thematic relatedness

4.3.3 Topic propagation patterns across datasets

The preceding analyses have demonstrated that UD relations provide meaningful structural cues
for modeling topic propagation, by conditioning the probability of topic inheritance on syntactic
relation types. So far, these effects have been interpreted through the lens of the regression
coefficients Byep rype,» Which capture how each dependency relation systematically affects the
probability of topic propagation. To complement this analysis with a more intuitive perspective,
we now directly examine the augmented binary topic propagation variable {g,. This variable
indicates whether a word inherits its topic from its syntactic head ({y;, = 1) or receives an
independent topic assignment from the document-level distribution ({y,, = 0). The goal is to
identify which dependency relations systematically promote or inhibit topic propagation, and
whether these effects generalize across datasets.

We summarize topic propagation behavior at the level of dependency relations by computing

the frequency for each relation type r as follows:
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— Zé;lsn

r

I for all (d,s,n) where dep_type(wys,) = r

Here, the numerator counts the number of topic inheritance events for relation type r, while
N, denotes the total number of instances of that relation in the corpus. The resulting proportion
lies in the interval [0, 1], where 1 indicates that all dependents of type r inherit the topic from
their head and O indicates that none do. This measure offers an interpretable, relation-level
summary of topic propagation behavior and serves as the basis for cross-dataset comparison.

Before delving into relation-specific findings, we first assess whether topic propagation
behavior is consistent across datasets. For each dataset, we calculate the empirical topic propaga-
tion frequency for every dependency relation type — resulting in a vector of length J, where J
denotes the number of distinct UD relation types observed. We then compute Pearson correlation
coefficients between these vectors to evaluate how similarly dependency types influence topic
propagation across datasets. Table 4.7 presents the resulting correlation matrix. The correlation
between Luxury Hotels and Camping Tents is 0.7839, and similarly high correlations are found
between Luxury Hotels and American Restaurants (0.8198) and Camping Tents and American
Restaurants (0.6856). These results provide a first indication of cross-domain consistency: High
correlations suggest that the influence of syntactic relation types on topic propagation is largely

stable across datasets.

Luxury Camping American
Hotels Tents Restaurants
Luxury Hotels 1 - -
Camping Tents 0.7839 1 -
American Restaurants 0.8198 0.6856 1

Table 4.7: Pearson correlation coefficients of relation-level topic propagation frequencies across the
three datasets.

This consistency becomes especially evident when visualizing the propagation frequencies
across datasets. Figure 4.13 plots relation-level topic propagation frequencies for the Camping
Tents dataset (x-axis) against those for the Luxury Hotels dataset (y-axis). Each point represents
a distinct UD relation type, with coordinates reflecting the proportion of topic propagation

instances for that relation in each dataset.
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Figure 4.13: Relation-level topic propagation frequencies in the Luxury Hotels and Camping Tents
datasets.

A clear pattern emerges: most relation types cluster closely along the diagonal, indicating
strong agreement in propagation behavior between the two domains (Pearson correlation =
0.7839). Relations with consistently strong positive or negative associations with topic propaga-
tion appear in the upper-right or lower-left quadrants, respectively — signaling that their influence
is both systematic and stable across datasets.

Among the relations with consistently high topic propagation frequencies (> 0.7), we find
amod, advmod, compound, fixed, and flat. These relations commonly appear between words that
form nominal or clausal constructions and support thematic continuity among closely linked
word pairs. Likewise, dependency types that connect function words to content heads such
as — det, cop, cc, mark, case, expl, or aux — also appear in the upper-right quadrant, typically
exhibiting propagation frequencies above 0.6. This reflects the tendency of function words to
inherit the topic from their syntactic heads.

In contrast, the bottom-left quadrant features relations such as obj, obl, acl, and advcl, which
typically link distinct syntactic constructions. These relations are associated with low propagation
frequencies, supporting the idea that such links connect syntactic units with independent thematic

content.
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Taken together, these patterns underscore a high degree of structural regularity in topic
propagation across datasets. They reinforce the conclusion that syntactic relations, as cap-
tured by Universal Dependencies, provide linguistically meaningful signals for modeling topic
interdependencies in text.

We found that relation-level topic propagation frequencies are highly consistent across
datasets. This motivates a closer examination of those dependency types that consistently exhibit
high or low topic propagation tendencies across all datasets.

Table 4.8 summarizes these patterns for all three datasets — Luxury Hotels, Camping Tents,
and American Restaurants. The table is organized according to the UD typology introduced
in Section 2.1.3.2, grouping relation types by syntactic function. To aid interpretation, it uses
color coding to highlight consistent cross-dataset behavior: green cells indicate relations with
high propagation frequencies (> 0.5) across all datasets, while red cells denote relations with
consistently low propagation frequencies (< 0.5). White cells represent relation types with
inconsistent patterns, where topic propagation behavior varies across datasets, precluding a clear
interpretation.

High topic propagation frequencies: Two broad syntactic configurations are associated

with consistently high topic propagation frequencies:
1. relations within nominal or clausal constructions

(a) modifier relations

(b) special syntactic constructions

2. function words attached to content heads

Modifier relations — including advmod, amod, nummod, nmod:npmod, nmod:poss, and
nmod:tmod — tend to inherit the topic of their syntactic head. This pattern aligns with the
content-head principle in UD, which posits that heads of core relations are autosemantic — they
retain meaning independently of context — while modifiers serve to refine or contextualize the
meaning of those heads (De Marneffe et al. 2021). For example, in the adjectival modifier (amod)
relation : (e.g., “good” <— “care”), the adjective “good” sharpens the meaning of the noun “care”

without introducing new topical content. The labeled UD-LDA model captures this asymmetry
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Nominals Clauses Modifier words Function Words
nsubj csubj
Clausal nsubj:pass ccomp
Core arguments obj xcomp
iobj
obl advcl advmod aux
Clausal vocative discourse aux:pass
Non-core expl cop
dependents dislocated mark
nmod acl amod det
nmod:npmod aclrelcl det:predet
Nominal nmod:poss case
dependents nmod:tmod
appos
nummod
Coordination Headless Loose Special Other
conj fixed list compound root
cc flat parataxis compound:prt
orphan
goeswith
reparandum

Table 4.8: Colorcoded relation-level topic propagation frequencies across all three datasets examined
(Luxury Hotels, Camping Tents, and American Restaurants). Green: Topic propagation
frequencies >0.5 for all three datasets. Red: Topic propagation frequencies <0.5 for all
three datasets.

by inferring high topic propagation probabilities from head to modifier, consistent with both
linguistic theory and empirical behavior.

