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AbstractThis work presents an unsupervisedmethod for tagging banking consumers’ transactions using automatically

constructed and expanded topic taxonomies. Initially, we enrich the bank transactions via web scraping to collect

relevant descriptions, which are then preprocessed using NLP techniques to generate candidate terms. Topic

taxonomies are created using instruction-based fine-tuned LLMs (Large Language Models). To expand existing

taxonomies with new terms, we use zero-shot prompting to determine where to add new nodes. The resulting

taxonomies are used to assign descriptive tags that characterize the transactions in the retail bank dataset. For

evaluation, 12 volunteers completed a two-part form assessing the quality of the taxonomies and the tags assigned

to merchants. The evaluation revealed a coherence rate exceeding 90% for the chosen taxonomies. Additionally,

taxonomy expansion using LLMs demonstrated promising results for parent node prediction, with F1-scores of 89%

and 70% for Food and Shopping taxonomies, respectively.

Keywords: Taxonomy Generation, Large Language Models, Natural Language Processing, Web Scraping, Transactions,

Tagging

1 Introduction

Many recent studies have focused on applying machine

learning-based methods to classify and characterize finan-

cial transactions. For example, Vollset et al. [2017] and

Busson et al. [2023] explored hierarchical classification ap-

proaches for financial transactions, using predefined sets of

categories/subcategories to describe purchase types. How-

ever, these methods rely on limited, static class definitions,

which restrict their ability to adapt classifications to users’

experiences when encountering new, undefined categories.

To expand the range of possible transaction labels, we de-

veloped an unsupervised method based on topic taxonomies.

Taxonomies support structural and semantic analysis of tex-

tual data, but manual creation and maintenance often prove

costly and difficult to scale. Recent work has therefore fo-

cused on automating both the creation and expansion of topic

taxonomies [Lee et al., 2022; Shen et al., 2024].

In the previous version [Moraes et al., 2024], we introduced

an unsupervised method for constructing and expanding topic

taxonomies using instruction-based Large Language Mod-

els (LLMs) in a zero-shot setting. Our approach requires no

pre-existing taxonomy examples, enabling efficient, flexi-

ble taxonomy generation. We apply these taxonomies to tag

customers’ bank transactions, yielding more detailed catego-

rizations that improve spending pattern analysis.

We implemented ourmethod on a private retail bank dataset

enriched with scraped data from food and shopping com-

panies, and then quantitatively evaluated the resulting tax-

onomies. The system assigned generated taxonomy tags to

characterize companies in each transaction, creating 58 Food

category taxonomies and 6 Shopping category taxonomies.

For evaluation, we selected the most extensive taxonomies

in each category (”Brazilian Cuisine” for Food and ”Clothing

and Accessories” for Shopping), as their deeper hierarchies

provided more evaluation data. Twelve volunteers completed

a two-part form assessing taxonomy quality and tag assign-

ment accuracy, with results showing over 90% F1-score.

In this updated version, we present new experiments on tax-

onomy expansion testing newer models and trying to improve
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the quality of our prompts, adding a type of self-consistency

when selecting parent nodes. As new scraped data enters

the retail bank’s dataset, we update taxonomies using both

commercial LLMs (Gemini Pro Anil et al. [2023], GPT-4o)

and open-source models (LLaMA [Touvron et al., 2023],

Phi-2, Mixtral 8x7B [Jiang et al., 2024], Deepseek-Chat Liu

et al. [2024]). Our comparison against BERT-based methods

and Musubu [Takeoka et al., 2021] on the SemEval dataset

showed Gemini Pro achieving the best parent node prediction

results (89% F1 for Food, 70% for Shopping).

The remainder of the paper is structured as follows: Sec-

tion 2, reviews the related work, highlighting existing ap-

proaches. Section 3 provides the necessary background, lay-

ing the foundation for our methodologies and contextualizing

our contributions. Section 4 details the dataset construction

process, explaining how we enriched and prepared the data

for the taxonomies’ construction. In Section 5, we describe

the creation of the taxonomies, outlining the methods used

to generate them. Section 6 discusses the expansion of the

taxonomies, demonstrating how they can be dynamically ex-

tended to accommodate new categories. Section 7 focuses

on evaluating these taxonomies, presenting the metrics and

results that validate their accuracy and the quality of the tags

assigned to the transactions. Finally, Section 8 concludes the

paper, summarizing our findings, discussing their implica-

tions, and suggesting directions for future research.

