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Abstract

In agile software development, it is common to employ user stories to capture requirements. Specifying require-
ments in structured natural language has the advantage that requirements are easily understood by domain
experts. As requirements evolve and become more complex over time, their analysis also becomes more difficult.
Requirement specifications in the form of knowledge graphs have been proven to be useful to partially automate
this analysis and make it more manageable. There are related works that automate the translation of user stories
into knowledge graph representations, making the previous manual translation less error-prone and more efficient.
A recent approach of Arulmohan et al. employs large language models (LLMs) to automate the translation and
compares it with alternatives based on dedicated Natural Language Processing (NLP). A large experiment revealed
that the latter outperformed the LLM-based solution.

Because of the stochastic nature of LLMs, the fact that they evolve over time, and the availability of different
LLM providers (i.e., organizations that provide access to an LLM such as OpenAlI (GPT) and Meta (LLaMA)), the
same experiment run today or with another LLM would generate different results. For this reason, in this paper
we present an end-to-end automated approach for an LLM-based translation that is provider-agnostic and can be
easily (re)evaluated against a given ground truth. We explain the design and implementation of our solution
based on the LangChain framework. We, moreover, present an evaluation script and we report on experiments
that we have performed using the script with different LLM providers. We could show that some of the LLMs are
indeed able to close the gap compared to a dedicated NLP approach. We conclude the paper with a discussion of
the consequences of LLM-based automated requirements processing.

Keywords
Knowledge graphs, Requirements, LLMs, Langchain

1. Introduction

User stories [1] are commonly used in agile software development to capture requirements in semi-
structured natural language. They are also known as backlog items, within the Scrum framework [2].
They describe both the functionality desired by specific stakeholders and the value they provide from
the perspective of these stakeholders. Typically, they follow the Connextra format [1]:

As a <PERSONA>, I want <ACTIONS over ENTITIES> so that <BENEFIT>.

User stories have the advantage that any stakeholder can support their specification and validation
more easily. When a backlog containing user stories grows, it is difficult to get a structured overview
over all requirements, which may lead to development delays [3]. Previous work therefore investigates
the translation of user stories into more formal requirement specifications such as domain models
or knowledge graphs [4, 5], enabling their automated requirement analysis, for example, to detect
inconsistencies, overlaps or dependencies. A recent approach [6] uses large language models (LLMs)
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Figure 1: Knowledge graph (KG) architecture for a product backlog [6] (left) and User story as KG (right)

to support knowledge graph extraction from user stories. The extraction is illustrated on a user story
example in Figure 1. On the right, a user Story is depicted as the central node of the graph, and the
colored nodes and further relationships depict how this user story can be decomposed into nodes and
edges following the knowledge graph architecture for product backlogs on the left. The Product and
Backlog nodes are omitted for simplicity from the graph on the right, containing only one user story.

Using a curated dataset [7] as ground truth!, Arulmohan et al. [6] compared their LLM-based solution
with Visual Narrator [9], NLP open-source software using techniques such as Part-of-Speech tagging
and rule-based extraction, and a Conditional Random Fields (CRF) [10] model, a statistical model that
can be used to predict patterns based on their context. The results showed that while Visual Narrator
performed reasonably well in identifying personas and actions due to their predictable positions within
the text, it struggled with entity extraction, often misidentifying or omitting them. The LLM-based
solution demonstrated a substantial improvement over Visual Narrator in all categories. It required
significantly less development effort and achieved superior results, particularly in identifying actions.
However, their solution was outperformed by the CRF-based model, trained specifically for this task.
The LLM-based solution was still considered a promising approach for rapid prototyping.

Because of the stochastic nature of LLMs, the fact that they evolve over time, and the availability of
different LLM providers (i.e., organizations that provide access to an LLM such as OpenAl (GPT) and
Meta (LLaMA)), the same experiment run today or with another LLM would generate different results.
Consequently, we explored in this paper if we can come up with an LLM-based end-to-end automated
approach for the knowledge graph extraction that is provider-agnostic and can be easily (re)evaluated
against a given ground truth. We explain the design and implementation of our solution based on
the LangChain framework in section 3. LangChain [11], a robust open-source Python framework for
developing LLM-powered applications, provides connectivity to various LLM providers and offers a
declarative syntax to manage complex LLM interactions. We designed and implemented a custom-
made module focusing particularly on knowledge graph extraction. Moreover, our solution relies on
LangChain for defining a prompt template in advance such that input user stories can be dynamically
added to the prompt, interacting with API via chains standardizing and automating input feeding to LLMs
and processing their outputs, and using pre-built modules facilitating various tasks such as configuring
LLMs, performing data transformations, and interacting with external databases (e.g., Neo4j [12]).
In section 3, we concentrate on explaining the details of our custom-made module as well as prompt
template definition. Finally, we also present an evaluation script that enables systematic and automated
(re)evaluation against a given ground truth, and we use this script exemplarily in two experiments
using different LLM providers in section 4. We could show that some of the LLMs are indeed able to

