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Abstract 

 This study explores the use of Large Language Models (LLMs) to automate compliance checks 

of the Dutch Corporate Governance Code (DCGC) by analyzing annual reports of Dutch-listed 

companies. A custom workflow was made using the Retrieval Augmented Generation (RAG) approach 

combined with embedding indexing and the use of OpenAI’s GPT-4o model. After prompt refining the 

compliance of a sample of 53 companies with 19 provisions was assessed. Two hypotheses were 

tested—external alignment (H1) and internal robustness (H2). The results from the workflow showed 

that LLMs can provide a reliable aggregated compliance percentage (Average aggregate compliance = 

80%). However, when looking at individual provisions it shows it can struggle with more complex 

provisions due to limitations in context retrieval. Statistical tests, including Monte Carlo simulations 

and bootstrapping, confirmed internal reliability, but weak correlation with historical human-based 

assessment (Pearson r ≈ 0.15), highlighting the continued need for human oversight. Overall, the 

research demonstrates that LLMs can drastically improve efficiency and consistency of compliance 

monitoring, but results should be carefully checked before usage for complete accuracy.   
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1. Introduction 

The rapid advancement of AI, specifically in the domain of Natural Language Processing, has 

significantly transformed the way in which organizations are able to analyze large textual data. In 

particular, Large Language Models (LLMs) such as OpenAI’s GPT-4o, have created new possibilities for 

automating complex cognitive tasks that were thought to be relying heavily on human expertise before. 

One area potentially benefitting from these developments is corporate governance regulations, where 

companies must adhere to specific reporting standards outlined by regulatory bodies. The use of LLMs 

for automating the analysis of large and complex textual datasets has shown promising results across 

various domains, indicating their potential effectiveness in regulatory compliance assessments (Grohs 

et al., 2023). The Dutch Corporate Governance Code (DCGC), established to ensure transparency and 

accountability within listed companies in the Netherlands, exemplifies such a regulatory standard, 

requiring companies to adhere to stated provisions within their annual reports (Monitoring Commissie 

Corporate Governance Code, 2025).  

Assessing compliance with corporate governance codes through annual reports poses 

significant challenges due to the substantial length, complexity, and variability in language used across 

reports. Furthermore, the heterogeneity of these companies, and their corresponding reports, can lead 

humans to interpret the same governance rules differently depending on the specific context. 

Traditional manual methods of compliance assessment are labor-intensive, prone to human error, and 

limited by cognitive and temporal constraints. As such, manual analyses struggle to maintain 

consistency and accuracy, making it difficult to ensure reliable compliance evaluation across numerous 

companies. 

To address these limitations, this research uses advanced NLP techniques provided by different 

models from OpenAI, aiming to automate the assessment of compliance with the DCGC. In earlier 

research the capability of LLMs to effectively exclude irrelevant information and summarize large 

textual data has already been demonstrated in analyzing corporate documents (Kim et al., 2024). A 

custom-developed Python workflow utilizing the extensive OpenAI API will be developed to 

systematically extract, analyze and assess information from extensive annual reports relevant to 

compliance with the DCGC. Given the variability LLMs possess and the ethical concerns regarding biases, 

the research includes rigorous statistical testing, specifically, Monte Carlo simulations and 

bootstrapping, to evaluate the stability and reliability of automated assessments. Furthermore, the 

workflow will be evaluated against the benchmark of human-made assessments from earlier years to 

analyze the accuracy of the results. 
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This study contributes to the emerging field of automated textual analysis by addressing the 

research question: 

To what extent can LLMs reliably assess compliance with the Dutch Corporate Governance 

Code from corporate annual reports? 

Previous literature has shown LLMs have inherent variability, even when setting its 

temperature to zero, and advocated for an increase in benchmark studies trying to quantify uncertainty 

(Blackwell et al., 2024). Combined with the increasing capabilities of state-of-the-art LLMs, this caused 

me to formulate the following two hypotheses: 

H1: The overall compliance percentages produced by the LLM workflow will have moderate to 

high correlation with historical human expert assessments.  

H2: The variability observed in the LLM workflow’s compliance assessments will be limited and 

will not compromise the validity or practical utility of the workflow’s results. 

The outcomes of this study aim to evaluate the reliability, accuracy and effectiveness of LLMs 

in assessing corporate compliance with the DCGC based on annual report disclosures. By addressing 

the methodological performance of LLMs, this study contributes to a deeper understanding of AI-

assisted textual analysis specifically in the context of corporate governance.  

2. Literature Review 

In this section I will explore the background literature connected to my research. Starting with 

literature about the effectiveness and application of corporate governance regulations. Then, I will 

explain more about readability and classification issues which cause the need for the deployment of 

LLMs. Third, the emergence and workings of LLMs and generative AI. Finally, some ethical concerns 

and potential issues regarding LLMs will be discussed. 

2.1 Corporate governance 

Corporate governance is a broad field containing regulations, practices and theories aimed at 

enhancing transparency, accountability and ethical management. Its impact and significance extend 

beyond organizational management, reaching into legal frameworks, economic efficiency, and 

empirical research. The complex dynamics and significant consequences associated with corporate 

governance practices make it an important subject of study to understand its broader implications 

within economy and society. This section examines the effectiveness of corporate governance and 
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application examples of governance regulations as well as the importance of corporate governance 

across the legal field and economics as well as for empirical research.   