2 Related Works

Taxonomies represent the structure behind document collec-

tions by organizing hierarchical term relationships in tree

structures [Nikishina et al., 2020]. They support structural

and semantic analysis of textual data, enabling applications

like web searching, recommendation systems, classification,

and question answering.

Creating and maintaining taxonomies manually proves

costly and difficult to scale, making automated methods es-

sential. Early work by Snow et al. [2004] focused on building

hypernym-hyponym taxonomies where term pairs express

explicit ’is-a’ relationships. Recent work has expanded to

other taxonomy types, including topic taxonomies, where

each node represents a conceptual topic comprising semanti-

cally coherent terms.

For instance, Zhang et al. [2018] developed TaxoGen, an

unsupervised method for constructing topic taxonomies. Tax-

oGen employs the SkipGram model to embed concept terms

from an input corpus into a latent semantic space. Within

this space, the authors implemented a recursive clustering

approach using a variation of spherical K-means to build the

taxonomy hierarchy.

Lee et al. [2022] created TaxoCom as a framework for auto-

matic taxonomy expansion. This hierarchical topic discovery

system recursively expands initial taxonomies by identifying

new sub-topics through locally discriminative embeddings

and adaptive clustering. These techniques produce a low-

dimensional embedding space that effectively captures tex-

tual similarity between terms. However, TaxoCom requires

extensive sets of quality phrases in the target language, whose

curation demands substantial effort. The framework’s output

quality depends heavily on these phrase collections.

For taxonomy expansion tasks, Takeoka et al. [2021] pro-

posed Musubu, a framework for low-resource taxonomy en-

richment that utilizes language models as knowledge bases to

infer term relationships. We adopted Musubu as a baseline

comparison for our taxonomy expansion approach.

Recent advances have applied Large Language Models

(LLMs) to taxonomy tasks. Chen et al. [2023] investigated

LLM (GPT-3) performance in taxonomy construction, com-

paring fine-tuning approaches (where researchers train the

model on specific datasets) with prompting techniques (where

users provide task instructions and examples). Their results

demonstrated that few-shot prompting typically outperforms

fine-tuning, especially for smaller datasets. Building on these

findings, we implemented prompting techniques, particularly

zero-shot prompting, across multiple LLMs to evaluate their

effectiveness for taxonomy construction and expansion (Sec-

tion 7 presents our results).

Zeng et al. [2024] introduced the Chain-of-Layer (CoL)

framework, which implements an iterative, layer-by-layer

approach to taxonomy induction. At each iteration, CoL

identifies relevant candidate entities for the current layer and

integrates them into the growing taxonomy. The framework

incorporates an Ensemble-based Ranking Filter to detect and

remove errors like hallucinated content during this process.

Experimental results show that CoL achieves state-of-the-art

performance on multiple real-world benchmarks, confirming

its effectiveness at constructing accurate taxonomies from

limited examples.

Another recent contribution, TaxoInstruct [Shen et al.,

2024], presents a unified taxonomy-guided instruction tun-

ing framework that handles multiple enrichment tasks, in-

cluding Entity Set Expansion, Taxonomy Expansion, and

Seed-Guided Taxonomy Construction. The framework iden-

tifies two core operations - finding sibling terms and parent

terms - and employs taxonomy-guided instruction tuning to

train LLMs for these tasks. By jointly pre-training across

these operations, TaxoInstruct enhances model capability for

taxonomy enrichment. Evaluation results demonstrate that

the framework outperforms existing methods across diverse

benchmark datasets, highlighting its strong generalizability

and effectiveness for taxonomy-related tasks.

Table 1 summarizes these related works. Unlike these

approaches, our method combines unsupervised topic taxon-

omy construction with LLM-based expansion in a zero-shot

setting. While TaxoGen and TaxoCom depend respectively

on embeddings and curated phrases, our approach leverages

LLMs’ inherent knowledge to dynamically generate and ex-

pand hierarchies without domain-specific training. Compared

to Musubu and TaxoInstruct’s specialized focus on either

low-resource expansion or instruction-tuned enrichment, our

solution addresses taxonomy creation and expansion while

requiring minimal human intervention.

3 Background

This section provides a comprehensive background on large

language models (LLMs) and prompt tuning. These concepts

are essential to understanding the construction and editing of
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Work Approach Key Contribution Limitations

TaxoGen

[Zhang et al., 2018]

Unsupervised,

embedding-based

(SkipGram + spherical

K-means clustering)

Automatically constructs

topic taxonomies by

embedding terms into a

latent space.

Relies on static embeddings;

may struggle with dynamic

or domain-specific terms.

