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Abstract

Reader curiosity, the drive to seek information,001
is crucial for textual engagement, yet remains002
relatively underexplored in NLP. Building on003
Loewenstein’s Information Gap Theory, we in-004
troduce a framework that models reader cu-005
riosity by quantifying semantic information006
gaps within a text’s semantic structure. Our007
approach leverages BERTopic-inspired topic008
modeling and persistent homology to analyze009
the evolving topology (connected components,010
cycles, voids) of a dynamic semantic network011
derived from text segments, treating these fea-012
tures as proxies for information gaps. To empir-013
ically evaluate this pipeline, we collect reader014
curiosity ratings from participants (n = 49)015
as they read S. Collins’s “The Hunger Games”016
novel. We then use the topological features017
from our pipeline as independent variables to018
predict these ratings, and experimentally show019
that they significantly improve curiosity pre-020
diction compared to a baseline model (73%021
vs. 30% explained deviance), validating our022
approach. This pipeline offers a new computa-023
tional method for analyzing text structure and024
its relation to reader engagement.025

1 Introduction026

Reader curiosity refers to the cognitive and affec-027

tive drive that motivates individuals to seek addi-028

tional information while reading. In the context of029

textual engagement, this can manifest as a reader’s030

urge to continue reading, explore related topics, or031

seek clarifications (Schiefele, 1999). While curios-032

ity is often studied in educational psychology, its033

computational modeling in natural language pro-034

cessing (NLP) remains relatively underexplored.035

Existing approaches to modeling reader engage-036

ment often rely on linguistic features, e.g., senti-037

ment analysis, readability scores (Sotirakou et al.,038

2021), or word-level analyses (Berger et al., 2023;039

Maslej et al., 2021; Dvir et al., 2023). These meth-040

ods, while valuable, primarily focus on surface-041

level characteristics and often fail to capture the 042

broader semantic structure, narrative flow, and, cru- 043

cially, the information gaps that stimulate curiosity. 044

Related work leveraging knowledge graphs, while 045

providing a richer semantic representation, does 046

not explicitly model the reader’s evolving under- 047

standing and points of information need (Abu-Salih 048

and Alotaibi, 2024). 049

Building on Loewenstein’s Information Gap The- 050

ory (Loewenstein, 1994)—where curiosity stems 051

from recognizing a difference between known and 052

desired information—we introduce a framework 053

that models reader curiosity by quantifying seman- 054

tic information gaps within a text’s semantic struc- 055

ture. Unlike prior work focused on micro-level 056

textual features, our approach adopts a macro-level, 057

cognitive perspective, operationalizing the concept 058

of plot holes, or information gaps, to predict reader 059

engagement. We hypothesize that these gaps, repre- 060

senting areas of missing connections or coherence 061

in the textual flow, act as intrinsic motivators. Fur- 062

thermore, we operationalize surprise, a key driver 063

of curiosity, by measuring the dynamic shifts and 064

transformations in these information gaps through- 065

out the text. 066

To realize this framework, we introduce a 067

pipeline leveraging Topological Data Analysis 068

(TDA). This pipeline integrates recent topic mod- 069

eling (building upon BERTopic (Grootendorst, 070

2022)) to extract key topics, constructs a dynamic 071

topic network representing the flow of these top- 072

ics (Zhu, 2013), and applies TDA, specifically 073

Persistent Homology (Munch, 2017), to identify 074

and quantify topological cavities within this net- 075

work (Patankar et al., 2023; Zhou et al., 2024). 076

These cavities—disconnected components, cycles, 077

and voids—represent information gaps. We further 078

employ Wasserstein and Bottleneck distances to 079

measure the evolution of these gaps, capturing the 080

element of surprise. To demonstrate feasibility, we 081

conducted a pilot study as a proof-of-concept using 082
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S. Collins’s “The Hunger Games” (Collins, 2011)083