2.1.1 Effectiveness and application of Governance Regulations 

Corporate governance regulations emerged in response to significant corporate scandals and 

failures, aiming to establish clear rules and practices to enhance transparency, stakeholder engagement 

and trust and accountability within organizations. High-profile collapses such as Enron, WorldCom, and 

Parmalat in the early 2000s highlighted the need for extensive regulatory frameworks that could 

mitigate risks associated with unethical management practices and financial misconduct (Clarke, 2007; 

Coffee, 2006). 

The main purpose of corporate governance regulations is to align interests of management 

with interest of stakeholders, ensuring effective oversight and responsible decision making focused on 

the benefit of the company and not that of the management personally. This includes clearly defining 

roles and responsibilities, establishing rigorous financial reporting standards required to be audited by 

an independent auditor, suggesting transparent disclosure practices, and promoting ethical corporate 

behavior (Aguilera & Cuervo-Cazurra, 2009). The implementation of these regulations is not only 

important for preventing misconduct, but it enhances corporate reputation, reduces agency costs and 

improves the efficiency of organizations.  

The Dutch Corporate Governance Code (DCGC) is an example of these efforts. It provides 

guidelines focused on transparency, management accountability, remuneration policies, risk 

management, corporate culture and shareholder engagement (Monitoring Commissie Corporate 

Governance Code, 2025). These regulations present substantial challenges regarding application, 

interpretation and consistent enforcement across diverse contexts. Variations in company size, industry 

practices, and managerial approaches cause issues with consistent assessment of regulatory 

compliance, often requiring significant human judgement to interpret the quality of compliance with 

provisions in varying contexts.  

To improve the effectiveness of these regulations, ongoing research and innovation with 

respect to methods of compliance assessment, such as automation using artificial intelligence, should 

be undertaken. Technology like LLMs show considerable promise concerning the accurate 

interpretation of large bodies of text, such as annual reports, and being able to filter out irrelevant 

information (Chiang & Lee, 2023; Kim et al., 2024). This could potentially lead to improved consistency, 

accuracy and efficiency in regulation assessment. 
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2.1.2 Interdisciplinary implications of corporate governance 

Corporate governance is interesting for multiple academic disciplines due the its variety of 

implications. In the legal field for instance, corporate governance has shown to have several important 

connections. Persons (2005) found that companies with an audit committee solely comprised of 

independent directors have a significantly lower chance of committing fraud. Furthermore, another 

study by Velte (2023) found indications that board expertise and gender diversity in top management 

of a company decreases financial misconduct. This clearly shows the importance of good corporate 

governance rulemaking for regulatory institutions as it can have a significant impact on overall 

compliance with the law.  

Research on corporate governance found several implications in the field of economics as well 

considering financial performance. The results from several studies indicate that board diversity is 

positively associated with financial performance, suggesting that good corporate governance practices 

contribute to company performance (Aggarwal, 2013; Erhard et al., 2003). Moreover, Kiel & Nicholson 

(2003) argue that board size has a positive effect on firm value after controlling for firm size. These 

results highlight further evidence of the importance of corporate governance and its positive effects.  

In addition to its practical implications in legal and economic domains, corporate governance 

research, such as the automated compliance assessments explored in this study, provides valuable 

groundwork for future empirical academic research. By utilizing technologies like LLMs, this research 

generates reproducible, systematic and scalable insights in a fraction of the time it would take a human 

expert. This enables subsequent studies to explore relationships with corporate governance with 

improved accuracy as has already been done in other areas (Webersinke et al., 2021). Thus, my study 

not only adds to previous knowledge related to corporate governance, but also offers insights into a 

new way of generating robust empirical data for future research.  

2.2 Readability and complexity issues 

There has been a significant amount of previous research into readability and complexity of 

financial disclosures. A research by Smith & Taffler (1992) already mentioned low readability and 

understandability of accounting disclosures, with only a small target audience being able to grasp all 

the information. Furthermore, Guay et al. (2016) showed that new accounting rules are make 

disclosures increasingly complex, thus decreasing readability. They show that managers try to mitigate 

this by use of voluntary disclosures where the focus can be on one important aspect that the 

stakeholders need to be informed of. This is supported by Dyer et al. (2017) who analyzed US 10-K 

disclosures. They showed an upward trend in the length of disclosures, redundancy and boilerplate and 
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decrease in specificity and readability together with a considerable reduction in specificity and clarity. 

These characteristics have a significant impact on stakeholders’ ability to understand and act on key 

corporate information effectively, influencing quality of decision-making. 

Regulators have realized these problems and launched several initiatives to encourage more 

concise, easy-to-read and informative disclosures. Efforts by the Security and Exchange Commission 

illustrate ongoing efforts to improve readability and clarity of information (SEC, 2013). Despite these 

efforts, Cohen et al. (2020) showed that even today investors are not able to properly digest financial 

disclosures. 

2.3 Large Language Models (LLM) and their usage 

Large Language Models (LLMs) represent immense innovation in the fields of Natural Language 

Processing (NLP) and Artificial Intelligence (AI). These models are recognized for their vast amounts of 

parameters and training on all sorts of textual data. In recent years they have rapidly grown to be of 

major importance in everyday life, both in professional and academic spheres.  

2.3.1 Evolution and technological advances 

LLMs began as simple n-gram models, which took the previous 𝑛 number of words to predict 

the next word (Brown et al., 1992). Later, when the internet became more used, researchers began 

basing their statistical language models on bigger web-based datasets. However, these models were 

still very much rule-based and encountered issues trying to capture long-range dependencies. With the 

development of Recurrent Neural Networks (RNN) combined with Long Short Term Memory (LSTM) 

this became a lot less of an issue. RNN’s architecture allowed it to take the output of the last state, also 

called “hidden state”, as an input in the next state. This enabled RNNs to capture patterns as well as 

interdependencies between specific words much better than earlier models. However, the real 

breakthrough happened following research by Vaswani et al. (2017) who came up with a new model 

called the Transformer. This model was significantly more computationally efficient as  well as providing 

much better results than any earlier model. This was also the model that was then used for the release 

of BERT, the state-of-the-art LLM of the time in 2018. Later, OpenAI came with their own LLM, GPT-1, 

and its later updates up to GPT-4o, which is the most used LLM as of today.  