'Based upon a requirements dataset by Dalpiaz et al. [8], consisting of 22 product backlogs containing 1679 user stories.



close the gap compared to the CRF approach [6]. We conclude the paper in section 5 with a summary
of our contribution, a discussion of the obtained results and an outlook. This work is based on a master
thesis [13], where more details to the approach and its evaluation can be found.

2. Related Works

In this section, we describe the two main streams of research related to ours: i) domain modeling using
artifacts, such as ontologies and knowledge graphs to represent the requirements extracted from user
stories [14]; and ii) the use of LLMs to support requirement engineering [15, 16].

For what concerns stream i), A user story modeling ontology was proposed by Mancuso et al. [4],
which created a domain-specific modeling language and integrated it into the AOAME modeling tool,
resulting in a visual user story. Ladeinde et al. [5] also proposed the use of knowledge graphs to model
user stories. Their approach uses NLP techniques to extract the role, goal, and benefit, and model them
into an ontology. Arulmohan et al. [6] extracted knowledge from user stories using LLMs, specifically
ChatGPT 2, and modeled them into knowledge graphs. The knowledge graph proposed by Arulmohan
et al. [6] is considered more comprehensive and flexible compared to the models of Mancuso et al. [4]
and Ladeinde et al. [5], as the former lacks general node types, which complicates querying, while the
latter extracts only three node types and does not standardize relationship type.

Regarding stream ii), White et al. [17] propose prompt patterns that leverage large language models
(LLMs), such as ChatGPT, to facilitate the elicitation and identification of missing requirements. This
approach helps capturing user needs more comprehensively during the early stages of software devel-
opment. Endres et al. [18] explore the use of LLMs to formalize requirements from natural language
intent. This approach holds promise for streamlining the transition from user stories to formal specifi-
cations, improving clarity, and reducing ambiguity. Arulmohan et al. [6] pioneered a distinct technique,
differing from traditional NLP methods, to model user stories by applying LLMs, specifically ChatGPT.
While they propose a framework for transforming requirement concepts into a comprehensive domain
representation, they do not address the specific challenge of knowledge graph creation.

In this paper, based on the limitations from both streams, we explore the potential of LLMs for
extracting knowledge from user stories and representing this knowledge using knowledge graphs.

3. Approach

3.1. Overview

Our solution automates an end-to-end process, from receiving a backlog, over translating the user
stories in the backlog into a graph document, to visualizing the translated knowledge graph in the
Neo4;j [12] graph database. It starts with configuring the LLM, a required input of the USGT module
(cf. activity 1 in the BPMN model in Figure 2). The LLM configuration specifies the connection to the
LLM API via the LangChain framework [11], which offers the possibility of connecting to several LLM
providers®. Then it transforms a user story into Document format, applying a LangChain ready-made
function to convert the user story into a Document object type that is required for LLM interaction
(cf. activity 2 in Figure 2)). Then our newly developed UserStoryGraphTransformer (USGT) module
(cf. activities 3 and 4 in Figure 2) interacts with the selected LLM and generates a Graph Document
from the user story Document it is provided with. We will explain in more detail the USGT module
in subsection 3.2. Finally, the Graph Document is stored in the Neo4j database by using LangChain’s
Neo4j integration to establish a connection with the database and ingest the extracted knowledge graph
(cf. activity 4 in Figure 2).

An example of the knowledge graph extracted from “As a student, I want to learn how to code, so that
I can build my own projects.” is depicted in Figure 3, the user story represented by the grey, the persona

%https://platform.openai.com/docs/models/gpt-4
*https://python.langchain.com/docs/integrations/chat/
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Figure 3: Neo4j snapshot of knowledge graph extracted from example user story.

by the blue, the actions by the red, the entities by the green, and the benefit by the pink node(s).

