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Abstract
Linking APIs to the business functions they implement is crucial
for handling software operations, especially during recovery from
disasters or outages. In this context, the speed and accuracy of oper-
ators in linking them impact response time during mission-critical
operation activities. Besides, this linkage is essential to designing
preventive actions, such as resilience strategies. Automatic API
classification using Large Language Models (LLMs) may simplify
and speed up APIs-business function linkage. However, previous
studies unveiled the barriers practitioners face when deciding on
and adopting LLMs in software engineering (SE) tasks due to a
lack of guidance for non-experts. This paper aims to lower barriers
to using LLMs by systems operators and site reliability engineers
(SREs), focusing on the API classification task in the context of
operational activities. Based on three cases from the finance in-
dustry, we extracted requirements for LLM usage, and assessed
14 recently released LLMs on this task. Our results demonstrate
that LLMs accurately classify APIs using business function targets
with an F1–Score of 89.5 for the leading LLM without requiring spe-
cific LLM expertise and resource-intensive fine-tuning. Besides, our
findings on LLMs’ performance and reliability mark a significant
advancement in comparing open and closed-source and general
and domain-specific LLMs in an SE classification task. Eventually,
our experiments yield practical guidance for implementing LLMs
in this context. Artifacts used in and generated by the experiments
are publicly available at https://bit.ly/llms4apiclassification.
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1 Introduction
Application Programming Interfaces (APIs) are used in software
engineering (SE) to define interactions between applications [31],
serving as a contract between API providers and consumers [44].
The proliferation of APIs, fostered by adopting theMicroservices Ar-
chitecture (MSA) [22], complexifies systems’ operation [51]. MSA-
based systems are formed by arranging numerous APIs, requir-
ing new governance approaches, including organization-wide sys-
tems knowledge in an environment where the system architecture
evolves quickly [27]. In this context, operators and SREs may be
clueless about which APIs are involved in which business function
during operational activities. This fact is exacerbated when facing
system disruptions, as impacts are considered from the business
perspective. Thus, operators must link business functionalities to
system parts to fix failures and support the design of recovery from
disaster strategies [35]. Manually identifying APIs implementing
business functions is costly; automatic methods and classification
mechanisms may facilitate this process [28].

Large Language Models (LLMs) have been considered as change
players in various SE tasks. Therefore, we hypothesize that applying
pre-trained LLMs without additional fine-tuning is an effective
solution for API classification. Still, understanding their impact
on SE tasks and business mission-critical processes is in its early
stages [10, 14]. Besides, the existing literature on LLMs primarily
focuses on researchers and specialists, overlooking the need for
practical guidance for industry practitioners who wish to apply
them to specific tasks but lack specialized knowledge [48].
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This paper is part of a research stream focusing on the operation
challenges of MSA-based systems, which we have conducted over
the last two years in collaboration with the industry. Here, we
discuss the problem of linking the multitude of APIs forming these
systems to the business functions they serve. We investigated this
problem through an observational case study comprising three
cases from the finance-insurance sector. Across them, operators
dealt with an average of 725 APIs, approximately 40% of which were
microservices. Their challenge illustrates the need to effectively
handle API classification in the scope of fine-grained architectures.

We evaluated 14 decoder-only LLMs, encompassing general,
code–, and domain-specificmodels, for classifying finance-insurance
APIs based on their descriptions. We examined the effect of vari-
ous prompt designs on classification performance using an expert-
curated dataset (FinTechAPIs [21]). Additionally, we assessed the
reliability of the LLMs by measuring output variability, crucial for
mission-critical applications requiring consistency [9]. Our experi-
ments were designed from the perspective of operators and SREs
who improve their processes through LLM utilization, focusing
on users unfamiliar with LLM development and operation, which
reflects the profiles of practitioners observed in the three cases.

Our results demonstrate that general LLMs can correctly clas-
sify APIs without specific fine-tuning, with the best performer
achieving an F1–Score of 89.5, with low output variability and high
agreement, showing that the industry can adopt LLMs to such
mapping with minimal effort, notably without requiring LLM ex-
pertise. This practical and actionable insight sets our work apart
and highlights its relevance to real-world challenges. Its design and
open-source tools offer a replicable framework for assessing LLM
and prompt blending in SE classification tasks, while its quantita-
tive analysis, covering performance, reliability, and response delays,
provides objective guidelines for LLM-prompt selection based on
specific goals. Ultimately, we evaluated the LLM-based solution
from the practitioner’s perspective, identifying persistent barriers
to adoption and informing future research directions.

The remainder of this paper is organized as follows. Section 2
provides background and related work on LLMs and their appli-
cation in API classification. Section 3 presents the industrial case
studies. Section 4 details our research design. Section 5 presents the
research results. Section 6 discusses findings and offers recommen-
dations and perspectives. Section 7 discusses limitations. Finally,
Section 8 concludes with remarks and future research outlook.

2 Background and Related Work
This section presents LLMs and their contributions to API-related
tasks, as well as related work.

2.1 Large Language Models
LLMs are a family of machine learning (ML) algorithms designed
to understand, generate, and predict human languages. They are
trained on a superior amount and diversity of data compared to
pioneer language models (LMs) [17]. Their size and complexity are
often described in terms of the number of their parameters, ranging
from millions to trillions [3]. Parameters enable the LM to capture
advanced intricate patterns and nuances in the data but require
significant computational resources for training and inference [30].

LLMs are classified into various families: encoder-only, encoder-
decoder, and decoder-only [34]. Since their rise in 2022, decoder-
only LLMs have gained momentum [14]. They use only the decoder
module to incrementally build the output by sequentially predicting
tokens from an initial state, handling downstream tasks without
long and complex instructions [14, 34], and being able to grasp
hidden information from the provided input, even if it is limited
to a few words [2, 42]. While not exhibiting perfect reliability,
LLMs have been explored in critical scenarios [40], making them
potentially suitable to support mission-critical SE tasks.

