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Abstract  
Research Question: Can Large Language Models (LLMs) be used as low-cost tools to 
efficiently and effectively extract data from heterogeneous sources fed into accounting 
systems and processes? 
Motivation: Accounting departments use a variety of data from a wide range of sources and 
feed them as inputs into their accounting systems and processes. Extracting such data often 
requires manual effort. Large Language Models may be a low-cost way to extract data 
without substantial upfront investments. Prior literature documents the potential of LLMs for 
data extraction in other domains or for long and largely semantic accounting documents. 
While these guidelines may be transferable to semantic data feeding into accounting systems, 
such as order emails, they are likely not directly transferable to non-semantic, semi-structured 
data sources, such as invoices.  
Idea: In our proof-of-concept, we test whether general prompting guidelines from prior 
literature apply to both non-semantic but semi-structured (i.e., invoices) and semantic but 
unstructured data sources (i.e., order emails) used as inputs into the accounting system. We 
then identify these issues and derive guidelines for practical use.  
Data: A synthetic dataset consisting of 46 heterogeneous PDF invoices and 10 order emails 
in Outlook format was created. Synthetic data allow explicitly including challenging 
variations and eliminate data privacy concerns.  
Tools: Following design science research, we test and improve LLM (Mixtral-8x7B) prompts 
for Named Entity Recognition derived from prior literature to establish accounting-specific 
prompt guidelines.  
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Findings: Using Large Language Models to extract data that can be used as inputs into 
accounting processes requires case-specific adjustments to general prompting guidelines 
derived from the literature. We develop solutions to problems resulting from general 
prompting guidance and define transferable strategies for creating prompts that allow the 
extraction of data from semantic and non-semantic accounting data sources.  
Contribution: We provide guidance on how LLMs can extract data for use in accounting 
systems. Data sources differ substantially from those in prior literature. 
 
Keywords: generative artificial intelligence, large language models, prompting, data 
extraction, accounting systems 
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1. Introduction  
 
Accountants often spend considerable time extracting data from structured and 
unstructured sources. While major advances in Document Artificial Intelligence (AI) 
have been observed over the last decades (Cui et al., 2021), existing data extraction 
methods often encounter substantial challenges, making them costly, time-
consuming, and often error-prone. First, they generally rely on model training, which 
requires substantial time investments, e.g., for labelling data or validating extraction 
decisions and providing feedback for learning (Klein et al., 2004). Optical Character 
Recognition (OCR) in combination with other technologies such as regular 
expressions or pattern matching, is often used to extract individual pieces of 
information from PDF documents. Invoices are challenging candidates for OCR as 
their graphical layouts may differ substantially on a case-by-case basis (Ha & Horák, 
2022). When, for example, applying regular expressions to invoice data, rules need 
to be consistently monitored and adjusted. Traditional rule-based pattern-matching 
approaches also fail when input texts become heterogeneous (Liu, 2025), which is 
often the case in the accounting context, especially when it comes to invoices. In 
addition, while commercial tools such as ABBYY Fine Reader, DataSnipper, and 
OCRMiner show good, but far from perfect, levels of accuracy, their implementation 
and integration require large resource commitments, both financially and with 
respect to human resources by IT staff and accounting experts. 
 
With the introduction of Large Language Models (LLMs), a new and potentially 
efficient tool for data extraction may be available (Huang et al., 2024). While this 
methodology is already being explored in other disciplines such as medicine, the 
extraction of clinical data is fundamentally different from data in the accounting 
domain as they are (1) often already delivered in electronic format and (2) mostly in 
unstructured narrative (i.e., semantic) form. So far, little research has focused on the 
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application of LLMs to the extraction of accounting data. The focus is increasingly 
placed on the extraction of large-scale financial information from annual reports and 
sustainability reports. These are unique types of documents, as they are usually long 
documents with large text-based components, as well as a smaller proportion of 
tabular data. Findings from these studies are mostly interesting for the auditing and 
consulting community which may want to scan such documents or for researchers 
tapping new data sources. Many of the studies in this area focus on the process of 
data extraction but remain agnostic as to how exactly to prompt the LLM to obtain a 
high-quality output. So far, research has, however, neglected one specific group of 
accountants who have a particular need to extract data on a daily basis: accounting 
functions within businesses. 
 
Our study fills this gap by adjusting and extending existing general prompting 
guidelines to the context of accounting data used in the business context. 
Specifically, we capture the heterogeneity of this task by creating two synthetic 
datasets with one containing unstructured but semantic data, which is expected to be 
a natural candidate for LLM processing, and the other containing (semi-)structured 
but non-semantic data from invoices. To do so, we apply a literature-based prompt 
to our sample and analyse extraction issues. In an iterative manner, we optimise this 
prompt to solve the identified challenges using prompting. Ultimately, we codify 
these insights in the form of best-practice prompts and prompt guidelines (Moundas 
et al., 2024) for users to apply to identical use cases (i.e., invoices and order emails) 
or similar tabular and semantic data extraction tasks in the accounting domain. 
 
We thereby extend prior literature in three ways. First, we take the overall process 
of data extraction from PDF to individual pieces of information (e.g., Li et al., 2025) 
as given. Instead, our proof-of-concept focuses on one part of this extraction process, 
namely, the interaction with the LLM, and shows how to optimise data extraction 
via prompting. Second, while prior studies have focused on extracting a larger 
amount of information related to a general topic or identifying the relevant pages and 
sections in very long documents, we focus on short documents of often only one 
page in length, which contain a variety of distinct pieces of information to be 
individually extracted. Third, Li et al. (2025) and similar studies focus on extracting 
large amounts of data from annual reports with the goal of using this information in 
a research setting – not to be entered into ERP systems and thereby becoming critical 
for business operations. While for Li et al.’s approach, errors in data collection do 
not matter if they are unsystematic and the law of large numbers applies, inputs to 
accounting systems need to have high levels of accuracy as misstating transaction 
data can easily lead to malfunctioning business operations and issues during the audit 
process.  
 



Prompting to Extract Data Inputs for Accounting Systems  
from Heterogeneous Data Sources 

 

Vol. 25, No. 1  73 

2. Literature review  
 
2.1 Automation and generative AI in the accounting function 
 
As it becomes more difficult to further increase productivity in operational areas, 
businesses increasingly focus on enhancing efficiency in administrative areas such 
as accounting and finance departments to reduce costs. Additionally, an increasing 
workload, for example, due to the implementation of new and complex accounting 
standards (e.g., IFRS 16) or additional tasks (e.g., sustainability accounting and 
reporting) is observed. The automation of standardised routine accounting tasks 
offers a potential solution to this challenge.  
 
