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Abstract

Although temporal topic modeling has been widely applied to scientific and legal texts, literary corpora have largely
been overlooked in this regard. To address this issue, we analyze topic evolution in a subset of the Project Gutenberg
(PG) corpus. We model this subset as a sequence of topic networks that capture the emergence, persistence, and
interaction of thematic structures over decades. Using supervised topic representations, we predict nodes (topics)
and edges (topic pairings) to forecast future topics and their co-occurrence. Our experiments demonstrate moderate
to strong temporal persistence in topic connectivity patterns across three topic systems, with ROC-AUC and Average
Precision (AP) values consistently above 0.85. We find that the temporal span of topic networks significantly impacts
predictive performance: longer spans improve the stability and recall of topic presence, while shorter spans better
capture evolving topic relationships. Overall, our findings demonstrate the predictability of topics in literary texts over
time.
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1. Introduction underexplored, leaving open the question of how

Literature has long served as both a mirror and a
catalyst of societal change. Across centuries, writ-
ten works have reflected evolving worldviews, moral
values, and collective anxieties shaping how soci-
eties imagine themselves and their futures. Study-
ing how literary topics evolve across time can there-
fore reveal patterns of cultural transformation, ideo-
logical shifts, and knowledge production. With the
digitization of vast literary collections, such inquiries
can now move beyond close reading to large-scale,
data-driven analysis. Quantitative approaches in
the digital humanities and computational linguis-
tics increasingly enable researchers to trace long-
term linguistic and thematic dynamics (Michel et al.,
2011).

Several large-scale book corpora now facilitate
such analyses, including Google Books Ngram
(Michel et al., 2011), HathiTrust Digital Library (York,
2009; Jiang et al., 2021), and the Project Guten-
berg Corpus (Gerlach and Font-Clos, 2020). Most
previous work using these corpora has focused
on statistical or descriptive analyses e.g., tracking
word frequencies, stylistic trends, or sentiment tra-
jectories (Twenge et al., 2012; Pechenick et al.,
2015; Gromov and Dang, 2023) rather than mod-
eling how thematic or topical relationships evolve
structurally over time. While temporal topic mod-
eling and dynamic co-word networks have been
extensively applied to scholarly and scientific cor-
pora to trace the emergence, convergence, and
decline of research areas (Jo et al., 2011; Choud-
hury and Uddin, 2016; Choudhury et al., 2020),
comparable frameworks for literary corpora remain

topics in literature co-evolve and interact across
centuries.

With this work, we bridge this methodological
gap by introducing a systematic framework for
temporal topic network analysis of the temporal
Project Gutenberg Corpus introduced by Momen
et al. (2025). Building on its temporal dimension,
we assign topics to books using both the corpus’s
built-in bookshelf categories (Gerlach and Font-
Clos, 2020) and a state-of-the-art Dewey Decimal
Classification (DDC) model (Baumartz, 2020). We
then construct topic co-occurrence networks, where
nodes represent topics and weighted edges repre-
sent their co-occurrence within books, aggregated
over varying time period between 1700 and 1920.
We investigate the autocorrelation of topic networks
to evaluate their predictive continuity and define two
downstream network-based learning tasks: node
classification and edge classification, to assess
whether past thematic structures can predict fu-
ture literary relationships. To our knowledge, this
work represents the first predictive, network-based
temporal analysis of a large-scale literary corpus,
offering new insights into the long-term evolution of
thematic structures in literature.

2. Related Works

There has been extensive research on the Project
Gutenberg (PG) corpus, spanning from statistical
analyses of literary patterns (Gerlach and Font-
Clos, 2020), semantic analysis (Egloff et al., 2019)
to NLP-based subject indexing and thematic ex-
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ploration (Chou and Chu, 2022). While temporal
topic networks have been widely studied in schol-
arly and scientific literature (Jo et al., 2011; Choud-
hury and Uddin, 2016; Choudhury et al., 2020),
their application to book corpora like PG corpus
remains an emerging area with substantial poten-
tial for uncovering patterns of literary and cultural
evolution. More recently, the introduction of tem-
poral dimension to the PG corpus by Momen et al.
(2025), supported by advances in large language
models (LLMs), has enabled the study of literary
evolution over time. In the following section, we re-
view how temporal text corpora have been modeled
in the literature, focusing on methods for network
construction and node and edge prediction tasks.