2.3.2 Usage of LLMs 

The advanced capabilities of modes like BERT and the GPT series prove them reliable and 

accurate enough to start being used across many different fields. The financial sector, for example, has 

already started using these models for various tasks (Li et al., 2023). LLM’s ability to summarize, analyze 
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and extract key insights from large financial data helps financial institutions make informed investing 

choices (Zhao et al., 2024). They can, for example, be used for tasks such as risk and volatility prediction 

of financial markets, increasing effectiveness in forecasting both volatility and variance(Cao et al. 2024). 

Furthermore, they can be used to detect fraudulent transactions and even detect complex fraud 

schemes that went undetected by earlier conventional methods (Korkanti, 2024). Financial service 

providers can also make use of LLMs by creating advanced chatbots that can handle a vast range of 

different kinds of customer questions in real-time. They can reduce the workload for human workers, 

while a the same time being able to answer more accurately and in a more timely manner (Hivarhizov, 

2024). 

Beyond finance, LLMs are deployed in various other fields. In healthcare the technology is used 

to improve the precision of diagnostics, predict patient outcomes and advance personalized healthcare 

(Rithika, 2024). In education, LLMs are being integrated into personalized learning environments as 

well as automatic grading and tutoring services. Furthermore, in the legal domain LLMs are being used 

to automate various legal tasks like judgment prediction and both document analysis and writing (Sun, 

2023). However, with all these applications ethical concerns arise about potential biases and privacy 

issues.  

2.4 Ethical concerns  

Although LLMs provide powerful new opportunities, their increasing usage in every-day life 

asks for a thorough examination of their possible ethical flaws and issues. Key concerns include 

potential biases, privacy issues, environmental costs and explainability, asking for careful consideration 

during development and deployment.  

2.4.1 Bias and explainability 

LLMs are trained on datasets that often contain injustices or biases shown in human behavior. 

This can cause the same issues to be continued into their output. For example, if training data contains 

bias regarding race or gender, the LLM might generate responses that prolong these issues, potentially 

creating further inequality in society (Bender et al., 2021; Gallegos et al., 2024). This can also be seen 

in other examples like research by Blodgett & O’Connor (2017), which showed that language by 

minorities and females was sometimes analyzed poorly compared to that of white males. Furthermore, 

LLMs are used in high-stake fields like healthcare, where a wrong diagnosis based on a bias inherent in 

the model, could lead to wrong treatment and significant real-world consequences.  

Another risk that should be taken into account when using LLMs is explainability. The 

explainability of a model is defined by the degree to which users and developers are able to understand 
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the underlying mechanisms being used by the model to come to its conclusions (Du et al., 2008). While 

the models show impressive accuracy and efficiency, they lack in transparency about the underlying 

decision-making process that is being utilized. The nature of LLMs being almost like a “black-box”, 

meaning it is very difficult unravel the how and why behind a decision, complicates the task of 

diagnosing errors and validating results. The absence of model transparency can lead to generation of 

hurtful responses or even hallucinations (Weidinger et al., 2021). If explainability is increased, this can 

aid developers when identifying unintended biases, risks and other areas where performance can be 

improved. Moreover, it would be beneficial for general users, since they would be able to better 

understand potential flaws and limitations in the responses they are getting. This would help them in 

recognizing these flaws and ultimately utilizing the models in a better way.  

2.4.2 Privacy issues and environmental costs 

Now that models like the GPT series and BERT have become reliable and accurate enough to 

be used by a widespread userbase, environmental issues start to arise. The large scale usage of LLMs 

requires an immense amount of computational power, both for training as well as reasoning done 

during every-day usage. Training these state-of-the-art LLMs demands considerable energy 

consumption, thus leading to high carbon emissions. Another issue is the fresh water that is needed to 

cool the datacenter where the computations are performed (Mytton, 2021). Although exact data on 

energy cost per prompt is still lacking, at this moment in time most companies spend more resources 

operating their LLMs than training them. Both NVIDIA and Amazon Web Services claimed that about 

90 percent of their total workload is spent on reasoning and only a small percentage on training 

(Patterson et al., 2021). Thus, it seems that the more accurate and usable these LLMs become, the 

more the userbase will grow and with it the total effect on the environment.  

Another issue that is becoming more apparent as LLMs grown in size is privacy. LLMs are being 

trained on an increasingly vast body of data that runs the risk of containing sensitive private information 

that is then memorized and potentially exposed by the model. In a research by (Carlini et al., 2020) it 

became apparent that training data extraction attacks can successfully be performed on LLMs. These 

attacks are able to extract individual training examples from the training data, including  personal 

information like email, name, phone number and address. Most worryingly, they showed that these 

attacks sowed more success when being performed on larger models compared to smaller models. 

Thus, as LLMs continue to expand it is important to keep assessing the completeness of existing 

protocols that deal with the privacy of these models and update them wherever seems necessary (Das 

et al., 2024).   
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3. Methodology 

This chapter outlines the design for this research and the methods used to assess the 

compliance with the Dutch Corporate Governance Code (DCGC), as determined by an LLM workflow 

using annual reports. The approach will utilize state-of-the-art LLMs and a RAG technique to extract 

relevant information from annual performance PDFs and apply statistical resampling techniques to 

assess variance and performance robustness. This approach is designed to test the two main 

hypotheses by combining compliance benchmarking, Monte Carlo simulations, and bootstrapping 

techniques. 