Initially, automation within the accounting and finance function was done, at most, 
for basic repetitive tasks within MS Excel worksheets using macro programming or 
by customising ERP systems. In both cases, the tasks can only be automated within 
a single system. With the introduction of robotic process automation (RPA), which 
emulates human actions on screen and thereby allows working across different 
systems (Cooper et al., 2019; Lacity & Willcocks, 2016; Willcocks et al., 2015), the 
scope for automation has been extended. However, both research and practice soon 
became aware of its limitations such as high failure rates (Moffitt et al., 2018) and 
governance issues (Bakarich & O’Brien, 2021). Ultimately, these limitations lead to 
efficiency gains from RPA that are much lower than expected. In the next wave, 
RPA bots were combined with other powerful technologies, such as optical character 
recognition (OCR) and AI, for more complex information processing.  
 
More recently, Generative AI (GenAI) in general and Large Language Models 
(LLMs) in particular, have disrupted the way in which administrative tasks are 
performed. The earliest use cases were subject-agnostic and included summarising 
email content or meetings to obtain quicker access to information. LLMs were 
quickly able to solve accounting tasks at least at a satisfactory level. Eulerich et al. 
(2024) show that while performance of ChatGPT 3.5 was weak, ChatGPT 4 was able 
to pass all sections of major accounting certification exams (i.e., CPA, CMA, CIA, 
and EA). In fact, they provide evidence that the LLM performs at least as well as 
accounting professionals do. Similarly, Cheng et al. (2024) analyse the ability of 
ChatGPT models 3.5 and 4 to complete accounting tasks by using them to solve 
educational accounting cases. Their analysis shows that LLMs perform much better 
when it comes to purely semantic tasks (e.g., explaining or applying rules) than in 
the non-semantic context, when, for example, preparing financial statements.  
 
Early use cases focused on using LLMs for purely text-based tasks such as idea 
generation in (internal) audits (e.g., risk identification, audit scope, interview 
preparation and summarisation (Emett et al., 2023)), summary tasks (e.g., interview 
summaries in internal audit (Eulerich & Wood, 2023)), or explanatory tasks (e.g., 
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regulation and governance (Cheng et al., 2024)). As existing text mining methods 
are often ineffective at obtaining granular data (Bochkay et al., 2023; Senave et al., 
2023), the use of LLMs for data extraction has attracted attention. Specifically, prior 
literature has documented how LLMs can help extract data from long unstructured 
but largely semantic accounting documents such as annual reports and Economic, 
Social, and Governance (ESG) reports. Huang et al. (2023) developed an LLM 
known as FinBERT, specifically designed to summarise contextual information in 
financial texts. This tool significantly outperforms other established data extraction 
approaches (e.g., naïve Bayes, support vector machine). It also outperforms other 
models with respect to extracting data on specific topics such as ESG passages.  
 
Based on the principles of design science research, Li et al. (2025) present a 
framework for extracting text from PDF documents, thereby providing researchers 
with access to large amounts of previously unused unstructured data. They show that 
their extraction framework achieves high accuracy rates of up to 100% for 
governmental Annual Comprehensive Financial Reports (ACFRs) and up to 98.9% 
for ESG reports. Out-of-sample tests also show high levels of accuracy of 96%. Föhr 
et al. (2023) focus on the prompting component and provide a framework for 
sustainability-related audit prompting with the goal of validating and verifying their 
information. Ni et al. (2023) take a different approach. Instead of providing a 
framework to enable researchers to extract data themselves, they propose a ready-
made system (CHATREPORT), which can be used to analyse sustainability reports 
along a variety of dimensions. Specifically, the system creates a score and allows 
conducting an interactive analysis.  
 
However, hallucinations, which reflect „generated content that is either nonsensical 
or unfaithful to the provided source content” (Huang et al., 2024, p. 2), remain an 
important issue (Huang et al., 2024). When extracting data for further analysis, this 
issue can be addressed by making the LLM output traceable (Ni et al., 2023). When 
using LLMs to extract large amounts of data from annual reports for large sample-
based research, an occasional hallucination issue is likely to be irrelevant for 
hypothesis testing as long as it is unsystematic and the law of large numbers applies.  
This shows that the literature has investigated large-scale data extraction, mostly for 
analysis or research purposes, as outlined above. The use of LLMs to obtain and 
standardise transactional data to be fed into accounting systems has not yet been 
explored. While much accounting information flows into accounting systems 
through integrated solutions (e.g., production data on raw material usage), 
accountants frequently receive unstructured documents containing transaction data 
that need to be transferred into journal entries. So far, there is no standardised state-
of-the-art technology and process used to approach the problem of data extraction 
for the purpose of feeding data into ERP systems. 
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We expect the application of LLMs for extracting data from annual reports or 
sustainability reports for research or analysis purposes to differ from the application 
for extracting information to be fed into accounting systems (e.g., from invoices or 
orders) for the following reasons: 

1) Annual reports are well-structured (e.g., standardised recurring headings, 
consistent formatting) long-form documents with large quantities of 
semantic texts that are supported by non-semantic information in table 
format. In contrast, invoices are characterised by containing almost 
exclusively non-semantic data in heterogeneous table format (e.g., different 
headers, units of measurement, date formats). The latter is optimised for 
human readability and not for machine-reading and parsing.  

2) When extracting large amounts of data for research purposes, minor errors 
can be neglected if these are unsystematic. However, accuracy is crucial for 
accounting inputs, as accounting must be free from error (IFRS Conceptual 
Framework). In the case of material errors, restatements with costly 
consequences, such as enforcement actions, negative restatement 
announcement returns, or higher executive turnover may be required (e.g., 
Peterson, 2012). Hence, requirements in terms of accuracy (i.e., error rates 
and hallucinations) are much higher for accounting system inputs.  

 
The key to achieving an optimal output is to use optimised prompts when interacting 
with an LLM. However, what such optimal prompts look like in terms of prompt 
components, structure, wording, etc., differs strongly depending on the use case and 
data sources. Thus, we build on prior work that defines frameworks for information 
extraction in accounting (e.g., Li et al., 2025) and extend it by defining the following 
two research questions: 

1) Do general prompting guidelines apply to data extraction in the accounting 
and finance function? 

2) What constitutes good prompting for structured versus unstructured data 
used in the accounting context based on prior literature?  