3.2. UserStoryGraphTransformer Module

We developed the UserStoryGraphTransformer (USGT) module as a specialized module to extract
knowledge graphs from user stories using arbitrary Large Language Models (LLMs). LangChain’s
prebuilt LLMGraphTransformer module automates the construction of knowledge graphs from text data
using an LLM. The LLMGraphTransformer struggled to fully extract nodes and relationships from user
stories due to the fine-grained, domain-specific ontology required and the high information density,
exceeding the capabilities of general knowledge graph extraction. We customized it to more effectively
capture the specific structure and relationships within the user stories. The USGT module processes
each user story independently. This decision aligns with the INVEST criteria. This decision is further
supported by the related study of Arulmohan et al. [6], where researchers found that when the LLM
was provided with a list of user stories, it tended to confuse nodes between different stories and even
generated misinformation.

The USGT module, as illustrated in the component diagram in Figure 4, comprises two main compo-
nents: the LLM Connector and the Graph Transformer.

The LLM Connector receives as input a user story and an LLM configuration. The user story is a
textual input in a Document format, while the LLM configuration, defined by the user, specifies the
LLM provider and the model to be used. This configuration enables communication with the LLM
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Figure 4: Component diagram of the UserStoryGraphTransformer module.

API by sending requests and receiving responses. Upon receiving these inputs, the LLM Connector
uses Prompt Templates to define prompts that guide the LLM to identify and extract the desired nodes
and relationships from the user story, and LangChain chains are used to interact with the LLM. As an
output, the LLM Connector delivers the LLM-derived components of a knowledge graph, composed of
nodes and relationships. The Graph Transformer processes the LLM-derived components, enriching it
with additional information, and converting nodes and relationships into a Graph Document suitable
for ingestion into the graph database. It ensures that the knowledge graph components extracted using
the LLM Connector adhere to the ontology constraints and formats. The Graph Document is a special
data structure to represent a Knowledge Graph that is required to be ingested by the Neo4j database.

When analyzing the knowledge graph architecture (cf. Figure 1), we identified several opportunities
to streamline the LLM’s workload, saving up resources, such as API costs and processing time, while
also improving accuracy. The userstory node represents the input itself and, therefore, does not require
further processing by the LLM to be represented as a node in the knowledge graph. Instead, it is handled
by the Graph Transformer component, by enriching the LLM’s extracted nodes with this userstory
node by default. Additionally, some relationships can be logically inferred from the existing nodes. For
instance, if the LLM is able to extract a persona node, the has_persona relationship can be established
with certainty. The same logic applies to has_action, has_entity, and has_benefit relationships. The
logical inference of relationships allows the LLM to concentrate its resources on extracting more
complex relationships - specifically triggers and targets — that demand a deeper semantic understanding
of the user story content. The LLM Connector therefore guides the LLM to only extract the persona,
action, entity, and benefit nodes and the relationships triggers and targets. The Graph Transformer is
responsible for enriching the knowledge graph with the userstory node and for deriving the logically
inferrable relationships from extracted nodes from the LLM connector.

3.3. Implementation

We have implemented in Python the end-to-end process as depicted in Figure 2 and released it as
open source [19]. The us_graph_transformer.py file contains the core logic of the USGT module.
To facilitate its use and evaluation, the repository includes several supporting files. extractor.py
serves as the primary execution script, while evaluation.py calculates performance metrics using
the ground truth data from pos_baseline/. Data management is handled through template. json
(for input formatting) and the extracted-user-stories/ and evaluation/ directories (for storing
experimental outputs). We focus here on explaining implementation details of the custom-made USGT
module (see subsection 3.2).