The same logic applies to special syntactic constructions like compound and fixed, which
bind words into multi-word expressions. These include noun compounds (e.g., “counter space”,
“New York City”) and fixed phrases (e.g., “less than”, “because of”’). Topic propagation is
intuitively expected in such constructions: the individual words are semantically interdependent
and jointly form a unified concept. This is reinforced by cross-linguistic patterns — for example, in
German, noun compounds like “counter space” are lexicalized into single words (“Arbeitsflache”).
Labeled UD-LDA captures this structural cohesion by promoting topic propagation within such
constructions, in line with their syntactic and semantic unity.

The second major syntactic source of high topic propagation involves function words.
Relations such as det (e.g., “the” < “hotel”), case (e.g., “for” < “me”), cop (e.g., “were” <
“pleased”), expl (e.g., “there”or “it”), and aux (e.g., “could” <— “go”) all exhibit high propagation

frequencies across datasets. The role of function words in topic modeling has long been debated.
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Function words have been excluded under the assumption that they lack topical content (Tirunillai
& Tellis 2014, Martin & Johnson 2015), or treated in separate latent classes (Griffiths et al. 2004).
The UD framework offers a more nuanced view: function words are structurally subordinate
elements, typically low in the dependency tree and connected to semantically richer content
heads (Nivre et al. 2016). Labeled UD-LDA leverages this structural asymmetry — function
words almost never introduce new topics but instead adopt the topical context of their head. This
pattern is confirmed consistently across all three datasets.

Low topic propagation frequencies: As noted earlier, dependency types that link distinct
syntactic units tend to suppress topic propagation. These relations show a consistent tendency
for the dependent to receive a new topic assignment rather than inherit one. We distinguish three

major subtypes:
1. nominal dependents of clausal heads
2. clausal dependents, and
3. loose constructions.

Nominals dependents attached to clausal heads, such as (in)direct objects (obj) and oblique
modifiers (obl) consistently exhibit low topic propagation frequencies. These relations typically
introduce entities — such as people, objects, or locations — into a sentence. For example: “We saw
(head) a few Broadway shows (dependent)”, where “shows” is attached to its clausal head “saw”
via an object relation. Or: “the main subway line got (head) us all over the city (dependent)”,
where “city” is linked to its clausal head “got” via a prepositional ob! relation. In both cases,
the dependent nouns refer to novel entities and represent new thematic content. These are core
syntactic relations whose dependents are assumed to be autosemantic (De Marneffe et al. 2021).
Their semantic independence explains the model’s preference for assigning them distinct topics.

Relations introducing clausal dependents such as csubj, ccomp, acl, and acl:relcl also show
consistently low topic propagation. These dependencies introduce full clauses, each typically
headed by a predicate and accompanied by its own arguments and modifiers (De Marneffe et al.
2021). Consider the sentence: “As a lady who went (dependent) alone I felt (head) very secure

at this hotel”. The relative clause “who went alone” is linked to the main clause “I felt...” via the
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Figure 4.14: Visualization of relation-specific topic propagation in a UD-annotated sentence.
Color-coded arrows indicate topic propagation from head to dependent ({ = 1), while
black arrows mark the absence of propagation ({ = 0). Rectangular and rounded
boxes denote nominal and clausal constructions, respectively, highlighting distinct
topic propagation behavior within and across syntactic units.

acl:relcl relation. Despite this syntactic link, the dependent clause expresses its own event. The
labeled UD-LDA reflects this autonomy through low topic propagation probabilities.

Finally, loosely connected syntactic constructions — such as parataxis — exhibit low topic
propagation. These relations connect independent clauses or nominals without subordination or
coordination and are often signaled by punctuation (De Marneffe et al. 2021). For example, in
the Luxury Hotels dataset: “... they said (head) they would send an engineer; no one ever came
(dependent)”. The semicolon marks a boundary between syntactically loosely connected clauses.
Consequently, the model assigns separate topics to the two events.

Figure 4.14 illustrates the three main trends in how syntactic relations systematically shape
topic propagation probabilities, using an example sentence from the Camping Tents dataset in UD
tree structure. Colored arrows indicate topic propagation between head and dependent (§ = 1),
while black arrows mark the absence of topic propagation (§ = 0). Color-coded topic assignments

reflect the final state of the MCMC chain. The topic assignments themselves correspond to

the final state of the MCMC chain. Nominal constructions are enclosed in rectangular boxes,
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while clausal constructions are shown with rounded rectangles, visually distinguishing the two
foundational syntactic units in UD.

Three core patterns — previously identified in the empirical analysis — become visually
apparent:

(1) Topic propagation is frequent within nominal and clausal constructions. Relations such
as amod, advmod or compound link words that jointly refer to a single semantic unit. In nominals,
these relations form cohesive entities (e.g., “power corners”, “rear mesh vent”); in clauses,
they represent events (e.g., “really add”, "works well”). Accordingly, the topic assigned to the
syntactic head is typically propagated to its dependents, resulting in uniform topic assignments.
This is reflected in Figure 4.14 by the colored arrows within boxes.