In this section, first I will explain what choices and deliberations lead to the choosing of my 

sample. Then, I will explain the data pre-processing steps, which entails extracting the plain text from 

all annual reports in my sample and embedding it into indexes ready for retrieval. Furthermore, I will 

elaborate on the design of the workflow and the pipeline each iteration goes through. Lastly, I will 

explain which statistical tests will be performed to test the validity and accuracy of my results.  

3.1 Data collection and preparation 

3.1.1 Company sample selection  

The sample that will be used in this research consists of 53 companies falling under the DCGC, 

meaning they are a listed company with a Dutch legal entity. The sample consists of different types of 

companies listed in the Netherlands. Both smaller Dutch-listed companies as well as bigger companies 

are analyzed. This ensures the results give an accurate representation of the performance of the LLM 

workflow for various types of companies and annual reports. 

3.1.2 Provision sample selection 

The DCGC is a comprehensive list of standards which contains both ‘reporting provisions’ and 

‘behavioral provisions’. Behavioral provisions are assumed to be complied with unless otherwise stated 

in the annual report of the company. It is not possible to assess these provisions using the annual 

reports and thus they are not included in the scope of this research. The reporting provisions are mostly 

to be either reported in the annual report or on the website. The set of provisions that need to be 

reported in the annual report are the provisions focused on in this paper and used for the final 

correlation and reliability analysis. Therefore, I end up with analysis of the following 19 provisions: 1.1.3, 

1.1.4, 1.3.6, 1.4.2, 1.4.3, 2.1.2, 2.1.3, 2.1.6, 2.1.10, 2.2.8, 2.3.5, 2.3.11, 2.4.4, 2.5.4, 2.7.4, 2.7.5, 3.4.1, 

4.2.6 and 5.1.5. 



13 
 

3.1.3 PDF preprocessing 

Prior to the assessment of the individual provision in the DCGC, the PDF’s of the annual reports 

need to be converted to plain text. This is a crucial first step as it is essential for the Natural Language 

Processing (NLP) tasks that will have to be performed later on in the workflow. For this purpose I will 

be using a package called PyMuPDF, specifically the version PyMuPDF4llm, which is designed 

specifically for converting PDFs to markdown text suitable for LLMs1. Markdown is a lightweight markup 

language that uses plain-text syntax to denote formatting like tables or headings. Since I will be mostly 

using OpenAI’s ChatGPT GPT-4o model, which can understand and sometimes even benefits from 

markdown text format this should be beneficial for the accuracy of the results. It can detect standard 

text and tables as well as identifying bold, italic and mono-spaced text and formatting them accordingly. 

This high-quality text extraction preserves the content, and even formatting like tables or bold text is 

translated into correct markdown format. This significantly improves subsequent processes such as 

embedding creation and indexing, as more high quality information will be available. This approach 

avoids relying on an LLM’s image/vision capabilities to read PDF’s and corresponds with best practices 

in NLP workflow design.   

3.2 The design of the main workflow 

The workflow uses the following pipeline to generate its end results. First, it extracts all text 

and creates indexes from the PDF for several sections: the remuneration report, the supervisory board 

report, the management board report and the full pdf excluding the financial statements. Next, the 

LLM is given a prompt with the question to look for the section containing any information about codes 

the company does not comply with as well as a prompt asking the LLM to then analyze the reasons 

given by the company for not complying. These reasons need to be sufficient to explain their deviation 

from the code. After these initial processing steps, the main excel file containing the prompts for the 

different provisions is ingested and provisions are analyzed for compliance. The subchapters below will 

explain the main sections of the workflow in more detail.  

3.2.1 Embedding Indexing 

Given the length of most annual reports, the methodology employs an embedding-based 

retrieval technique to provide relevant context to the LLM. This corresponds with the Retrieval 

Augmented Generation (RAG) approach, where text is broken into chunks, encoded into vector 

embeddings, and stored in an index. Embeddings are dense vector representations of text that capture 

semantic meaning, allowing for efficient similarity-based retrieval of relevant pieces of text. For this 

 
1 From: https://pypi.org/project/pymupdf4llm/  

https://pypi.org/project/pymupdf4llm/
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specific case, after some testing I decided to set the size of the chunks used for embedding at  700 

tokens with an overlap of 200 tokens. This means the annual report will be indexed about half a page 

at a time. When a prompt asks the LLM to assess a specific provision, it first retrieves the most relevant 

text chunks, in my case six, using semantic similarity, and only feeds those into the model. In initial 

testing, I found that semantic retrieval alone often missed shorter, more explicit answers, particularly 

when the correct sentence was buried in longer context with lower overall semantic similarity. To 

address this, I adapted the retrieval method for such provisions by adding a lightweight keyword filter. 

This hybrid search approach significantly improved the chances of retrieving the correct passage for 

provisions that are typically answered in just one or two sentences. Eventually the LLM will end up with 

six pieces of context of 700 tokens, which corresponds to about six times half a page, which it needs to 

base its conclusion on. I chose these parameters as this seemed to be the best compromise between 

having enough relevant context, while making sure the LLM was not given too much irrelevant context. 

The embeddings are generated using OpenAI’s “text-embeding-3-large” model. I chose this model as 

my workflow would be using OpenAI’s LLMs as well, and this model is seen as one of the more powerful 

text embedding models.  