Models like ChatGPT 3.5 from OpenAl support function calls and provide structured outputs in a
predefined JSON format, simplifying data processing and integration. However, models like Llama 3
by Meta do not have this capability, requiring more explicit prompts and examples to guide the LLM
toward a desired output structure. Therefore, the LLM Connector defines different types of prompt
templates after assessing if the selected language model supports it. For models that support function
calls, an output schema template is defined, containing nodes and relationship keys, whose values will
be filled out by the LLM response. If the selected model does not support function calls, additional
examples and detailed instructions are added to the prompt to guide the LLM to respond in a specific
JSON format. Then, the LLM Connector creates two separate prompts (main and benefit prompts):
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one for extracting the persona, action, and entity nodes and their relationships, and another solely for
extracting the benefit node. We made this separation because the first three node types are always
present in any given user story, ensuring that their relationships are consistently extracted. In contrast,
the benefit node is optional and does not participate in the relationships to be extracted by the LLM
(triggers and targets). By isolating the benefit node extraction into its own prompt, the extraction
performance and consistency were improved. To guide both prompts, the 6 Strategies for getting better
results by OpenAl [20] were used as a reference (accessed in November 2024). This guide is composed of
high-level principles, strategies, and specific methods, and tactics, that can be used to implement those
strategies. The purpose of applying these methods is to improve the chances of the LLM to produce
the desired outcome. Nine of the tactics were fully implemented, one was partially implemented, and
nine were not relevant or could not be applied in this solution. Key implemented tactics included:
instructing the model to adopt a specific persona, using delimiters to clearly define input sections,
explicitly specifying task completion steps, providing illustrative examples, and directing the model to
answer using provided reference text. The LLM Connector thus constructs two LangChain chains: one
for the main and one for the benefit prompts. It sends two requests (one for each chain) to the LLM API
and obtains the LLM responses, or LLM-derived components.

The main prompt uses two different roles, the system role to set the context, and the human role to
provide the input, in this case, the user story. The context part is structured into six different parts:
Overview: Directs the model to assume the role of a requirements engineer and establishes the task
context. Nodes: Introduces the concept of a node, describes the three possible node types (Persona,
Action, and Entity), and provides detailed instructions for extracting all relevant nodes from the user
story. Relationships: Specifies what constitutes a relationship, presents the two possible relationship
types (TRIGGERS between Persona and the main Action, and TARGETS between Action and Entity), and
emphasizes that no other relationships should be extracted. Coreference Resolution: Reinforces the
importance of maintaining consistency and coherence across extracted nodes and relationships. Strict
Compliance: Stresses the necessity for the model to adhere strictly to the given instructions. Example:
Provides an example of a user story, illustrating the extracted nodes and relationships to guide the
model’s output. We show an excerpt of the main prompt in Listing 1) focusing on node extraction. The
complete listing of the prompt is in our repo [19], in the file us_graph_transformer.py.

system_prompt = (
W

Knowledge Graph Constructor Instructions \n

## 1. Overview \n

You are a specialized requirements engineer, who understands about scrum framework. Your task is to
analyze and extract nodes and relationships from user stories to build a knowledge graph.

You have to extract as much information as possible without sacrificing accuracy. Do not add any
information that is not explicitly in the mentioned user story. \n

## 2. Nodes \n

Nodes represent concepts in a user story. Given a user story, you need to extract: Persona: there is only
one persona node per user story, introduced as 'As a *persona*,'. Actions: are all verbs in the user
story that describe what the persona desires to do (e.g. move on, access, have). Extract the verb
only, without modifiers. Entities: are nouns and each noun must be extracted as a separate entity,
even if they seem related or grouped. Include any modifiers that clarify the entity (e.g. library
database, domain). \n

**Consistency*+*: Ensure you use available types for node labels, you necessarily extract at least 4 nodes:
persona, action, entity.\n

**Node IDs**: Never utilize integers as node IDs. Node IDs should be names or human-readable identifiers
extracted as found in the user story.\n

**Extract all actions and entities*+*: capture every action and its corresponding entity.\n

*%Separate verbs*+#: consider each verb as a distinct action and its objects as related entities.\n

## 6. Example \n

)

default_prompt = ChatPromptTemplate.from_messages([("system",system_prompt), ("human", ("Use the given
format to extract information from the following input: {input}" )) ])



Listing 1: Main prompt design: node extraction

In addition to the main prompt, five examples were included to to illustrate the expected output
format (cf. Listing 2) and guide the LLM in cases where function call support is not available. Thereby,
text represents the input user story, head and tail correspond to the extracted nodes, head type and tail
type indicate the type of each node, and relation specifies the relationship between them.

{

"text": "As a business owner, I want to give my inputs on the product development.",
"head": "business owner",

"head_type": "Persona",

"relation": "TRIGGERS",

"tail": "give",

"tail_type": "Action",

Listing 2: Example of expected output when function call is not supported.