LMs process SE artifacts similarly to other text types, adapting
NLP techniques to SE tasks [49], such as code generation [1] and
understanding [29], issue classification [6], and automatic docu-
mentation [10]. However, LLMs’ accuracy may be limited by their
ability to understand specific SE and development semantics, e.g.,
programming metaphors and idioms, as well as domain-specific
information related to SE artifacts [15].

Training or fine-tuning an LLM faces challenges. First, the scarcity
of curated data covering specific knowledge is critical to training
specialized models [38]. Second, LLMs fine-tuned on particular
tasks using compatible datasets are expected to outperform general
ones, but training such an LLM faces high-quality domain dataset
scarcity [50]. Finally, the complexity and costs of building and op-
erating LLMs can limit their practical adoption [48]. Furthermore,
current literature has focused on SE development tasks, overlook-
ing operational ones [14]. It has targeted ML practitioners, which
may prevent non-experts from having the necessary knowledge to
make informed decisions concerning LLM adoption and use [48].

2.2 Related Works
The classification approach presented in this paper has rarely been
studied in previous research. Extensive literature has discussed sup-
porting API retrieval for developers, with some suggesting labelling
APIs to support their categorization within catalogues [7]. How-
ever, our study does not focus on retrieving APIs when designing a
system, where LLM retrieval approaches based on interpreting nat-
ural language users’ inputs have exhibited impressive results [25].
Instead, we address the research gap in the practical application
issues of LLMs in an SE operation task, i.e., API classification by
operators and SREs, focusing on the concerns of these practitioners.

Few studies have applied LLMs to API classification in this con-
text. In [28], the authors experimented with BERT, GPT-3.5, and
GPT-4 using two datasets comprising 17 and 923 API descriptions
from public API repositories. They extracted keywords from the
API description with BERT and then populated a prompt sent to
GPT-3.5 and GPT-4 for class selection. While they noted output
variation in GPT-3.5 and GPT-4, they did not systematically mea-
sure them or discuss prompt design. They also highlighted quality
issues in the experiment dataset. Similarly, only a few works inves-
tigated the impact of output variability on the consistency of LLMs
([4, 8]), primarily focusing on the OpenAI GPT family and lacking
guidelines for industry adoption.

3 Industrial Cases
The three cases, presented in Table 1, have developed and oper-
ated complex software systems for over thirty years. They have
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migrated their legacy systems to cloud microservices, resulting in
the proliferation of APIs, as observed in other industries [51]. Their
microservices APIs comprise between 1 and 20 endpoints and are
documented using the OpenAPI standard [16], but their number
increases constantly, resulting in a significant mismatch between
the operators’ knowledge base and the current microservices APIs
running in production. The three cases manually built a unified
view of systems based on their relation to business functionalities
to support operations. Due to confidentiality concerns, we cannot
disclose extensive details about these cases. Some information can
be disclosed upon request to support reproducing this study.

Table 1: Case Study Description

Case Industry IT Teams Operators APIs
A Banking 42 23 817
B Health Insurance 36 16 673
C Real Estate & Trading 38 13 685

4 Research Design
Our research design is based on guidelines for conducting observa-
tional case studies proposed in [46] and empirical studies proposed
in [47], following the same rationale as in [12], which are adapted
to research in real-world setups. We executed our research in six
phases. Fig. 1 depicts our research design, which is detailed below.

1. Problem
Identification

3. Experiment Design 5. Evaluation

a. Practition-
ers Interviews

b. Problem Selection

c. In situ
Observations

2. Requirements
Definition

a. Hypothe-
sis Definition

b. Dataset &
LLMs Selection

c. Prompting
& Querying

4. Experiment
Execution

a. Quantitative

b. Qualitative

6. Recom-
mendations

Figure 1: Research Design.

4.1 Problem Identification
Two researchers conducted an informal interview round with two
practitioners from each case study (cf. Table 2 for participants’ de-
mographics). They were invited to answer open questions about
their operation practices.1 We recorded these interviews and re-
lied on the automatic transcription facility of the recorder.2 We
reviewed the transcripts and fixed the errors. From their responses,
we identify trends, shared goals, and concerns. Following this, we
listed problems to be addressed. We submitted it to participants
during a focus group session, where they collectively identified
1cf. https://bit.ly/llms4apiclassification for interviews and focus group guides.
2Microsoft Teams

the linkage of business functionalities to APIs as a top concern,
selecting it as the problem to be addressed.

Table 2: Participants Demographics.

ID Case Experience
in Operations

Experience
in SE Role LLMs

Expertise

001 A >15 y >20 y Senior
Operator Chatbot user

002 A >10 y >10 y Senior
Operator Chatbot user

003 B >5 y >10 y Operator Chatbot user

004 B >20 y >25 y Senior
Operator No expertise

005 C >2 y >10 y SRE Chatbot user

006 C >10 y >10 y Senior
Operator Chatbot user

Then, the same two researchers conducted an in situ observa-
tion in Case A, from May to August 2024. At that time, Case A
conducted a manual topology of their system, providing us with
first-hand observation of their goals, processes and barriers they
faced. First, we discussed the manual topology process with the op-
erator who conducted it. Then, we explored Case A documentation
and attended technical and follow-up discussions with supporting
roles. Finally, we observed the process execution by doing four pair
sections with the operator in charge of the topology, with the two
researchers alternating participation. After these sections, the re-
searchers compared their observations and requested clarification
from the operator when their findings disagreed. Eventually, they
compiled a final observation report. This in-situ observation taught
us how practitioners achieve this task in real-world conditions.