Literature on RAG approaches has shown that combining the language model with a vector 

index of knowledge can greatly improve accuracy on queries aimed at a specific knowledgebase (Lewis 

et al., 2021). In my case, creating an embedding index of each company’s report, even creating separate 

indexes for specific sections like the remuneration or supervisory board report, helps focus the LLM on 

the context most important for the task given. By narrowing the context in this manner, the chance 

that the LLM gets “lost” in irrelevant text is reduced dramatically. Essentially, this method allows the 

LLM to search within the document for the answer, without needing to read the whole document, 

which is a robust approach for compliance related tasks that depend on specific statements and 

paragraphs to be found in the annual reports.   

3.2.2 Prompt engineering 

A key aspect of working with LLM’s is effective prompt engineering. The term prompt 

engineering refers to carefully producing and refining the instructions and questions given to the LLM 

to produce the desired output. Instead of altering model parameters, prompt engineering uses task-

specific questions to guide the model’s focus (Sahoo et al., 2024). The provisions, rules set out by the 

DCGC, are all turned into one or more prompts depending on the extensiveness of reporting necessary. 

Literature has shown that a good prompt is able to guide the LLM to the relevant section of the report 

and has a significant impact on the end result provided by the LLM (Lupo et al., 2023). In particular, 

clear and structured prompts, in this case including definitions or criteria from the DCGC, showed to 
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significantly improve the LLM’s capability to find relevant context and analyze it correctly. Similar to the 

paper by Lupo et al. (2023), I iteratively refined the prompts to ensure the model understands each 

compliance question and uses the correct context from the annual report. Aligning with best practices 

I ended up moving towards a chain-of-thought method of prompting, as I noticed this allowed the 

model to deal better with extensive, and sometimes irrelevant context.  

The different prompts for each provision will then be ran using the embedded text as a context 

index. I will test out and refine numerous prompts that instruct the APIs to find the information relevant 

to each individual provision, to then assess compliance using this relevant text. I will be running the 

same workflows several times for each document to assess if the variation between answers is to such 

an extent that it causes reliability issues. It will be interesting to see how the variation between these 

answers compares to variations between human expert answers, given the same question and text. 

Furthermore, this allows for later resampling to analyze variance and accuracy.  

3.2.3 Running the individual provisions 

To assess the different provisions, an excel file is made where each provisions has its own 

instruction and prompt as well as relevant section where the context should be found, if applicable. 

For example, provision 1.1.3 of the code gets, an instruction telling the LLM what “role” it should take 

on while answering the prompt, the prompt telling the LLM what its task is and what the criteria are 

that should be assessed and the relevant section, in this case the Supervisory Board Report. First 

filtering the index to only contain these sections helps the LLM in narrowing the scope of possible 

context, giving it a higher chance of finding the right context and consequently providing the correct 

assessment.  

Some provisions depend on other provisions, either directly or indirectly. For example, 

provision 2.3.11 depends directly on compliance with six other provisions, or 2.1.6 indirectly depends 

on compliance with 2.1.5. To handle these edge cases, a different excel file has been created that 

contains all dependencies. This excel file contains a list of dependencies and a column telling the 

workflow what type of dependency it is as well as the other provisions it depends on. This information 

together with the code in the workflow allows the program to handle these edge cases correctly.  

3.3 Results of the workflow 

The workflow returns several results related to the compliance assessment. First of all, the 

workflow keeps track of elementary things like which company, and which provision is currently being 

assessed and return this with the results. The results then consist of the conclusion of the assessment, 

either non-compliance or compliance, and the reason for its assessment. Furthermore, the page 
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numbers of the context used for its conclusion are returned to increase transparency. These results can 

then be used to calculate compliance percentages per provision and per company for further statistical 

analysis.  

After completing the compliance assessment for all provisions the workflow returns several 

results. The program returns a list of results for each provision including the conclusion, either non-

compliance or compliance, and the reason for its conclusion as well as the pages where the information 

used was found and the company that was being assessed. 

3.4 Benchmarking against previous years 

To test the external validity of the assessment given by the workflow, I will be analyzing the 

correlation with compliance scores from previous years. I will be calculating a compliance percentage 

per provision and/or per company, which can be compared to data from 2022 which is publicly available 

in a report on the website of SEO2. These results are from a different year and unfortunately do not 

contain all provisions assessed by my workflow, but this is the most recent data available and the code 

has not changed in between these years, making it the best data available. The data will not provide a 

perfect comparison, but helps to give a rough estimation of the accuracy and usefulness of the results. 

The first statistic that will be evaluated is the Pearson correlation coefficient to measure the strength 

of the correlation to get a first idea. Then, the Intraclass Correlation Coefficient (ICC) will be calculated 

as this provides an extra check for systematic bias in the correlation. For example, if the LLM workflow 

consistently has a lower compliance percentage compared to the older human expert assessment, this 

will not show up in the Pearson correlation, but it will in the ICC. These metrics will serve as a measure 

of external validity for the workflow to combat any possible inaccuracies or systematic biases.  

3.5 Resampling with bootstrapping and Monte Carlo simulations 

LLMs are known to have variability in their answers. Even when setting the temperature of an 

LLM to zero to minimize the creativity and aim for deterministic outputs, there is a small amount of 

variation in its responses. If this variability can cause the conclusion to be flipped the other way, this 

can significantly impact the reliability of the results. To assess this uncertainty and its effect on my 

results I will use two resampling techniques to optimize my workflow and test the robustness of its 

results. 