The benefit prompt, is much simpler, as it has a single objective: to extract the benefit node, if present.
We refer to our open-source repository [19] (file us_graph_transformer.py) for the listing of the
benefit prompt. It is structured into the following three components: Overview: Instructs the model to
assume the role of a requirements engineer and provides context for the task. Benefit: Defines what
constitutes a benefit sentence within a user story and directs the model to extract it only if it is explicitly
stated. Examples: Provides two examples of user stories—one where the benefit node is present and
can be extracted, and another where it is absent, prompting the LLM to return an empty response.

Once the Graph Transformer receives the LLM-derived knowledge graph components from the LLM
Connector, again their processing depends on the LLM’s support for function calls. If the LLM supports
function calls, the LLM response is already structured into JSON format, and the nodes and relationships
can be directly accessed. In the other case, the LLM response cannot be structured into a JSON format.
It is a string, and if the LLM followed all the instructions provided, it is possible to parse this string
into a JSON format. Both scenarios result in a knowledge graph components object, which contains
the nodes and relationships extracted by the LLM. The nodes’ list is enriched by adding the input user
story as a node. Subsequently, the complete nodes’ list is converted into a list of Graph Node objects.
As mentioned earlier, the logically inferable relationships from existing nodes has_benefit, has_persona,
has_entity and has_action are derived and combined with the explicitly extracted relationships from the
knowledge graph components before converting them into graph relationships. Finally, the extracted
graph nodes and relationships are combined into a graph document.

4. Evaluation

We developed an evaluation script (evaluation.py in [19]) that automatically extracts comparison
data supporting the users of our solution to answer the following two research questions (RQs).

RQ 1. How does the accuracy of knowledge graph extraction of our solution differs when
configuring it with different LLMs?

RQ 2. How does the accuracy of knowledge graph extraction of our solution configured with a
specific LLM compares with the CRF and Visual Narrator solution as presented in [6]?

We exemplarily answer both RQs by using the same dataset [7] as employed for experimentation by
Arulmohan et al. [6] as ground truth. This means that we used a cleaned version of the annotated dataset
[7], representing 87% of the complete version, to ensure comparability of our results with their results
(cf. RQ2). Our evaluation script can be easily generalized to work with a different ground truth. The
evaluation script’s input expects a JSON structure mirroring that of template. json in [19], allowing
for flexible evaluation against diverse ground truth datasets.



4.1. Evaluation metrics

We use a combination of multiple-classification (MC) metrics, such as F-measure and token-similarity
(TS) metrics, such as BERTScore [21]. The MC metrics evaluate the LLM’s ability to categorize texts
into various groups, each representing a label. The TS metrics measure the semantic similarity between
the LLM’s generated text and a reference. The metrics are calculated at the user story level but are
averaged across the backlog to provide a broader perspective. This approach ensures that the evaluation
considers variations in context and patterns across different backlogs.

We calculate the MC metrics recall, precision and F-measure. As a prerequisite it is essential to define
what qualifies as a correct output from the LLM. We adopted the criteria outlined by Arulmohan et
al. [6], utilizing three comparison modes: strict, inclusive, and relaxed. The strict comparison considers
a result correct when the LLM produces the exact same response elements as the ground truth, the
inclusive comparison adds some flexibility and considers the LLM’s output as a superset of the ground
truth, and the relaxed comparison ignores adjective qualifiers and considers plurals as singulars as the
same. In addition to the experiment by Arulmohan et al. [6], we added the evaluation of the benefit node.
The MC metrics were calculated for the strict and inclusive modes, but not for the relaxed mode because
of missing Part-of-Speech annotations on the ground-truth dataset. Based on the three comparison
criteria, each knowledge graph (KG) component generated by the LLM can be classified as follows: True
Positive: An element that is considered equivalent to the ground truth. False Positive: An element
that was incorrectly identified by the LLM, as it should not have been included. False Negative: An
element that should have been identified by the LLM but was not, indicating a missing component.

As TS metrics (as opposed to [6]), we chose BERTScore [21] to assess the quality of the extracted nodes.
While other metrics like Perplexity, BLEU, ROUGE, and METEOR exist, their reliance on token overlaps
and n-gram matches makes them less suitable for our dataset, which contains many single-token actions
and entities. Because these lexical similarity metrics do not fully capture semantic relationships, they
are less effective when lexical information is limited. BERTScore provides a more relaxed evaluation by
using contextual embeddings to capture deeper meaning and assess semantic similarity.