 
2.2 Literature-based prompting guidelines  
 
LLMs produce text based on learned linguistic patterns (Ida, 2024). The underlying 
transformer architecture predicts the probability of the next token in a given 
sequence. It sequentially generates an output sequence according to these 
probabilities by appending the chosen token to the existing token sequence. The 
LLM repeats this probability calculation until the output is complete. Through this 
mechanism, LLMs effectively perform core natural language processing (NLP) tasks 
such as text generation and completion (Paaß & Giesselbach, 2023). The output is 
triggered by a prompt (sequence) containing a set of instructions provided to the 
LLM. This input token sequence determines the probability that the next token will 
be selected (Paaß & Giesselbach, 2023; White et al., 2023).  
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Table 1. ABC adoption measurements 

 
To elicit high-quality LLM output, prompts should be well structured and precisely 
formulated, as even minor prompt changes may alter the output (Liu et al., 2023; 
White et al., 2023). The process of optimising prompts is known as “prompt 
engineering” (Knoth et al., 2024). It is often characterised by extensive trial and 
error, iterative testing, and the evaluation of different prompting strategies. 
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Specifically, wordings, punctuation, instructions, and additional information in the 
prompt are changed progressively. Output differences are documented after each 
step. Subsequently, possible combinations of these changes are tested individually 
until the LLM output yields sufficiently precise results. The literature identifies 
different characteristics of high-quality prompts. Table 1 summarises prior findings 
in the form of guidelines. 
 
1) Set the fundamentals 
LLM providers often offer user interfaces that make LLM interactions more user 
friendly. In addition, most LLMs can be accessed via an Application Programming 
Interface (API). 
  
Output quality highly depends on the choice of the underlying LLM and its 
pretraining (Paaß & Giesselbach, 2023). While some models perform better when 
handling structured content, others are designed to be talkative and produce creative 
text. Furthermore, LLMs differ in their size. The larger a model, the more likely it is 
to support multiple tasks. However, this comes at the cost of reduced precision. 
Larger models are not necessarily a better choice as they have a higher probability 
of hallucination and are costlier to operate in terms of computing power (Lipenkova, 
2022). Another determinant for choosing the most suitable LLM is the context 
window from which the models can assimilate information. It is the maximum 
number of tokens that an LLM can work on without “forgetting” what has previously 
been discussed (Ruiz et al., 2024). A larger context window allows a more detailed 
description of tasks and may yield better results. Still, the number of tokens used for 
the instruction determines the cost of LLM usage and should be kept to a minimum 
(Bergmann, 2024).  
 
In addition to textual prompt input, most user interfaces and LLM APIs provide the 
option of setting inference parameters to control how the model should respond to a 
prompt. Settings that can be specified include but are not limited to (1) the minimum 
and maximum number of tokens used for the output generation, (2) setting a “stop 
sequence” which defines a sequence of characters after which the model will stop 
generating output, and (3) “greedy” and “sampling” decoding methods in NLP. 
These factors define how conservative or creative the LLM is. Greedy decoding 
takes the highest probability tokens and leaves less room for creativity. Sampling 
decoding allows for more creativity and can lead to more differences in outputs for 
the same input. However, this variability increases the risk of nonsense (Ekin, 2023; 
Paaß & Giesselbach, 2023). 
 
Finally, when using a new LLM, users should familiarise themselves with the 
general behaviour of the LLM (e.g., when creating a table, completing a sentence) 
to identify and address potential issues early (Liu & Chilton, 2022). 
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2) Specify the desired output 
To ensure that the output aligns with user expectations, users should specify a ground 
truth that defines an ideal output, and thereby the writing style (e.g., friendly or 
formal), language, data format, length, structure, and complexity (see Figure 1 for 
example). Once established, these requirements can be used to determine rules, 
principles, and constraints for the LLM to adhere to.  
 

 
Figure 1. Sample invoice in PDF format versus ground truth in JSON format 

 
3) Keep it short, clear, and simple 
In general, a clear and concise writing style helps eliminate ambiguity and minimises 
misunderstandings, errors, and omissions (Li et al., 2025). Therefore, users should 
use simple and positive phrasing (e.g., "do" instead of "do not") while maintaining a 
neutral tone and avoiding unnecessary politeness (Wutzler, 2023; Zamfirescu-
Pereira et al., 2023). 
  
Furthermore, LLM output has been shown to be strongly impacted by certain trigger-
keywords. These may be general (e.g., “remember”; list”, “name”, “explain”, 
“concise”; “comprehensive”; “strictly”) or domain-specific in nature. Users should 
focus on identifying use-case-specific keywords during the iterative prompting 
process and strategically employ both general and specific ones (Shin et al., 2020). 
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In addition, LLMs have been shown to benefit from reducing task complexity by 
providing step-by-step instructions or by using a multi-prompt approach. This 
involves using the output of one prompt as the input for the next prompt. 
Additionally, Chain-of-Thought prompting should be applied, where the LLM is 
instructed to explain its reasoning step-by-step. This approach is particularly 
beneficial for mathematical and logical tasks (Kojima et al., 2022; Korzyński et al., 
2023; Wu et al., 2022). 
 
4) Communicate groundwork for understanding 
Prompts should provide the LLM with relevant context and background information, 
such as explaining the general task, intent, scope, role, and document types. 
However, users must balance too little and too much additional information and 
instructions (see Guideline 3), as additional information may increase the risk of 
misunderstanding and thus generate suboptimal output (Dang et al., 2022; Wu et al., 
2022). 
 
Furthermore, at the beginning of the prompt, users should define notation and 
terminology (e.g., “*” to indicate “new”; domain-specific terminology) (White et al., 
2023).  
 
For greater accuracy, edge cases should be addressed within the prompt. That is, 
users should define how the LLM should behave in unexpected situations (e.g., 
define what the LLM should output if the answer is unknown or uncertain) (Stryker 
& Scapicchio, 2024). 
 
5) Structure the prompt 
Once users have identified all relevant prompt components, they should focus on 
optimising the structure of the prompt, which has been shown to strongly influence 
the generated response. Usually, model developers suggest that specific templates 
that follow a logical order should be used for the prompt to deliver the best result. 
These can involve indentations, parentheses, or keywords (Mistral AI, 2025). 
Table 2 provides examples of prompt templates. 
 
When deviating from prompt templates, users should rely on guidance 
sentences/control phrases that clearly indicate what the following section of the 
instructions relates to (e.g., “Follow these guiding principles:”; “Use the following 
example as reference for your output.”; “Input”, “Output”). In addition, users should 
include a placeholder for the LLM output (ending cues) (Korzyński et al., 2023). In 
general, users should begin by assigning a role to the LLM to ensure that it uses 
specific context-related expertise or assumes certain responsibilities. Next, users 
should pose a question or task with detailed instructions that contain descriptions of 
output preferences (e.g., length or structure; see Guideline 2). This approach 
provides the LLM with clear guidance regarding the desired format and structure of 
the output (Ray, 2023). Prompts allow for in-context learning where LLMs learn 
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from demonstrations (instructions and examples) in the prompt rather than from 
knowledge stored in the model weights during training time (Gemini Team Google, 
2024). This can be used instead of the more resource-intensive approach of 
finetuning, where weights and parameters of a model’s artificial neural network are 
changed using a manually labelled, subject-specific dataset (e.g., financial data). 
When using the less resource-intensive in-context learning, users provide sample 
inputs and outputs. While prompts can be created without examples (i.e., “zero-shot” 
prompting), providing a single (i.e., “one-shot” prompting) or multiple (i.e., “few-
shot” prompting) input/output examples have been shown to lead to superior output 
(Dang et al., 2022). Depending on the application area, the number of examples that 
positively affect output can differ (Kirstain et al., 2021). Examples should be placed 
towards the end of the prompt. 
 