(2) Topic propagation is less common across distinct constructions. Relations such as nsubj,
obj, obl, and conj connect the heads of different nominal or clausal units. These syntactic links
often introduce new thematic content, marking boundaries between topical segments. In Figure
4.14, these cross-unit connections are represented by black arrows between boxes, indicating the
absence of topic propagation.

(3) Function words typically inherit the topic of their head. Syntactic relations that link
function words to content heads — such as det, case, and cc — exhibit consistently high topic
propagation. These words provide grammatical structure rather than introducing new semantic
content. In Figure 4.14, these relations are represented by colored arrows connecting the function
words to their heads, reinforcing their role as syntactically and thematically subordinate elements.

These findings demonstrate that topic propagation in labeled UD-LDA is governed by
systematic syntactic patterns. The model regulates topic propagation based on grammatical
function: Promoting propagation within cohesive syntactic units, and allowing for topic shifts
across distinct syntactic units. Crucially, it is not merely the information about which words are
connected via head-dependent relations that explains topic propagation, but the specific type of

syntactic relation — highlighting grammar’s role as a structural signal for thematic organization.
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Chapter 5

Discussion

This thesis integrates two complementary perspectives on statistical text analysis to enhance
applied marketing research. In contexts where data availability is inherently limited due to the
targeted nature of the analysis, it becomes essential to make efficient use of available textual
information. Here, “efficiency” refers to using not only the words in text, but also the structure
of language (i.e., how text is structured). This work builds on the idea that syntactic structure —
in the form of Universal Dependencies (UD) — can provide valuable information to support topic
inference.

Universal Dependencies encode word-level syntactic functions in the form of labeled head-
dependent relations, which can be obtained using off-the-shelf dependency parsers. These
labeled structures provide a linguistically principled basis for modeling topic propagation within
sentences, as the labels reflect not only syntactic form but also semantic relationships between
words. The labeled UD-LDA model developed in this thesis incorporates UD into topic modeling
by conditioning topic propagation along the branches of dependency trees.

Labeled UD-LDA is the first topic model to conceptually integrate labeled syntactic de-
pendencies with the modeling of topic propagation in text. This thesis shows that syntactic
dependencies exhibit three central characteristics: they are predominantly local, systematically
include non-adjacent relations, and frequently run against the reading direction, with dependents
preceding their heads. These properties imply that the relevant context for topic interdepen-

dencies is not only short-ranged but also often extends beyond immediate neighbors and can
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lie to the right of a token in the sequence. Conventional topic models that rely on sequential
proximity or first-order assumptions cannot capture this complexity, while more recent distribu-
tional approaches approximate it only through large-scale, data-driven model architectures. UD,
by contrast, offer a theory-informed representation that explicitly encodes both adjacency and
directionality of syntactic relations. In this way, UD provides a transparent and linguistically
grounded signal for topic inference, particularly valuable in targeted, data-scarce marketing
applications.

The empirical application of labeled UD-LDA addressed the following research question:

RQ1: Does a topic model that conditions topic propagation on UD-based syntactic
dependencies yield an enhanced representation of the latent topic structure in text

datasets?

To answer this question, the labeled UD-LDA was benchmarked against several alternative
models, including standard LDA, across three datasets from distinct marketing domains. The
results demonstrated that labeled UD-LDA consistently outperformed all benchmarks in terms of
in-sample model fit. Additionally, it exhibited improvements in topic uniqueness and maintained
competitive performance in topic coherence. Importantly, these gains were achieved despite the
model’s more constrained structure, indicating that the incorporation of syntactic constraints
does not compromise topic interpretability.

The second research question examined the syntactic foundations of topic propagation:

RQ2: Does the type of syntactic dependency, as indicated by UD labels, contribute
to explaining the probability of topic propagation along the edges of dependency

trees?

The hierarchical Bayesian framework of the labeled UD-LDA allows for a detailed inves-
tigation of how different dependency relations influence topic propagation. Two key findings
emerged. First, syntactic relation types were found to have systematic and statistically significant
effects on topic propagation. Relations within syntactic units — such as modifiers in nominals
or clauses — and relations connecting function words to content heads, consistently increased

the probability of topic propagation. In contrast, relations bridging syntactic units (e.g., subject,
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object, oblique, and clause relations) tended to suppress topic propagation. These results support
the hypothesis that grammatical structure plays a central role in shaping the flow of thematic
content in text.

Second, the observed effects were highly consistent across datasets and aligned closely with
linguistic theory. According to the UD framework, syntactic heads of core constructions are
typically semantically autonomous and more likely to introduce new topical content, whereas
dependents — particularly modifiers and function words — tend to refine or support the meaning
of their heads. These theoretical expectations are reflected by results from our model.

Collectively, these findings demonstrate that syntactic structure — as formalized by the Uni-
versal Dependencies framework — constitutes a meaningful signal for modeling topic propagation
in text. The labeled UD-LDA offers a transparent and linguistically grounded approach to inte-
grating observed syntactic features into probabilistic topic models. This integration contributes
to both empirical performance and theoretical interpretability, thereby bridging the domains
of automated text processing and language research. In doing so, the model aligns with the
grammar conception proposed by Futrell et al. (2020), which views grammar as a system that

mediates between linguistic form and semantic content.