novel. Participants naïve to both the book and its084

movie adaptation provided chapter-wise curiosity085

ratings, enabling an initial analysis of curiosity dy-086

namics in response to information gaps.087

Our main contributions are threefold:088

1. Pipeline: We designed a pipeline for the mod-089

eling of textual information gaps, integrating090

topic modeling and TDA.091

2. Engagement Data: We conducted a survey092

in order to obtain reader engagement data for093

“The Hunger Game” novel.094

3. Experimental validation: We leveraged the095

survey data to evaluate our approach empiri-096

cally.097

4. Interdisciplinary approach: our method098

connects topic modeling and TDA with theo-099

ries from motivational psychology, facilitating100

further interdisciplinary research.101

We share our source code and data at102

https://anonymous.4open.science/r/pers_103

homol_data-4D10/.104

The rest of this article is organized as follows. In105

Section 2, we review the literature directly related106

to our work. In Section 3, we present our narra-107

tive modeling pipeline. Section 4 describes our108

experimental setup, while our results are presented109

and discussed in Section 5. Finally, we review the110

salient points of our work and its perspectives in111

Section 6.112

2 Related Works113

This work builds upon and addresses limita-114

tions in computational reader engagement models,115

graph-based and topological methods in NLP, and116

network-based approaches to curiosity and explo-117

ration.118

Computational Models of Reader Engagement119

Predicting user engagement is an important NLP120

task, often approached through text feature analysis.121

There are many features that are related to reader122

engagement. Early methods relied on surface char-123

acteristics like sentiment and readability (Sotirakou124

et al., 2021). Other approaches often relied on clas-125

sical bag-of-words representations for word-level126

analysis (Maslej et al., 2021; Dvir et al., 2023).127

However, these methods, while useful, largely ne-128

glect semantic structure and cognitive processes.129

Other work incorporates cognitive aspects, high- 130

lighting uncertainty (Berger et al., 2023) and se- 131

mantic cohesion (Ward and Litman, 2008). Yet, 132

these typically operate at the word or sentence level, 133

failing to model the reader’s evolving information 134

state –critical to theories like Loewenstein’s In- 135

formation Gap Theory (Loewenstein, 1994). Our 136

pipeline directly addresses this, modeling the dy- 137

namic evolution of semantic information gaps. 138

Graph and Topological Methods in NLP The 139

drive for higher-level text understanding has in- 140

creased the use of graph representations in NLP. 141

Knowledge graphs enhance tasks like question an- 142

swering (Abu-Salih and Alotaibi, 2024), and graph- 143

based retrieval augmented generation (RAG) meth- 144

ods, such as GraphRAG (Han et al., 2025) and 145

LightRAG (Guo et al., 2024), leverage relational 146

structure. Topic modeling also benefits from graph 147

approaches. Traditional methods like Latent Dirich- 148

let Allocation (LDA) are complemented by ap- 149

proaches using bipartite networks and community 150

detection (Gerlach et al., 2018), and embedding- 151

based methods like BERTopic (Grootendorst, 2022) 152

or a combination of both embeddings and net- 153

works (Cao and Fairbanks, 2019), offering richer 154

semantic representations. However, these gener- 155

ally do not analyze the topological structure of the 156

resulting networks. 157

Topological Data Analysis (TDA), particularly 158

Persistent Homology, provides tools to analyze data 159

shape, including networks. A recent review shows 160

TDA’s growing interest in NLP (Uchendu and Le, 161

2024). Christianson et al. (2020) used TDA to 162

identify knowledge gaps in math textbooks, and 163

Tymochko et al. (2021) to capture logical holes 164

in abstracts. Critically, existing NLP applications 165

of TDA primarily focus on static text representa- 166

tions. Our work significantly extends this, applying 167

persistent homology to a dynamic topic network 168

(inspired by the work of Zhu (2013)), tracking the 169

evolution of topological features (specifically, cavi- 170

ties) over time. This dynamic aspect is crucial for 171

modeling changing reader information gaps. 172

Engagement and Graph and Topological Meth- 173

ods Beyond NLP, network science has modeled 174

text structure to understand its implications to learn- 175

ing and cognition, including curiosity-driven explo- 176

ration (Zhou et al., 2024; Patankar et al., 2023). 177

Patankar et al. (2023) tracked structural changes 178

in time-varying graphs using persistent homology, 179

conceptually related to our approach. However, 180
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their focus was on general graph dynamics, not181

reader engagement. We bridge this gap, connecting182

network models of exploration with cognitive theo-183

ries of curiosity, specifically the Information Gap184

Theory, applying them to model reader engagement185

in NLP. Operationalizing information gaps as topo-186

logical cavities in a dynamically evolving semantic187

network provides a novel, quantifiable measure188

of reader curiosity, directly linking computational189

methods and psychological theories.190

3 Methods for Narrative Modeling191

We employ a combination of NLP, network anal-192

ysis, and TDA to model narrative structure and193

its evolution, building on and extending previous194

work. Our analysis proceeds in three key stages:195

1. Preprocessing. We obtain textual data and196

segment it using a sliding window approach.197

2. Dynamic Topic Modeling. A dynamic topic198

network is built to represent the evolving the-199

matic structure of the text. Vertices represent200

topics, and edges connect topics appearing in201

consecutive text segments, with edge weights202

reflecting semantic similarity.203

3. Topological Feature Extraction via Persis-204

tent Homology. Persistent homology quanti-205

fies the network’s evolving topological fea-206

tures representing information gaps of the207

topic network.208

An overview of our suggested pipeline (from text209

preprocessing to the topological feature extraction)210

is depicted in Figure 1. Details regarding the data211

and models we employed are located in Section 4.212

3.1 Dataset and Preprocessing213

Our approach works with either textual or multi-214

modal data (e.g., video), adaptable to the chosen215

embedding model. After data collection, the next216

step involves cleaning and segmenting the textual217

or multimodal data into smaller units. A key aspect218

is the collection of user engagement ratings periodi-219

cally throughout content consumption. The human220

data allows us to validate the persistent homology221

measures as reader engagement.222

3.2 Dynamic Topic Network223

To capture the evolving thematic structure of the224

used texts, we construct a dynamic topic network.225

Each vertex in this network represents a topic and226

Part One.
Chapter 1
Lorem ipsum dolor sit amet, consetetur sadipscing 
elitr, sed diam nonumy eirmod tempor invidunt ut 
labore et dolore magna aliquyam erat, sed diam 
voluptua. At vero eos et accusam et justo duo 
dolores et ea rebum. 