To model textual corpora thematically for tem-
poral analysis, researchers often construct topic
networks. A common approach is the Keyword
Co-occurrence Network (KCN), where keywords
are represented as nodes and connected if they
appear together in the same document. For in-
stance, Choudhury and Uddin (2016) and Choud-
hury et al. (2020) modeled scholarly articles using
author-assigned keywords and co-occurrence fre-
quencies as edge weights. Momeni et al. (2018),
on the other hand, built dynamic semantic similarity
networks of words using embedding-based cosine
similarity thresholds. Both of these studies utilized
clustering-based methods to identify topics within
the keyword networks. Unlike these unsupervised
approaches, our method employs word embedding
(Mikolov et al., 2013) and Transformer (Vaswani
et al., 2017) based supervised topic classification
to extract topics from the corpus and construct topic
occurrence networks for temporal thematic analy-
sis.

Building on co-occurrence networks, several
studies have explicitly incorporated temporal dy-
namics into topic networks. Choudhury et al. (2020)
introduced time-aware node sets by distinguish-
ing between current-year keywords, newly emerg-
ing keywords, and persisting keywords from previ-
ous years, and constructed multiple corresponding
edge sets to capture evolving relationships. Simi-
larly, Lin et al. (2022) modeled topic co-occurrence
as a time series, applying a sliding window over
co-occurrence counts to compute temporal topic
similarities and build dynamic graphs, whose evolv-
ing communities reveal deeper patterns of topic
interrelation over time.

Modeling time-aware topic networks naturally
leads to dynamic graph analysis techniques. In
graph learning, standard evaluation tasks include
node-level, edge-level predictions and, graph-level
prediction, such as forecasting new topics, topic co-
occurrences, or the structure of the entire topic net-
work. Jung and Segev (2022) proposed a method
to identify emerging topic, represented as newly
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Figure 1: Distribution of books in Project Gutenberg
Corpus (Momen et al., 2025) from 1600 to 2000.

added nodes, by leveraging structural features to
classify their projected future neighbors. Using
15 structural features and a binary classifier, they
achieved consistent performance with accuracy
and F1 scores above 0.91 across 20 datasets. Sim-
ilarly, Behrouzi et al. (2020) employed structural
features such as node degree, local clustering co-
efficient, centrality, and community score for link
prediction on temporal keyword networks of sci-
entific articles. These studies demonstrate that
structural features are effective for predicting new
topics and their co-occurrences in scholarly data.
Following this insight, we adopt similar structural
features for modeling PG corpus.

3. Dataset and Methodology

We now present the dataset used in our study and
the methodology employed to analyse the temporal
thematic trajectory of the Project Gutenberg corpus.

3.1. Temporal Project Gutenberg (PG)
Corpus

Project Gutenberg (PG) is a prominent digital li-
brary offering access to a vast collection of free
eBooks. Founded in 1971 by Michael S. Hart, PG’s
mission is to facilitate the creation and dissemi-
nation of digital literature. As of February 2025,
the library provides more than 75,000 eBooks in
over 60 languages, encompassing a wide array of
works such as classic novels, historical documents,
and reference materials. Recently, the PG corpus
was augmented with temporal metadata by Momen
et al. (2025), who employed large language models
(LLMs) and retrieval-augmented generation (RAG)
to estimate the publication years for books.

The temporal PG corpus contains 72,978 books,
of which 72,009 have recorded publication years
ranging from 104 to 2023. Momen et al. (2025)
applied a filtering procedure to retain only 53,774
books published between 1600 and 2000, which



are reported to have more reliable temporal esti-
mates. Figure 1 illustrates the distribution of books
over this period, which is highly skewed. To ac-
count for this, we select a subcorpus of books pub-
lished between 1700 and 1920 for our topic net-
work analysis over time. We denote this corpus
by PGi1700,1920)- This selection ensures that there
are no long periods, such as the one from 1600 to
1700, with only a few books in the PG corpus.

