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Abstract. The proposed method involves analyzing historical culinary recipes
through topic modeling and data visualization. It utilizes an unsupervised pipeline,
pre-trained language models, and visualization techniques. The method was thor-
oughly tested on English-language cookbooks and provides information on the
evolution of culinary practices.
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1 Introduction

Culinary traditions are an important cultural heritage that reflects the interplay of culture,
society, and environment throughout human history. Recipes have been passed down
through generations, preserving the essence of diverse cuisines and offering insights into
the evolution of culinary practices. In the digital age, vast repositories of historical culi-
nary texts provide an unprecedented opportunity for in-depth exploration of the culinary
heritage of societies worldwide.

This paper presents a new method for analyzing historical culinary recipes using topic
modelling and data visualization. Our aim is to uncover the complex culinary knowledge
contained in historical texts and identify patterns, trends, and connections that have de-
veloped over centuries of culinary evolution. The goal of this work is to provide inte-
grated tools for topic modelling and data visualization with pre-trained Large Language
Models (LLM) to facilitate the comparative analysis and interpretation of historical cul-
inary texts, and to highlight how new recipes differ from older ones. The effectiveness
of this approach and its usefulness for users stem from several key features.

Unsupervised pipeline: once a few hyperparameters and transformation models have
been optimized, the pipeline is completely unsupervised. This means that the system can
autonomously process and analyze data without requiring manual intervention.

Pre-trained language models enhance the reliability and robustness of the system,
even with a relatively small dataset consisting of just a few hundred entries. Addition-
ally, pre-trained models can handle a wide range of vocabulary, including uncommon or
historical terms, mitigating concerns regarding Out of Vocabulary (OOV) terms, which
are common in old recipes or historical books.
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Visualization through Graphs and Word Clouds: The presentation of data through
graphs and word clouds allows for rapid interpretation by a wider range of users. This
visual representation simplifies the comprehension of intricate data structures and pat-
terns, improving user engagement and system usability.

Highly adaptable to different datasets and languages: The use of UMAP, HDB-
SCAN and pre-trained language models significantly simplifies the adaptation of the
prototype to other contexts and languages.

The pipeline has been built from scratch, integrating dimensionality reduction (McIn-
nes et al., 2020) and clustering algorithms (HDBscan used here) (Campello et al., 2013;
Mclnnes et al., 2017) to evaluate a variety of hyperparameters. Afterwards, it underwent
thorough testing using publicly available English-language cookbooks. This approach
ensured the pipeline's robustness and effectiveness for different applications.

In the following sections, we present related works and describe the methodology
used to analyze historical culinary recipes, including data collection, preprocessing,
topic modeling, and visualization techniques. After presenting the experimentation, the
paper briefly discusses the preliminary results. Future work involves expanding the
method to encompass broader perspectives within the digital humanities.

2 Related Works

This paper focuses on several key topics in natural language processing and machine
learning. Topic modeling techniques, such as Latent Semantic Indexing (LSI), probabil-
istic latent semantic indexing (pLSI), and Latent Dirichlet Allocation (LDA), have been
used to uncover hidden themes within text data since the 1990s. LDA has been used
extensively for topic modelling. Non-negative Matrix Factorization factorizes the term-
document matrix into two lower-dimensional matrices representing the topics and their
distributions over documents. The development of language models has given rise to
new tools and methods. Bidirectional Encoder Representations from Transformers
(BERT), the bidirectional unsupervised language representation model developed by
Google (Devlin et al., 2019), has shown good result in topic extraction. BERTopic
(Grootendorst, 2022) utilizes the BERT model to embed documents into high-dimen-
sional vector space and then applies hierarchical clustering to identify topics. Top2Vec
(Angelov, 2020) employs a combination of BERT for document embedding and UMAP
(Mclnnes et al., 2020) for dimensionality reduction. It discovers topics based on dense
areas in the document embedding space.

Bertopic, Top2Vec, and other topic modelling methods have achieved significant suc-
cess due to their ease of use and high-quality results. These techniques have been applied
in various domains, such as banking (Ogunleye et al., 2023), tourism, cultural policy
setting, and crisis support (Sprenkamp et al., 2023). Topic modeling methods have been
used in the tourism industry to analyze traveller reviews and identify popular destina-
tions, attractions, and trends (Li, 2023). Additionally, these techniques have facilitated
the analysis of cultural data in the realm of cultural policy setting (Wojciechowska et al.,
2023). This enables policymakers to make informed decisions regarding cultural initia-
tives, funding allocations, and resource management. Twitter, with its extensive user
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base and real-time data stream, has served as a valuable source of data for evaluating
and comparing different topic modeling models (Egger & Yu, 2022).