 
2 https://www.seo.nl/wp-content/uploads/2021/11/2021-112-Corporate-Governance-Code.pdf 
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3.5.1 Monte Carlo simulations 

As mentioned earlier, even with the temperature parameter of the LLM set to zero, there is still 

room for small variability between answers due to non-deterministic behavior. When I give a prompt 

to my LLM workflow, the LLM will not return the exact same answer on every iteration. This stochastic 

behavior introduces uncertainty into the compliance assessment, which must be accounted for to 

accurately assess the robustness of my workflow, especially since some prompts might trigger more 

variability in answers than others(Reiss, 2023). To combat this, I will run each prompt the exact same 

way multiple times creating an error distribution for each different provision per company. Then I will 

employ Monte Carlo simulations to capture the size of the internal variance on provision-level 

compliance using these error distributions. Subsequently, I will simulate assessment for each of my 

provisions by use of random noise based on the error distribution found. Assuming random variation, 

this noise will be introduced in the following way:   

𝐶𝑜𝑚𝑝𝑙𝑖𝑎𝑛𝑐𝑒𝑆𝑖𝑚𝑖 =  min (1, max(0, p𝑖  +  ε𝑖)),  ε𝑖  ∼  N(0, σ𝑖²)   (1) 

Where 𝑝𝑖   is the observed compliance percentage per provision 𝑖  and σ  represents the standard 

deviation of the compliance rate found for each provision 𝑖 . I will run this simulation, let’s say a 

thousand times to create a realistic distribution of simulated compliance scores reflecting internal 

variance.  

This truncation of the simulated compliance scores ensures that values remain valid within the 

range of 0% to 100%, reflecting the real-world bounds and avoiding mathematically implausible values 

due to random noise. The simulation provides us with two key insights. First of all, the internal variance 

per provision, highlighting the provisions that possibly cause instability in LLM interpretation. Second 

of all, which provisions consistently have a stronger correlation with the benchmark of the scores from 

previous years. 

3.5.2 Bootstrapping 

Next, bootstrapping will be used to measure the degree of variability, and thus stability, of the 

found compliance percentages. I will randomly sample a certain amount of companies from the total 

dataset with replacement. Subsequently, for this bootstrap sample, I will compute the compliance 

percentage per provision and the correlations with the previous years. I will repeat this process a large 

number of times, let’s say a thousand iterations, to obtain a distribution of the variability of my 

correlation coefficient. This will allow me to derive confidence intervals around my results and test the 

robustness of my correlation when the sampled dataset varies. 
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4. Results 

This chapter presents an extensive and thorough examination of the empirical results obtained 

from my investigation on the reliability of Large Language Models (LLMs) in evaluating corporate 

compliance with provisions detailed in the Dutch Corporate Governance Code (DCGC). A complete 

analytical framework, which combines statistical analysis and robust evaluation methodologies, allows 

my investigation to address the central research question: 

To what extent can LLMs reliably assess compliance with the Dutch Corporate Governance 

Code from corporate annual reports? 

With respect to answering the research question, the chapter addresses overall compliance 

accuracy, explores provision-specific reliability, quantifies uncertainty in compliance evaluations, and 

critically compares LLM-derived assessments against human expert benchmarks, thus contributing 

significantly to understanding the potential and limitations of LLMs in automated compliance 

assessments. 

4.1 Overall compliance assessment 

Initially an aggregated overview of provision-level compliance was generated from the 

assessment performed by the workflow. This roughly shows the rudimentary capabilities of the LLM 

and whether it was able to provide sensible conclusions concerning the different provisions for 

different types of companies. These results were computed and averaged over multiple runs to ensure 

robustness in the preliminary assessment. Table 1 shows the average compliance scores and the 

corresponding standard deviations across iterations on a provision level. In the appendix a more 

extensive table including sub-provisions will be attached to give a complete initial overview of results.  
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Table 1: Provision-level compliance summary. 

Provision Compliance Score (% ± SD) 

1.1.3 96.2 ± 17.0 

1.1.4 77.9 ± 31.1 

1.3.6 89.3 ± 28.2 

1.4.2 95.4 ± 12.9 

1.4.3 93.9 ± 16.1 

2.1.10 92.4 ± 26.2 

2.1.2 82.7 ± 26.8 

2.1.3 97.8 ± 14.1 

2.1.6 92.8 ± 20.4 

2.2.8 73.2 ± 33.0 

2.3.11 36.5 ± 44.7 

2.3.5 67.5 ± 33.5 

2.4.4 76.8 ± 40.7 

2.5.4 70.3 ± 33.3 

2.7.4 99.7 ± 2.0 

2.7.5 100.0 ± 0.0 

3.4.1 75.5 ± 23.5 

4.2.6 97.5 ± 13.3 

5.1.5 74.5 ± 28.5 
Note: Provision 2.3.11 is dependent on compliance with several other provisions. Therefore, the low score is 

explained by non-compliance with other provisions. 

The table demonstrates significant variation among the provisions examined. Provisions such 

as 1.1.3, 1.4.2, 2.7.4, 2.7.5 and 4.2.6 consistently demonstrate high compliance scores, reflecting the 

clarity and explicit reporting concerning these provisions, which aids straightforward interpretation by 

the LLM. Conversely, provisions like 2.5.4, and 3.4.1 show significantly lower compliance scores with 

greater variability. These are provisions that are more extensive and require more reporting as well as 

higher quality explanations to satisfy the criteria for compliance. Companies struggle with these 

aspects and have already exhibited lower scores on these provisions in previous years (Witteman et al., 

2022). However, the LLM workflow shows it struggles with these provisions as well. The more extensive 

reporting as well as the increased difficulty of the criteria that need to be met for compliance cause it 

to sometimes wrongly assess a provision as non-compliance, causing a noteworthy decrease in 

compliance compared to the data from 2022. 