4.2 Requirements Definition
The same two researchers conducted a second round of informal
interviews with the same practitioners to identify the requirements
and challenges they foresee in adopting an LLM-based API classifi-
cation. None of the participants had trained or fine-tuned an ML
model. Despite indicating they used AI-based tools, they exposed a
lack of knowledge and practice in manipulating LLMs. For instance,
the LLMs’ temperature parameter was unknown to them. Neverthe-
less, all participants indicated that they were aware of the changes
in responses provided by LLMs according to the “sentences used in
questions,” i.e., prompts.

Practitioners expressed concerns about the risks of data leak-
age when prompting LLMs, output variation, the infrastructure
required to operate LLM-based solutions, and the associated costs,
aligning with concerns raised by other industries [48]. Based on
these outputs, we identified five industry requirements that an LLM-
based solution should meet: reliable and constant classification,
unrestricted on-premise installation or remote access, avoidance
of security breaches, ease of use, and affordable costs. We did not
consider cost-benefit, security, and ease-of-use requirements in this
study because of the complexity of their assessment. From these
observations, we derived the following research questions:
RQ1. How reliable is LLMs-based API classification?
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RQ2. To what extent do recently released decoder-only LLMs
expose output variation?

RQ3. Which aspects should be considered when deciding on
the practical application of LLMs in APIs classification?

4.3 Experiment Design
This section details the hypothesis, the dataset, the LLMs selection
process, the prompt design, and queries.

4.3.1 Hypothesis Definition. The null hypothesis below and asso-
ciated decision rules guided our experiments.

H01. None of the LLMs achieves sufficient accuracy in API classifi-
cation.

H02. All domain-specific LLMs exhibit poor classification perfor-
mance compared to general LLMs.

H03. Providing specific prompts to LLMs does not improve API
classification performance.

H04. None of the LLMs exhibit high constancy in their output.

Rejecting 𝐻01 establishes LLMs’ potential to accurately achieve
the API classification task. Rejecting𝐻02 means applying a domain-
specific model improves API classification precision compared to
general LLMs, reinforcing the assumption of a positive effect of
task and domain-specific training on LLMs’ performance. Rejecting
𝐻03 confirms that LLMs still exhibit sensitivity to prompt design.
Rejecting 𝐻04 establishes that some last-generation LLMs are less
subject to output variation. Simultaneously rejecting 𝐻01 and 𝐻04
evidences the practicability of adopting LLMs to API classification.

4.3.2 Dataset and LLMs Selection. We did not have access to real-
world API documentation from the three cases for our experiments.
Therefore, we selected a public dataset aligned with the case do-
main. The three cases support various financial products: bank
accounts, multi-currency accounts, trading, currency exchange, pay-
ment and recovery, money transfers, loans and mortgages, health
and goods insurance, and credit cards. However, there are insuf-
ficient high-quality human-curated datasets for API classification
assessment[28], which limited our potential choices. Additionally,
we avoided using the dataset employed by state-of-the-art baselines
[28], as the authors explicitly noted concerns about the reliability
of their results due to the dataset’s poor annotation quality.

Therefore, we experimented with a subset of the FinTechAPIs
dataset [21], an expert-annotated dataset of financeAPIs constructed
from open-source API descriptions extracted from public software
repositories, achieving substantial agreement. This choice was in-
tentional to ensure we evaluate the LLMs’ capabilities within a
controlled environment where structural inconsistencies in API
descriptions would not confound our findings. The selected dataset
is built from OpenAPI [16] documents, a widely adopted standard
for API description [38], and comprises real-world API descriptions.

Each row in the dataset comprises an API description and a
label, the classification target. Fig. 2 depicts the structure of an API
description in FinTechAPIs. From the 249 API descriptions in this
dataset, we excluded those labelled as “other” or “NO_CONSENSUS”
and included only those where the agreement between annotators
was unanimous (3/3), resulting in a subset of 231 rows. Table 3
shows the categories distribution of our FinTechAPIs-based dataset.

TITLE : {title}
DESCRIPTION :

{description}
ENDPOINTS :

- {endpoint1}
{description and/or summary}

- {endpoint2}
{description and/or summary}

...

Figure 2: Structure of an API Description in FinTechAPIs.

Table 3: Class Distribution of the FinTechAPIs Subset.

Category Support

banking 41
payment 25

loan-mortgage 24
user-password 22

client 21
currency 20
savings 20
transfer 20
trading 19

blockchain 19

Total 231

We selected the LLMs based on practitioners’ requirements and
technical properties defined by us. We considered decoder-only
pre-trained models released between 2023-12-01 and 2024-09-30 to
ensure assessing recent models. Their providers must allow unre-
stricted on-premise installation or remote access through an API.
LLMs to be installed must have a safetensors version to avoid se-
curity breaches. They must be compatible with the Transformers
library and the target infrastructure, utilizing a maximum of 8 GPUs
with 80GB HBM2E. The selected LLMs must comprise at least a
general model, a fine-tuned model for code-related tasks, and a
fine-tuned model for the finance domain. Additionally, at least one
of the LLMs must be open-source and one closed-source to comply
with guidelines for comprehensive experiments with LLMs [36].

To limit the scope of evaluated LLMs and ensure feasibility, we
focused our selection on the top 30 ranked models3 from two rec-
ognized LLMs leaderboards [5, 23], prioritizing those with the best
average results. We selected the latest release and the highest num-
ber of parameters when multiple versions were available. Except
for the finance models, which we selected from recently published
works because they were not featured on these leaderboards. We
assessed the pre-selected models (16) compatibility with the eval-
uation infrastructure through simple queries. We discarded those
exhibiting runtime errors or taking more than 2 hours to generate
an output.4 The final set comprises 14 LLMs detailed in Table 4.