Figure 2 illustrates the concepts of time period,
span, and window, which are used throughout this
paper. The time period refers to the total duration of
years considered in the study. A spanis a collection
of consecutive years used to build a single topic
network, while a window consists of multiple spans
that are used together during modeling. To analyze
temporal thematic patterns, we construct topic net-
works. Formally, for a given time span [t, t+ At], we
define a graph G; = (V4, E;), where V; represents
the set of topics extracted from books first published
within that span. An edge (u,v) € E, is created
if the topics w and v co-occur in at least one book
within the corresponding span. Edge weights w,,,
can be defined as the number of books in which
the topics co-occur, i.e.,

Wy = |{b € By : u € topics(b) A v € topics(b)}],

where B; denotes the set of books within the time
span.

3.2. Method

We first describe the method used to study the au-
tocorrelation of topics in books from PGyy790,1920)-
Next, we describe the predictive modeling ap-
proach based on these experiments.

3.2.1. Autocorrelation Framework

To measure thematic persistence over time, we
perform two types of autocorrelation analyses on
topic networks G; = (W4, Et).

Node-level autocorrelation: Let z,(t) denote
a feature signal of node v € V; at time ¢ (e.g., fre-
quency or a structural property). For a given lag T,
the Pearson-based autocorrelation is computed as

polr) = Cov(xv(t);mv(t — T))7

Ty

where Cov(-,-) is the covariance and o2 is the
variance of the node’s feature series.

Graph-level autocorrelation: Let A; be the ad-
jacency matrix representing the topic network G,.
We compute temporal persistence using two ap-
proaches:

1. Pearson correlation on global graph-level prop-
erties ¢(t), such as average degree or cluster-

ing coefficient (Newman, 2010):

_ Cov(g®), gt = 7))

2
Oy

pa(T)

2. Cosine similarity between the adjacency ma-
trices of lagged snapshots:
vec(A;) - vec(A4:—;)
pPalT) = )
)= Tvec(A,) [Tvec(Ar-. ]

where vec(-) denotes flattening the matrix into
a vector; || - || is the standard Euclidean norm.

3.2.2. Predictive Models

Based on the autocorrelation analysis, we define
two predictive tasks for forecasting the evolution of
topic networks.

* Node prediction: estimating whether a topic
v will appear in V;,, given the current node
set V; and historical node-level signals z,(¢).
This task leverages structural features of the
nodes as well as their temporal history.

+ Link prediction: estimating whether an edge
(u,v) will appear in E;;1 given the current
edge set E;, adjacency information, and his-
torical signals. This task uses both node-
level and edge-level features to capture the
co-occurrence dynamics between topics.

These two tasks allow us to model and predict
both the presence of individual topics and the struc-
ture of relationships between them in time windows.

4. Implementation Details

To investigate the evolution of topics within the
PGi1700,1020), We created a dataset for autocorrela-
tion analysis and subsequent predictive modeling.
The following section outlines how the dataset was
prepared and the autocorrelation and modelling
steps were implemented.

4.1.

To evaluate our approach and examine the
presence of temporal thematic patterns in the
PGi1700,1920), We experimented with three different
topic classification systems.

Firstly, we use the Bookshelf Category Sys-
tem (BCS), which is available by default in the
PGi1700,1920)- BCS comprises 394 predefined topic
categories, which provide a baseline topical struc-
ture.

Secondly, we use the Dewey Decimal Classi-
fication (DDC) (Dewey, 1876), one of the most
widely adopted hierarchical bibliographic classifi-
cation systems, which consists of 10 categories at

Dataset Preparation
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Figure 2: lllustration of time period, span, and window. The time period is the overall duration of years in
the study, within which a span represents consecutive years forming one topic network, and a window
comprises multiple spans used jointly for modeling. The final network in each window is used for prediction.

level 1, 100 at level 2, and 1000 at level 3. For the
DDC-based categorization, we used text2ddc (Bau-
martz, 2020), a multilingual topic classifier trained
to assign text to DDC categories.We mapped each
sentence of each book in PGi;700,1920) t0 a second-
level DDC category using text2ddc. Then, we ag-
gregated the predictions to obtain a document- or
book-level topic distribution. Since our analysis re-
quires co-occurrence information, we focused on
the three most highly predicted topics for each book.
While the DDC system includes 100 second-level
categories, only 78 of them were instantiated by
bOOkS in the PG[1700,1920] .