Stet clita kasd gubergren, no sea takimata sanctus 
est Lorem ipsum dolor sit amet. Lorem ipsum dolor 
sit amet, consetetur sadipscing elitr, sed diam 
nonumy eirmod tempor invidunt ut labore et dolore 
magna aliquyam erat, sed diam voluptua. At vero 
eos et accusam et justo duo dolores et ea rebum. 
Stet clita kasd gubergren, no sea takimata sanctus 
est Lorem ipsum dolor sit amet. Lorem ipsum dolor 
sit amet, consetetur sadipscing elitr, sed diam 
nonumy eirmod tempor invidunt ut labore et dolore 
magna aliquyam erat, sed diam voluptua. At vero 
eos et accusam et justo duo dolores et ea rebum. 
Stet clita kasd gubergren, no sea takimata sanctus 
est Lorem ipsum dolor sit amet. 

Duis autem vel eum iriure dolor in hendrerit in 
vulputate velit esse molestie consequat, vel illum 
dolore eu feugiat nulla facilisis at vero eros et 
accumsan et iusto odio dignissim qui blandit 
praesent luptatum zzril delenit augue duis dolore te 
feugait nulla facilisi. Lorem ipsum dolor sit amet,

Lorem ipsum dolor sit amet, consetetur sadipscing 
elitr, sed diam nonumy eirmod tempor invidunt ut 
labore et dolore magna aliquyam erat, sed diam 
voluptua. At vero eos et accusam et justo duo 
dolores et ea rebum. Stet clita kasd gubergren, no 
sea takimata sanctus est Lorem ipsum dolor sit 
amet. Lorem ipsum dolor sit amet, consetetur 
sadipscing elitr, sed diam nonumy eirmod tempor 
invidunt ut labore et dolore magna aliquyam erat, 
sed diam voluptua. At vero eos et accusam et justo 
duo dolores et ea rebum. Stet clita kasd gubergren, 
no sea takimata sanctus est Lorem ipsum dolor sit 
amet. Lorem ipsum dolor sit amet, consetetur 
sadipscing elitr, sed diam nonumy eirmod tempor 
invidunt ut labore et dolore magna aliquyam erat, 
sed diam voluptua. At vero eos et accusam et justo 
duo dolores et ea rebum. Stet clita kasd gubergren, 
no sea takimata sanctus est Lorem ipsum dolor sit 
amet. 
Duis autem vel eum iriure dolor in hendrerit in 
vulputate velit esse molestie consequat, vel illum 
dolore eu feugiat nulla facilisis at vero eros et 
accumsan et iusto odio dignissim qui blandit 
praesent luptatum zzril delenit augue duis dolore te 
feugait nulla facilisi. Lorem ipsum dolor sit amet,

Lorem ipsum dolor sit amet, consetetur sadipscing 
elitr, sed diam nonumy eirmod tempor invidunt ut 
labore et dolore magna aliquyam erat, sed diam 
voluptua. At vero eos et accusam et justo duo 
dolores et ea rebum. Stet clita kasd gubergren, no 
sea takimata sanctus est Lorem ipsum dolor sit 
amet. Lorem ipsum dolor sit amet, consetetur 
sadipscing elitr, sed diam nonumy eirmod tempor 
invidunt ut labore et dolore magna aliquyam erat, 
sed diam voluptua. At vero eos et accusam et justo 

Lorem ipsum dolor sit amet, consetetur sadipscing 
elitr, sed diam nonumy eirmod tempor invidunt ut 
labore et dolore magna aliquyam erat, sed diam 
voluptua. At vero eos et accusam et justo duo 
dolores et ea rebum. Stet clita kasd gubergren, no 
sea takimata sanctus est Lorem ipsum dolor sit 
amet. Lorem ipsum dolor sit amet, consetetur 
sadipscing elitr, sed diam nonumy eirmod tempor 
invidunt ut labore et dolore magna aliquyam erat, 
sed diam voluptua. At vero eos et accusam et justo 

Lorem ipsum dolor sit amet, consetetur sadipscing 
elitr, sed diam nonumy eirmod tempor invidunt ut 
labore et dolore magna aliquyam erat, sed diam 
voluptua. At vero eos et accusam et justo duo 
dolores et ea rebum. Stet clita kasd gubergren, no 
sea takimata sanctus est Lorem ipsum dolor sit 
amet. Lorem ipsum dolor sit amet, consetetur 
sadipscing elitr, sed diam nonumy eirmod tempor
invidunt ut labore et dolore magna aliquyam erat, 
sed diam voluptua. At vero eos et accusam et justo 

Lorem ipsum dolor sit amet, consetetur sadipscing 
elitr, sed diam nonumy eirmod tempor invidunt ut 
labore et dolore magna aliquyam erat, sed diam 
voluptua. At vero eos et accusam et justo duo 
dolores et ea rebum. Stet clita kasd gubergren, no
sea takimata sanctus est Lorem ipsum dolor sit 
amet. Lorem ipsum dolor sit amet, consetetur 
sadipscing elitr, sed diam nonumy eirmod tempor 
invidunt ut labore et dolore magna aliquyam erat, 
sed diam voluptua. At vero eos et accusam et justo 