3 Our Approach

The goal of this study is to explore a straightforward and direct approach for comparing
the semantic content of diverse textual datasets. The novelty of the pipeline lies in its
processes and techniques that support the identification of key concepts within each da-
taset, their clustering, and the creation of visualizations to highlight similarities and dif-
ferences between datasets. These processes usually involve several steps, including data
reduction, data clustering, identification of the most significant terms globally and within
each cluster, and selection of optimal pre-trained models and hyperparameters for mod-
els and methods.

3.1 Defining Features of Our Approach

UMAP (Uniform Manifold Approximation and Projection) (McInnes et al., 2020) is
a dimensionality reduction technique used in machine learning and data analysis, com-
peting with other popular methods such as PCA and t-SNE. UMAP uses manifold learn-
ing to transform high-dimensional data into a lower-dimensional space while preserving
the local structure of the data. It uses a mixture of topographic and geometric techniques
that effectively address nonlinear relationships within the data, and excels at handling
high-dimensional data sets. The algorithm relies on two primary parameters: the number
of dimensions and the distance metric used.

HDBSCAN (Campello et al., 2013; Mclnnes et al., 2017) is a clustering technique that
groups similar data points together, regardless of their shape, density, or size. It does this
by finding regions of high density in the data set and classifying points according to how
close they are to these regions.

Unlike other clustering methods, HDBSCAN does not require the user to specify the
size of the neighborhood to search or the number of clusters to include. Both the number
and geometry of the clusters are determined automatically. In addition, HDBSCAN can
recognize non-clustered points as noise. Therefore, it can be applied to data sets with
significant density variations. The technique involves several adjustable parameters tai-
lored to the dataset, such as the minimum cluster size and the minimum number of sam-
ples needed to form a dense region.

An advantage of employing UMAP and HDBSCAN over other clustering methods
lies in their capability to manage nonlinear relationships among data points. This is es-
pecially crucial in natural language processing, where the interactions between words
and sentences can be highly intricate and nonlinear.
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Transformers and Large Language Models. Originally proposed by Vaswani et al.
(2017), transformers represent a new neural network architecture designed to process
sequential data, particularly text. Departing from the sequential processing constraints
of traditional recurrent neural networks (RNNs) and long short-term memory networks
(LSTMs), transformers provide an improvement that reduces the computational burden
associated with capturing the long-range dependencies inherent in linguistic structures.

Large Language Models (LLMs), derived from transformer-based architectures, rep-
resent a turning point in NLP research. These models are trained on large corpora of text
data using unsupervised or semi-supervised learning paradigms, giving them the ability
to understand the intricacies of natural language. Prominent examples of LLMs include
OpenAl's Generative Pre-trained Transformer (GPT) series, Google's Bidirectional En-
coder Representations from Transformers (BERT), and Facebook Al's Robustly Opti-
mized BERT Approach (RoBERTa), among others.

We used these distinctive components to create a system that can easily generate se-
mantic multi-level graphs for archives. In that case, the system demonstrated the ability
to automatically generate navigable graphs of multilingual archives, while providing us-
ers with user-friendly tools for discovering archives whose contents are unknown (Ar-
tese & Gagliardi, 2023; Gagliardi & Artese, 2023).

C-TF-IDF, or Class-based TF-IDF (Grootendorst, 2022), represents a variant of the
conventional Term Frequency-Inverse Document Frequency (TF-IDF) approach utilized
in information retrieval and text mining. TF-IDF serves as a numerical metric indicating
the significance of a word within a document concerning a corpus of documents. It is
widely employed for tasks such as document classification, clustering, and information
retrieval. C-TF-IDF enhances this concept by incorporating the class (or category) of
documents to which a particular document belongs. It computes TF-IDF scores based
on the term frequency within a specific class of documents, rather than across the entire
document collection.