TaxoCom

[Lee et al., 2022]

Hierarchical topic

discovery (adaptive

clustering + local

embeddings)

Recursively expands

taxonomies by

discovering sub-topics.

Requires curated phrases;

performance depends on

language-specific resources.

Musubu

[Takeoka et al., 2021]

Low-resource taxonomy

enrichment (LM as

knowledge base)

Infers term relationships

for taxonomy expansion

in low-resource settings.

Limited to small-scale

taxonomies; relies on pre-

trained LM knowledge.

Chen et al.

[Chen et al., 2023]

LLM-based (prompting

vs. fine-tuning)

Shows prompting (e.g.,

few-shot) outperforms

fine-tuning for taxonomy

tasks.

Evaluated only on GPT-3;

generalizability to other

LLMs unclear.

Chain-of-Layer (CoL)

[Zeng et al., 2024]

Iterative layer-wise

induction + ensemble

filtering

Constructs taxonomies

layer-by-layer with error

correction.

Computationally intensive;

requires iterative validation.

TaxoInstruct

[Shen et al., 2024]

Unified instruction

tuning (sibling/parent

operations)

Jointly trains LLMs for

multiple taxonomy tasks

(expansion, construction).

Needs task-specific tuning;

may not generalize to all

taxonomy types.

Our Method

LLM-based zero-shot

construction + expansion

(Gemini Pro, GPT-4, etc)

Unifies taxonomy

creation and enrichment

via prompting

Limited to low-resource

settings; depends on LLM

context window size.

Table 1. Related works overview and comparison with the proposed method

taxonomies utilizing LLMs.

3.1 Large Language Models

Large Language Models (LLMs) have garnered significant

attention for their exceptional performance across various

NLP tasks. Models like GPT-3 [Brown et al., 2020] and

LLAMA [Touvron et al., 2023] feature massive scale, com-

prising billions of parameters and training on vast amounts of

textual data, including books, articles, and web pages. This

unsupervised pre-training enables them to learn contextual

representations that capture the intricacies of human language.

Researchers find fine-tuning particularly effective for

adapting LLMs to specific tasks. This approach allows the

models to specialize for particular domains using minimal

labeled data, significantly reducing the need for large anno-

tated datasets. When labeled data proves scarce or difficult to

obtain, practitioners can employ LLMs in a Zero-Shot manner

[Tam, 2023]. The models’ massive scale and training data

imbue them with vast knowledge that enables high gener-

alizability, allowing them to perform well on diverse tasks

without specific training [Raffel et al., 2020].

In our experiments, we tested several types of language

models:

• Private LLMs: GPT-4 [OpenAI, 2023] and Gemini Pro

• Open source LLMs: Llama 2 [Touvron et al., 2023]

• Mixture of Expert LLMs: Mixtral [Jiang et al., 2024]

• Small Language Models: Phi-2

3.2 Prompt Engineering

Prompt engineering serves as a fundamental technique for im-

proving LLM performance and adaptability in specific tasks

or domains [Ekin, 2023]. The approach involves carefully

optimizing and crafting prompts to use language models more

efficiently [Brown et al., 2020]. This allows researchers to

tailor LLM behavior and output for targeted applications.

The field has explored numerous prompting techniques to

guide LLMs toward desired responses:

• Zero-shot and Few-shot prompting [Tam, 2023]

• Chain of Thought [Wei et al., 2022]

• ReAct [Yao et al., 2023]

• Self-Consistency [Wang et al., 2022]

Studies have demonstrated prompt tuning’s effectiveness

in various applications, including question-answering, sum-

marization, and dialogue generation [Sahoo et al., 2024]. The

specific prompt formulation significantly influences the gen-

erated output, and careful crafting can steer model responses

toward desired behaviors. For example, in translation tasks,

prompts can specify source and target languages to ensure ac-

curate results. Our method employs the Zero-Shot prompting

technique.

3.3 Zero-Shot Prompting

Because LLMs train on vast amounts of data, they can follow

instructions and perform tasks in contexts where developers

did not explicitly train them - a capability called Zero-Shot

(ZS) prompting. This approach makes models more versa-

tile by allowing direct task specification without examples
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[Tam, 2023], hence why researchers often call them ”task

instructions.”

Li [2023] highlighted several advantages of ZS prompts:

• Ability to craft highly interpretable prompts

• Reduced need for training data or examples

• Simpler prompt design process

• More flexible prompt structure

Reynolds and McDonell [2021] further noted that well-

engineered zero-shot prompts can outperform few-shot

prompts in certain scenarios, since examples might sometimes

function as narrative elements rather than guidance. These

findings influenced our decision to use zero-shot prompting

in our method.