5.1 Main contributions

This thesis was positioned at the intersection of “how” and “what”: The structural analysis of
language (via dependency parsing) and the content-based analysis of text (via topic modeling),
integrated within a targeted marketing analysis framework. This interdisciplinary perspective

yields contributions to three research domains:

Language Research: In the field of language research, this work highlights the practical
relevance of Universal Dependencies in probabilistic topic modeling. As noted by De Marneffe
et al. (2021), the UD framework continues to grow rapidly, supported by a large community
and extensive multilingual treebanks. Despite its foundational role in syntactic annotation, the
application of UD to downstream modeling tasks remains relatively underexplored. This thesis

introduces a novel use case by demonstrating how UD structures can inform topic inference,
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that is, how topics are propagated across syntactic dependencies in text. The labeled UD-LDA
is the first probabilistic topic model that incorporates UD labels and empirically examines how
syntactic relations shape topic propagation probabilities. This thesis offers empirical evidence
that UD encodes not only grammatical hierarchy but also a latent thematic structure, thereby

supporting theoretical claims about the autosemantic properties of syntactic heads.

Topic Modeling: From a topic modeling perspective, this work contributes a linguistically
grounded framework for probabilistic modeling of high-level topics as summaries of (large) text
corpora. Previous efforts have used observed structural cues such as word order or sentence
boundaries to approximate thematic continuity. This work advances the field by leveraging
labeled dependency trees to condition topic propagation. Empirical results show that different
types of syntactic relations exert distinct effects on topic propagation and that these effects
align with linguistic expectations. This suggests that topic propagation can be more effectively

modeled when informed by syntactic structure, rather than heuristic cues.

Marketing Research: For marketing research in data-scarce environments, the labeled UD-
LDA offers a transparent and data-efficient approach to text analysis. Dependency parses can
be generated with minimal preprocessing effort using standard tools and provide a valuable
structural layer to complement content-based analysis. Unlike black-box models, the labeled
UD-LDA has fully interpretable assumptions and does not rely on pretraining over large, external
corpora. This transparency allows each inferred topic to be directly linked to the observed words
and their syntactic relations, facilitating validation and interpretation. Such methodological
clarity is especially critical in applied contexts, where decisions may depend on the validity of
thematic patterns inferred from text.

In summary, this thesis proposes an interdisciplinary modeling framework that leverages
syntactic structure to enhance both the empirical quality and theoretical grounding of topic
inference. By integrating linguistic insights into probabilistic modeling, the labeled UD-LDA

offers a robust and interpretable tool for analyzing text in targeted marketing settings and beyond.
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5.2 Limitations and future research directions

The empirical analyses revealed consistent patterns of topic propagation across the three datasets,
supporting the hypothesis that syntactic structure offers a generalizable signal for modeling topic
propagation in sentences. However, all datasets were limited to user-generated English-language
customer reviews, which are relatively homogeneous in style and structure. Future research
should examine whether similar patterns emerge in other textual domains (e.g., news articles,
academic writing) and in other languages. The cross-linguistic design of the UD framework
makes it well suited for such comparative investigations.

While the labeled UD-LDA achieved competitive results in topic coherence, it did not
consistently outperform all benchmark models. In line with standard practice, the evaluation
relied on analyzing the most probable words under each topic. Such top-word lists provide an
intuitive and widely used way of assessing topic quality, but they inevitably shift the focus back
to the (individual) word level. This risks overlooking the core contribution of a syntactically
informed model, which lies precisely in capturing head-dependent relations and syntactic patterns
of language use. More syntactically aware approaches to evaluation could better reflect the
strengths of the model — for example, analyzing topic-specific phrases (e.g., Biischken & Allenby
2025) or topic-specific grammatical constructions. Developing such grammatically informed
methods of topic evaluation remains an open avenue for future research.

It is important to note that the current model formulation represents only one possible
instantiation of syntactically informed topic modeling. More importantly, this thesis demonstrates
that incorporating labeled dependency trees into a probabilistic framework can meaningfully
capture topic interdependencies and support linguistic interpretation. Nonetheless, alternative
model architectures — such as those expanding the covariate space or incorporating interaction
effects — may yield further gains.

A promising avenue for model refinement involves extending the regression component
of the topic propagation mechanism. The binary topic propagation indicator ¢ can be flexibly
conditioned on any observable word-level features. The UD framework provides additional
morphosyntactic information, such as POS tags, which may reveal interaction effects between

syntactic function and word class. For instance, both proper nouns and pronouns can serve
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as nominal subjects (nsubj), yet they differ in semantic specificity (De Marneffe et al. 2021):
Proper nouns, which typically denote specific entities such as people, places, or concepts, are
semantically rich and more likely to introduce new topical content — hence, they may exhibit
lower topic propagation probabilities. Pronouns, by contrast, function as placeholders for
previously mentioned nouns and are generally less autosemantic; as such, they may more likely
inherit the topic of their syntactic head. Accounting for such interactions between syntactic
function and word class may lead to a more nuanced understanding of topic propagation.

Another limitation is that the labeled UD-LDA model treats syntactic structure as observed,
assuming that the dependency tree is accurately known. In reality, language generation is not a
sequential process of first selecting syntactic structure and then populating it with content; rather,
syntax and semantics co-develop during language production. Indeed, one might even argue that
the process can be reversed: in practice, writers often begin with raw ideas or bullet points and
only subsequently embed them into syntactically well-formed sentences. Future research could
explore generative models in which syntactic structure and topic assignments are inferred jointly,
better approximating the dynamics of natural language generation and offering new directions
for theory-driven modeling.

Finally, it is important to acknowledge that the Universal Dependencies framework itself is
a dynamic and evolving resource. Since 2015, new UD treebank versions have been released
approximately every six months, often introducing changes to the inventory of dependency
relations. For instance, as of version 2.15 (released November 2024), certain relation types
used in this work have been deprecated or merged (e.g., nmod:tmod and nmod:npmod have
been merged into nmod:unmarked; obl:tmod and obl:npmod have been merged obl:unmarked).!
These developments do not affect the validity of the labeled UD-LDA’s model architecture,
which is agnostic to the specific set of dependency labels. Moreover, the deprecated labels
were not among those found to have strong effects on topic propagation and were not central
to the model’s explanatory contributions. Nevertheless, future work should consider how to
accommodate evolving annotation schemes. Potential strategies may include collapsing subtypes

into higher-level categories (e.g., mapping nmod:xxx to nmod) or conditioning on a limited set of

Uhttps://universaldependencies.org/
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frequent relations that exert the strongest influence on topic propagation. Exploring these design
choices would support the development of leaner models that remain effective as linguistic
frameworks evolve.