4.2 Analysis of internal reliability using Monte Carlo simulations 

 To quantify the reliability of my workflow and assess uncertainty inherent in LLMs I conducted  

several Monte Carlo simulations. For these simulations the observed variation in compliance 

assessment across several identical runs was used. These simulations then generated probabilistic 

distributions of compliance outcomes, offering valuable insights into provision-level reliability and 
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uncertainty. I ran Monte Carlo simulations for total compliance averaged over all provisions and all 

companies which resulted in the results in  figure 1.  

Figure 1: Distribution of total compliance (%) across 1,000 Monte Carlo iterations. 

 

The figure reveals a normal distribution suggesting that possible errors on the provision level 

tend to cancel each other out. The total compliance percentage converges to a stable mean around 

80%, with a relatively modest amount of outliers. This shows that the LLM can provide robust overall 

compliance estimates, supporting possible utilization for reliable preliminary checks. In the next 

subchapters I will delve deeper into individual provision reliability to analyze which provisions might 

possibly be better suited for LLM assessment and which provisions tend to cause more issues.   

4.2.1 High reliability provisions 

A subset of provisions, including 1.1.3, 1.4.2, 1.4.3, 2.1.3, 2.7.4, 2.7.5 and 4.2.6, revealed highly 

skewed Monte Carlo distributions with a strong concentration around full compliance. Figure 2 below 

shows this skewness clearly for provision 1.1.3. Figures for the other provisions will be provided in the 

appendix. For these provisions the figures confirm a high reliability of the compliance assessment by 

the LLM. This is most likely due to their explicit criteria as well as the straightforwardness of the 

reporting needed to comply.  
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Figure 2: Distribution of compliance with 1.1.3 (%) across 1,000 Monte Carlo iterations. 

 

The minimal variability, with most simulations ending up in the 90 to 100% compliance part, 

underlines the ability of LLMs to reliably handle these type of textual analysis tasks. Thus, clearly 

showing that for these type of provisions, with clear governance reporting criteria, LLMs can 

significantly enhance productivity and efficiency while saving costs and potentially increasing accuracy 

in routine compliance monitoring.  

4.2.2 Moderate reliability and ambiguous provisions 

Provisions such as 1.1.4, 1.3.6, 2.1.2, 2.1.6, 2.1.10, 2.4.4, and 5.1.5 exhibit moderate reliability. 

Their Monte Carlo distributions are more dispersed with values spread over a wider range. Some of the 

graphs show gently sloping bell shapes or bimodal distributions, indicating some variance between test 

runs for the LLM results. Figure 3 shows provision 5.1.5 where you can clearly see the bimodal shape 

with a peak of simulations around the 70% level and a peak around the 100% level.  
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Figure 3: Distribution of compliance with 5.1.5 (%) across 1,000 Monte Carlo iterations. 

 

These results suggest that while the LLM can generally assess compliance well with these 

provisions, certain ambiguities in phrasing in the annual reports can introduce inconsistencies. This 

group includes provisions like 2.1.2 and 2.4.4 which are reported in different formats like tables or 

figures which have a higher chance of causing issues for the LLM. Furthermore, provisions like 2.1.6 

and 1.1.4 require extensive reporting about strategies and policies. Since our RAG approach only has a 

context of maximum six chunks of 700 tokens, this can sometimes cause the LLM not to be provided 

with all the context it needs to correctly assess the provision.  

4.2.3 Provisions indicating low reliability 

The most noticeable uncertainty showed in provisions 2.2.8, 2.3.5, 2.3.11 and 3.4.1. These 

provisions showed wide Monte Carlo distributions approaching uniformity or displaying significant 

density at multiple points in the distribution. Take provision 3.4.1 for example, which shows both a 

strong peak around the 100% level as well as a significant amount of simulations falling within the 60% 

to 90% range, as shown in figure 4. 
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Figure 4: Distribution of compliance with 3.4.1 (%) across 1,000 Monte Carlo iterations. 

  

 Such distributions indicate that the LLM has substantial interpretive issues when assessing 

these provisions. This is probably due to large context needed for correct assessment or vague 

assessment criteria. The variability indicates that my LLM workflow does not have the capabilities yet 

to fully give a fully reliable assessment of these types of provisions, highlighting the need for manual 

checking by humans or more sophisticated prompt engineering.  

4.3  Benchmark comparison through correlation analysis 

To validate the reliability of the assessment results I compared the compliance results per 

provision to the benchmark data. This data is found in the earlier monitoring done in 2022 by SEO and 

publicly published together with their main conclusions on their website(Witteman et al., 2022). A 

simple Pearson correlation showed a small positive correlation (r = 0.146, p=0.731), indicating a weak, 

insignificant, relationship between LLM-based compliance scores and those produced by human 

experts. 

Furthermore, I estimated the ICC to further analyze consistency between the benchmark 

results and the LLM results. Given the design of this study which only has one way of scoring by the 

LLM and having only one set of results from previous years, ICC(3,1) was selected as the most 

appropriate variant. This version of the ICC assumes a fixed set of raters (in this case 2, the LLM and 

the original data) and specifically quantifies the consistency of the ranking order of the LLM relative to 
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the benchmark. This correlation coefficient gives me a robust estimate of the extent to which the LLM 

workflow is able to replicate the relative ordering by human experts of provisions by compliance level, 

while taking into account any systematic differences in the absolute sizes of the scores. The result gave 

us a correlation coefficient of 0.006 (p = 0.5), showing barely any correlation in the ranking, even when 

taking the systematic differences into account. This value suggests that the LLM’s ranking of provisions 

shows close to no consistency with the benchmark. An important note with this result is the lack of 

comparison data from previous years. Unfortunately, the data from 2022 only contains results for eight 

provisions which were analyzed in the same way by my workflow and thus suitable for comparison. 