4 Dataset Construction

This work uses a proprietary dataset consisting of consumer

transactions from a retail bank. Each transaction contains

the business merchant name along with macro and micro

categories originally assigned by Busson et al. [2023] based

on business activities and product information.

We focus on two macro-categories from this dataset: Food

and Shopping, selecting the top 50,000 businesses with the

highest number of transactions for each category.

The limited initial information makes detailed transaction

tagging challenging. To address this, we augment the dataset

through web-scraping-based enrichment. Using Selenium1

and Beautiful Soup2, we collect activity descriptions for com-

panies in each macro category. For Food establishments, we

search specialized restaurants on food delivery platforms. For

Shopping businesses, we extract descriptions directly from

internet search tools and indexing services.

We implement the food category scraping as follows:

1. Use all Brazilian state capitals and the Federal District

as base locations

2. Extract restaurants listed on the first 100 pages of each

platform per location

3. Merge the scraped data with the merchant database using

merchant names and micro categories

For shopping merchants:

• Retrieve descriptions from the first 10 Google Search

results

• Construct search queries using merchant names and mi-

cro categories

• Concatenate all obtained descriptions into final merchant

profiles

The final enriched dataset contains three key components

for each business: (1) the original merchant name, (2) as-

signed micro and macro categories from Busson et al. [2023],

and (3) the scraped business description. This combined struc-

ture provides the foundation for our taxonomy generation

process, merging structured categorization with unstructured

descriptive text to enable comprehensive transaction tagging.

1https://www.selenium.dev/about/
2https://readthedocs.org/projects/beautiful-soup-4/downloads/pdf/lat-

est/

5 Taxonomy Construction

To automatically create topic taxonomies for Food and Shop-

ping businesses, we developed a three-step method. First, we

preprocess the descriptions in our enriched dataset to retain

only the relevant parts of the text. Next, we apply two tech-

niques to select candidate terms for topic taxonomies: key-

word extraction and topic modeling. In the post-processing

phase, we use large language models (LLMs) to refine the

results of each step, filtering out unrelated terms. Finally, we

use LLMs again to organize the final terms into hierarchies,

forming the topic taxonomies.

5.1 Preprocessing

We apply several NLP techniques to refine the business de-

scriptions:

• First, we remove stop words to eliminate commonly used

words that lack significant meaning in our contexts;

• Then, we employ part-of-speech (POS) tagging to iden-

tify and exclude words belonging to specific POS cate-

gories, including ADV, CCONJ, ADP, AUX, CONJ,

DET, INTJ, PART, PRON, PUNCT, SYM, SCONJ,

ADJ, VERB, and PROPN.3

After this initial preprocessing, we run the first iteration

of candidate term selection to build a generic words filter,

not yet creating topic taxonomies. For this step, we process

the entire corpus of descriptions for each macro category,

resulting in two corpora (Food and Shopping). For each

microcategory within these macro categories, we combine re-

sults from Keyword Extraction and Topic Modeling to gather

candidate terms for the filter. We then use an LLM to remove

terms unrelated to each microcategory’s main topic using the

following prompt:

prompt= "Given the terms in the following list:
"+ <wordsList> +". Separate them into two
groups. In group 1, the terms with no
relation to the topic "+ <type> +". In group
2, the terms are related."

Listing 1: Prompt for separating candidate terms related to

the type of establishment

This prompt helps ensure consistent response formatting,

though some LLMs we tested did not follow the requested

format exactly. After completing this process for each macro

category, we add the words from group 2 to our generic words

list. We then apply this filter to each macro category corpus,

producing the final preprocessed corpus.

5.2 Candidate Terms Selection

We process each preprocessed corpus separately. For the

Food corpus, we group descriptions by microcategories, cre-

ating 58 domain-specific sub-corpora. For the Shopping cor-

pus, we create 6 sub-corpora corresponding to its microcate-

gories. We apply candidate term selection methods to each

3https://spacy.io/usage/linguistic-features#pos-tagging
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sub-corpus, building topic taxonomies where the microcate-

gory serves as the main topic.

5.2.1 Keyword Extraction

For our first candidate term selection approach, we use an un-

supervised keyword selection method called Yake! [Campos

et al., 2020]. This method selects the most relevant keywords

using statistical text features extracted from single documents.

It does not require training on a document set and is not depen-

dent on dictionaries, text size, language, domain, or external

corpora.