Seen from this perspective, the reliance on UD in this thesis reflects both an opportunity and
a limitation. On the one hand, UD offers a linguistically principled, cross-linguistic framework
that was readily available for our modeling. On the other hand, its design was not developed
with topic inference in mind, but rather as a general-purpose annotation scheme. While UD has
sometimes been critiqued for not adhering strictly to syntactic considerations (see Appendix
A.2), we found this feature particularly advantageous for topic modeling: its treatment of entities,
events, and semantic hierarchies between heads and dependents aligned well with the objective
of modeling topic propagation. In light of our findings, one could even imagine developing an
annotation scheme specifically tailored to support topic inference. Our results suggest that topics
tend to propagate within nominal and clausal constructions but less so across constructions.
Yet, even within multiword nominals or clauses, topic propagation was not guaranteed when
modeled solely on individual word dependencies, which appears less intuitive. A possible
way forward might be a hybrid annotation scheme that combines dependency and constituency
principles, collapsing certain dependencies into higher-level spans such as multiword compound
phrases, entity phrases, or event phrases. This would place even stronger emphasis on semantic
phenomena at a more abstract, language-agnostic level. Alternatively, one could envision
developing a semantic layer on top of UD. Exploring such extensions, however, remains an
open avenue for future research, particularly given the substantial resources required to build

and maintain frameworks such as UD.

5.3 Conclusion

This thesis has shown that syntactic structure, as encoded in Universal Dependencies, constitutes
a valuable and under-exploited resource for topic modeling. By integrating syntactic information
into the topic assignment process, the labeled UD-LDA introduces a transparent, linguistically

motivated framework that improves interpretability without sacrificing model performance. The
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labeled UD-LDA illustrates how syntactic structure can guide probabilistic topic inference,
highlighting the interplay between form and meaning in text data. As both a methodological
contribution and a conceptual bridge, this work provides a foundation for further research at the
intersection of linguistics and applied text analysis — particularly in settings where data is scarce

and interpretability is essential.
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Appendix A

Universal Dependencies framework

A.1 Overview of UD relation types

Table A.1: Descriptions and examples of UD relation types.

Label Description Example: head / dependent

acl clausal modifier of noun “Times Square got to be the place to
be”

acl:relcl adnominal relative clause modifier “as a lady who went alone”

advcl adverbial clause modifier “this hotel is very nice as you would
expect’

advmod adverbial modifier “judging from their website it looked
like a nice hotel”

amod adjectival modifier “the staff takes good care of their
guests”

appos appositional modifier “small hotel, only 6 rooms per floor”

aux auxiliary function word “you could walk anywhere easily”

aux:pass passive auxiliary “the room was tastefully decorated”

case case marking element (e.g., preposi- | “it was good enough for me”

tion)

cc coordination “easy to get to subway, theaters and
museums’”’

cc:preconj preconjunct “the food was either buffet or a sit
down dinner”

ccomp clausal complement “no one explained how the elevator
worked”

compound word-level compounding “enough counter space for toiletries”

compound:prt| phrasal verb particle “the breakfast sets you up for the
day”
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Table A.1 (continued): Descriptions and examples of UD relation types.

Label Description Example: head / dependent
conj conjunct “the room was clean and comfort-
able”
cop copula “we were very pleased with every-
thing”
csubj clausal subject “being in a busy area is great”
det determiner “such a great service”
det:predet predeterminer “such a great service”
discourse discourse element “Oh, ask for reservations”
expl expletive (existential “there” or “it”) | “there are lots of restaurants”
fixed fixed grammatical expressions that | “missed the show because of the mis-
behave like function words take”
flat flat multiword expression “the Waldorf Astoria”
goeswith links parts of a word that are sepa- | “great experience al/ together”
rated but should go together
iobj indirect object “they gave us free drinks”
list Used for lists of comparable items ”Madison Square Garden, Empire
State Building, subway stations”
mark function word marking a clause as | “great location especially if you are
subordinate interested in the Broadway”
nmod nominal modifier “the size of the room”

nmod:npmod

noun phrase used as adverbial modi-

“the hotel itself was really nice”

fier
nmod:poss possessive nominal modifier “our room had a great view”
nmod:tmod | temporal nominal modifier “two free bottles of water every day”
nsubj nominal subject they gave us free drinks
nsubj:pass passive nominal subject “towels were left on the floor”
nummod numeric modifier “two free bottles of water every day”
obj direct object “they gave us free drinks”
obl nominal functioning as a non-core | “the subway got us to the city”
(oblique) modifier of a predicate
obl:npmod noun phrase as adverbial modifier “my wife is six months pregnant”
obl:tmod temporal modifier “we arrived late in the morning”
parataxis links constituents placed side by side | “they informed an engineer; no one
ever came”
root root of the sentence “our room had a great view”
vocative marks dialogue participant “Thanks, Marriott!"
xcomp open clausal complement “the hotel was able to upgrade us”
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A.2 Critique of the Universal Dependencies framework

As noted in the introductory chapter on the Universal Dependencies (UD) framework, the project
has faced criticism, particularly from linguists. We acknowledge these critiques and aim to
briefly reflect on them while justifying the relevance of the framework for our use case in topic
modeling.