Repetition also increases output quality, although it contradicts the aim of 
minimising prompt length and thereby the prompt’s token number (Zamfirescu-
Pereira et al., 2023; see Guideline 3). Again, it is important to find a balance between 
too much and too little information (see Guideline 3). 
 

Table 2. Sample Prompt Structure Templates 
# Template Reference 
1 LLM provider suggestions:  

<s> [INST] [instruction] [/INST] 
Mistral AI (2025)* 

2 Structure: (1) Role; (2) Task; (3) Format, 
Principles, Rules; (4) List of entities; (5) 
Examples; (6) Reminder and Output 
Guidance 

* 

3 Q: [X]. A: [T] Kojima et al. (2022) 
4 Given the [input], [action verb] (e.g., 

organise) [data types] (e.g., list) of [output], 
[few shot examples] 

Wu et al. (2022) 

5 Extractor pattern: Extract 
[generation_contraints] in the format 
[extraction_pattern] from 
[input_specification] 

Moundas et al. (2024) 

Notes: * indicates prompt structures used in the study at hand’s analysis 
 
6) Define data extraction specifications 
NLP enables a wide range of tasks, including document retrieval, code generation, 
text generation, summarisation, classification, clustering, sentiment analysis, 
translation, question answering, retrieval-augmented generation, dialog systems, and 
data extraction. Each of these tasks may require slightly different prompting 
techniques (Ekin, 2023; Paaß & Giesselbach, 2023). When using LLMs to extract 
data, Named Entity Recognition (NER) is a suitable technique. In this case, the 
prompt should explicitly specify the entities to be extracted and provide detailed 
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descriptions to ensure that the LLM can accurately identify them in the input 
document (Moundas et al., 2024). 
 
7) Iterative prompting 
Once a baseline prompt has been created, users should analyse the output, identify 
potential errors, and adjust the prompt (see Guidelines 1-6) in an iterative manner 
(Ray, 2023). As part of this iterative process, users may opt for interacting with the 
LLM by asking questions to identify reasons why an output was generated in a 
particular manner and how the prompt could be adjusted to improve the output 
(White et al., 2023). To verify the robustness of the prompt across varying input 
sequences, users should evaluate it using multiple heterogeneous and representative 
datasets (Moundas et al., 2024). 
 
8) Human oversight 
Ultimately, output quality may vary even for repeated usage of an identical prompt. 
Therefore, human oversight from subject-matter experts is essential to mitigate the 
common risks associated with LLMs, including hallucinations, biases, and 
inconsistent outputs (Hu et al., 2024; Ray, 2023; Stryker & Scapicchio, 2024; Zewe, 
2023). As the transferability of prompts is poor whenever the data structure or output 
requirements change, a new prompt must be developed or an existing prompt 
customised for each task (e.g., when extracting information from invoices versus 
emails) (Liu et al., 2023). 
 
3. Research design 
 
3.1 Methodological approach 
 
We follow design science research (DSR) (Gregor & Hevner, 2013) to design and 
validate guidelines for extracting data from accounting-related documents using 
LLMs. Data sources that provide inputs to accounting processes are extremely 
heterogeneous, ranging from standardised structured formats (e.g., e-invoices; order 
forms) to customised but structured formats (e.g., individualised invoices) to fully 
unstructured formats (e.g., order emails). However, as at the same time data extracted 
from such heterogeneous sources must be free from error (IFRS Conceptual 
Framework), guidelines for data extraction using LLMs identified in prior literature 
(see Table 1) may not be readily transferable to this context. In line with DSR, we 
apply design guidelines derived from prior literature to accounting input data, with 
the goal of writing entities into a JSON format file. We choose this format because 
it is one of the most popular formats for exchanging data, it is human readable and 
seamlessly integrates with most relational database systems (Petković, 2017). We 
require the LLM to generate the output using NER, where a named entity can be a 
word or phrase identified by a specific name, expressing for instance, the name of 
an organisation, person, and geographic location, but it can also be a currency, time, 
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or percentage (Li et al., 2020). The NER function proves useful in (financial) 
document parsing, as it allows the extraction of structured data from unstructured 
financial texts. To verify whether the JSON output is satisfactory, we establish a 
ground truth for each invoice. By manually comparing LLM outputs against the 
ground truth, in line with Bose et al. (2021), we assess the reliability of the results 
by discovering and correcting irregularities and mismatches that were generated by 
the LLM to ensure high-quality data output. More precisely, we check whether the 
extracted entity values match the ground truth. If this is not the case, the entity is 
defined as incorrect. The number of correct entity extractions is then considered 
relative to the total number of entities to determine the error rate. 
  
We select the Mixtral-8x7B model by Mistral AI because it has a comparably large 
context window of approximately 32,000 tokens, can handle multiple languages, and 
performs well with respect to structural activities. It is suitable for financial contexts, 
in which problems are often multifaceted and domain-specific. The model leverages 
a collection of expert models, each tailored to address and solve a distinct component 
of the problem, which delivers more accurate and context-aware outputs (Mistral AI 
team, 2023). The Mixtral-8x7B model was accessed via an API providing freedom 
with respect to the prompt structure and parameter settings. In the business context, 
the use of an API has two distinct advantages. First, the modular nature of accessing 
the LLM through an API adds flexibility to modify or even remove the step from the 
invoice processing operation. Second, processing via an API can be automated and, 
thus, easily scaled up (Li & Vasarhelyi, 2024). 
 
We then identified issues that arise when applying a literature-based prompt to 
semantic (i.e., order emails) and non-semantic (i.e., invoices) data sources. In line 
with DSR, we follow an iterative process and adjust the guidelines to reflect 
requirements specific to extracting data from heterogeneous sources as inputs for 
accounting processes. 
 