4.3.3 Prompting andQuerying. Literature has broadly discussed
the effect of prompt design on LLM outputs [9, 18, 36, 43, 50]. There-
fore, we decided to experiment with state-of-the-art prompt design

3As of 2024-06-25.
4The detailed analysis is available at https://bit.ly/llms4apiclassification
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Table 4: LLMs considered in our research

Model Parameters Type Access Fine-tuned Base Release/
Update

Knowledge
Cutoff

Llama–3.1 70B Open–source Local — — 2024/07 2023/12
Gemma–2 27B Open–source Local — — 2024/06 2024/06

Mistral–Large–2 123B Open–source Local — — 2024/07 2024/04
Qwen2.5 72B Open–source Local — — 2024/09 2024/09

Phi–3.5–MoE 42B Open–source Local — — 2024/08 2023/10
DeepSeek–V2.5 236B Open–source API — — 2024/09 —
GPT–4o–Mini — Proprietary API — — 2024/07 2023/10

Gemini–1.5–Flash — Proprietary API — — 2024/05 2023/11

Qwen2.5–Coder 7B Open–source Local Code Qwen2.5 2024/09 2024/09
DeepSeek–Coder–V2 (0724) 236B Open–source API Code DeepSeek–V2 2024/07 2023/11

Artigenz–Coder 6.7B Open–source Local Code DeepSeek–Coder–6.7B 2024/04 —
WizardCoder–V1.1 33B Open–source Local Code DeepSeek–Coder–33B 2024/01 —

Finance–Llama3 8B Open–source Local Finance Llama3–8B 2024/06 —
FinanceConnect 13B Open–source Local Finance Llama2–13B 2023/12 —

techniques, including category descriptions (CD) [6, 24], chain-of-
thought (CoT ) [45], and few-shot prompting (FS) [2, 11], to measure
the LLMs’ sensitiveness to prompt design and identify the strategies
that achieved the highest F1–Score.

A typical LLM prompt comprises three parts: system, user, and
assistant. The system part provides context for the task and describes
the model’s expected behaviour [43]. The user’s question would
constitute the user section of the prompt, serving as the primary
input of the task, the instruction. Themodel’s answer is the assistant
part of the prompt. It can be used, along with the user section, to
provide a conversation history when querying the model, either
to offer additional context or to illustrate proper responses to the
user [18, 45]. This chat history is created throughmultiple simulated
back-and-forth interactions between the user and the assistant [24].

user {Ins, CD+Ins, Ins+CoT, CD+Ins+CoT }
assistant Understood. Please provide the API summary.

user {API summary example}
{Response example}
.
.
.

 FSassistant
.
.
.

user {API summary}

Figure 3: Prompt template

Since not all the evaluated LLMs were trained to support the
system role, our prompt template, depicted in Fig. 3, relies solely
on the user and assistant roles to ensure consistency throughout
experiments. The first user section comprises the classification task
instructions, combining the Ins, CD, and CoT prompt elements.
After including a generic response from the model indicating it
understands the task, we complete the prompt with either few-shot
(FS) examples or the API description.

Base Instructions (Ins) are structured in a numbered list and
enclosed within <instructions> tags, as shown in Fig. 4. In these
instructions, the user asks the model to read, analyze, and clas-
sify the provided API description and to return the category in

a specific format. Category description (CD) gives the LLM def-
initions for the categories into which API documents should be
classified, providing domain-specific and contextual data to the
LLMs. Category descriptions are placed before the base instruc-
tions (Ins) and added inside <categories> tags (see Fig. 4). Chain of
Thought (CoT) generates a series of intermediate reasoning steps
(chain-of-thought) while answering user queries, which can signifi-
cantly improve LLM’s performance [18]. This part of the prompt
instructs the model to output its rationale and selected category
inside <thinking> and <category> tags, respectively. When incor-
porating the CoT approach in our prompt, we replace the fourth
step of the base instructions (Ins).

Few-Shot Prompting (FS) involves including examples in the
prompt to guide the model’s responses and improve its understand-
ing of the task by leveraging its in-context learning capabilities [2].
In our experiments, we included three examples of accurate API

CD <categories>
- banking: Traditional banking services, including account management, Automated
Teller Machines (ATMs), credit card management and payment methods.
- blockchain: Blockchain technology, such as cryptocurrency and smart contracts.
- client: Client information management, including customer profiles, personal goals
and credit rating.
- currency: Currency exchange rates and currency conversion tools.
- payment: Payment processing, including transactions, digital wallets and invoices.
- savings: Financial planning tools for savings, investment plans, interest calculations
and savings product.
- trading: Trading activities, stock trading, forex trading, and investment portfolios.
- transfer: Transferring funds between accounts, both domestically and internationally.
- user-password: User authentication, password management, and security protocols
(tokens) for user access.
- loan-mortgage: Loan and mortgage processes, application submission and lenders.
</categories>

Ins <instructions>
1. You will receive an API summary. Read it carefully.
2. Identify the main functionality and purpose of the API.
3. Classify the API into one of the following categories: [banking, blockchain, client,
currency, payment, savings, trading, transfer, user-password, loan-mortgage].
4. Respond only with the category name.
</instructions>

CoT 4. Write your thinking process in two sentences inside <thinking> tags.
5. Respond with the category name inside <category> tags.

Figure 4: Prompt elements
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classifications through back-and-forth interactions between the
user and assistant roles (see Fig. 3). Three examples are commonly
used in LLM assessments to provide sufficient differentiation with-
out exceeding the context window limit [41]. Thus, we randomly
selected the three smallest API documents of each category to in-
form the LLM in cases where accessing limited data can make the
classification decision difficult. By doing so, we intended to limit
noise in the model’s generated output, as it can produce superfluous
data beyond the intended response format, adversely impacting
classification performance. We excluded the documents used as
examples from the testing dataset to ensure an unbiased evaluation.

We queried the LLMs using the following prompt combinations:
base instructions (Ins), category descriptions and base instructions
(CD+Ins), category descriptions, base instructions and few-shot
prompting (CD+Ins+FS), base instructions and chain-of-thought
(Ins+CoT ), category descriptions, base instructions and chain-of-
thought (CD+Ins+CoT ), and all strategies (CD+Ins+CoT+FS). The
expected output is a single label from the provided list that best
describes the API. This label is extracted according to the output for-
mat specified in the prompt (i.e. the category alone or the category
inside <category> tags).