In the introduction, we outlined the six design criteria of UD (De Marneffe et al. 2021).
These criteria serve as a useful lens to categorize the criticism, helping us identify which aspects

are being challenged and assess their relevance to our specific application.

1. “UD needs to be reasonably satisfactory on linguistic analysis grounds for individual

languages — a journeyman’s universal grammar.

2. UD needs to be good for linguistic typology: It should bring out cross-linguistic parallelism

across languages and language families.
3. UD must be suitable for rapid, consistent annotation by a human annotator.
4. UD must be easily comprehended and used by non-linguist users with prosaic needs.
5. UD must be suitable for computer parsing with high accuracy.

6. UD must support well downstream language understanding tasks, such as relation extrac-

tion, reading comprehension, machine translation, and so on.”

A significant portion of the criticism directed at UD revolves around the decision to make
content words heads over function words. This structural choice has sparked debate regarding
its linguistic foundation and its implications for linguistic typology, particularly concerning
criteria (1) and (2). Critics question whether this decision aligns with linguistic theory and
whether the resulting dependencies effectively support cross-linguistic typological analyses.

Osborne & Gerdes (2019) argue that the binary classification of content and function words
is not clear-cut. More importantly, they claim that this distinction is fundamentally semantic

rather than syntactic, making it challenging to capture syntactic phenomena based on semantic
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considerations. Similarly, Gerdes & Kahane (2016) criticize the alternation between semantic
and syntactic arguments in UD annotation principles.

Osborne & Maxwell (2015) provide an overview of the historical treatment of function words
in dependency grammars, examining whether the words UD classifies as function words have
traditionally been considered subordinated or superordinated in linguistic grammars. Their focus
is particularly on the relationships between prepositions and their nouns, auxiliary verbs and
their content verbs, and determiners and their nouns.

They argue that there is no historical evidence for subordinating adpositions (prepositions
and postpositions) to their nouns, since adpositions assign case to their nouns, not vice versa.
This issue is illustrated with the sentence “we went to New York and had a great time”. In
Universal Dependencies, case(York, to), the preposition “to” is made dependent of “York™ (see
Figure 2.2). Syntactically, the preposition “to” licenses the presence of the noun compound “New
York” and should therefore be considered the head rather than the dependent. Consequently,
the annotation guideline to subordinate prepositions to the content words they introduce is in
contrast to linguistic theory (Osborne & Maxwell 2015).

UD also subordinates auxiliary verbs, such as “has” in aux(traveled, has), classifying them
as function words. This contradicts the subcategorization principle, which is assumed to operate
downward in the syntactic hierarchy. According to Osborne & Gerdes (2019), a word W1
subcategorizes W2 if W1 is more flexible in form than W2. For instance, while “had traveled”
or “will have traveled” are valid constructions, “has travels” is not, indicating that the auxiliary
verb “has” is syntactically more flexible and should therefore be superordinated to “traveled”.
However, in UD, subordinating the auxiliary verb “has” leads to subcategorization operating
upward in the dependency tree hierarchy, from the dependent “has” to the head “traveled”.

As an interim conclusion, Criterion 1 — requiring UD to be a reasonably satisfactory frame-
work for linguistic analysis of individual languages — is subject to justified criticism. Specifically,
the decision to make content words heads over function words is not standard practice in purely
syntactic dependency frameworks. However, this issue is not insurmountable, as methods exist
to convert UD into syntactically motivated annotations. Gerdes et al. (2018) propose Surface-

Syntactic Universal Dependencies (SUD), an annotation scheme based solely on syntactic criteria,
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and provide guidelines for converting UD into SUD. Thus, researchers interested in syntactic
phenomena per se could opt for SUD instead of UD.

Osborne & Gerdes (2019) further argue that the UD’s goal of promoting parallelism across
languages (Criterion 2) conflicts with the objectives of typological studies, which focus on exam-
ining structural differences among typologically diverse languages. In this context, Dependency
Distance — the number of intervening words between a head and its dependent — serves as a
relevant metric for typologists to assess syntactic complexity across languages. However, the
relatively flat structure of UD results in higher Dependency Distances compared to more layered,
purely syntactic dependency annotations, potentially introducing bias in such analyses Osborne
& Gerdes (2019), Yan & Liu (2022).

Other scholars, such as Futrell et al. (2020), argue that UD provide a sufficiently accurate
representation of the cross-linguistic syntax to study dependency distance. The extent to which
UD is suitable for analyzing linguistic phenomena such as dependency distance remains an open
question.

Criteria 3, 4, and 5 have faced less criticism. Osborne & Gerdes (2019) do not provide strong
arguments regarding whether human annotation consistency, comprehensibility for non-linguists,
or parser accuracy are significantly better or worse compared to purely syntactic annotation
formats.

Regarding Criterion 6, Osborne & Gerdes (2019) leave an open question. Although they
critique UD from a linguistic perspective, they do not dispute its usefulness for downstream
applications. Their criticism primarily addresses theoretical linguistic concerns rather than the
practical applicability of the UD framework in computational tasks.

For our project, the key question is not whether UD provides a complete and linguistically
precise representation of syntactic structures but rather whether the information it encodes is
valuable for our specific application. In this regard, our approach is similar to that of Atalay
et al. (2023), who use UD to study syntactic surprise in marketing communication. Their
focus is not on evaluating the linguistic accuracy of UD, but on leveraging its structure to
quantify the unexpectedness of syntax in text data. Likewise, our goal is not to scrutinize

the exact syntactic constructions of user-generated content, but to enhance topic modeling by
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incorporating additional structural information from UD. To do so effectively, we must first
understand what kind of information UD encapsulates and what it does not.