Lorem ipsum dolor sit amet, consetetur sadipscing 
elitr, sed diam nonumy eirmod tempor invidunt ut
labore et dolore magna aliquyam erat, sed diam 
voluptua. At vero eos et accusam et justo duo 
dolores et ea rebum. Stet clita kasd gubergren, no 
sea takimata sanctus est Lorem ipsum dolor sit 
amet. Lorem ipsum dolor sit amet, consetetur 
sadipscing elitr, sed diam nonumy eirmod tempor 
invidunt ut labore et dolore magna aliquyam erat, 
sed diam voluptua. At vero eos et accusam et justo 

Lorem ipsum dolor sit amet, consetetur sadipscing 
elitr, sed diam nonumy eirmod tempor invidunt ut 
labore et dolore magna aliquyam erat, sed diam 
voluptua. At vero eos et accusam et justo duo 
dolores et ea rebum. Stet clita kasd gubergren, no 
sea takimata sanctus est Lorem ipsum dolor sit 
amet. Lorem ipsum dolor sit amet, consetetur 
sadipscing elitr, sed diam nonumy eirmod tempor 
invidunt ut labore et dolore magna aliquyam erat, 
sed diam voluptua. At vero eos et accusam et justo 

Lorem ipsum dolor sit amet, consetetur sadipscing 
elitr, sed diam nonumy eirmod tempor invidunt ut 
labore et dolore magna aliquyam erat, sed diam 
voluptua. At vero eos et accusam et justo duo 
dolores et ea rebum. Stet clita kasd gubergren, no 
sea takimata sanctus est Lorem ipsum dolor sit 
amet. Lorem ipsum dolor sit amet, consetetur 
sadipscing elitr, sed diam nonumy eirmod tempor 
invidunt ut labore et dolore magna aliquyam erat, 
sed diam voluptua. At vero eos et accusam et justo 

Lorem ipsum dolor sit amet, consetetur sadipscing 
elitr, sed diam nonumy eirmod tempor invidunt ut 
labore et dolore magna aliquyam erat, sed diam 
voluptua. At vero eos et accusam et justo duo 
dolores et ea rebum. Stet clita kasd gubergren, no 
sea takimata sanctus est Lorem ipsum dolor sit 
amet. Lorem ipsum dolor sit amet, consetetur 
sadipscing elitr, sed diam nonumy eirmod tempor 
invidunt ut labore et dolore magna aliquyam erat, 
sed diam voluptua. At vero eos et accusam et justo 
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Lorem ipsum dolor sit amet, consetetur sadipscing 
elitr, sed diam nonumy eirmod tempor invidunt ut 
labore et dolore magna aliquyam erat, sed diam 
voluptua. At vero eos et accusam et justo duo 
dolores et ea rebum. Stet clita kasd gubergren, no 
sea takimata sanctus est Lorem ipsum dolor sit 
amet. Lorem ipsum dolor sit amet, consetetur 
sadipscing elitr, sed diam nonumy eirmod tempor 
invidunt ut labore et dolore magna aliquyam erat, 
sed diam voluptua. At vero eos et accusam et justo 

Lorem ipsum dolor sit amet, consetetur sadipscing 
elitr, sed diam nonumy eirmod tempor invidunt ut 
labore et dolore magna aliquyam erat, sed diam 
voluptua. At vero eos et accusam et justo duo 
dolores et ea rebum. Stet clita kasd gubergren, no 
sea takimata sanctus est Lorem ipsum dolor sit 
amet. Lorem ipsum dolor sit amet, consetetur 
sadipscing elitr, sed diam nonumy eirmod tempor 
invidunt ut labore et dolore magna aliquyam erat, 
sed diam voluptua. At vero eos et accusam et justo 

Lorem ipsum dolor sit amet, consetetur sadipscing 
elitr, sed diam nonumy eirmod tempor invidunt ut 
labore et dolore magna aliquyam erat, sed diam 
voluptua. At vero eos et accusam et justo duo 
dolores et ea rebum. Stet clita kasd gubergren, no 
sea takimata sanctus est Lorem ipsum dolor sit 
amet. Lorem ipsum dolor sit amet, consetetur 
sadipscing elitr, sed diam nonumy eirmod tempor 
invidunt ut labore et dolore magna aliquyam erat, 
sed diam voluptua. At vero eos et accusam et justo 

Lorem ipsum dolor sit amet, consetetur sadipscing 
elitr, sed diam nonumy eirmod tempor invidunt ut 
labore et dolore magna aliquyam erat, sed diam 
voluptua. At vero eos et accusam et justo duo 
dolores et ea rebum. Stet clita kasd gubergren, no 
sea takimata sanctus est Lorem ipsum dolor sit 
amet. Lorem ipsum dolor sit amet, consetetur 
sadipscing elitr, sed diam nonumy eirmod tempor 
invidunt ut labore et dolore magna aliquyam erat, 
sed diam voluptua. At vero eos et accusam et justo 

Lorem ipsum dolor sit amet, consetetur sadipscing 
elitr, sed diam nonumy eirmod tempor invidunt ut 
labore et dolore magna aliquyam erat, sed diam 
voluptua. At vero eos et accusam et justo duo 
dolores et ea rebum. Stet clita kasd gubergren, no 
sea takimata sanctus est Lorem ipsum dolor sit 
amet. Lorem ipsum dolor sit amet, consetetur 
sadipscing elitr, sed diam nonumy eirmod tempor 
invidunt ut labore et dolore magna aliquyam erat, 
sed diam voluptua. At vero eos et accusam et justo 