3.2  Pipeline

The first operation is data pre-processing, which is the cleaning, correction, and normal-
ization of the data in preparation for subsequent processing. In this context, a key step
that influences the results of subsequent processes is the careful selection of terms for
clustering, similarity assessment, and topic modeling. A number of automatic keyword
extraction methods have been explored, ranging from inclusive approaches, such as con-
sidering all terms while excluding a list of stopwords, to more refined techniques focus-
ing only on nouns or nouns accompanied by adjectives. In addition, Python libraries such
as NLTK and SpaCy have been used for these efforts. Automatic keyword extraction
algorithms such as RAKE (Rapid Automatic Keyword Extraction) (Rose et al., 2010)
and TextRank (Mihalcea & Tarau, 2004) were also evaluated.

UMAP and HDBSCAN algorithms are used to cluster vectors derived from fine-
tuned transformers. Several pre-trained models were evaluated and fine-tuned on the
objects of interest to determine the most appropriate model for the given task. In
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addition, this process includes careful selection of UMAP and HDBSCAN hyperparam-
eters to improve performance on each dataset. The result of this task is item clustering,
which includes both the centroids and the collection of items within each cluster. Topic
modeling works on the clustered items by identifying the most salient keywords within
each cluster. This process draws on methods from information retrieval, using tech-
niques such as weighting using TF-IDF for each class. Visual representations such as
graphs and word clouds are used to present the results in a way that is easy to interpret.
These visual aids not only facilitate comparison between datasets, but also enhance un-
derstanding of the content within each dataset. Furthermore, to ensure the effectiveness
of the methods used, an initial evaluation of the results obtained by users was conducted
as part of the validation process. The whole pipeline is depicted in Table 1.

Table 1. Pipeline of the proposed approach.

# Task 1: Dataset Preparation
- Preprocessing (possibly strip stopwords, accents, ...)
- Process data to extract items to be used

- Output: items of interest
# Task 2: Items clustering

- Choice of transformers and pre-trained models

- Fine tuning of pre-trained Bert-like models to obtain the vectors

- Choice of hyperparameters for UMAP and HDBSCAN

- Output: centroids of clustered items, and elements of each cluster

# Task 3 Topic Modelling and Data Visualization

- Computation of C-TFIDF for the elements of each cluster

- Creation of word clouds and topic modeling visualization

- Output: topic modeling visualization for comparison of datasets

- Preliminary evaluation of the results with domain experts and web users

4 The Experimentation

4.1  The Dataset Preparation

English-language cookbooks from Archive.org and other public repositories were used
in this experiment to examine the evolution of ingredients, cooking techniques, and food
combinations across different time periods. The analysis of these cookbooks aimed to
gain insights into how culinary practices have changed over time, including shifts in
ingredient preferences, innovations in cooking methods, and the emergence of new food
pairings. Several methods of keyword extraction were used, including:
e All 1-gram excluding stopwords, top 1-gram, two-grams, three-grams, and 1-to-
3 grams. The algorithms split the text considering all 1, 2 and 3 grams and then
take the most frequent ones: this causes the average number of keyword or
keyphrases to be rather higher than the original number of words.
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e TF-IDF scored words: TF-IDF serves as a metric to measure the importance of a
term within a document relative to a larger collection of documents. Terms with
higher TF-IDF values are considered more important.

e TextRank is an unsupervised graph-based algorithm inspired by PageRank and
is primarily used for keyword and keyphrase extraction. TextRank considers text
units (words or phrases) as vertices in a graph and computes the importance of
each unit based on its connectivity to other units in the text.

e RAKE is a domain-independent, unsupervised technique for extracting keywords
and keyphrases from text documents. It relies on simple heuristics, including
word frequency, co-occurrence, and the presence of stop words, to identify
candidate keywords.

e Noun phrases often encapsulate meaningful information within a sentence or
document. Noun phrase extraction techniques focus on identifying and extracting
these phrases as keywords. We have used both home-made methods as well as
methods based on Python packages (SpaCy, Pattern and NLTK).

The experiments conducted in this study focused on analyzing recipe books from both
the last century and the current century. These books represented a variety of culinary
styles, including traditional Italian cuisine and healthy cooking. Table 2 provides an in-
itial overview of the data. Each book page is considered as a document, to be clustered.
This table includes details such as, the average number of terms found per page, and the
total number of terms. These counts are based on all words present in the recipes, ex-
cluding common stop words. In addition, we also present counts for word combinations
ranging from single words to three-word phrases (1 to 3 grams).

4.2  Clustering

We use pre-trained language modelling in conjunction with UMAP and HDBSCAN to
cluster data. BERT and other Bert-like models have been used to transform text data into
high-dimensional vectors that capture semantic meaning. We then apply UMAP to the
vectors to obtain a lower dimensional space that is the input to HDBSCAN for grouping
similar text. This approach has proven to be very effective in this context. Several tests
were performed to evaluate the best value.