Thirdly, we incorporated the Multilingual IPTC
Media Topic Classifier (IPTC) (Kuzman and
Ljubesi¢, 2025), which defines 17 broad topic cate-
gories applicable across textual domains and me-
dia, including books. To reduce computational
costs, we classified excerpts rather than entire
books in the case of IPTC. Specifically, we ran-
domly selected ten sentences from each book and
treated each of these, along with the nine subse-
quent sentences, as a separate excerpt. Then, we
assigned each excerpt to a single category. Al-
though IPTC maps each excerpt to exactly one
topic, aggregating across multiple excerpts enabled
us to construct a category distribution for each book.
This is an essential step for building the topic co-
occurrence networks required for our analysis. The
combined dataset with topic categories from all
topic systems can be accessed here’.

1https://github.com/texttechnologylab/
Temporal-PG-Corpus—Analysis/tree/main/
data

4.2. Auto Correlation

Our autocorrelation analysis aims to determine if
thematic persistence exists across historical peri-
ods. It also examines the relevance of topics at
different points in time and tracks how they emerge,
fade, or disappear. To achieve these objectives, we
create topic networks as temporal snapshots of the
content of books from PG;70¢,1920) We divide the
corpus into consecutive spans of fixed length (e.g.,
3 years), and generate a separate topic network for
each span (See Figure 2).

4.2.1. Mitigating Bias in Data Sampling

One issue with this approach is that the number of
books published can vary across different spans.
Having a higher volume of books in one span than
in another could lead to skewed topic networks and
distort the autocorrelation analysis. To address
this, we implemented a controlled sampling strat-
egy. That is, to ensure that each snapshot was
built from a uniform dataset, we sampled an equal
number of books for each time span. This step is
essential for making valid and comparable infer-
ences across all time spans.

4.2.2. Statistical Validation

To validate our findings and establish a baseline
for comparison, we incorporated a null hypothe-
sis. This involved shuffling the time windows for
the generated snapshot, which helps us determine
if the observed temporal patterns are statistically
significant or merely the result of random chance.

Secondly, we conducted a bootstrap experiment
to calculate confidence intervals (Cl), providing a
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measure of the reliability of our autocorrelation es-
timates. To further ensure the robustness of our re-
sults, we replicated the entire experiment on the ob-
served data. This replication allows us to account
for any potential variability introduced by the ran-
dom sampling process and increases confidence
in the stability of our findings.

Thirdly, we calculated the autocorrelation for lags,
which allows us to measure the relationship be-
tween a snapshot and its temporal predecessors.
Analyzing these lags helps us to understand how
topics persist over time, from short-term shifts to
sustained trends.

4.2.3. Experiments

We conducted experiments at two levels. First,
at the node level, we examined whether individ-
ual topics, based on their frequency or other struc-
tural properties, exhibit temporal patterns. Second,
we analyzed entire topic networks using their adja-
cency matrices to investigate potential patterns in
the co-occurrence of topics over time.

Node Level At the node level, we compute vari-
ous structural properties for each topic within each
time span. These properties include measures
such as degree, clustering coefficient, between-
ness centrality, closeness centrality, and density.
We also perform a frequency-based analysis, calcu-
lating the number of books in which a given topic ap-
pears within each span. Then, we correlate these
features with their corresponding lagged values to
examine temporal persistence.

