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ABSTRACT

We explore the use of Large Language Models (LLMs) for automating the extraction of Key Per-
formance Indicators (KPIs) from diverse financial reports without any additional fine-tuning. We
focus on evaluating various proprietary and open-source LLMs to address the joint named entity
recognition and relation extraction tasks essential for accurately linking KPIs to their corresponding
values and attributes. Our study highlights the technical challenges involved in the extraction process
and presents a comprehensive evaluation of the models’ effectiveness. Our results reveal significant
insights into handling these LLMs in such a crucial environment and showcase the transformative
potential of LLMs in enhancing financial analysis and decision-making.
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1 Introduction

In the landscape of financial analysis, the extraction and interpretation of Key Performance Indicators (KPIs) from
vast and ever-expanding repositories of financial documents have emerged as a cornerstone for investors, analysts, and
regulators alike [[1} 1213} 1415016, 7]]. These documents, rich with critical data, are dispersed across numerous international
databases, each serving as a vital source of insights for investors, analysts, and regulatory bodies worldwide. The task of
manually extracting and analyzing Key Performance Indicators (KPIs) from this extensive collection of financial reports
is not only time-consuming but also prone to errors, highlighting a pressing need for solutions that are automated,
precise, and capable of operating at scale.

The advent of large language models (LLMs) offers a promising avenue for revolutionizing how financial data is
extracted, analyzed, and interpreted. With their unparalleled capacity to understand and generate human-like text, LLMs
present a novel opportunity to automate KPI extraction from financial documents efficiently.

In this context, we explore the potential of LLMs to redefine the landscape of financial KPI extraction. Through
our comprehensive methodology, we demonstrate how these models can be applied to the KPI-EDGAR [§]] dataset,
resulting in significant advancements in both the accuracy and efficiency of KPI extraction, an application of joint
named entity recognition and relation extraction. Our contributions are twofold: First, we provide an in-depth analysis
of the challenges involved in extracting KPIs from financial reports and how LLMs can be leveraged to overcome
these challenges. Second, we benchmark 9 different LLMs, both open-source and proprietary, to give practitioners and
researchers a clear overview of available solutions.

By bridging the gap between LLMs and financial data analysis, this study not only sets a new benchmark for automated
financial document analysis but also opens up avenues for future research and practical applications that could transform
the financial industry’s approach to data-driven decision-making.
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Ground Truth:  debt scheduled principal payment
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Iteratively increasing A until a match is found

Figure 1: Illustration of range selection for possible generated entity mutations of “debt scheduled principal payment’:
Each iteration is depicted as a separate block, distinguished by different colors representing varying selection lengths.

2 Related Work

Language models such as BERT, GPT, and Llama have significantly impacted computational linguistics, excelling in
understanding semantic and syntactic relationships within extensive text corpora [9, |10} [11]. These models are adept at
complex NLP tasks including language translation, named entity recognition (NER), and sentiment analysis, all critical
for financial text processing. Recent advancements also include Conditional Variational Autoencoders (CVAEs), which
have demonstrated remarkable text generation capabilities for structured financial data [12]]. In the financial domain,
ensuring the accuracy and integrity of extracted information is paramount. Techniques such as Numerical Cross-
Checking (NCC) and linguistic rule-based methods leverage standards like XBRL to verify financial claims, enhancing
the reliability of analyses [[13}[14]. Furthermore, LLMs have been employed to detect contradictions in financial texts,
a task pivotal for assessing the consistency of reported data [[15} [16]]. For more specialized financial applications,
models like FinBERT and its derivatives, including FinBERT-FOMC, have been tailored to perform sentiment analysis,
outperforming conventional machine learning approaches [17,18]]. Addressing the need for quality training datasets,
initiatives like FinEntity, FINER, and KPI-EDGAR provide annotated financial entities and performance indicators,
crucial for training domain-specific models [19, 20} [8]]. Multilingual and diverse financial datasets also support global
financial tasks, ensuring models are effective across various languages and financial systems [21] 22} 23]

Essential for linking KPIs to pertinent values and attributes in financial reports are domain-specific NER and relation
extraction techniques. Nuanced models such as CBCP, KPI-BERT, or iNERD have been developed to tackle this
challenge [24} 25126, [27]]. These systems not only ensure accurate data retrieval but also link KPIs efficiently within
financial documents. Additionally, retrieval-augmented frameworks have been introduced to boost LLMs’ performance
by integrating external, reliable contexts, further enhancing the precision and reliability of information extraction from
financial texts [28]].

This study seeks to leverage advancements in KPI extraction from financial documents, particularly focusing on the
few-shot capabilities of LLMs for KPI extraction, which none of the above-mentioned works study. These capabilities
offer transformative potential for automating and enhancing financial analysis and decision-making.