4.2. Experiments and results

Our first experiment uses our evaluation script to exemplarily answer RQ 1 for two different LLM
providers: the first is Llama 3 8B by Meta, an open-source, cost-free for research purposes and highly
powerful model, and the second is GPT-40 mini, the most cost-efficient small model by OpenAl We
have chosen these models because Llama 3 does not support function calls, while GPT-40 mini does
support this functionality, therefore demonstrating the versatility of our solution to work with different
LLM providers. For the LLM configuration, both models, Llama 3 and GPT-40 mini, were set to a
zero temperature. This configuration parameter is necessary to control the stochasticity of the output,
making it more consistent and predictable, since the output of the LLM is non-deterministic. Our
experiment involved configuring the LLMs and running the extractor.py script to apply the USGT
module to extract knowledge graphs from all the user stories within the 22 product backlogs, and then
evaluating the results against the ground truth.

We only show detailed results from our evaluation in the strict mode in Table 1 and report on
average results for the inclusive and relaxed mode (see Figure 5). We refer to the folder user-story-
extractor/evaluation in our repo [19] for the evaluation details on the other modes. In the strict
mode comparison (Table 1), GPT-40-mini outperforms Llama 3 in extracting all node types except for
benefit, where Llama 3 shows a slightly higher performance. On average, Llama 3 struggles primarily
with entity and action extraction in this mode. A detailed analysis of the data reveals that Llama 3
frequently mishandles noun qualifiers and verb complements, both of which are critical in this strict
mode. Additionally, a significant performance gap is observed in backlog g02 for benefit extraction.
Upon closer inspection, many user stories in this backlog did not have a benefit to extract, yet Llama 3
either attempted to extract other parts from the story or produced hallucinations as the benefit node.

Moving to the inclusive and relaxed modes, both models show improved scores across all categories



Table 1
Strict comparison of F-Measures for GPT-40-mini and Llama 3.

Model Persona F-Measure Entity F-Measure Action F-Measure Benefit F-Measure
GPT-40-mini 0.998 + 0.01 0.786 + 0.06 0.726 + 0.13 0.853 + 0.11
Llama 3 0.964 + 0.05 0.500 + 0.10 0.617 £ 0.12 0.855+0.13
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Figure 5: Average comparison of node extraction using GPT-40-mini (on the left) and Llama3 (on the right)

as expected (see Figure 5). However, GPT-40-mini continues to lead with a more consistent performance
across all categories, maintaining its edge in benefit extraction in the inclusive mode. The BertScore
comparison mode brings the semantic alignment perspective, and in this case both models show a good
performance (see [19] for concrete evaluation data). Overall, GPT-40-mini (Figure 5) demonstrates
superior performance across all evaluated categories, with consistently higher F-Measure scores. Even
though it doesn’t have a perfect F-measure when comparing exact string matching, it proves capable in
capturing semantic alignment, particularly in the benefit node, which poses a great challenge since it
has many elements to be extracted. Llama 3, while competitive, exhibits greater variability.

Our second experiment aims to answer RQ 2. We used GPT-4 turbo in this experiment as LLM. We
conducted it using the same dataset and a zero temperature configuration on the LLM. The earlier
study employed Conditional Random Fields (CRF), a tailored machine-learning approach trained on 20%
of the dataset. This method outperformed all GPT models (GPT-3.5-turbo-0125, GPT-3.5-turbo-0613,
GPT-4-0125-preview, and GPT-4-0613) and the Visual Narrator technique. When comparing CRF to
GPT-4-turbo using our solution, CRF still leads in performance; however, the gap has narrowed under
the same evaluation metrics, making LLM-based solutions a competitive alternative, in principle.

The results reported for RQ 1 and 2 show that our solution is able to successfully extract nodes and
relationships from user stories according to the specific ontology proposed, however the adherence to
the ontology, and therefore, the quality of the results depends on the chosen large language model.