Graph Level At the graph level, we study global
structural properties such as density, average clus-
tering, number of communities, modularity, and av-
erage degree. These properties are correlated with
lagged versions of the network to evaluate long-
term stability. Beyond feature-based analysis, we
perform adjacency-matrix-based autocorrelation:
for each span, we compute the adjacency matrix
of the corresponding topic network and measure
its cosine similarity with matrices from subsequent
spans. By associating each similarity score with
the temporal distance (lag) between paired spans
and then averaging across all pairs with the same
lag, we obtain autocorrelation values that map the
persistence of the network structure and topic co-
occurrence over time.

In both node-level and graph-level analyses,
we follow a consistent procedure. We divided
PGi1700,1920) into spans of 10 years, each con-
structed from a sample of 5,000 books. We com-
puted autocorrelation values across ten temporal
lags for each topic network and the selected fea-
tures. To establish statistical significance, we con-

ducted 1,000 null experiments and 500 bootstrap
experiments for each lag. The entire process is
repeated 10 times to account for variability and
ensure robustness.

4.3. Predictive Models

Since the autocorrelation experiments were con-
ducted at two levels, we construct two correspond-
ing predictive models. The first model uses infor-
mation from the preceding spans to predict the
presence of a node (i.e., a topic) in the subsequent
time span. The second model predicts the pres-
ence of an edge, that is, the co-occurrence of topics
in the subsequent time span. Combining these two
models allows us to predict the structure of topic
networks in the next time span.

4.3.1. Node Prediction

We use the corpus PGii790,1920] also for the node
prediction task. Networks are constructed for a
selected span, with a maximum of 5,000 books
sampled per network. We used structural prop-
erties and topic frequencies as features to model
network data. We incorporate the following struc-
tural measures: node degree, strength (based on
book frequencies), clustering coefficient, and be-
tweenness centrality (Behrouzi et al., 2020). We
also compute temporal features to capture the dy-
namics of topics. This includes the presence of
a topic in earlier time spans, how long consecu-
tive appearances last up to a given point, and how
long it has been since the last occurrence. These
features are related to the time-series behavior of
topics, making them useful for predicting whether
a topic will reappear in the near future.

We divide the sequence of networks into tempo-
ral windows to generate training data. For each
temporal window of length k, we use the first k — 1
network/s (span/s) to generate features and define
the prediction task in the kth network. Note that nei-
ther the span nor the window size is fixed; thus, the
model can be trained using varying historical con-
texts (window sizes) and network densities (spans)
to predict the presence of topics.

We employ a multilayer perceptron (MLP) to
model node presence. The network consists of mul-
tiple fully connected layers, each followed by ReLU
activation and dropout regularization to transform
node features into latent space representations.
These representations are then passed through a
final linear layer that applies a sigmoid activation
to produce a probability distribution.

4.3.2. Link Prediction

Again, we divide the corpus PG;70,1920] into fixed-
length temporal spans (e.g., one year) and calcu-

864



Features Bookshelves DDC IPTC
Density 10 (0.59@7) 4 (0.45@3) 10 (0.89@2)
Avg. Clustering 3 (0.41@3) 6 (0.36@4) 9 (0.87@1)
Num. Communities 3 (0.31@56) 0 0
Modularity 2 (0.98@7) 3 (0.23@1) 2 (0.18@5)
Avg. Degree 10 (0.90@2) 10 (0.92@1) 10 (0.896@3)

Table 1: Number of lags with significant autocorrelation (p < 0.05) per network feature and topic model.
Values in parentheses indicate the maximum observed autocorrelation across all lags.

late node and edge features for each span. For
nodes (topics), we use the features described
above. For edges (topic pairings), we extract the
(1) edge weight, (2) the binary existence score, (3)
preferential attachment (Jeong et al., 2003), (4)
temporal differences in weight, and (5) historical
weight averages across past networks.

Following the node prediction strategy, we con-
struct a dataset for training a link prediction model.
We created positive and negative samples, where
positive samples correspond to edges that are
present in the current network. There are two
sources of negative samples: (i) Hard negatives
are edges that existed in previous windows but dis-
appeared in the current one. (ii) Soft negatives
are randomly sampled node pairs that never co-
occurred. This sampling strategy yields a balanced
set of edge instances for link prediction.