Yake! also allows for the specification of parameters such

as the language of the text, the maximum size of the n-grams

being sought, and others. In our method, we customized only

the language to Portuguese, and the maximum number of

keywords sought for each set of descriptions was 30 words.

After extracting keywords from each group of descriptions,

we obtained a total set of N candidate terms. However, these

terms are further filtered using an LLM, where we ask it

to separate the terms related to the main topic from those

unrelated, as explained in subsection 5.1.

5.2.2 Topic Modeling

In our second approach to collect initial topics and candidate

terms, we use Topic Modeling. We applied the Latent Dirich-

let Allocation algorithm [Blei et al., 2003], available in the

Gensim Library4.

We construct a dictionary for each macro-category corpus

in our macro-categories corpora by extracting unique tokens

and bigrams. After a few empirical tests, we set the minimum

frequency of a bigram to 20 occurrences. Since some corpora

have a minimal number of tokens (the micro category ”Greek

Cuisine” from the Food macro category has only five stores

marked as such, with a corpus of only 127 tokens), we had to

set a reasonably small number so that smaller corpora could

also have a few bigrams. With the resulting dictionary of

tokens, the LDA algorithm was applied. Three main param-

eters are to be defined in an LDA algorithm: the number of

topics, alpha, and beta.

The number of topics defines the latent topics to be ex-

tracted from the corpus. The parameter alpha is a priori

belief in document-topic distribution, while beta is a priori

belief in topic-word distribution.

To define the number of topics for each micro category

corpus, we tried numbers from 1 to 5, constantly checking

which configuration would result in the best average topic

coherence for that corpus. Small corpora would have 1 or 2

topics, while bigger ones would have 5. To correctly define

the alpha and beta priors, we would have to analyze the

distribution for each category corpus [Wallach et al., 2009].

Since this would be rather difficult, we set those priors to

be auto-defined by the LDA algorithm, which learns these

parameters based on the corpus. We select the terms with the

highest coherence with the resulting topics. Each topic returns

20 words with their coherence scores, but we do not use all

of them as some have very low coherence. After testing a

4https://pypi.org/project/gensim/

few configurations for each topic, we select 60% of the terms

with the highest coherence within that topic.

With initial terms for each topic taxonomy, we ask an LLM

to separate the ones closely related to the main topic from

those unrelated, as mentioned earlier.

5.3 Hierarchy Construction

After post-processing candidate terms from both selection

methods (subsection 5.2), we merge and deduplicate them.

This produces term lists for each microcategory within both

macro categories, representing our initial topic taxonomies

without hierarchical relationships.

To establish hierarchies, we employ an LLM with the fol-

lowing prompt to search for sub-categories within the terms

of a topic to create these hierarchies:

prompt="Create a dictionary by hierarchically
arranging the following words:" + <wordsList>
+." Use JSON format as the output, such as
the following: {\"key\": [\" list of
words\"]}"

Listing 2: Prompt for creating a hierarchy for each list of tags.

This prompt ensures consistent response formatting for easier

processing. The resulting output gives us hierarchical topic

taxonomies for both Food and Shopping categories. Exam-

ples of resulting taxonomies for the Shopping macro category

are presented in Appendix A.

5.4 Merchant Tagging

With the topic taxonomies for both Food and Shoppingmacro-

categories, we can now assign tags to merchants/establish-

ments. To do so, we use the descriptions attached to these

establishments, and we see which terms from a taxonomy

are mentioned in their descriptions with a reverse index algo-

rithm. We employ the taxonomy whose topic is the same as

the establishment’s micro category, as shown in Figure 1.

Shopping

Clothing & Accessories
Paper Supplies & Books

Toys
Electronics

Sports Goods

Clothing & Accessories

Fashion

Fashion

Accessories, Pieces, Bags,
Style, Shoes, Sandals,

Wardrobe, Models, Clothes,
Shirts, Comfort, Sneakers,

Women, Ballet Flats,
Slippers, Men, Summer,

Flip Flops, Polo Shirt, Accessorie, Belts,
Outlet, Backpacks, Skirts, Piece,

Craft, Boots, Prints

Tags assigned to establishments from the
"Clothing & Accessories" micro category

Merchant 1

Fashion
Accessories

Clothes
Style

Women
Bags

Backpacks
Sneakers

Fashion
Accessories

Models
Shoes

Sneakers

Merchant 2

Figure 1. Tags assignment based on generated topic taxonomy for micro-

category Clothing and Accessories of macro Shopping. “Merchant 1” and

“Merchant 2” are establishment names censored for copyright reasons.