4.4 Experiment Execution
Experiments ran from July to October 2024, updated with each new
LLM release. We ran each pair of LLM-prompts five times over
five days. We relied on two Python scripts, one for open-source
models and the other for proprietary ones, both executing the
same process: Initiating the experiment, gathering the results, and
storing them in CSV files. Along with the classification results, we
recorded runtime information, i.e., the duration of processing all
the documents.5 All tests involving local LLMs were run on a high-
performance computing server with 1 TB of RAM and powered by
eight NVIDIA A100 80GB GPUs. The scripts used Python version
3.11, the Transformers library version 4.43.1, and Pandas version
2.2.2, running in an Apptainer container.

4.5 Evaluation
Below, we detail the quantitative and qualitative evaluation.

4.5.1 Quantitative. We use the macro F1–Score metric to evaluate
the performance of each LLM. F1–Score unveils how well the LLM
identifies positive classes while minimizing false positives. The
macro-averaging of this metric considers all classes equally, which
is adequate for assessing models when we ignore the details of the
dataset used during their training [39]. Additionally, we measured
the average (mean) and standard deviation (std) of the F1–Score
across multiple runs of the same experiments. These metrics pro-
vided a central performance value and an indication of performance
variability, allowing us to objectively compare LLMs and prompts.

Output variation is a persistent issue in LLM use and research [4],
which requires repeating experiments and evaluating output varia-
tion [36]. Thus, wemeasured output variation for each LLM-prompt
combination over different runs. We relied on Krippendorff’s al-
pha coefficient (k–𝛼) [19] as the basic metric to derive the output
variation rate. k–𝛼 typically measures the inter-rater agreement

5Code and generated files are available at https://bit.ly/llms4apiclassification

among independent annotators. Therefore, we considered each
run of the LLM-prompt combination as an individual annotator.
The coefficient ranges from 0 to 1, with values near 0 indicating
high disagreement and significant output variation, while values
close to 1 suggest greater agreement and less output variation. An
undefined k–𝛼 makes assessing chance in agreement impossible,
often occurring when an annotator labels all documents the same.
For this study, we considered the LLMs exhibiting undefined k–𝛼
unreliable in achieving the task.

We employed specific criteria based on these metrics to vali-
date the null hypotheses. Table 5 summarizes the rules applied for
each hypothesis. We relied on Pareto’s rule [33] as the threshold to
establish LLMs and prompt performance based on the F1–Score, as-
suming high performance when achieving an F1–Score greater than
or equal to 80. Considering the remaining 20 requires significant
effort and knowledge, even for human experts.

Table 5: Validation Rules for the Null Hypotheses.

Hypothesis Criterion Rejection Rule

𝐻01 F1 ≥ 80

𝐻02 F1
≥ than general LLM’s averaged F1 OR
of fine-tuned LLMs ≥ original LLM’s F1

𝐻03 F1
Any prompt combination with

F1 ≥ than Ins prompt
𝐻04 k–𝛼 ≥ 0.80

We followed the guidelines provided in [26] to interpret the k–𝛼 :
disagreement is systematic when < 0, no agreement is observed
when equal to 0, poor when < 0.67, moderate between 0.67 and
0.79, acceptable when ≥ 0.80, and perfect when equal to 1.

4.5.2 Qualitative. We conducted two qualitative evaluation rounds.
In the first round, we presented the experiment results to practition-
ers at Case A. In the second round, we presented the experiment
results to a pool of practitioners from the three cases.

5 Results
This section presents our experimental results, highlighting LLM
performance in API classification and showcasing the highest and
lowest scores. We also reveal performance deviations between gen-
eral, domain–, and task-specific models. Additionally, we discuss
variations in LLM performance with different prompts and their
output variability. Table 6 displays all results.

5.1 Overall Performance
We observed a mean F1–Score of 74.2 and a std of 22.3, measured
from the best F1–Score reached by each LLM regardless of the
prompt. Among the 14 evaluated LLMs, 11 models performed above
this mean: Llama, Gemma, Mistral, Qwen, Phi, DeepSeek, GPT,
Gemini, Qwen–Coder, DeepSeek–Coder, and Artigenz–Coder. In
contrast, three models felt below this threshold: WizardCoder,
Finance–Llama3, and FinanceConnect. The observed std indicates
that models performed with significant variability, with the lowest
F1–Score (6.10) reached by WizardCoder and the highest (89.5) by
Gemini, thus a variation of ± 83.4 points.
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Table 6: Results