Only one parameter, n_neighbors, was evaluated for UMAP. This parameter deter-
mines how UMAP balances local and global data structures. The default value in the
Python implementation is 15. Our tests assessed the following values: 20, 15, 10, and 5.
For HDBSCAN, we evaluated several min_cluster size and min_samples values.
Min_cluster_size is set intuitively to the smallest cluster size for which a cluster should
be considered. It is important to consider the value of min_samples in conjunction with
the parameter being evaluated, as it provides insight into the level of conservatism in the
grouping. The values tested for min_cluster _size (HDBSCAN) were 15, 10, and 5, while
for min_samples (HDBSCAN) they were 15, 10, 5, and 1. Additionally, pre-trained
transformer models were also evaluated.

Depending on the values of the hyperparameters and the methods used for term ex-
traction in clustering and topic modeling, the number of clusters for the entire dataset
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can vary from 2 to 41. A low number of clusters can lead to a loss of detail and the
merging of heterogeneous groups, while a high number of clusters can enable a precise
discrimination of different aspects of the data. However, there is also a risk of losing the
overview of individual datasets and may result in insignificant or overlapping clusters.

Evaluation using the Silhouette Score can help identify both the optimal number of
clusters and the appropriate term extraction method. The silhouette score measures the
consistency of clusters and the separation between them, providing insight into the qual-
ity of clustering by assessing how well each observation fits into its cluster relative to
other clusters. In addition, the Calinski-Harabasz score serves as a measure of cluster
cohesion versus inter-cluster separation. A higher score indicates greater intra-cluster
cohesion and greater inter-cluster separation, suggesting better cluster structure.

Meta, Google, OpenAl, and other organizations have been developing and training
various architectures and language models for various tasks. Every month (even every
day), new models are introduced or updated, each with an expanding array of hyperpa-
rameters and trained in multiple languages. In this context, we used large language mod-
els specifically trained for clustering and classifying semantic similarity, focusing on the
English language. We tested sentence-transformers/bert-base-nli-mean-tokens, sen-
tence-transformers/all-MiniLM-L6-v2, sentence-transformers/bert-base-wikipedia-sec-
tions-mean-tokens. All models are taken from the Hugging Face model repository,
which constantly updates them'.

Table 2. Some information on the datasets used in the experimentation.

id orig_text Avg 1 Avg 1- 1-to-3 Avg 1-to-3
! terms orig_text -eram gram grams grams

| - Healthy dinner 16531 183,6 12305 1367 67330 7481

2 — Family cookbook 18445 2492 11453 154,7 62415 843,4

3 - Traditional ltalian 505 3503 16559 2587 89184 13935
recipes

T;lgahan recipes - 13571 135,7 11362 113.6 64208 642,08
5~ Modem ltalian 32081 344,9 23075 2481 126377 13588
Recipes

The table 3 shows the results obtained by adjusting the hyperparameters, sorted by de-
creasing values of the Calinski-Harabasz score. Optimal results tend to cluster around 7-
8 clusters. The figures in the following pages illustrate the results obtained with the pa-
rameter configuration specified in row 1: n_neighbors=10, min_cluster_size=5, using
token extraction methods ranging from single words to three-word phrases (1 to 3
grams). The Large Language Model (LLM) used is Microsoft MiniLM-L6-v2.

! https://huggingface.co/models last consulted on 20th March 2024
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4.3  Topic Modelling and Data Visualization

After clustering the documents, we extract the keywords for each cluster and create a
word cloud visualization. To better understand the differences between datasets, we
compare the words that are present in both clusters and those that are exclusive to one
cluster and display them as word clouds. These visualizations are either based on simple
absolute frequency or use the C-TF-IDF algorithm, which gives more weight to terms
appearing within the cluster compared to the entire set of documents. This approach
provides a more nuanced understanding of the semantic characteristics and differences
between clusters, facilitating insightful analysis and interpretation.

Figure 1 illustrates the composition of clusters for each dataset, using the 10-10-5
parameters with 1 to 3 grams, in bold in Table 3. At first glance, it's clear that each
dataset is predominantly characterized by one primary cluster. It's worth noting that da-
tasets 3 and 4 both pertain to traditional Italian cuisine. They share cluster number 7,
indicating similarity in their culinary themes. Conversely, the primary cluster for dataset
5 is cluster 1, delineating its distinct focus within the culinary domain. In addition, clus-
ters 4 and 2 are the primary clusters for datasets 1 and 2, respectively.