Again, we employ MLPs to perform link predic-
tion. First, we use an MLP consisting of multiple
fully connected layers that are applied to node fea-
tures to produce node (topic) embeddings. Edge
representations are computed by either concate-
nating or applying the element-wise product to the
embeddings of their endpoints. These are then
combined with the extracted edge features. These
edge-level vectors are fed into another MLP with
a non-linear ReLU activation and dropout regular-
ization. Then, a sigmoid activation is applied to
generate edge existence probabilities.

Both node and link prediction models were
trained with binary cross-entropy loss using the
Adam optimizer with weight decay, and a dynamic
learning rate adjusted using a ReduceLROnPlateau
scheduler (Al-Kababji et al., 2022). We employed
early stopping based on validation loss to prevent
overfitting (Yao et al., 2007). During training and
evaluation, we report both ROC-AUC and Average
Precision (AP). ROC-AUC measures the model’s
overall ability to discriminate across thresholds,
while AP captures its ability to rank under class
imbalance. The code and the data for all experi-
ments is available here?.

thtps ://github.com/texttechnologylab/
Temporal-PG-Corpus—Analysis

5. Results and Discussion

We present the results of the autocorrelation and
predictive modeling experiments. Since the experi-
ments were performed at the node and graph levels,
the results are split into two sections.

Lagged Autocorrelation Across Datasets
(CI shown only if significant)

B Bookshleves
7 | B DDC
. PTC

Figure 3: Autocorrelation across lags for three topic
models. All bars with Cl are significant.

5.1. Autocorrelation

Graph Level We observe a high degree of au-
tocorrelation in PGi7g0,1920] regarding the struc-
ture of the topic network and the patterns of topic
co-occurrence. Figure 3 shows the average auto-
correlation across all repetitions over ten temporal
lags. This measure was derived from adjacency
matrices by calculating the similarity between topic
networks over successive time intervals. Among
the three topic systems, IPTC networks exhibit the
highest autocorrelation. This is likely due to the
small number of topics in this model, which makes
persistent connections among topics more likely
over time. However, despite comprising over 350
topics, the BCS model still exhibits significant au-
tocorrelation. This suggests that BCS topics tend
to occur together throughout the examined time
period. A similar trend is observed for the DDC,
though the autocorrelation is comparatively lower.
Despite the limited number of statistically significant
lags for both the DDC and the IPTC, cyclical pat-
terns are evident in their temporal dynamics. IPTC
topics have a shorter cycle of about one decade,
while DDC topics have a longer cycle of about five
decades. We observe a gradual decay in topic
co-occurrence for the BCS, which implies a much
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longer cycle, possibly spanning centuries. These
findings suggest that topic networks are remarkably
persistent across decades in all three models.

Table 1 shows the autocorrelation for several
structural features of topic networks. For each topic
model, we report the number of lags at which a
given feature’s autocorrelation was statistically sig-
nificant, along with the highest mean autocorrela-
tion value across all lags. We find that the average
degree exhibits strong autocorrelation at lower lags,
typically between 1 and 3, across all topic models.
This indicates that the connectivity of the topic net-
works remains relatively stable over short time in-
tervals. Similarly, density emerges as a consistent
feature over time for both BCS and IPTC, though
this pattern is less pronounced for the DDC. By con-
trast, features related to network clustering, such
as the average clustering, the number of communi-
ties, and the modularity, exhibit comparatively low
autocorrelation values. This suggests that although
the global structure of topic connectivity remains
stable, the internal organization of topic clusters is
more dynamic. Notably, community configurations
undergo changes over time.

Grouped of Signifi Positive ion by Lag
(a=0.05)
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Figure 4: Fraction of topics with significant autocor-
relation across three different topic systems.

2
8

8

Percentage of Significant Topics (%)
& 2

3

10

Node Level We observe that, at the topic level,
frequency-based autocorrelation is strong and ex-
tends across a wide range of topics for short lags
(1-5). Figure 4 shows the fraction of topics exhibit-
ing significant autocorrelation per lag. Thematic
frequencies persist across a large number of topics
for approximately two decades. This memory fades
as the lag increases, especially after a decade.