Model Ins CD+Ins CD+Ins+FS Ins+CoT CD+Ins+CoT CD+Ins+CoT+FS Overall

76.1 ± 3.04 83.4 ± 3.67 85.3 ± 0.89 73.9 ± 0.99 74.8 ± 1.56 85.5 ± 0.45 79.8 ± 5.43Llama–3.1 0.968 0.972 0.958 0.910 0.835 0.935 0.930
49.9 ± 0.00 67.7 ± 0.00 80.6 ± 0.00 51.8 ± 0.00 74.5 ± 0.00 77.6 ± 0.00 67.0 ± 12.1Gemma–2 1.000 1.000 1.000 1.000 1.000 1.000 1.000
72.9 ± 0.00 73.4 ± 0.00 85.2 ± 0.00 72.4 ± 0.00 51.2 ± 0.00 85.7 ± 0.00 73.5 ± 11.4Mistral–Large–2 1.000 1.000 1.000 1.000 1.000 1.000 1.000
75.9 ± 0.40 86.0 ± 0.37 85.8 ± 0.61 78.7 ± 3.50 87.0 ± 0.95 85.5 ± 0.82 83.2 ± 4.51Qwen2.5 0.968 0.991 0.987 0.909 0.964 0.972 0.965
50.6 ± 0.00 74.3 ± 0.00 74.6 ± 0.00 71.0 ± 0.00 75.4 ± 0.00 75.7 ± 0.00 70.3 ± 8.95Phi–3.5–MoE 1.000 1.000 1.000 1.000 1.000 1.000 1.000
70.8 ± 0.46 83.7 ± 0.38 86.8 ± 0.47 71.4 ± 0.63 71.5 ± 0.88 82.0 ± 3.26 77.7 ± 6.78DeepSeek–V2.5 0.977 0.987 0.977 0.856 0.749 0.965 0.918
71.6 ± 0.87 81.9 ± 3.12 82.9 ± 0.29 70.8 ± 0.76 79.6 ± 3.06 86.2 ± 0.48 78.8 ± 6.04GPT–4o–Mini 0.944 0.966 0.961 0.882 0.936 0.955 0.941
85.7 ± 3.30 89.5 ± 0.44 89.1 ± 0.25 83.4 ± 3.28 89.4 ± 0.88 87.1 ± 3.15 87.4 ± 3.22Gemini–1.5–Flash 0.981 0.981 0.992 0.925 0.941 0.948 0.961

60.2 ± 3.82 77.0 ± 1.35 71.6 ± 1.54 58.8 ± 1.60 73.5 ± 2.62 81.5 ± 0.98 70.4 ± 8.64Qwen2.5–Coder 0.821 0.900 0.899 0.776 0.840 0.885 0.854
72.1 ± 0.41 82.1 ± 0.39 81.3 ± 3.62 60.8 ± 0.74 13.6 ± 2.01 85.0 ± 1.09 65.8 ± 24.7DeepSeek–Coder–V2 0.968 0.969 0.972 0.718 0.381 0.959 0.828
6.74 ± 0.00 3.17 ± 0.00 73.3 ± 0.00 37.4 ± 0.00 9.23 ± 0.00 77.0 ± 0.00 34.5 ± 30.9Artigenz–Coder 1.000 1.000 1.000 1.000 1.000 1.000 1.000
0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 3.12 ± 0.00 0.00 ± 0.00 6.10 ± 0.00 1.54 ± 2.34WizardCoder–V1.1 UND UND UND 1.000 UND 1.000 1.000

0.00 ± 0.00 0.00 ± 0.00 2.47 ± 0.66 40.3 ± 1.93 23.6 ± 3.12 72.1 ± 1.11 23.1 ± 26.5Finance–Llama3 UND UND 0.325 0.251 0.140 0.817 0.383
0.00 ± 0.00 0.00 ± 0.00 40.3 ± 1.51 0.17 ± 0.33 0.32 ± 0.39 23.7 ± 2.39 10.7 ± 15.8FinanceConnect UND UND 0.636 UND -0.001 0.428 0.266

For each model, values on the first row are F1–Score mean and standard deviation. Values on the second row are k–𝛼 .

Llama, Gemma, Mistral, Qwen, DeepSeek, GPT, Gemini, Qwen–
Coder, and DeepSeek–Coder exposed an F1–Score greater than
or equal to 80, meeting the 𝐻01 rejection rule and demonstrating
enough performance to be confidently applied to the task of API
classification. In contrast, finance-specific models performed poorly,
with the highest F1–Score of 72.1 for Finance–Llama3.

General LLMs demonstrated higher performance than their fine-
tuned versions, with DeepSeek exhibiting an F1–Score of 86.8 and
DeepSeek–Coder an F1–Score of 85.0, and Qwen exhibiting an F1–
Score of 87.0 and Qwen–Coder an F1–Score of 81.5. Taking the mean
of general LLMs’ highest F1–Scores (84.6), only the DeepSeek–Coder
reached this threshold among the domain and task-specific models.
Thus, the 𝐻02 is rejected, as at least one domain-specific fine-tuned
LLM exposed higher performance than the general LLM average.

5.2 Prompts Impact
We compared variation in the F1–Score between each prompt com-
bination and the benchmark (the Ins prompt). Table 7 summarizes
the results. We observed that the prompt CD+Ins+CoT+FS improved
LLMs’ performance by +22.7 points on average, with 21.1 std. This
prompt positively impacted all models, with the highest impact on
Finance–Llama3 (+72.1 points). In contrast, CD+Ins+CoT achieved
an average improvement of 2.2 points and 20.7 std. This prompt neg-
atively impacted three LLMs: Llama, Mistral, and DeepSeek–Coder,
with the worst impact on DeepSeek–Coder (−58.4 points). Regard-
ing variation magnitude (spread) of LLMs F1–Score, we observed
that CD+Ins+CoT exhibited a considerable difference of 83.3 points
between the highest improvement and decline of the F1–Score. In
contrast, CD+Ins exhibited the lowest spread: 27.3.

Besides, five models (Mistral, DeepSeek–Coder, Artigenz–Coder,
Finance–Llama3 and FinanceConnect) demonstrated high sensibil-
ity to prompt design, with a spread of more than 30 points according
to the prompt used. Artigenz–Coder exposed the highest variation
with a spread of 73.9, while Phi exposed the lowest: 4.65. It is note-
worthy that models that performed the best (Gemini and Qwen)
also exposed low sensibility to prompts, with a spread of 6.1 and 8.1,
respectively. We observe the same with the model performing the
worst: WizardCoder (F1–Score of 1.54), suggesting consistency in
their performance despite the prompt design. These results support
rejecting 𝐻03, as various prompt combinations positively impacted
the LLMs’ classification performance. Indeed, all models improved
performance over the original Ins prompt. Nevertheless, the results
also pointed out that some prompts may strongly affect LLM output,
as five LLMs demonstrated high sensitivity to prompt changes.