A central characteristic of UD is its practice of making content words heads over function
words, which results in content words being positioned higher and function words lower in
the dependency tree hierarchy. Croft et al. (2017) support this approach, arguing that it is
typologically appropriate to establish direct links between content words. These links are
particularly relevant to topic modeling: if key thematic words in a sentence are directly connected,
it becomes easier to trace how topics emerge and evolve in textual data.

To conclude, from a purely linguistic perspective, UD’s blend of semantic and syntactic
principles may be problematic. However, for our project, this characteristic is an advantage. By
prioritizing content words and directly linking them within sentences, UD offers a structural

representation that aligns well with the goals of topic modeling.
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Appendix B

MCMUC for the UD-LDA model

The following description of the MCMC is based on the derivation of Biischken & Allenby
(2020) for the AT-LDA. Their approach is based on the sequential order of words in text and
models topic carryover from one word to the next within the observed sequence. In the case of
the UD-LDA, their representation is adapted in such a way that it allows for topic propagation
between head-dependent word pairs within sentences. As stated above, the joint distribution of

knowns and unknowns in the UD-LDA factorizes according to the formula presented in 3.5:

p({w}dv{z}dv{é,}d7¢a Hdvﬁvxda a, f,B,Zﬂ) o<
S

H [p(ws,root | ¢7 Zs,root) X p(Zs,r00t| ed) X
s=1

Ny
[p(ws,n‘@Zs,st,h,,a é;,n) X P(Zs,n‘zs,h,,a Oy, éfv,n) X P(;v,n|xs,n7ﬂvzs,hy,)ﬂ X
1
t

NZT00

p(9l7) % p(6yla) x p(B|B,Zp) %

p(7) x p(@) x p(B) x p(Zp)
This requires sampling steps for the following parameters:
¢ word distributions per topic
6 topic distributions per document
B topic propagation regression coefficients
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z  topic indicator on word level

¢ topic propagation indicator on word level

B.1 Draw of ¢

The draw of ¢ is not changed compared to the standard LDA model (Blei et al. 2003) or the

AT-LDA model (Biischken & Allenby 2020):

D S; Ny

p(dletse) < [TTTI1pwaldiza =1) x p(ar]7) Wt
d=1s=1n=1 (B.1)

~ Dirichlet(C'T + 1)
Where C¥T are the (given/observed) word topic counts. For the update of ¢, we treat z as
given - meaning that the update of ¢ is conditionally independent of {. For V" we therefore
do not distinguish whether observations of z are the result of topic propagation. The conjugate

setup allows us to generate direct draws from the full conditional of p(¢|else).

B.2 Drawof @

As outlined by Biischken & Allenby (2020), the update of 6, is also a conjugate setup combining
a multinomial likelihood and a Dirichlet prior. They also mention that for the update of ; only
those topic assignments downstream of 6, are relevant (i.e., only those topic assignments that

are not the result of topic propagation):

Sa Ny
p(ed‘else) o< Hp(zs,mnt‘ ed) H p(zs,n|zs,h,,a eda élv,n) X p(ad’a)
s=1 n=1

n;é?oot
Ny Na
= [1 r(zl€) x p(Gale) x ] 1
n:{=0 n:¢=1 (B.2)
Na
= [1 r(zl6s) x ()
n:{=0
~ Dirichlet(CIP + )

Where C;D is the topic-document matrix counting those topic assignments per document for
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which the condition ¢, = 0 is true. The conjugate setup allows us to generate direct draws of the

full conditional p(6,|else).

B.3 Drawof S

By definition, the root word of a sentence is the only word in a sentence that does not have
another word as its head. Hence, the root word’s topic assignment cannot be the result of topic
propagation, which means that & ,,,; = 0. Consequently, for the update of /3 the root word of

each sentence is ignored:

p(Blelse) o<
D Sz!' Ns -
H H p(éld,s,n|xd,s,n>ﬂazd7s7h,,) X p(ﬂ|ﬂvzﬁ) =
d=1s=1 n=1
n#root

DS N expld,f B
H d,s,;n

d=1s=1 n=1 l+exp[xii7s.,nﬁ]

x p(B|B.,Zp)

~ Binomial(Yy s.,) x MVN(B, Zp)

For the update of # we have a non-conjugate setup consisting of a binomial likelihood and a
weakly informative multivariate normal prior. The full conditional is not of a known form, which
means that we cannot directly generate draws from this distribution. Therefore, the draw of /3 is

accomplished by a Random Walk Metropolis Hastings step.

B.4 Draw of z, and ¢,

For the UD-LDA, it is possible to employ the joint “single-move” sampling step for the topic
and propagation indicator, z,, and {,, as outlined in Biischken & Allenby (2020) for the AT-LDA.
The distinction between UD-LDA and AT-LDA is that we no longer model first-order topic
propagation within the observed sequence, specifically from word w,_; to word w,,. Instead,
the UD-LDA models topic propagation along the branches of syntactic parse trees, i.e. from
the head word wy,, to the focal word w,. Whereby the word w,, in turn can inherit the topic to

its syntactic “children” {w,, }. This implies that the propagation indicator ¢, is a function of
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the topic assignment of the syntactic head word z;,. Similarly, the downstream propagation
probabilities in the syntactic hierarchy, denoted by ¢, , are a function of z,. Thus, it follows that
these hierarchical dependencies must be considered when drawing inference on z, and ¢,. In
order to derive the joint posterior distribution of z, and ¢,, we can remove all elements from
3.5 that do not depend on z, or &,. We also treat zj,,¢p, .2, and &, as given. The subscript &,
represents the (one) head word of the focal word, w,. The subscript ¢, represents all direct and
indirect (syntactic) children of the focal word w,, whose (downstream) topic assignments are

dependent on z,, or zj, .

p(zn =t, Gilzn,, Cc,  €lse) o<
p<wn7w€”‘¢’zn = t,Zhn, é;“ ézn) X p<Z" - [’Zhrn 0d7 g’l) X (B4)
p(Gilzn,, W) x p(&lzn =1, W0,)