6 Taxonomy Expansion

Another essential part of our method is the automatic expan-

sion of existing taxonomies as new terms arrive, derived from
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additional merchant scrapped data, as shown in Section 4. In

this section, we present our approach to taxonomy expansion

by using instruction-based LLMs.

As new transactions may include new businesses, new

terms can emerge from the descriptions obtained through

the scraping process. Therefore, we need to update the tax-

onomies with these new terms, maintaining and enriching the

created hierarchies with the potential new terms.

After completing the transaction enrichment process, in-

cluding the search for business descriptions and the selection

of candidate terms, if relevant terms not included in the current

hierarchies are detected, we initiate the expansion process.

6.1 Prompt engineering instruction for taxon-

omy representation

First, we represent our topic taxonomies in a format that can

be interpreted by an LLM. We employed a generic prompt,

illustrated below, across all tested methods to convert topics

into root nodes and their terms into child nodes.

Childs of [ROOT]: [CHILD1,CHILD2,CHILD3]
Childs of [CHILD1]: [CHILD4,CHILD5]
Childs of [CHILD2]: [CHILD6]
...

Listing 3: Prompt for representation of taxonomy

6.2 Predicting the parent of a node

To experiment with taxonomy expansion, we used two

datasets: our Food and Shopping topic taxonomies and the

taxonomies from SemEval-2015 Task 17 [Bordea et al., 2016]

(Equipment, Food, and Science). Those are low-resource

taxonomies, with thousands of nodes at max, which are ap-

propriate for the current prompt size of LLMs. We used the

SemEval dataset to compare the results with well-established

methods for taxonomy expansion, such as Musubu [Takeoka

et al., 2021]. Similar to their experiments, we hid 20% of the

terms (chosen randomly) in the taxonomies to predict their

respective parent nodes. To verify the parent/root of a new

term, we used the following prompt:

Listing 4: Prompt for searching for a node’s parent

prompt="Who is the father of "+<new_term>+"?"

In Table 2, we see the F1-Scores for parent node prediction.

Equation 1 showcases how to calculate the F1-Score. TP

is the number of true positives, nodes that were correctly

assigned as parents of child nodes. FP is the number of false

positives, nodes that were incorrectly assigned as a parent to

a child node. FN is the number of false negatives, nodes that

should have been assigned as parent nodes but were not.

F1 = 2 ∗ TP

2 ∗ TP + FP + FN
(1)

For baseline models, we used Bert and Musubu; for com-

mercial LLMs, Gemini Pro and GPT-4; and for open-source

LLMs, LLama-Alpaca(7B), Phi-2, and Mixtral 8x7B. We

evaluate them in 3 taxonomies from the SemEval dataset and

Method Equipment Food Science Food Shopping

Gemini Pro 0.80 0.91 0.72 0.89 0.73

GPT-4 0.78 0.89 0.70 0.87 0.71

Mixtral-8x7B 0.63 0.80 0.57 0.74 0.60

Phi-2 0.52 0.68 0.56 0.64 0.54

LLama 7B 0.42 0.58 0.46 0.60 0.49

Musubu 0.46 0.37 0.42 0.21 0.13

Bert-Base 0.14 0.12 0.16 0.11 0.06

Table 2. F1-score for parent node prediction.

our taxonomies. For each taxonomy, the LLMs perform sig-

nificantly better than Musubu, with GPT-4 and Gemini Pro

having the highest F1-Scores, with the latter beating the for-

mer by a few points. However, the most recent open-source

options (Phi-2 and Mixtral 8x7B) are getting close in perfor-

mance.

It is important to note that while SemEval taxonomies have

thousands of nodes, ours have only a few hundred, which we

can assume is a significant reason for the degrading perfor-

mance of Musubu and Bert (LMs or LM-based methods). In

contrast, the LLMs have a robust performance in such low-

resource settings. This also shows that LLMs have a remark-

able understanding of questions and zero-shot performance,

generalizing well even for datasets in different languages.

Furthermore, we wanted to test the performance of newer

models, so we also conducted a new experiment for tax-

onomy expansion, elaborating a new prompt as shown in

Listing 5, and using more recent LLMs, such as Llamma

3.1 70b, Mixtral-8x7B-Instruct-v0.1, gpt-4o-2024-11-20, and

Deepseek Chat in a portion of the SemEval 2015 Task 17

dataset. The modification made to the prompt consists of

adding a request to perform a certain type of self-consistency

when selecting the parent node, taking into account possible

sibling nodes.