3.2 Data 
 
Transactional accounting data entering accounting systems may be received in the 
form of structured or unstructured semantic, semi-semantic, or non-semantic 
documents. To capture input heterogeneity, we create two synthetic datasets: (1) 
semi-structured but non-semantic invoice data and (2) unstructured but semantic 
order email data for a fictional food retailer. Synthetic data are increasingly chosen 
to protect companies’ sensitive private financial data (Beduschi, 2024). Basing 
invoice creation on publicly available real-world invoice examples allows specifying 
variations in layout, formats, and writing that potentially cause difficulties in data 
extraction. 
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3.2.1 Invoice dataset (semi-structured, non-semantic) 
 
As invoices are non-semantic documents that contain only a few word sequences in 
natural language, they are characterised by a semi-structured mix of words and 
numbers. Data are placed in different locations across the document depending on 
the context. For example, contact information is generally found in the header or 
footer, whereas order line items are displayed in the tabular body of invoices. 
Sometimes, the same information can be included several times (e.g., contact name 
in the header and footer) (Hamdi et al., 2021; Saout et al., 2024). Our invoice dataset 
comprises 46 invoices that can be divided into two subsets. The first subset consists 
of 25 PDF documents from 25 different suppliers, all of which use different 
templates and display different contents. 20 documents are written in English while 
five documents are written in German to capture language barriers that international 
businesses may face. The second subset contains 21 PDF documents divided into 
three subsets of seven PDF documents each. One subset of seven invoices uses the 
same invoice data from the same English-speaking supplier but formatted in six 
different ways plus a German version of the sixth template. Figure 2 shows an 
overview of all invoice datasets used. We test for external validity by applying the 
final prompt to the second subset, which again contains different variations in terms 
of invoice layout, language (English vs. German), and data content. This addresses 
potential concerns of introducing too little noise into our synthetic invoice data or 
overfitting our model prompt to the original dataset. 
 

 
Figure 2. Invoice datasets: an overview 
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The documents contain the suppliers’ contact details, which include varying address 
or phone number formats. Additionally, differences in writing style (e.g., 
abbreviations or synonyms) were introduced for the same entity (e.g., “invoice-date” 
versus “issue-date” versus “document-date”). Other invoice characteristics are 
invoice IDs or order item IDs, which may vary in length and can be numeric or 
alphanumeric. The date formats and the number and order of the table columns also 
vary. The listed order items may or may not have detailed descriptions, depending 
on the invoice document, and even within a document, unit measurements can differ 
(e.g., bags, kg/kilos, l/litres). The currency is either €, $, or £. Some information may 
be written vertically, and some invoices are deliberately missing certain information. 
Figure 1 displays one sample invoice with its corresponding ground truth. 
 
3.2.2 Email dataset (unstructured, semantic) 
 
Inputs to accounting processes are also frequently unstructured, but semantic in 
nature. To capture these characteristics, we create a separate dataset with 10 
synthetic order emails in PDF format, which in a real-world use case allows for easy 
access and easy data storage. These share a uniform layout, which is modelled after 
the Outlook PDF print format of emails, reducing the variance across documents 
compared with the invoice dataset. Given their semantic nature, the main differences 
lie in the wording or placement of information such as addresses or ordered items 
within the email text. Some emails contain special requests, such as a desired 
delivery date or a request for notifications. Three emails are written in German, 
whereas the other seven are written in English. Figure 3 displays one sample order 
email with its corresponding ground truth. 
 

 
Figure 3. Sample email in PDF format versus ground truth in JSON format 
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To feed the LLM with the respective data, we follow Li et al. (2025) and first convert 
PDF files into TXT documents using Python. In the second step, we perform the 
prompting entity extraction task. Finally, in step three, we compare the results of the 
final prompt with the ground truth (see Figure 4). 
 

 
Figure 4. Data extraction process following Li et al. (2025) 

 
4. The use of LLMs for accounting data extraction 
 
4.1 Prompt design for semantic and non-semantic data 
 
We apply the prompting guidelines derived from prior literature (see Table 1) to our 
data. Specifically, we create two prompts: one for unstructured semantic order emails 
and one for semi-structured non-semantic invoice data. Both follow the structure 
outlined in Table 2, Template numbers 1 (Mistral specific template) and 2 (general 
template). We set the inference parameters to “greedy” decoding, allowing for 
precision, with a minimum token count of “0” and a maximum token count of “800” 
for the output length. We do not specify a stopping sequence. 
 
For the task at hand, the three most basic instructions are to deliver a JSON output, 
enter a null value if information is missing, and extract the same expression as 
written in the input text. The latter instruction allows extracting German words 
unchanged, if the document is written in German, preventing the LLM from 
paraphrasing or modifying the data. For the named entity list, we provide telling 
entity names and include entity-specific instructions that are reinforced by using 
examples. 
 
4.2 Iteration and evaluation: challenges and solutions  
 
Based on our manual comparison of the output with the ground truth, we identify 
issues and challenges of the prompt derived from our literature-based guidelines (see 
Table 1) and iteratively optimise the original prompt to suit the specific requirements 
of the accounting function (see Table 3 for challenges and solutions). 
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Table 3. Accounting data specific challenges and solutions 

 
 
4.2.1 Final optimised prompts 
 
Non-semantic data: The final prompt that delivers the most satisfactory output  
for the extraction of 16 entities plus four sub-entities from invoices is shown in 
Figure 5. The aim of this prompt is to be as distinct and short as possible, as the 
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number of tokens used determines the usage cost, striking a balance between details 
that deliver high-quality output and details that might confuse the LLM. The final 
prompt comprises approximately 1,700 tokens. After testing different prompt 
versions, we conclude that using a one-shot prompt is the best way to receive a 
satisfactory JSON response, while keeping the token count as low as possible. We 
carefully select the example invoice based on its complexity, length, and ability to 
address key challenges.  
 

 
Figure 5. Optimised prompt for data extraction from invoices  

(i.e., semi-structured; non-semantic) 
 
Semantic data: While we use the same prompt structure, the prompt for email data 
extraction, as shown in Figure 6, differs from that used for invoices. A key difference 
is that instead of a one-shot prompt, we use a few-shot prompt with two examples, 
as the second example significantly improves output quality. Despite this, the email-
prompt contains slightly fewer tokens than the invoice-prompt, with a total of 
approximately 1,650 tokens, owing to the lower number of extracted entities (i.e.,  
12 entities) and fewer necessary clarifications and instructions. 
 
The final prompts and issues encountered during the iterative prompt engineering 
process show that the original literature-based prompting guidelines presented  
in Table 1 do not allow for dealing with a number of special characteristics  
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in transaction accounting data. After our evaluation, in line with DSR, we  
improve upon the original guidelines and indicate adjustments as well as additions 
(see Table 4). 
 