For the joint distribution p(z, =1, {,|zn,, &, , else) we distinguish between two cases ¢, = 1
and ¢, = 0. Therefore, it can be seen that the topic assignment of the focal word can either be
inherited from its head word or drawn from the document-specific prior §;. For the likelihood,
there are also two cases with respect to a focal word’s single syntactic “child” as indicated by
¢, = 1 and ¢, = 0. Depending on whether the topic assignment is further inherited, z., and wy,

must be taken into account. This results in 2 x 2 cases for the joint draw for the joint distribution

of z,, &u:

Plan =14 =01&, = 0,else) o 6" x (1— y&")) x 1, x (1— ")

plan=1,8 =0[&, = 1,else) o< ¢ 5 (1= pd)) x Gy, x ") x i)

P(zn =2y, & = 1]&, = 0,else) o @) x ) s (1 — ylrn))

P(an =2y, G = 11&, = 1,else) o< g1 x yin) s i) s yliven)
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In essence, the variable ¢, serves to distinguish whether topic propagation is established
(én = 1; 2, = z,) or not. In the absence of a topic propagation (&, = 0) the topic assignment z, is
generated from 6,. Hence, the joint draw of {,, z, originates from 7 + 1 multinomial probabilities.
A more detailed derivation of this joint move of §, and z, can be found in Biischken & Allenby

(2020).
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Appendix C

Measuring topic coherence

Coherence can be considered a measure of within-topic quality. Coherent topics suggest that the
N most likely words of a topic should be perceived by humans as fitting together in a natural or
reasonable way. Much of the work on coherence has focused on quantifying this perception
within the context of topic modeling.

To do so, researchers have used human judgment tasks as a benchmark for measuring
perceived coherence. Chang et al. (2009) addressed this issue through a word intrusion task,
a variant of the odd-one-out’ game, where participants identify the randomly inserted word
from a list of the N most likely words generated by the topic model. If a topic is highly coherent
— meaning its words naturally fit together — detecting the intruder word should be relatively
easy. Their findings demonstrated that even non-experts in topic modeling have an intuitive
sense of whether a word list appears semantically coherent. Newman et al. (2010) extended
this idea by introducing the concept of topic “usefulness” in downstream tasks. In their study,
participants rated the usefulness of topic word lists on a scale from 1 to 3. While they did not
provide a strict definition of “useful”, they instructed participants “it is some combination of
coherent, meaningful, interpretable, words-are-related, subject-heading-like, something-you-
could-easily label” (Newman et al. 2010). Mimno et al. (2011) further refined human evaluation
by instructing experts to rate topics as 'good’ if the words could be grouped into a single concept.
Similarly, Aletras & Stevenson (2013) defined a topic as coherent if all its terms were associated

with a common theme, advising raters to assess whether topics were “semantically coherent,

Dissertation Thomas Michael Ruf3er-Strobel, 2026



C. MEASURING TOPIC COHERENCE 131

meaningful, and interpretable”. While authors define topic coherence in slightly different ways,
they share a common idea: a topic is coherent if its N most likely words can be subsumed under
a common theme.

Several scholars have proposed quantitative coherence measures that automatically assess the
semantic quality of topics and have validated these metrics against human judgments. Roder et al.
(2015) offer a conceptual framework that outlines how such coherence measures are constructed
(see Table C.1). According to their framework, coherence measures typically consist of four key
components: (1) segmentation, (2) confirmation measure, (3) word probabilities or word vectors
and (4) aggregation.

In the first step, segmentation, word pairs are generated from the list of the top N words
in a topic. The most commonly used segmentation scheme is Sor¢, which forms all possible
word pairs. For N top words, this results in (N - (N —1))/2 word pairs. In the second step,
a confirmation measure is computed for each word pair. This measure is based either on
(conditional) word probabilities or on the similarity of word vectors. Measures based on word
probabilities typically rely on Boolean co-occurrence, where the presence or absence of a word
is recorded within a specified scope — such as a document, sliding window, or context window.
These methods count how often topic words appear together within that scope. In contrast,
word vectors attempt to encode contextual usage patterns beyond simple co-occurrence counts,
offering a more nuanced representation of word meaning. In the final step, aggregation, the
individual confirmation scores for all word pairs are combined into a single coherence score for
topic ¢, typically by computing their arithmetic mean. Model-level coherence scores are then
obtained by averaging across topics. Since the compared coherence measures all use the same
aggregation method, this component is not included in Table C.1.

Table C.1 summarizes the most commonly used coherence measures according to the criteria
outlined above. Each of these metrics has been evaluated in prior studies through comparisons
with human judgments, providing empirical support for their validity.

Generally, the five depicted types of coherence measures can be distinguished based on two
dimensions: (1) they either utilize direct or indirect confirmation measures, (2) they are based

on an intrinsic or extrinsic reference corpus (see Table C.1, second column).
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The first three metrics — LCP, PMI, and NPMI — use direct confirmation measures. These
metrics evaluate coherence by directly comparing pairwise word counts, based on co-occurrence
within a defined context such as a document or a sliding window. A high coherence score is
achieved when two words frequently appear together in the same context, thereby increasing the
co-occurrence numerator.

In contrast, the last two metrics — Distributional Similarity and Word2Vec Similarity — rely
on indirect confirmation measures. Instead of word counts, they compare word vectors that
encode contextual usage, for example, within a window of +5 words. A high coherence score is
obtained when two words have similar vectors, indicating that they tend to appear in comparable
local contexts. In this way, these metrics assess semantic relatedness indirectly, by analyzing

the similarity of the environments in which the words occur.
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Table C.1: Description of commonly used coherence measures. Adapted from Roder et al. (2015).
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