Lorem ipsum dolor sit amet, consetetur sadipscing 
elitr, sed diam nonumy eirmod tempor invidunt ut 
labore et dolore magna aliquyam erat, sed diam 
voluptua. At vero eos et accusam et justo duo 
dolores et ea rebum. Stet clita kasd gubergren, no
sea takimata sanctus est Lorem ipsum dolor sit 
amet. Lorem ipsum dolor sit amet, consetetur 
sadipscing elitr, sed diam nonumy eirmod tempor 
invidunt ut labore et dolore magna aliquyam erat, 
sed diam voluptua. At vero eos et accusam et justo 

Lorem ipsum dolor sit amet, consetetur sadipscing 
elitr, sed diam nonumy eirmod tempor invidunt ut 
labore et dolore magna aliquyam erat, sed diam 
voluptua. At vero eos et accusam et justo duo 
dolores et ea rebum. Stet clita kasd gubergren, no 
sea takimata sanctus est Lorem ipsum dolor sit 
amet. Lorem ipsum dolor sit amet, consetetur 
sadipscing elitr, sed diam nonumy eirmod tempor 
invidunt ut labore et dolore magna aliquyam erat, 
sed diam voluptua. At vero eos et accusam et justo 

Lorem ipsum dolor sit amet, consetetur sadipscing 
elitr, sed diam nonumy eirmod tempor invidunt ut 
labore et dolore magna aliquyam erat, sed diam 
voluptua. At vero eos et accusam et justo duo 
dolores et ea rebum. Stet clita kasd gubergren, no 
sea takimata sanctus est Lorem ipsum dolor sit 
amet. Lorem ipsum dolor sit amet, consetetur 
sadipscing elitr, sed diam nonumy eirmod tempor 
invidunt ut labore et dolore magna aliquyam erat, 
sed diam voluptua. At vero eos et accusam et justo 
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Figure 1: Pipeline from preprocessing (top) to persistent
homology measures (bottom).

edges connect topics that occur across consecutive 227

chunks, reflecting the narrative flow of the story. 228

Each edge has a weight corresponding to the cosine 229

similarity of the dyadic topics in the text embed- 230

ding space. 231

3.2.1 Topic Modeling 232

We employ a pipeline inspired by the BERTopic 233

approach for topic modeling (Grootendorst, 2022). 234

It consists of the following three stages: 235

1. Text Embedding: Text segments are embed- 236

ded into a high-dimensional vector space us- 237

ing the transformer-based embedding model 238
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voyage-3-large (Voyage AI, 2025). These em-239

beddings capture the semantic meaning of the240

chunks, with similar chunks having closer em-241

beddings.242

2. Dimensionality Reduction: As a prepro-243

cessing step for clustering, we reduce the244

high-dimensional embedding vectors using245

UMAP (Uniform Manifold Approximation246

and Projection, (McInnes et al., 2020)) fol-247

lowing the BERTopic approach (Grootendorst,248

2022) for improving cluster quality with high-249

dimensional data (Asyaky and Mandala, 2021;250

Allaoui et al., 2020).251

3. Clustering: We use HDBSCAN (Hierarchi-252

cal Density-Based Spatial Clustering of Appli-253

cations with Noise, (Campello et al., 2013)),254

which identifies non-convex clusters of vary-255

ing densities and handles noise explicitly.256

Furthermore, HDBSCAN automatically de-257

termines the cluster count, avoiding man-258

ual parameter tuning and potential bias. Its259

strong empirical performance further justifies260

its use (scikit-learn developers, 2025; Asyaky261

and Mandala, 2021; McInnes et al., 2016).262

Each topic is represented by the weighted cen-263

troid of its constituent text chunk embeddings,264

using the cluster-probability as the weight.265

3.2.2 Dynamic Topic Network Construction266

The dynamic topic network is built incrementally,267

based on the measurement points of the user en-268

gagement sampling.269

• Vertices: Each vertex in the network repre-270

sents one topic.271

• Edges: Undirected edges are created between272

topic vertices appearing in consecutive text273

chunks. This captures the sequential flow of274

topics throughout the narrative, as suggested275

by Zhu (2013) and applied in studies such276

as (Patankar et al., 2023).277

• Edge Weights: The weight of each edge is de-278

termined by the cosine similarity between the279

embedding vectors of the connected topics in280

the original embedding space. Higher cosine281

similarity results in a stronger connection.282

• Network Series: We segment the narrative283

based on user engagement rating points. Each284

such segment is represented by a distinct static285

topic graph built upon the topics and relation- 286

ships occurring in the narrative up to this point. 287

This sequence of static graphs forms a cumu- 288

lative dynamic network: The first graph rep- 289

resents only the topics and relationships up to 290

the first user engagement rating point, the sec- 291

ond graph contains these topics and relations 292

plus those occurring in the second segment, 293

and so on. The last graph in the sequence 294

represents all topics and relationships. 295

3.3 Persistent Homology Measures 296

To evaluate the gaps in information flow within 297

our dynamic topic networks, we employ persistent 298

homology, a method derived from topological data 299

analysis. In essence, persistent homology allows 300

us to detect and monitor the evolution of specific 301

topological features within a network –namely, con- 302

nected components, cycles (loops), and voids (en- 303

closed empty spaces) (Moroni and Pascali, 2021; 304

Munch, 2017)– that we compare in Figure 2. 305

gapgap gap

Figure 2: Identified topological features of the topic net-
work: Components, cycles/ loops, and voids. Adapted
from (Patankar et al., 2023).