Listing 5: Updated prompt for searching for a node’s parent

prompt="Who is the parent of "+<new_term>+"?
Check if it fits with its siblings."

Although we used newer models with more parameters

and attempted to improve the prompts, the results shown in

Table 3 did not demonstrate any improvements compared

to the previous experiments in Table 2. This outcome may

be due to the 20% subset of the dataset we used, which was

selected randomly and could have included more difficult

examples. To address this, in future work, we intend to adopt

k-fold testing, allowing us to evaluate the entire dataset.

Equipment Food Science

Meta-Llama-3.1-70B-Instruct-Turbo 0.60 0.57 0.62

mistralai/Mixtral-8x7B-Instruct-v0.1 0.30 0.49 0.51

gpt-4o-2024-11-20 0.70 0.71 0.69

deepseek-chat 0.69 0.65 0.58

Table 3. F1-score for parent node prediction on SemEval-2015 Task

17 using recent models.

We did not apply this approach to all taxonomies and LLMs

due to the associated costs. For example, testing the taxonomy

expansion part of our method using only the Food taxonomy

of the SemEval dataset, which contains around 1.500 nodes,

incurred a cost of about 5 dollars with a cheaper model such

as LLaMA 3.1 70B Turbo. Running the same tests for more
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expensive models and across all three SemEval taxonomies

would cost approximately 90 dollars. Therefore, we decided

to save these tests for future work, when we can reduce costs

by hosting the models on our own servers.

Table 4 shows a detailed cost breakdown of the newer

models used in the new experiment, shown in Table 3. Given

these limitations, we continued using the results from previous

experiments with Gemini Pro, as it produced the best overall

performance.

Provider Model Input Price Output Price

MetaAI Llama-3.1-70B-Instruct-Turbo $0.88 $0.88

MistralAI Mixtral-8x7B-Instruct-v0.1 $0.60 $0.60

Deepseek deepseek-chat (V3) $1.25 $1.25

OpenAI gpt-4o $5.00 $20.00

Table 4. Prices of LLM calls per one million tokens. The first 3

models were accessed via the Together AI API, and the last one via

the OpenAI API. Prices accessed on July 18th, 2025.

7 Taxonomy Evaluation

To properly evaluate the topic taxonomies that we created in

this work, we developed a two-step qualitative evaluation of

a limited part of the results.

In total, 58 topic taxonomies were created for the Food set

and 6 for the Shopping set. For our evaluation, we selected

the topic taxonomies with the highest number of terms in each

part (the ”Brazilian Cuisine” taxonomy for the Food part and

the ”Clothing and Accessories” taxonomy for the Shopping

one). First, we assess the quality of removing generic terms

from each taxonomy, and then, we evaluate the tags assigned

to establishments based on that taxonomy. We asked 12

volunteers to answer a two-part form.

Part 1 - Accuracy of the terms that were selected as related

to the topic: In this part, we evaluate if the LLMs could

correctly group the relevant and non-relevant terms, removing

the generic terms. To do so, we defined a ground truth with

the relevant terms as true positives and the non-relevant terms

as true negatives. Table 5 shows the results.

Brazilian Cuisine Clothing & Accessories

Llama 2 7B 29.54% 52.78%

Phi 2 40.90 73.68%

Mixtral 8x7B v0.1 46.93% 70.27%

Gemini Pro 61.36% 86.11%

GPT 4 68.08% 86.84%

Table 5. Accuracy of using each LLM to remove generic words

from each topic taxonomy.

GPT-4 was the best model, followed by Gemini Pro, both

scoring over 60% accuracy for the Brazilian Cuisine taxon-

omy and over 86% accuracy for the Clothing and Accessories

taxonomy. Smaller language models such as Phi 2 and Llama

2 7B performed poorly both in removing generic terms and

in formatting the response accordingly, with Phi 2 being par-

ticularly verbose.

Part 2 - Human Evaluation of the Quality of the Tagging

Process:

To assess the appropriateness and coherence of tags as-

signed to establishments, we conducted an online opinion-

based study with 12 evaluators. We selected the micro cate-

gories ”Clothing & Accessories” from the Shopping macro

category and ”Brazilian” from Food, and for each micro cate-

gory, we selected the top five establishments with the highest

transaction volumes, along with their respective tags. Each

evaluator analyzed all tags assigned to a given establishment

and selected those they deemed appropriate.

We calculated the F1-score for each establishment, then

averaged the results across all 12 annotators (Table 6). The

F1-score provides a balanced measure of both the precision

and completeness of the tagging system. Figure 1 illustrates

the evaluated ”Clothing & Accessories” taxonomy, showing

two sample establishments and their assigned tags from the

study.