In addition to frequency, we analyze other struc-
tural properties of topics within topic networks
which mirrors the pattern observed in the frequency-
based analysis. IPTC topics display the highest
fraction, followed by DDC and BCS. Figure 5 shows
the distribution of node degree-based autocorrela-
tion. BCS shows moderate autocorrelation, DDC
exhibits a bimodal pattern ranging from moderate to
high, and IPTC shows strong autocorrelation. Con-
sistent with the graph level, these results indicate
that topics retain their structural properties over

time, providing predictive insight for subsequent
time spans.

20 Density of autocorrelation values for metric "degree” across all lags
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Figure 5: Distribution of mean autocorrelation val-
ues that are significant across the topic models.

5.2. Predictive Modeling

Based on the insights from autocorrelation analysis,
we incorporate node-level (topic) and edge-level
(topic co-occurrence) information from topic net-
works to predict the emergence of topics and their
co-occurrence over time. Instead of setting the
temporal span and window size beforehand, we
perform hyperparameter tuning: We systematically
vary the window size (2-10) and span size (1-10) for
node and link prediction to evaluate their influence.

Dataset Train Val

ROC AP ROC AP
BCS 0.894 0.828 | 0.886 0.936
DDC 0.962 0.974 | 0.955 0.992

Table 2: Train and validation ROC and AP scores.

Node Prediction Table 2 shows the results from
the best parameter configurations based on aver-
age precision during training. For BCS, the optimal
model was trained for 25 epochs with a single hid-
den layer of 256 units and a batch size of eight. The
model used a 5-year temporal span and a 5-span
window, meaning topic predictions for the next 5
years were made using information from the pre-
vious 20 years. This configuration achieved an
average precision of 0.828 on the training set and
0.936 on the validation set. For the DDC, we ob-
served the best overall performance across all data
splits and evaluation metrics. This best-performing
model was trained for 70 epochs with four hidden
layers (each of size 256) and used a window of 4
spans and a span of 5 years. For IPTC, node classi-
fication was a relatively trivial task due to the small
number of topics, as most nodes appeared consis-
tently across all temporal spans. Therefore, we are
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not reporting the results of node classification for
this topic system.

Link Prediction In the link prediction task, we
assume that the topics present in the period under
consideration were known, i.e., we used gold topic
data to predict edges between them.

Dataset Train Val

ROC AP ROC AP
BCS 0.876 0.865 | 0.867 0.862
DDC 0.887 0.893 | 0.890 0.896
IPTC 0.944 0.987 1 1

Table 3: Train and validation ROC and AP scores.

Table 3 shows the results of the best hyperpa-
rameter configurations for all three topic systems.
IPTC achieved the highest performance, reaching
100% average precision on the validation set. This
is partly due to the small number of topics, which
limits the possible links, and a relatively large time
span of 15 years and a window size of 4. This
means that the co-occurrence of topics in the next
15 years was predicted using information from the
previous 45 years. Even with shorter spans of 2-3
years and windows of 2-11 spans, the model still
achieved high precision (0.99 on validation, 0.95
on training).

For DDC, high precision was achieved using
shorter spans and windows: the reported results
were obtained by using co-occurrence information
from the previous 3 years to predict the following
3 years. Similarly, for BCS, using network infor-
mation from the past 2 years enabled an accurate
prediction of the subsequent 2 years’ topic network.

5.3.

It remains to analyze the effects of span and window
size across all data sets and tasks.

Impact of Span and Window size

Node Prediction We analyzed the effect of span
and window on node prediction across BCS (394
categories) and DDC (78 categories), considering
average precision (AP) and AUC: AUC evaluates
a model’s ability to rank topics that will appear in
the next span higher than those that will not; AP
measures the model’s accuracy in predicting which
topics will appear in the next span.