4.2.2 General Accounting-specific adjustments to prompting guidelines  
 
Data extraction outputs for both semantic and non-semantic data inputs are subject 
to some systematic issues that require adjustments to the general prompting 
guidelines. The analysis further shows that the type of data source (i.e., semantic vs. 
non-semantic) matters substantially for prompt optimisation. Even when extracting 
similar pieces of information, an identical prompt may not perform equally for both 
data types:  
• Communicate groundwork for understanding: Our analysis confirms that 

even changes in wording (i.e., “you are” vs. “please act as”; blank lines; changes 
of single characters) alter the context and can, thus, cause significant differences 
in the output. The issue of changes in wording is particularly prevalent for non-
semantic invoice data, as a solution that works well for one invoice often 
produces errors for another once an adjustment is made – potentially owing to a 
lack of context in non-semantic data. Semantic data, in contrast, proved to be 
more sensitive to changes in the examples (i.e., type and structure) provided as 
part of the input. Thus, context sensitivity must be addressed through iterative 
testing of every prompt. 

• Structure the prompt: While the general prompt structure (see Table 2) proved 
helpful, it does not specify the structure within each category (e.g., how to 
describe the role, which information about a task to provide first, …). The 
analysis showed that the location of an instruction within the prompt mattered 
for output quality. Framing the example using clear keywords in capital letters 
and key signs (e.g., ###EXAMPLE […] ###EXAMPLEEND) and placing 
reminders for important requirements introduced by the keyword “remember” 
towards the end of the prompt improved output quality. 
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Table 4. Accounting data specific challenges and solutions 
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• Define data extraction specifications: Furthermore, the general prompt 
structure (see Table 2) remains agnostic regarding the use of NER within the 
prompt. When the number of entities to be extracted was large, the likelihood of 
errors increased for entities at the end of the list. Because we placed the due date 
entity (“DueDate”) as one of the last entities to be listed in the JSON, the desired 
date format was occasionally not used. Hence, in addition to the initial and 
general date format instruction at the beginning of the prompt, an entity-specific 
format reminder must be placed at the end of the prompt (see Figure 5, line 33). 
In addition to the location of entities, their naming is important. Choosing self-
explanatory entity names reduces the number of instructions required by the 
LLM. For example, when extracting the number of products ordered by a 
customer from an order email, naming the respective entity ProNumber instead 
of ProQuantity or instead of explaining it by “number of different types of 
products requested” proved superior due to its clear and concise nature.  
Furthermore, entity names should prefer Camel Case writing (e.g., “SupEmail”) 
instead of including special characters (e.g., “Sup_Email”) or spaces (e.g., “Sup 
Email”).  

 
For non-semantic data, the LLM frequently extracted incorrect values, wrote correct 
values in the wrong format, or produced a combination thereof. Specifically, the 
address, due date, quantity and quantity unit, and tax rate entities were more likely 
to cause problems than others. Adding entity-specific explanations in parentheses 
after the entity name (e.g., see Figure 5, lines 13-33) or a change in the general 
instruction (e.g., see Figure 5, lines 2-10) frequently solved these issues.  

 
The non-semantic invoice data displayed more challenges than the semantic data. 
An iterative trial-and-error process was required to identify an instruction and/or 
naming convention that worked for all invoices. For example, to identify a contact 
person on the invoice, the entity name “SupContactPerson” was sufficient if the word 
“contact” was explicitly mentioned in relation to a name on the invoice. For invoices 
referring to sales staff, the LLM did not provide the name of the contact person. 
Thus, an additional explanation as “any person in charge” was required (see Figure 5, 
line 17). Furthermore, email addresses and websites, which both contain “.de” or 
“.com” endings were confused. Explicitly reminding the LLM to require “@” in 
email addresses (see Figure 5, line 18), in line with Moundas et al.’s (2024) Pattern 
Matcher Pattern, solved this issue. Finally, the risk of confusing customer- and 
supplier-related data was solved by instructing the LLM that personal data always 
relates to the supplier and prohibiting to enter data that holds information about the 
company itself (see Figure 5, line 7).  

 
With respect to semantic data from emails, only few entities required explanations 
(e.g., “CuName (full name of customer)”, see Figure 6, line 12), which is most likely 
attributed to the additional context, the LLM can draw from. Other entities such as 
addresses (“CuStreet” or “CuHouseNoCity”, see Figure 6, line 14, 15) did not 
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require explanations at all in the semantic dataset. However, when an order email is 
sent from an individual person instead of a company, the LLM occasionally enters 
the name of our own sample company as the value for the ordering company (i.e., 
CuCompany). An entity-specific reminder to enter null if a private customer order is 
required (see Figure 6, line 11). This approach aligns with White et al.’s (2023) 
Refusal Breaker Pattern, although we apply this method to the issue of not finding 
a value in the text. Error rates in address extraction could be largely reduced by using 
few-shot prompting (i.e., two examples).  
 

 
Figure 6. Optimised prompt for data extraction from emails  

(i.e., unstructured, semantic) 
 
• Examples: In line with the literature-based prompting guidance, in-context 

learning using examples proved to be crucial for high-quality output. However, 
our analysis shows that semantic and non-semantic data sources require different 
treatments. When extracting data from our unstructured, semantic email dataset, 
using multiple examples (specifically, two examples) improved performance. In 
contrast, for semi-structured, non-semantic invoice data, single-shot prompting 
(i.e., one example invoice (see Figure 5, line 36)) outperformed few-shot 
prompting with respect to output quality because of the additional token length. 
Thus, for invoices, a single well-chosen example that addresses most issues is 
sufficient. In general, the ideal example is best identified through trial and error. 
Additionally, specific examples are helpful; for instance, providing some 
possible values of an entity for guidance (see Figure 5, line 22).  
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4.2.3 General Accounting-specific additions to prompting guidelines 
 
• Multilingualism: Regardless of the prompt language, the LLM works 

seamlessly with inputs in different languages. In fact, using a non-English 
prompt for a non-English input does not provide superior results. However, 
when using two examples, each in a different language, the LLM mixes the 
languages in the JSON output. Hence, even when extracting data in multiple 
languages, users should consistently provide prompts and examples in one 
language.  

• Formats - Dates: While invoices may display heterogeneity in date formats, the 
LLM output must contain only one standardised date format for consistency. 
While a generic instruction to use this format works for most documents (e.g., 
“Present dates in the following format: DD.MM.YYYY”), exceptions occur 
when converting from the MM/DD/YYYY format, which can be misinterpreted 
by the LLM as DD/MM/YYYY. Therefore, it is necessary to provide explicit 
instructions for this scenario (see Figure 5, line 5). Including this conversion 
issue in the example invoice also led to improved output. Trial and error 
confirmed that the use of examples like “If the date is 07/04/2022 enter 
04.07.2022” is superior to using general instructions such as “convert from e.g., 
MM/DD/YYYY”. It is also necessary to specifically remind the LLM at the end 
of the instruction section of the prompt about the date format conversion (see 
Figure 5, line 44). As our semantic data was created in Outlook format, there 
was no heterogeneity in dates. Hence, no examples were required.  