The core of persistent homology lies in exam- 306

ining how a network’s structure evolves as a func- 307

tion of a filtration parameter, denoted by ϵ. Intu- 308

itively, ϵ represents a proximity threshold. As ϵ 309

increases, connections (edges, and in more general 310

cases, higher-dimensional counterparts called sim- 311

plices) are progressively added between vertices 312

that are closer than the given ϵ. This process gen- 313

erates a nested sequence of simplicial complexes, 314

each representing the network’s structure at a spe- 315

cific proximity level. From this sequence, we can 316

count the number of topological features: β0 rep- 317

resents the number of connected components, β1 318

the number of cycles (or loops), and β2 the number 319

of voids (enclosed empty spaces). Persistent ho- 320

mology tracks the "birth" (emergence) and "death" 321

(merging or disappearance) of these features as ϵ 322

increases. The results are summarized in a persis- 323

tence diagram, which plots each topological feature 324

as a point (b, d), where b signifies the ϵ value at 325

4



which the feature is born, and d represents the ϵ326

value at which it dies. Figure 3 shows the persis-327

tence diagram for the first chapter of our dataset,328

revealing one highly persistent feature in dimen-329

sion 1 (loop).330
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Figure 3: Persistence diagram of the first chapter of our
dataset.

4 Experimental Setup331

4.1 Dataset and Preprocessing332

4.1.1 Dataset333

The primary dataset for this pilot study consists334

of the young adult novel “The Hunger Games” by335

Collins (2011) and corresponding reader engage-336

ment data (n = 76 participants) collected through337

Prolific’s online platform (www.prolific.com).338

Prior to reading, participants indicated their famil-339

iarity with the book and its movie adaptation. Dur-340

ing reading, participants provided continuous self-341

reported ratings (0–100) on multiple engagement342

dimensions after each chapter. For this analysis, we343

focus specifically on curiosity ratings (“I was cu-344

rious about this chapter”) from readers unfamiliar345

with either the movie or book (n = 49). To approx-346

imate a measure of general curiosity, we compute347

the mean curiosity rating across participants for348

each chapter.349

4.1.2 Preprocessing350

We apply a two-step text preprocessing. First, we351

remove part titles (e.g., "Part One"), chapter ti-352

tles (e.g., "The Tributes"), chapter numbers (e.g.,353

"Chapter 1"), and empty lines. Second, we employ354

a sliding window approach to create text segments,355

using windows of 5 sentences with a 2-sentence356

overlap. This results in 2,656 text segments. The357

median chunk length is 60 words (MAD = 20.76, 358

range = 13–155 words). 359

4.2 Topic Modeling 360

Text Embedding : We embed text segments into 361

a 1,024-dimensional vector space using the Voyage- 362

AI voyage-3-large transformer-based embedding 363

model (Voyage AI, 2025) via the VoyageAI API, 364

accessed through Python. We select transformer- 365

based models, and especially this one, due to its 366

state-of-the-art performance on the Massive Text 367

Embedding Benchmark (MTEB) (Muennighoff 368

et al., 2022), indicating its ability to capture nu- 369

anced semantic relationships (Morris et al., 2023; 370

Yu, 2024). 371

Dimensionality Reduction : As a preprocess- 372

ing step for clustering, we reduce the 1,024- 373

dimensional embedding vectors to 32 dimensions 374

using UMAP (McInnes et al., 2020). The UMAP 375

parameters are set to the cosine similarity metric 376

and 15 nearest neighbors to ensure the preserva- 377

tion of both global and local structure in the lower- 378

dimensional representation. 379

Clustering : Clustering is performed using HDB- 380

SCAN (Campello et al., 2013)) with a minimum 381

cluster size of 3 data points, for fine-grained results. 382

This results in the identification of 302 topics. Em- 383

beddings identified as noise (n = 717, 27%) are 384

excluded from further analysis. 385

These steps were implemented in R (R Core 386

Team, 2024) using the uwot package (Melville, 387

2024) for the UMAP implementation, and 388

dbscan (Campello et al., 2013) for hierarchical 389

density-based clustering. 390

4.3 Persistent Homology Measures 391

We first create a series of 27 static topic graphs (as 392

outlined in section 3.2.2) and then use a Vietoris- 393

Rips filtration to construct a simplicial complex 394

from each graph. The filtration is based on the edge 395

weights (cosine similarity), with simplices (edges, 396

triangles, etc.) added as the distance threshold 397

increases. From the resulting persistence diagrams, 398

we extract the following topological features: 399

• Betti Numbers: β0, β1, β2 represent 400

the number of connected components, 401

one-dimensional cycles (loops), and two- 402

dimensional voids, respectively. They indicate 403

information gaps in the graph. 404
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• Bottleneck Distance: distB measures the405