3 Methodology

Our main approach involves crafting suitable prompts to query multiple models and preserving the generated relational
information in JSON format. We then conduct evaluations comparing predicted and ground truth relation. This process
involves the specific methods of appropriate information extraction and evaluation criteria.
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3.1 Generation of JSON output

During the generation phase, only three selected models (GPT-3.5 Turbo [29], GPT-4 [30], Mistral Large [31]]) can
enforce JSON outputs with their API calls. For models without this capability, we have to rely on the language model
to produce a valid JSON output.

If the model fails to generate a valid JSON format meeting our extraction criterion, or if the content does not adhere to
the relationship requirements of the KPI-EDGAR dataset (see [8]]), we will penalize it with an Fy score of 0.

3.2 Extraction of Ranges from Generated Entities

In our extraction and annotation process, our focus lies on precise matching rather than approximating agreement in
meaning. Therefore, we undertake a meticulous word-by-word search for matches, aiming for exact correspondence.

Initially, we perform a one-to-one matching based on the length [ of the model’s predicted entity. Starting with the
first word, we compare it with the corresponding word of the ground truth. If a match is found, we proceed to check
the subsequent words in both the model’s generation and the original text. This process continues until the end of the
predicted entity is reached. If a complete match is achieved, we return the range of the model’s answer within the
original sentence.

In cases where a complete match is not found, we gradually reduce the length [ to search for potential partial matches.
We create entity subsets with length [ — A out of the model’s predicted entity, starting from A = 1 and iteratively
increase A until A = [ — 1. In those subsets, we search for matching ranges word-by-word, as described above. This
iterative process is illustrated in Figure[I] If we cannot find even an approximate match of the entity, we penalize once
again with an F; score of 0.

3.3 Fuzzy Word Matching

When comparing words against words, we must also account for special circumstances to ensure that important
information is preserved without compromising accuracy. Ideally, two strings are considered equal when they are
precisely identical in every aspect. However, there are instances where generated entities or ground truth entities are
noisy. This might include an enumeration, a different tense, or inconsistent numerical formatting like a different floating
point precision or adding a numerical multiplier (e.g. 1.5 million instead of 1,500,000). In these cases, we still consider
the string matching successful, as crucial information is retained.

3.4 Prompt Design

In the prompt, we explicitly outlined our requirements for extracting key performance indicators (KPIs) and their
corresponding values from the provided text and formatting them in JSON. Then, we describe the named entity classes
present in the dataset. Meanwhile, we add several example sentences along with the ground truth entities. Additionally,
we ensure that each named entity category is exemplified at least once, enriching the model’s learning experience by
providing specific instances for each category, thus reinforcing both conceptual understanding and practical application.

Throughout our experiment, we iteratively adjusted the prompt using insights from the generated model outputs to
enhance performance further. This includes prioritizing numerical formatting in the output to align with ground truth,
emphasizing the extraction of precisely the original text content, underscoring the one-to-one relationship requirement,
and reinforcing the JSON format as the answer at the end of the prompt. The prompt satisfying these requirements is
available in the Appendix.

4 Results

In the evaluation of nine diverse large language models on the KPI-EDGAR [8]] dataset, as depicted in Table |l we
observed a broad range of results. First, proprietary models outpaced their open-source competitors by a significant
margin, when it comes to their few-shot performance. Mistral-Large [31]] demonstrated the highest F;-score of 30.75.
GPT-4 [30] and GPT-3.5-turbo [29] followed with F;-scores of 26.91 and 23.89, respectively. Open-source models like
Llama-3 [33]] and Mixtral [34] displayed lower performance, with F1-scores of 21.30 and 14.48, respectively. These
results show that the current state of open-source large language models still lags behind proprietary models when a
task like KPI extraction is considered. Interestingly, these results do not align with the current rankings of LLM{L
indicating that the conversational performance of LLMs does not directly translate to their capability in other tasks.

1See, for example, the “LMSYS Chatbot Arena Leaderboard” [37,38].
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Table 1: Few-Shot Performance

Model Size Open-Source Precision Recall Fi
Few-shot
GPT-3.5-turbo [29] N.A. No 30.41 19.68 23.89
GPT-4 [30] N.A. No 33.03 22.71 26.91
Llama-2 [32] 70B Yes 19.23 3.78 6.31
Llama-2 [32] 13B Yes 26.90 9.91 14.49
Llama-2 [32] 7B Yes 10.32 9.83 10.07
Llama-3 [33] 70B Yes 23.75 19.31 21.30
Mistral-Large [31] N.A. No 35.00 27.42 30.75
Mixtral [34] 8x7B Yes 26.70 9.94 14.48
Zephyr-3 [33] 7B Yes 18.78 8.19 11.40
Full fine-tuning
KPI-BERT* [251 18] 0.1B Yes - - 40.70
KPI-BERT-wCR* [36] 0.1B Yes - - 43.67

Evaluation of the few-shot performance of various Large Language Models on the test set of KPI-EDGAR [8]]. Scores are calculated as described in
[8]]. Models marked with a star* are not few-shot and are, therefore, only to a limited extent comparable to the other models. The results of these are
taken from their respective studies.