• Formats - Implicit Dates: Payment conditions are not always given in the form 
of a date but can state “due on receipt” or “due in XX days”, occasionally leading 
to wrong entity values. As a result, the LLM sometimes calculates the due date 
by adding the number of days stated on the invoice to the invoice date (Boye & 
Moell, 2025). However, this does not align with the actual due date. Instructions 
like “Never calculate!” were unsuccessful, regardless of their exact wording. Our 
iterative optimisation showed that a general instruction clarifying what to do in 
any case of uncertainty resolved the problem (see Figure 5, line 10). 

• Formats - Numbers: To ensure consistent usage of number formats (e.g., 
“xx.xx” instead of “xx,xx”) for entities such as the tax rate of the total price, a 
combination of the general instruction to present all numbers in the continental 
European number format “xx,xx” (see Figure 5, line 6) and entity-specific 
instructions in parentheses for those entities that hold numeric values (see 
Figure 5, line 30; Figure 5, line 31) proved to be the most effective. Only in 
combination with the trigger-word "strictly" (see Figure 5, line 31; see 
Guideline 3), the LLM consistently performs the transformation to the correct 
format. 

• Addresses: Due to the use of various address formats in both the semantic and 
non-semantic datasets, extraction errors occur frequently (e.g., omitted house 
numbers or postal codes, incorrect numbers). This problem can be solved by 
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requiring the LLM to extract numeric values (i.e., house numbers) together with 
the relevant context (i.e., street names). For a correct SupPostalCode output, it 
is necessary to explain to the LLM that different postal code formats exist by 
naming examples (see Figure 5, line 22; Figure 6, line 16). Nevertheless, 
sometimes house numbers are missing if they are written in front of the street 
name, as in the USA’s address format. In such situations, the output quality 
highly depends on the house number format and size. A house number value 
4507 is more likely to be omitted than a value 86b. To prevent this phenomenon 
and ensure the address output is accurate, including an example addressing this 
issue (see Figure 7) is indispensable. 

• Multiple outputs: For semantic data, the LLM frequently generates a second 
JSON output or hallucinates a completely new email after finishing the JSON. 
This phenomenon was only occasionally observed for non-semantic invoice 
data. Explicitly requiring the LLM at the end of the prompt to stop generating 
additional text once the task is completed, resolves this issue (i.e., “Stop the 
output after the JSON is completed and all entities are included. Do not provide 
any further explanation or information. Do not generate a new email.”, see 
Figure 6, line 41). This solution is reinforced by providing examples that make 
it clear that only one JSON output is required. Another possible solution for 
addressing such hallucinations is to use a stopping sequence. For instance, 
starting and beginning the JSON with two curly brackets so that the stopping 
sequence can be set to “}}”.  No comparable action was required for non-
semantic invoice data, as the lack of semantic context seems to remove triggers 
for the LLM to continue producing output. 

 
Trouble Shooting 
• Interaction and backward testing: In addition to interacting with the LLM to 

identify and improve upon prompt issues (White et al., 2023), it is possible that 
during the iterative process, a prior prompt version delivered a better result than 
the current version. In this case, backward testing proved helpful. This involves 
deleting specific sections of the prompt until the problematic part is identified. 

 
 
 
 
 
 
 
 
 
 
 
 



 
Accounting and Management Information Systems 

 

94   Vol. 25, No. 1 

 
 

 
Figure 7. Sample data input (PDF and TXT format) and output 
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4.3 Limitations of LLMs for data extraction: unsolved challenges 
 
However, some challenges with respect to the extraction of semi-structured, non-
semantic data could not be overcome by prompt engineering. These issues were 
driven by the fact that semantic connections between tokens or phrases, for example 
in tables, are lost upon conversion of PDF to TXT documents (see Appendix), which 
strongly influences the quality of the extraction output (Nasar et al. 2021). 
Specifically, we faced the following conversion-related issues in our invoice dataset: 

1) When converting a table containing both the due date and the shipping date 
in close proximity, the resulting TXT-file displayed the following: “Services 
Due Date: Shipping Date: 01/12/2021 01/05/2021”. Thus, the LLM 
identified “01/12/2021” as the shipping date, although this in fact reflects 
the due date. Although only four documents in the invoice dataset were 
affected, this issue could not be solved by adjusting the prompt. As it is not 
even possible for human readers to identify the correct date based on the 
TXT-file, only better quality of the PDF-to-TXT-conversion could solve this 
issue.  

2) Numeric cell values in non-semantic data sources may not be correctly 
identified if they do not have any additional cues with respect to their content 
(e.g., “€” or “EUR” to indicate a price; “kg” or “g” or “pcs” to indicate units) 
(see Figure 8).  

3) When extracting longer numeric values such as phone numbers, the 
formatting may not be consistently extracted (e.g., 100 433-4534 instead of 
(100) 433-4534) or it extracts the phone and fax number as one piece of 
information if they are written directly one after the other without an 
indicator, such as (100) 433-4534| (100) 433-4542. Because phone number 
formats differ depending on the invoice layout, a pattern-matching approach 
is not feasible (Moundas et al., 2024). 

4) Invoice numbers were sometimes not identified if they were in purely 
numerical format and not attached to a keyword such as “ID”. This issue did 
not occur if invoice numbers were in alphanumeric format. 

5) When companies displayed a slogan close to their company name on an 
invoice, the LLM did sometimes not only extract the company name but 
additionally the slogan of the company (e.g., for company “GreenS” it 
extracted “GreenS Health is green life” as the company name). Again, as the 
PDF to TXT conversion does not preserve the structure of the original file 
and supplier names are unknown to the LLM, this issue could not be solved. 
However, adding a post-LLM-processing step comparing the LLM output 
to the company’s master data, may be a solution. 

 
In addition, the following non-conversion-related issues could not be consistently 
solved: 

6) If the input provides conflicting information (e.g., “1 bag (holding 25 kg)” 
and “25 kg”), the LLM extracts the correct information but may not attach 
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it to the correct entity (e.g., LLM output: “Quantity: 1”, “QuantityUnit: 25 
kg bag” vs. ground truth: “Quantity: 25”, “QuantityUnit: kg”). Such cases 
were not counted as errors in the evaluation because the information is still 
correct in terms of content. In an industry with a limited range of feasible 
units, stating allowed units in the prompt is expected to improve the output. 
However, given the large number of possible units in the food industry, this 
was not an option for the sample data.  

7) In some instances, the LLM hallucinated by generating a non-existent tax 
rate (see Figure 5, line 30). Whenever the tax rate was not explicitly stated 
on the invoice, but an absolute value for the sales tax was given, the LLM 
either presented the absolute monetary value as a percentage or calculated 
an incorrect tax rate. 