5.3 Output Variation
We assessed output variation by analyzing the k–𝛼 values of LLM-
prompt combinations across five runs. Regardless of the highest
F1–Score achieved, thirteen models exposed a k–𝛼 greater than
0.8, with five demonstrating perfect agreement (k–𝛼 = 1). Among
them, four exhibited no variability, outputting the same response
for each run. From these five, only WizardCoder exhibited vari-
ability according to the prompt. FinanceConnect exhibited poor
agreement, below 0.67. Also, the k–𝛼 of all LLMs exhibited a low
standard deviation concerning the prompt, the highest being 0.276,
indicating a low influence of the prompt on their agreements. Nev-
ertheless, we observed systematic disagreement (k–𝛼 ≤ 0) for the
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Table 7: F1–Score Variation against Ins Prompt

Model CD
+Ins

CD
+Ins
+FS

Ins
+CoT

CD
+Ins
+CoT

CD
+Ins
+CoT
+FS

Spread

Llama–3.1 7.35 9.24 -2.17 -1.26 9.44 11.6
Gemma–2 17.8 30.7 1.90 24.6 27.7 28.8

Mistral–Large–2 0.46 12.3 -0.48 -21.7 12.8 34.5
Qwen2.5 10.1 9.90 2.79 11.0 9.62 8.25

Phi–3.5–MoE 23.7 24.1 20.5 24.9 25.1 4.65
DeepSeek–V2.5 12.9 16.1 0.65 0.71 11.2 15.4
GPT–4o–Mini 10.2 11.3 -0.87 7.97 14.6 15.5

Gemini–1.5–Flash 3.82 3.37 -2.26 3.64 1.39 6.09

Qwen2.5–Coder 16.8 11.5 -1.40 13.4 21.4 22.8
DeepSeek–Coder–V2 9.97 9.17 -11.2 -58.4 12.9 71.3

Artigenz–Coder -3.56 66.6 30.6 2.50 70.3 73.9
WizardCoder–V1.1 0.00 0.00 3.12 0.00 6.10 6.10

Finance–Llama3 0.00 2.47 40.3 23.6 72.1 72.1
FinanceConnect 0.00 40.3 0.17 0.32 23.7 40.3

Spread 27.3 66.6 51.6 83.3 70.7
Improvement mean 7.8 17.6 5.8 2.2 22.7
Standard deviation 7.84 17.3 13.8 20.7 21.1

LLM-prompt combination FinanceConnect-CD+Ins+CoT . Based on
these findings, we reject 𝐻04.

5.4 Practitioners Evaluation
We first presented our experiment results to operators (2) and man-
agers (1) at Case A, then to 63 practitioners: operators (15), SREs (2),
developers (31), data scientists (14), and managers (3) from the three
cases. We focused on LLMs’ reliability and ease of use. Afterward,
attendees shared their impressions, unanimously agreeing on the
potential of LLM-based API classification. However, five operators
and six developers emphasized the need for greater LLM literacy to
determine the optimal blend of model and prompt. One manager
raised concerns about cost and sustainability, stressing the need
for guidelines in decision-making. LLM security was highlighted
by the two SREs and a developer, emphasizing the need for a bal-
ance between cost-effectiveness and security. One data scientist
noted that implementing this approach on-premise requires specific
expertise. A developer summarized these points:

The proposal is appealing and helpful. However, I’m
not able to design a project to implement it. I do not
know how to evaluate the time, resources and costs
to implement such a thing. Also, I cannot ensure my
boss that our data will be kept safe and not shared
with externals.

6 Discussion
Examining the extent of LLMs’ reliability (RQ1) and comparing
their output variation (RQ2) helps us decide whether they are suit-
able for the API classification task. Eight of the evaluated LLMs
exhibited acceptable rates for both aspects. Although none of them
achieved perfect alignment with the curated dataset, they exhibited
individual agreement (k–𝛼) superior to the one observed among
the FinTechAPIs annotators (0.814 [21]). Therefore, these LLMs
demonstrated enough reliability to be considered a viable solution

to support API classification. From these insights, we propose the
following recommendations (R) and perspectives (P).

R-1: Practitioners should assess the expected reliability level and
recognize that perfect matching may be unreachable.

P-1: Improving reliability could be achieved by applying LLMs
in a pairwise classification approach [13], where they suggest a
class and inform the human to the final decision. This approach
should detail the LLM’s decision rationale, which can be achieved
with the CoT prompt.

The decision on the practical application of LLMs encompasses
technical, economic, and security aspects (RQ3). Open-source LLMs
grant users control of operational elements, including building and
operating the infrastructure where the LLM will run, which can
lead to significant challenges and increased costs [37]. Handling
LLM operations also ensures data control, limiting the risk of data
breaches. Some evaluated open-source LLM editors provide out-
sourced platforms (e.g., DeepSeek), allowing users to query the
LLMs remotely. This option avoids needing an on-premise infras-
tructure but comes with data security risks. Closed-source LLMs
avoid needing an on-premise infrastructure as they are accessed
remotely through APIs. However, they have costs and expose users
to the same risks [37].

R-2: Practitioners should evaluate their tolerance for data breaches
and the LLM’s compliance with industry standards and regulations
on data protection.

R-3: Practitioners should assess their ability to manage the nec-
essary infrastructure, considering costs and expertise.

R-4: Practitioners should assess LLMs’ execution costs when
outsourcing, as providers’ plans vary significantly.

P-2: Practitioners might adopt an LLM federated approach to
mitigate security issues [20].

Finally, practitioners should consider the time required for docu-
ment processing. We observed variability among LLMs, with some
models being faster than others. Reducing processing time is a
key aim, so this factor must be carefully considered. We provide
a summary in Table 8 of the best-performing LLMs and prompts,
detailing their performance, output variability, and execution time
(ET) for processing 231 documents.

R-5: Practitioners should compare their data volume to the aver-
age LLM processing capacity to assess the processing time required.