For BCS and DDC, span emerged as more in-
fluential than window size, which had a minimal
impact. For BCS, longer spans significantly im-
proved AP (validation correlation: 0.796). That is,
access to an extended historical context is crucial
for predicting the presence of a topic when there
are many alternatives. However, longer spans had
a negative impact on AUC (-0.979), suggesting that
although frequent topics were predicted accurately,

the model’s ability to rank rare or emerging topics
decreased. Window size had a negligible influence
on both metrics.

In the case of DDC, span positively influenced
AP as well, though the effect was moderate (valida-
tion correlation of 0.336). This suggests that fewer
categories reduce the need for extensive historical
context to predict the presence of a topic. Unlike
in the case of BCS, span had a minimal negative
impact on AUC (validation correlation of 0.36). This
indicates that the ranking is less sensitive to long-
term history when the number of topics is smaller.

Link Prediction Similar to node prediction, we
analyzed the effects of span and window on link pre-
diction. In link prediction, AP measures the model’s
accuracy in predicting which topic co-occurrences
(edges) appear in the next time span, while AUC
evaluates its ability to rank appearing edges higher
than non-appearing ones.

For Bookshelves, longer spans generally re-
duced both AP and AUC, with strong negative cor-
relations observed in training and validation sets.
This suggests that aggregating many years of his-
torical data introduces noise in networks with many
possible edges, diminishing both the accuracy and
ranking ability of edge predictions. Window size
had a minimal effect overall, with only a modest
negative correlation for validation AP.

For DDC, the effect of span on edge prediction
was weaker, reflecting the smaller number of cate-
gories and fewer possible edges. In contrast, win-
dow size had a greater impact, especially during
the validation stage, when larger windows nega-
tively affected both AP and AUC. This suggests that,
for smaller, more dynamic networks, sequentially
aggregating consecutive span-based networks is
critical to capturing the temporal patterns of topic
co-occurrence.

Overall, we found that span plays a significant
role in predicting future topics and their relation-
ships, though its impact varies by task. This sug-
gests that an optimal span for joint node and edge
prediction must strike a balance that is effective for
both predictions.

6. Conclusion

We analyzed thematic trends in book corpora to pro-
vide a basis for studies on thematic development
in literary and cultural contexts. We demonstrated
the predictive power of temporal topic networks at
decade-long time spans using the Project Guten-
berg corpus. Our experiments revealed temporal
persistence at the network and node levels across
three topic systems: BCS, DDC, and IPTC. These
results suggest that topics and their co-occurrences
can be effectively predicted based on the structural
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properties of nodes and networks. We confirmed
this by modeling temporal topic networks for node
and link prediction. We achieved an average pre-
cision of over 0.85 and an ROC-AUC of over 0.87
across datasets. Our study also suggests that, al-
though network density influences both node and
link prediction, the sequential accumulation of his-
torical snapshots contributes less. We provide our
topic networks, based on three topic systems (BCS,
DDC, and IPTC), as annotations supplementing the
time-aligned version of the PG corpus from (Momen
et al., 2025). In this way, we provide a resource
for analyzing topic developments using historical
literary corpora.

7. Ethical Consideration

This study relies exclusively on publicly available
texts from Project Gutenberg, ensuring full compli-
ance with copyright and data protection standards.
Topic modeling and analysis are conducted at the
corpus level, with no inferences made about individ-
ual authors or specific publications. Nonetheless,
we acknowledge that the Project Gutenberg cor-
pus may reflect biases inherent to its composition,
particularly the predominance of English-language
literature and Western cultural representation.

8. Limitations and Future Works

Future work can focus on discovering topic net-
works by jointly predicting topic nodes and their
links using historical thematic data. One limitation
of our study is its use of a fixed set of topics, which
restricts node prediction to existing topics. However,
link prediction can suggest new topic combinations
that could be interpreted as new topics. Addition-
ally, our analysis only considers the presence of
topics and their relationships, not their strength
of occurrence within a time span. Extending our
framework to predict topic importance and relation-
ship strength would enable us to forecast which
topics or combinations thereof are likely to be most
influential or popular in future time windows. Our
autocorrelation results for node degree and aver-
age graph degree already indicate that this is fea-
sible, as they show strong temporal persistence,
suggesting that topic and network strength could
also be predictable.
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