maximum difference between the persistence406

diagrams of consecutive graphs (i.e., between407

graphs representing chapters n and n+ 1). A408

large bottleneck distance indicates a signifi-409

cant singular structural change, such as the410

creation or filling of a large void.411

• Wasserstein Distance: distW measures the412

average difference between the persistence di-413

agrams of consecutive graphs. A large Wasser-414

stein distance indicates a significant average415

structural change, such as a shift in the aver-416

age void size.417

We detrend the data using residuals from a linear418

model fitted to the chapter index and winsorized419

due to the presence of outliers. Specifically, for420

each feature, values below the 2.5th percentile are421

capped at the 2.5th percentile, and values above the422

97.5th percentile are capped at the 97.5th percentile.423

Network analysis is handled by the igraph pack-424

age (Csardi and Nepusz, 2006) (with qgraph (Ep-425

skamp et al., 2012)) in R. Persistent homology426

and related distance measures were computed us-427

ing the R packages TDA (Fasy et al., 2024) and428

TDAstats (Wadhwa et al., 2018). Single-threaded429

persistent homology calculations took approxi-430

mately 100 seconds on an AMD Ryzen 7 7840U431

(64 GB RAM).432

4.4 Generalized Additive Model433

To investigate the relationship between the topo-434

logical features extracted from the text and the435

readers’ reported curiosity, we employ a Gener-436

alized Additive Model (GAM) using the R package437

mgcv (Wood, 2011). We choose GAMs for two438

key reasons: their ability to capture non-linear re-439

lationships and their robust options for addressing440

overfitting, which is crucial given our limited sam-441

ple size.442

We assess topological features’ unique contribu-443

tion to explaining variance in reader curiosity by444

comparing a Null Model (control variables: novel445

topics per chapter, chapter index) and a Full Model446

(control variables + topological features: Betti num-447

bers, Wasserstein distances, Bottleneck distances).448

Due to the limited number of observations (n =449

27 chapters), our primary goal is to explore the450

explained deviance of the model using topological451

features, rather than making definitive claims about452

the precise functional form of the relationships.453

The dependent variable (DV) is the mean curiosity454

reported per chapter (based on n = 49 observations 455

per chapter). Predictor variables (IVs) include de- 456

trended Betti numbers, Wasserstein and Bottleneck 457

distances between chapters, and, as control vari- 458

ables, the number of novel topics per chapter and 459

the chapter index number itself. 460

We use cubic regression splines for all smooth 461

functions, setting the basis dimension k to 4 for all 462

smooth terms based on GAM diagnostics, as rec- 463

ommended by Wood (2017, Section 5.9). To avoid 464

overfitting, we use Restricted Maximum Likeli- 465

hood (REML) for parameter estimation with an 466

additional penalty term (γ = 1) during model fit- 467

ting. To assess the significance of the explained 468

deviance and R2, we employ a permutation test 469

with 1,000 iterations, where we permute the values 470

of the mean curiosity across chapters and refit the 471

model. 472

5 Results 473

5.1 Distribution of the Detected Topics 474

HDBSCAN identifies 302 distinct clusters, i.e. top- 475

ics, over the entire text. A comprehensive sum- 476

mary of these topics, generated using DeepSeek 477

V3 (DeepSeek-AI et al., 2024), is provided on the 478

online repository hosting our source code. Figure 4 479

shows the distribution of topics across chapters 480

and the number of new topics by chapter, respec- 481

tively. On average, each chapter contains 25 topics 482

(SD = 5, range: 15–35). Chapter 9 exhibits the 483

highest number of topics, while Chapter 11 con- 484

tains the largest number of newly introduced topics 485

(n = 28). In contrast, Chapter 14 has the fewest 486

total topics, and Chapter 25 introduces the fewest 487

new topics (n = 1). 488

Visual inspection of the topic clusters across 489

chapters reveals notable shifts in thematic con- 490

tent, particularly around Chapters 11 and 26, as 491

displayed in Figure 5. These shifts correspond to 492

key narrative transitions within the book: Chap- 493

ter 11 marks the beginning of the Hunger Games, 494

the deadly battle to be the last person standing, and 495

Chapter 26 signifies their conclusion. 496

5.2 Description of the Extracted Topic 497

Network 498

Figure 6 shows the last graph constituting our dy- 499

namic network, which contains all topics and re- 500

lationships for the whole novel. It consists of 302 501

vertices, representing the 302 identified topics, and 502

778 weighted undirected edges. It exhibits an aver- 503
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each topic within a chapter, calculated as the base-2
logarithm of the number of text chunks assigned to that
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age degree of 5.15 (SD = 3.13, median = 4, MAD504

= 3.00, range = 1–31), a weighted diameter of 1.49505

(8 when considering unweighted edges), and its de-506

gree distribution follows a log-normal law (mean-507

log = 1.48, SDlog = 0.56).508

The small-worldness index, as defined by509

Humphries and Gurney (2008), is 3.40, indicat-510

ing a small-world network structure. The average511

shortest path length (unweighted) is 3.80. A signifi-512

cant hierarchical tendency is observed (hierarchical513

Figure 6: Topic network. The radius and the color of
the vertices are proportional to their degree. The thick-
ness of the edges is proportional to the cosine distance
between the topic embeddings.