5. Conclusion & Discussion

In this work, we focused on making available LLMs for tasks related to requirements extraction, more
precisely, the reification of knowledge graphs out of user stories backlogs. By abstracting the task
under study from the LLM provider, we offered an easy way to select the “best” provider for a given
task, as well as extended validation using a reference ground truth. We observed that LLMs have
strengths and weaknesses depending on the part of the story to extract, which reinforces the need to
be able to seamlessly switch between providers (RQ1). By comparing LLMs to a ground truth and a
non-LLM-based approach, we observed that if a supervised approach such as CRF ends up being more
efficient in terms of training and computation, LLMs tend to be close to these performances but do not
require annotation, which can be helpful in some scenarios.



Threats to validity. One limitation concerns the evaluation against the ground truth. We reused
existing benchmarks from non-LLMs approaches to compare our work with the state of practice, leading
to an incomplete evaluation. Although the data set was annotated through a rigorous process, the exact
annotation of node elements remains somewhat subjective, according to their intrinsic nature. For
example, one would consider that out of the text “T want to add type information to my data”, one might
consider the entity to be the “type information”, while others might consider “data”, as it includes the
former. This subjectivity poses a threat to construct validity, as the evaluation might not consistently
reflect the true quality or correctness of the extracted knowledge graph components. This is in general
mitigated by the operational scale (e.g., thousands of stories) and a choice of evaluation metrics that is
robust to small variations. Another limitation is the nondeterministic nature of LLM outputs. Even
with model parameters such as the temperature set to zero, responses from the LLM may vary across
executions. This variability impacts internal validity, as it can lead to inconsistent experimental results,
making it difficult to attribute the results solely to the factors being tested. Moreover, it affects the
external validity, as the same approach might yield inconsistent results when applied in different settings
or with alternative data sets. Finally, the evaluation of the knowledge graph focused solely on the
extraction of the nodes, as the extraction of relationships was not evaluated in previous comparable
work [6].

Discussion. To determine the most assertive approach, it is necessary to consider specific use
cases and contexts. For tasks that require constant updates, flexibility, or are part of larger, dynamic
systems, LLMs may offer advantages and come with the immediate benefit of not necessitating any
further annotation or data curation for training. But if this free-lunch approach (no need to build a
ground truth) can make sense for prototyping proof-of-concepts, in the long run, it triggers privacy
and security issues: requirements are often trade secrets, and, as such, using an LLM without proper
due diligence might be an issue. This benefit might be impacted if the model has to be fine-tuned.
Another issue is related to the difficulty of properly evaluating the outcome. In addition to lack of
determinism, not having a proper ground truth for the tasks considered could alter the evaluation: a
lot of research only relies on subjective feedback from interviews to mitigate this, but quantitative
evaluation cannot be overlooked when integrating LLMs into critical systems [22]. Unfortunately, when
taking the quantitative evaluation path, focusing on metrics such as accuracy or F-score might not be
sufficient or even reasonable in the long run. For example, in our use case, all LLMs have an accuracy
of 1 regarding the identification of the persona. This is highly related to the structure of the Connextra
pattern, where an approach taking the nouns located between the third word and the first comma would
also have the same accuracy. By only focusing on such metrics, we as researchers do not consider the
impact of our decisions on a larger scale. One immediate thing people might think of is the energy
cost of each request, in addition to the cost of training associated with LLMs. But the human cost, for
example, is often overlooked: to build the dataset used for their image-generation features, OpenAl
exposed Kenian workers to highly disturbing content (including child abuse, bestiality, rape and sexual
slavery), for less than $2/h*. If, as researchers in software engineering, we are not ethicians, it is still
our responsibility to explore alternative solutions before jumping into the LLM train [23] and use it for
use cases where other alternatives would produce results as good as the LLM one.

Outlook. An immediate perspective of our contribution is to extend the benchmark efforts and
define a comprehensive way of evaluating knowledge graph building, leveraging not only the nodes
but also the relations between them. We envision an approach a la Transformer Ranker [24], where the
system can automatically guide practitioners to the LLM that best fits their needs. A second perspective
is to capture the needs of the task at stake, and provide feedback to practitioners on how relevant LLMs
are for such a task, as well as to identify alternative approaches (e.g., heuristic based, supervised) that
could be considered for the same objective.

Declaration on Generative Al

The authors have not employed any Generative Al tools.

*https://time.com/6247678/openai-chatgpt-kenya-workers/


https://time.com/6247678/openai-chatgpt-kenya-workers/
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