Table 3. Number of clusters obtained as the values of n_neighbors, min_cluster_size and
min_samples vary, sorted by decreasing values of the Calinski-Harabasz score.

Keyphrases n_neigh- min_clus- min_sam- Clus- sil- Calinski

bors ter_size ples ters_n houtte harabasz
1-to-3_grams 10 10 5 8 0,714 5767,777
1-to-3_grams 10 10 1 9 0,673 5483,703
1-to-3_grams 10 5 1 11 0,663 4503,167
1-to-3 grams 10 5 5 10 0,653 4434,171
onebigram 15 10 1 8 0,591 4141,500
bigram 15 10 1 6 0,725 3973,755
1-to-3_grams 15 10 1 8 0,643 3937,788
top_unigram 15 10 1 7 0,670 3656,074

In the process of clustering and topic modeling, keywords or keyphrases from 1 to 3
grams are extracted using different methods as described in Section 4.1. Then, for each
generated topic, the most significant or frequent tokens are selected to create word clouds
for better visualization.

Figures 2 and 3 show the most significant terms in Topic 7, measured both by fre-
quencies within the topic and using a C-TF-IDF based weighting method, which high-
lights the most significant terms in the topic relative to the entire dataset. In comparison,
the C-TF-IDF version provides clearer insights, albeit with a smaller set of words used,
facilitating a more complete understanding of the topic. The all-words version, on the
other hand, provides a better overview of the terms used.

174



Figures 4 and 5 provide insight into the most prevalent terms specific to dataset 4 that
do not occur in dataset 5 and vice versa. In dataset 4, prominent terms such as "butter,"
"veal," and "grated cheese" are observed, which are commonly found in traditional Ital-
ian cuisine. Conversely, in dataset 5, alongside abbreviations like "tablespoon" or "tea-
spoon" terms such as "heat" and "dough" are notable. These differences highlight distinct
ingredient usage and cooking instructions between the two datasets.

5 Conclusions and Future Works

This work presents a prototype for comparing datasets using topic modeling, which is a
method based on machine learning and pre-trained language models. The final goal is to
offer a simple and unsupervised way to evaluate the overlap or distance of topics covered
in different datasets. Users can explore and navigate the data in an engaging and intuitive
way through a visual representation of the dataset’s contents.

This prototype uses topic modeling of historical culinary recipes to identify the evo-
lution of cuisines, cooking techniques, ingredient use, and cultural influences over time.
Historians, anthropologists, and curious users have all praised the use of topic modeling
on historical culinary recipes to illustrate the evolution of food cultures. Further experi-
ments on a wider range of recipes and a more significant period of time are necessary to
understand the socio-cultural dynamics that shape human diets and culinary practices.
Experiment on other Cultural Heritage contexts is also foreseen.

=

5 - Modern ltalian 5
Recipes

4 — |talian recipes - . .
1319 ! Global Topic Representation

O-deliciously healthy dinners deliciou...
B 1-10ta cheese roasted peppers medium ...
B 2-0z padkage quart tsp mg dassic fat ...

3 - Traditional ltalian ~ 3-following may also cook remove indu...

recipes Lo . .
P 4-main dishes pastas main dishes delic...

S-pork tenderloin sauce arilled asian ...

6-half add bread three yolks egqg taste...
2 — Family cookbaak 2.; 7-vegetable chowder minestrone alia mi...

 —

1 - Healthy dinner

o 20 " L L] 100

Fig. 1. Topic representation for each dataset.
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Fig. 2. and 3. Topic 7 significant words, based on frequency (fig2) and C-TF-IDF weights (fig3).

The prototype received a positive qualitative assessment for both the produced clusters
and overall word clouds, evaluated by topic and across different datasets. Future devel-
opments will compare datasets on diverse topics and languages. Further studies are
needed to evaluate the entire pipeline comprehensively and quantitatively. Our goal is
to broaden the testing of this prototype, which is currently limited to books, to encom-
pass the entire archives. This expansion will enhance the efficiency and effectiveness of
the system, aiding users in better understanding the contents of the archives.
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Fig. 4. and Fig. 5. Significant words of dataset 4 not in dataset 5 (Fig. 4) and vice versa (Fig. 5).
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