clustering coefficient = 0.16, p < .001, (Mones 514

et al., 2012)). 515

Community detection, using the Walktrap algo- 516

rithm (Pons and Latapy, 2006), reveals a minimum 517

of two distinct communities within the network. A 518

qualitative analysis of these communities reveals 519

a strong correspondence with the narrative struc- 520

ture: one community primarily encompasses topics 521

from Chapters 11–25 (the Hunger Games phase), 522

while the other represents topics from the remain- 523

ing chapters. 524

5.3 Persistent Homology 525

All derived topological features are detrended, and 526

are shown in Figure 7. The trends observed in the 527

three plots exhibit a resemblance to the overarching 528

narrative structure of “The Hunger Games”, where 529

the Games themselves commence in Chapter 11 530

and conclude in Chapter 25. Additional descriptive 531

statistics are shown in Table 1. 532

5.4 Generalized Additive Model 533

The dependent variable in the generalized additive 534

model (GAM) is the average curiosity score per 535

chapter (M = 69.5, SD = 3.8, range: 60.3–77.0), 536

as shown in Figure 8. Figure 9 presents the bi- 537

variate Spearman’s rank correlation matrix for all 538

variables (Spearman, 1904). 539

We compare two GAMs to assess the unique con- 540

tribution of topological features towards modeling 541

the readers’ curiosity: 542

Null Model (Control Variables only) : It ex- 543

plains 23.8% of the variance and 29.7% of the de- 544
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Figure 7: Betti numbers per chapter (top), Bottleneck
distances between chapters (middle), and Wasserstein
distances between chapters (bottom). All measures are
detrended.

Variable Mean SD Min Max
Curiosity 69.5 3.9 60.3 77.0
Novel topics 11.2 6.3 1.0 28.0
β0 187.0 88.9 24.0 301.0
β1 165.7 112.3 4.0 368.0
β2 202.6 176.0 3.0 555.0
distB(β0) 0.4 0.0 0.3 0.5
distB(β1) 0.5 0.2 0.3 1.0
distB(β2) 0.3 0.1 0.2 1.0
distW (β0) 4.5 2.5 0.5 11.6
distW (β1) 6.2 2.1 2.4 9.8
distW (β2) 3.2 1.9 0.5 6.4

Table 1: Descriptive statistics. The Bottleneck and
Wasserstein distances are denoted by distB and distW .
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Figure 8: Average curiosity per chapter.

viance (permutation tests, both p < .001).545

Full Model (Topological Features + Control546

Variables) : It explains 65.7% of the variance547

(permutation test, p < .05) and 72.9% of the de-548

viance (permutation test, p < .06).549

A likelihood ratio test comparing the full model550

to the null model reveals a significant improvement551

in model fit (χ2 = 11.25, df = 4.7, p < .001).552

This indicates that the inclusion of topological fea-553
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Figure 9: Spearman’s bivariate rank correlations. Circle
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cient magnitude.

tures significantly improves the model’s ability to 554

explain variation in chapter-level curiosity, even 555

after accounting for the number of novel topics 556

and chapter index. These results show that our 557

proposed pipeline, based on topological analysis 558

of a dynamic topic network, can effectively model 559

readers’ curiosity ratings. 560

6 Conclusion 561

In this study, we combined existing methods into a 562

pipeline for modeling semantic information gaps 563

and explored their connection to reader curiosity, 564

grounded in motivational psychology theories link- 565

ing information gaps to curiosity. By construct- 566

ing dynamic topic networks and using Topological 567

Data Analysis to identify topological cavities as 568

proxies for information gaps, we explored a dis- 569

tinct method from text structure analysis. Our pre- 570

liminary findings demonstrate the feasibility of this 571

approach, with statistical modeling indicating that 572

topological features significantly enhance the pre- 573

diction of reader curiosity beyond basic content 574

and chapter progression. This proof-of-concept 575

study provides a first step towards a quantifiable 576

understanding of textual features associated with 577

curiosity, potentially informing future research in 578

computational text analysis and narrative under- 579

standing. Further research is needed to refine this 580

pipeline, evaluate its generalizability across differ- 581

ent text and media types, and investigate the spe- 582

cific contributions of various topological features 583

to reader curiosity and engagement. 584
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Limitations585

The first limitation of our study is the small sam-586

ple size, with limited measurement points focusing587

solely on the first novel of “The Hunger Games”588

trilogy. Because of this, and to avoid overfit-589

ting, we intentionally restricted our topological590

data analysis to simple measures like Betti num-591

bers and distances. This may affect the robust-592

ness of our conclusions. Second, we model texts593

as topic networks rather than knowledge graphs,594

which could limit granularity. A possibility would595

be to explore semantic representation with Ligh-596

tRAG or GraphRAG (Han et al., 2025; Guo et al.,597

2024). Third, our network is undirected, which598

may overlook important learning dependencies,599

particularly in educational texts (Liu et al., 2012).600

Future work could explore directed networks to601

better capture the sequential progression of knowl-602

edge. Fourth, we rely on shortest-path distances,603

but diffusion-based measures might better reflect604

how information evolves and interacts. Addition-605

ally, our focus on narrative structure constrains the606

applicability of our approach to raw embedding607

spaces. Investigating how to integrate narrative608

progression directly into embeddings, potentially609

through learning-theoretic models, should be ex-610

plored. Moreover, we did not compare different611

embedding models, opting for a state-of-the-art612

option for feasibility (voyage-3-large, (Voyage AI,613

2025)). Finally, since our analysis is based on a nar-614

rative text, further research is needed to assess its615

effectiveness across different genres and domains.616
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