Table 8: Summary of Highest Performant LLMs

Model Prompt F1–Score k–𝛼 ET

Gemini–1.5–Flash CD+Ins 89.5 0.981 3 min
Qwen2.5 CD+Ins+CoT 87.0 0.964 23 min

DeepSeek–V2.5 CD+Ins+FS 86.8 0.977 5 min
GPT–4o–Mini CD+Ins+CoT+FS 86.2 0.955 35 min

Mistral–Large–2 CD+Ins+CoT+FS 85.7 1.000 49 min
Llama–3.1 CD+Ins+CoT+FS 85.5 0.935 29 min

DeepSeek–Coder–V2 CD+Ins+CoT+FS 85.0 0.959 19 min
Qwen2.5–Coder CD+Ins+CoT+FS 81.5 0.885 7 min

Based on this summary, we can rank the LLMs demonstrating
superior efficacy in classifying APIs. The most performant was
Gemini, F1–Score of 89.5, followed by Qwen, 2.5 points behind,
both proprietary LLMs. The most performant open-source LLM
was DeepSeek, 2.7 and 0.2 points behind Gemini and Qwen. Only
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DeepSeek–Coder exhibited superior efficacy among the domain-
specific models, 4.5, 2, and 1.8 points behind Gemini, Qwen, and
DeepSeek, respectively. Therefore, the deviation between them
must be more significant to accept that fine-tuning LLMs with
a task or domain-specific knowledge is no longer necessary for
similar classification tasks. However, our findings demonstrated
that, for API classification, general LLMs outperformed domain-
specific ones, achieving the task without additional domain-driven
fine-tuning. As these models have not been trained on a specific
task or data from a single domain, we expect them to yield similar
results when applied in a different domain.

This finding supports our hypothesis that current LLMs can be
used as-is for effective API classification, providing grounds for
selecting the adequate LLM that meets organizations’ concerns and
requirements. The outputs of our experiments can support decisions
on the LLM precision (F1–Score), output reliability (k–𝛼), access
mode (local vs. remote), source type (proprietary vs. open-source),
prompt complexity (simple vs. complex) and response delay (fast
response or significant delay for providing an output), according to
adopter’s specific conditions. Besides, the experiment design can
be replicated and extended to other LLMs, offering a framework to
collect data and support the selection process.

7 Threats to Validity
This study has limitations and threats to validity that must be
considered when interpreting its results [47]. LLMs experiments
are suggested for specific threats for which comprehensive and
proven mitigation strategies have yet to be built [36]. Here, we
disclose these threats and outline the mitigation strategies adopted.

Construct validity refers to how well a test measures the concept
it is intended to measure. A significant threat to construct validity
in our study is the variability of LLM outputs, which impacts our
ability to measure its constant performance in the API classification
task. We took statistical measures for each LLM run and calculated
their average to mitigate this threat. We also relied on a statistical
measure to evaluate the regularity of the models’ outputs (k–𝛼),
considering each run as an independent actor. By addressing this
threat, we ensured fair conclusions.

Internal validity involves factors affecting experiment outcomes
unknowingly to the researcher. We identify four LLMs-specific
internal validity threats: unadapted prompt design, implicit data
leakage, configuration, and time-based output drift [36]. An un-
adapted prompt design occurs when the prompt fails to align with
the model’s characteristics. Connecting an LLM output to a specific
prompt is a complex task not covered in this study. As a mitigation,
we used current prompt design practices in classification tasks [6],
using task-specific and contextual prompts [45].

Implicit data leakage occurs when researchers cannot ensure
that the evaluation dataset has not been used for training. We re-
viewed LLM documentation and associated publications, finding
no comprehensive list of datasets used in their training. Thus, it
is uncertain whether the experimented LLMs have previously ac-
cessed parts of FinTechAPIs. Although the dataset is new, it has
been compiled from publicly available documents that these models
may have accessed. Changing LLMs’ parameters may affect output
consistency, potentially leading to unfair comparisons. To mitigate

this risk, we established a unique configuration that we applied uni-
formly. The time-based output drift occurs when the model output
changes over time. As a mitigation, we ran each experiment five
times for each model over five days and measured the LLM’s aver-
age performance and output variability [36]. Moreover, this threat
can arise from model evolution. We mitigated this risk by running
the open-source models locally, avoiding updates. This strategy
does not apply to closed-source models, as we cannot control their
evolution. Thus, we can only specify the LLM version and conduct
the experiments with a short delay to limit the impact of changes.

Our results may only generalize within the specific studied LLM
versions, datasets, configurations and prompts. Further investiga-
tion is needed to validate our results beyond our study’s setup.
We provide a package containing our experiments’ input and out-
put artifacts and the replicable infrastructure. However, LLMs are
non-deterministic and can produce different outputs for the same
input [4, 36], even if the model temperature is set to 0 [32]. There-
fore, we cannot ensure that reproducing our experiment will yield
the same classification results. Nevertheless, we documented the
observed output variations, which can serve as comparison points
to assess the reliability of reproductions.

8 Conclusion
This paper presented an exploratory study of applying LLM-based
classifiers for API classification. We conducted several experiments
to assess the individual capabilities of these models. Besides, we
evaluated the perspectives of LLMs in supporting SE operation
tasks requiring reliable and comprehensive knowledge mining and
processing. Our findings indicate that these models achieve this
task with significant reliability, with an F1–Score of 89.5 and a k–
𝛼 of 0.981 for the most performant model-prompt combination.
Our results also highlight the importance of prompts in the mod-
els’ performance. The different compositions of LLMs-prompts we
experimented with can serve as starting points for adopting LLMs-
supported API classification. Moreover, our findings establish a
foundation to support decisions by non-experts when adopting
such an LLM-based classification approach for similar tasks. Our
future research will focus on experimenting with optimization
strategies, allowing us to establish the most suitable blend of LLMs,
prompts, and infrastructure. Additionally, we plan to extend our
experiment to include other models.
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