Brazilian Cuisine Taxonomy Clothing & Accessories Taxonomy

F1-score Number of Tags F1-score Number of Tags

Merchant 1 92.30% 10 97.11% 8

Merchant 2 94.23% 8 83.07% 5

Merchant 3 89.23% 5 94.38% 5

Merchant 4 87.17% 6 93.84% 5

Merchant 5 93.40% 7 97.43% 6

Table 6. Results of evaluating the tags assigned to each merchan-

t/establishment.

8 Conclusion

In this work, we presented an unsupervised method for au-

tomatically creating and expanding topic taxonomies using

LLMs. We evaluated some of the generated taxonomies and

applied them in transaction tagging in a retailer’s bank dataset.

The evaluation showed promising results, with an F1-score

above 90% for the two selected taxonomies. The taxonomies’

expansion with Gemini Pro also showed exciting results for

parent node prediction, with F1-scores of 89% and 70% for

Food and Shopping taxonomies, respectively.

For future work on taxonomy construction, we plan to

test more robust term selection methods, such as embedding-

based approaches. We also plan on conducting ablation stud-

ies to validate whether the keyword extraction and topic mod-

eling parts help improve the quality of the taxonomies created,

by using a baseline prompt to ask the LLM to generate child

nodes given a parent node. In terms of taxonomy expansion,

there are several tasks to explore, ranging from node-level op-

erations to generating entire sub-trees and identifying similar

structures. Additionally, we intend to enhance our instruction-

tuned LLM for taxonomy tasks by fine-tuning or employing

more efficient methods such as LoRA [Hu et al., 2021].

Limitations

To discuss the limitations of our work, we begin with the

taxonomy construction component. In this phase, we relied

on topic modeling and keyword extraction to select candidate

terms for our taxonomies. The LDA algorithm used for topic

modeling performs suboptimally when the base corpus is

small. Some of our topics had corpora with vocabularies of

fewer than 100 words, which can result in topics containing

irrelevant or incoherent terms. Additionally, we could have
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further experimented with the LDA hyperparameters for each

micro-category corpus.

Regarding the evaluation of the generated taxonomies, we

did not assess topic completeness. Without a ground truth, it

is challenging to quantify how comprehensively the terms in

a taxonomy cover the main topic. Furthermore, we evaluated

only 2 of the 64 taxonomies generated by our method, leaving

a substantial portion unexamined.

In the taxonomy expansion experiment, we evaluated only

a low-resource settingwith fewer than a thousand nodes. Most

studies focus on taxonomies with hundreds of thousands or

more nodes. This presents a challenge for LLMs due to their

limited context.

Ethics Statement

In this work, we ensure the utmost protection of customers
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A Taxonomies Examples

Below, we present the final constructed taxonomies for the

macro category Shopping, with each taxonomy representing

a hierarchy for a micro category.

Micro category: Gifts

Gifts fashion clothing

handbags

backpacks

fashion items

jewelry fine jewelry

semi-fine jewelry

costume jewelry

bijoux

accessories earrings

mugs

vases

home decor baskets

vases

souvenirs souvenirs

keepsakes

Micro category: Sports Gear

Sports Gear sports athletes

teams

supplements

surf

racket

apparel clothing

fashion

sneakers

sportswear

jersey

accessories accessories

soccer cleats

brands adidas

models models

Micro category: Stationery & Bookstore

Stationery & Bookstore stores bookstores

stationery shops

supplies ink cartridges

papers

accessories

backpacks

pencil cases

editing

copying

notebooks

craft supplies

planners

plotting

photography

texts

fair

finishing

solutions

office

retail

solution

supplies

printing

paper

products book

backpack
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Micro category: Clothing & Accessories

Clothing & Accessories fashion apparel

accessories

items

clothing

style

sunglasses

shirts

models

wardrobe

shoes

comfort

belts

manufacturing

lingerie

retail

closet

backpacks

summer

jewelry

costume jewelry

earrings

footwear

watches

accessory

piece

sneakers

sandals

skirts

socks

women handbags

shirt

Micro category: Toys

Toys toys action figures

babies

clothing

characters

patrol

classics

childhood

embroidered toys

figure figure

Micro category: Electronics

Electronics electronics accessories

parts

cell phones

two-way radios

retail

cases

systems

automation

models

tech

tv

adapters

chargers

input devices

games

solutions

case

tablet

cover

electronics repair

home appliances

notebook

chargers

printers

installation

smart devices
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