 

 
Figure 8. Relevance of formatting in invoice data extraction: 

Examples of formats and formatting issues 
 

While all above issues related to our sample of semi-structured non-semantic data, 
order emails only displayed one major problem:  
Unstructured, free-form semantic emails allow for the provision of non-standard 
information that may be relevant to the order (e.g., notification requests, requests for 
early delivery, or information about changes in the delivery address compared to the 
last order). When extracting this information into an entity called “AdditionalInfo”, 
the LLM repeatedly paraphrased or omitted the information. Although paraphrasing 
may not necessarily be an issue, it makes it difficult to validate its correctness 
automatically in daily operations. While this is the only major issue for semantic 
data, this entity may contain information that is essential for correct order fulfilment.  
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These unresolved issues show how differences in the underlying data are ultimately 
a major driver of the differences in error rates of 2.5% (semantic) and 7% (non-
semantic). 
 
5. Discussion  
 
In prompting, there are no standardised solutions, and each use case requires a unique 
prompt. Prompting is an iterative, time-consuming process and users must balance 
their time investment with output quality requirements. We show that prompts for 
data extraction from non-semantic invoice data and semantic email data differ 
substantially and lead to different quality outputs (error rates of 2.5% and 7% 
respectively). Furthermore, the prompt engineering task was substantially more 
time-consuming for non-semantic data because of the larger amount and difficulty 
of extraction challenges.  
 
Our enhanced prompting guidelines and final prompts offer orientation for users 
within the accounting domain. For the specific case of data extraction from invoices, 
the final prompt is expected to yield results that can be entered into accounting 
systems. Output quality is in line with or even exceeds error rates achieved using 
other methodologies in prior literature (e.g., Ha & Horák, 2022). However, it is 
essential to check whether trigger words and example descriptions are valid in an 
out-of-sample context, to ensure that company-specific information and 
requirements are processed accurately. 
 
Identified issues related primarily to the extraction of correct formats, such as phone 
numbers or the specific case of the tax rate. Some of these issues (e.g., phone 
numbers) do not constitute necessary inputs into the accounting process beyond the 
initial master data entries and may therefore be neglected. Despite these issues, using 
LLMs to extract data may still be an efficient and low-cost means of data extraction, 
even if post-extraction steps for automatically validating data based on other existing 
data sources (e.g., master data) or manual validation of critical cases may be 
necessary. 
 
We expect that, with minor modifications, our prompt would work similarly well for 
other tabular data – potentially even better depending on the specific table structures 
and similarity of information that is placed in proximity. However, what matters 
most for output quality is the quality of table conversion from PDF to TXT and how 
much contextual information is lost in this process. 
 
With respect to semantic but unstructured order emails, our prompt is expected to be 
transferable to a range of other semantic data sources. Data source-specific 
adaptations may be necessary to address the potential hallucination issues. If 
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systematic differences in order emails occur in a different setting, the prompt may 
be enhanced by adjusting examples (e.g., use the word “number” instead of “ID”).  
 
It is possible that some of the remaining problems could be better addressed by using 
a different LLM, as LLM outputs depend on the language and templates for which 
the models have been trained. However, there are limitations to the manual method 
of prompt engineering, even with few-shot prompting. Many studies (e.g., Ekin, 
2023; Dang et al., 2022; Knoth et al., 2024; Li et al., 2025; Zamfirescu-Pereira et 
al., 2023) highlight the guesswork and experimentation characteristics of prompting 
and its limitations towards solving problems that use different input prompts, just 
like in the case of our analysis where the context given to the LLM differs with each 
invoice or email. A potential solution to this problem is prompt tuning. The LLM is 
tuned with a set of labelled data and task-specific samples called “soft prompt”, 
which augments the actual prompt every time the model is asked to generate the 
output, thereby improving the output. 
 
Another possible approach to address the unsolved problems is fine-tuning, which 
adapts the LLM to new tasks. In fine-tuning, the weights and parameters of a model’s 
artificial neural network are changed using a labelled subject-specific dataset (e.g., 
invoices). This approach was used, for example, in the study by Hamdi et al. (2021). 
However, it requires considerably more time for manual labelling and more 
computing power, which incurs costs (Paaß & Giesselbach, 2023). 
 
It is important to mention that GenAI may not be the best selection for some types 
of data. For instance, structured data, such as tables, can be handled better by 
traditional ML methods (Zewe, 2023). This is why Salgado and Sánchez (2023) 
suggest a hybrid approach combining multiple methods to achieve more robust 
results, as ML suffices for entity recognition and NLP techniques help to handle the 
semantic parts of documents.  
 
6. Conclusion  
 
LLMs may provide low-cost and efficient means without large investments in IT-
infrastructure to automate the extraction of transactional accounting data inputs from 
heterogeneous sources. The low-cost nature, both in terms of implementation and 
running costs compared to established commercial software solutions, makes it an 
attractive option for SMEs that have limited resources available but are 
simultaneously under a lot of pressure to work more efficiently. Data sources used 
for data extraction may take the form of unstructured but semantic data (e.g., order 
emails) or (semi-)structured but non-semantic data that consists primarily of tabular 
data (e.g., invoices). The existing literature focuses on large-scale extraction of 
passages or individual data points from annual or sustainability reports. However, 
requirements with respect to extraction quality differ substantially from the 
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extraction of transactional data that will be fed into accounting systems and 
processes and, thus, have major implications for conducting business as well as for 
the audit process.  
 
The output quality of LLMs is highly dependent on context, both with respect to the 
underlying data and the user instructions (i.e., prompt). Our proof-of-concept shows 
that general guidelines derived from prior literature for the extraction of large-scale 
data are not fully transferable to both our use cases. In addition, our findings show 
that the type of underlying data (i.e., semantic or non-semantic) determines both ease 
of extraction and output quality. 
 
After identifying domain-specific challenges, we proposed solutions and adjusted 
the original literature-based guidelines accordingly. Specifically, we refine existing 
prompting guidelines with respect to “Communicate groundwork for 
understanding”, “Structure the prompt”, and “Define data extraction specifications”. 
Most of these adjustments relate to the best location within the prompt, as well as 
specifying the use of examples and explanations. Furthermore, we identified some 
guidelines that are so specific to transactional accounting data extraction that they 
have not been addressed in the literature so far, namely “Multilingualism”, “Formats 
– Dates/Numbers/Addresses”, as well as hallucination of “multiple outputs”.  
 
Although users may directly apply our derived and optimised prompts with only very 
minor customisation, our guidelines are also applicable to other tabular or text-based 
accounting data extraction tasks. To keep the implementation effort and cost for 
businesses low, we tested our prompts using a standard pre-trained LLM without 
fine-tuning. Whether models created for financial documents such as annual reports 
(e.g., FinBERT (Huang et al., 2023)) provide superior results in our context will 
require further research. 
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