A further observation is that even though open-source large language models lag behind their proprietary counterparts,
they in turn can easily be beaten by much smaller open-source models [25} (8 [36]], but one has to fine-tune them on the
train set, making the comparison to the few-shot evaluation conducted in this study a difficult one.

5 Conclusion

In this study, we evaluated the capabilities of nine large language models (LLMs) on the KPI-EDGAR [8]] dataset,
providing insights into how well a task like KPI extraction, previously only tackled with fine-tuning models on labeled
data, can be solved in a few-shot setting. Notably, proprietary models such as Mistral-Large [31] and GPT-4 [30]
outperformed their open-source counterparts. These findings indicate that proprietary models may be better optimized
for specific tasks like KPI extraction, which remains a challenge for many open-source LLMs like Llama-3 [33].

However, our results also suggest that model performance in few-shot settings does not universally translate across
different types of tasks. Despite their smaller size, open-source models like KPI-BERT [25] 8], when fully fine-tuned,
surpassed even the best-performing LLMs in this setting. This underscores the potential of fine-tuning as a critical
factor for enhancing model performance on specialized tasks, albeit at the cost of generalizability and the requirement
of extensive task-specific data, which might not always be available.

These observations lead us to recommend that developers and researchers consider both the size and the training
methodology of language models based on their specific needs and constraints. For tasks requiring high precision and
specialization, like the one at hand, fine-tuning smaller models might prove more beneficial, while few-shot capabilities
of larger models could be leveraged for broader, less specific applications.

The next step could be investigating alternative ways to leverage LLMs for the relation extraction task, like the
methodology proposed in [27], which studied how LLMs can be fine-tuned to do named entity recognition, which
traditionally is the first step in extracting relations. Another potential avenue for further research is applying additional
pre-training with vast databases like EDGAR to existing LLMs, so that they improve their performance on finance-
specific datasets, which will likely lead to an increase in “downstream” tasks like KPI extraction.
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Appendix

Final Prompt

Formatted KPI Extraction Prompt

Extract Key Performance Indicators and their corresponding numerical value from the following sentence in
JSON format. The format is: {"relation_id": {"named_entity_class": "named_entity_value",
"named_entity_class": '"named_entity_value"}, ...}. Here relation_id can be multiple, such
as 0, 1, 2, 3, 4, 5, etc. Ensure that there are exactly two key-value pairs in {"named_entity_class":
"named_entity_value", "named_entity_class": '"named_entity_value"} The value of a key-
value pair can be primarily numbers, and if that’s not possible, then strings.

Examples are:

1. Example

“Includes $ 6.7 billion of revenue recognized in 2021 that was included in deferred revenue as of September 26,
2020, $ 5.0 billion of revenue recognized in 2020 that was included in deferred revenue as of September 28,
2019, and $ 5.9 billion of revenue recognized in 2019 that was included in deferred revenue as of September
29, 2018.” from which you should extract: {"0": {"KPI": "revenue", "value current year": 6.7}, "1": {"KPI":
"revenue"”, "value two years ago": 5.9}, "2": {"KPI": "revenue", "value previous year": 5.0}}.

... (additional examples continue in the same format) ...

Named entity classes are only allowed from the following range: “KPI”, “value current year”, “value previous

99 < 99 ¢ CLINT3 CEINNT3

year”, “value two years ago”, “current year value increase”, “previous year value increase”, “current year value
decrease”, “previous year value decrease”, “thereof”, “attribute”, “KPI-Coreference”.

ere are the descriptions for the named entity classes:
H the d t for th d entity cl

» “KPI"”: Key Performance Indicators expressible in numerical and monetary value, e.g. revenue or net
sales

* “value current year”: Current Year monetary value of a KPI

* “value previous year”: Prior Year monetary value of a KPI

 “value two years ago”: 2 Year Past Value of a KPI

 “current year value increase”: Increase of a KPI from the previous year to the current year

* “previous year value increase”: Analogous to increase, but from value two years ago to value previous
year

* “current year value decrease”: Decrease of a KPI from the previous year to the current year

* “previous year value decrease”: Analogous to decrease, but from value two years ago to value previous
year

* “thereof”: Represents a subordinate KPI, i.e., if a KPI is part of another, broader KPI
 “attribute”: Attribute that further describes a KPI
» “KPI-Coreference”: A co-reference to a KPI mentioned in a previous sentence

Please follow the examples and description to extract Key Performance Indicators and generate a consistent
JSON format.
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