This drastically increased the impact of a single provision being in a different order compared to the 

benchmark.  

This finding aligns with the observed Pearson correlation coefficient, confirming the 

conclusions that while the LLM demonstrates high reliability for clearly formulated provisions, its ability 

to replicate expert assessment for more complex or subjective provisions remains limited. 

4.4 Robustness analysis through bootstrapping 

Next to using Monte Carlo simulations for analysis of the consistency of the assessment by the 

LLM, I also used bootstrapping to analyze the consistency of the correlation results when using different 

samples of companies. The bootstrapped Pearson correlation coefficients displays clear variability and 

a noticeable bimodal distribution with peaks around the values of 0 and 0.8, as shown in figure 5. 
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Figure 5: Distribution of Pearson correlation coefficients across 1,000 bootstrapping iterations. 

 

This variability indicates the fragility of the correlation results, with only a few provisions being 

compared as well as the possibility of different types of companies being included that might have a 

bigger chance of not complying with several provisions. Furthermore, smaller companies might have a 

lower quality annual report which causes more issues for the LLM analysis resulting in wrongful non-

compliance assessments. As the figure shows, if some more of these companies are left out of the 

sample the correlation coefficient has the possibility of drastically increasing with a significant amount 

of simulations ending up around the 0.8 mark.  

5. Conclusion and discussion 

In this study I explored the capability of Large Language Models (LLMs) to reliably assess 

compliance with the Dutch Corporate Governance Code (DCGC) through automated analysis of 

corporate annual reports. I analyzed corporate annual reports through a carefully designed workflow 

which uses NLP techniques including Retrieval Augmented Generation, embedding indexing, and 

prompt refinement. The results demonstrated significant potential for the use of LLMs in corporate 

governance code assessment.  

The results indicated some provisions exhibit high reliability while others are significantly more 

prone to variation in assessment by the LLM. Provisions such as 1.1.3 and 1.4.2 consistently showed 
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minimal variance and high compliance accuracy. This is most likely due to multiple factors. First of all, 

these are provisions that require relatively less context to be assessed, as they can be complied with 

using a small explanation of only a few sentences. This means my LLM workflow has less chance of not 

being given the full context necessary for its assessment. Second of all, these provisions are generally 

easier for the companies to comprehend and comply with, which increases the overall quality of the 

explanation for compliance, in turn simplifying the assessment for the LLM. However, my results also 

showed substantial challenges faced by the LLM when assessing provisions that involve excessive 

context such as 2.3.5 and 3.4.1. For these provisions the LLM showed a greater variability, reducing the 

reliability of the conclusion. This is most likely due to missing context due to which the LLM does not 

have the right information to provide a clear assessment. 

The above shows that on the provision-level there is still some variability with specific 

provisions. However, I also analyzed the results at the aggregated provision level, calculating the 

aggregate compliance percentage over all companies. Monte Carlo simulations in figure 1 showed that 

the average total compliance percentage was normally distributed around the 80% level, with a 

relatively small amount of outliers suggesting sufficient internal validity. This suggests that the 

assessment results from the workflow form a reliable and comprehensive first test of total compliance. 

although human checks are still recommended as reliability on the provision level is not always 

guaranteed.  

For the analysis of external validity I compared my results to benchmark results from 

compliance research four years ago. I did this both for the full company sample as well as a 

bootstrapped subset of the companies in my sample with replacement. The results showed a weak 

Pearson correlation with the full set of results and a negligible correlation when calculating the 

Intraclass Correlation Coefficient. This confirms that the results on its own are not suitable to replace 

human assessment and further fine tuning of the prompts and human checking is needed. Interestingly, 

the bootstrapping results showed something slightly different. The distribution in figure 5 clearly 

indicates that, although the correlation found most often is around 0.15, there is a second peak of 

results which have a correlation of approximately 0.8. This suggests that the LLM approach has the 

potential to be very accurate for a certain subset of companies. An explanation for this weak correlation 

for my sample might be that my sample of companies is not representative of the full list of companies 

which was used to get the data form  

With respect to the first hypothesis, that the workflow’s overall compliance scores would show 

moderate to high alignment with historical human expert assessments, the workflow’s overall 

compliance scores barely showed any alignment with historical human expert assessments, thus not 
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supporting my hypothesis. Important to note is that the bootstrapping distribution in figure 5 showed 

that there is potential for the correlation to be significantly higher when using a different sample of 

companies. This indicates that my company sample might not have been representative of the full 

sample used for the data from 2022. With respect to my second hypothesis, that the internal variability 

would remain limited and not compromise the workflow’s validity, the internal variability of the LLM’s 

assessment remained sufficiently low on the aggregate level as shown in figure 1, indicating stable and 

practically useful results and confirming my hypothesis at the aggregate level. Important to note is that 

on an individual provision level there are certain provisions which demonstrate significant variation, 

which should be interpreted with extra caution.  

In conclusion, LLMs show substantial potential for automating corporate governance code 

assessment, offering improved efficiency, reduced costs and enhanced accuracy. However, their 

limitations in assessing more extensive and complex provisions underscore the continued need for 

human oversight and refinement. Future research should focus on enhancing the ability of the LLM to 

find the relevant context as well as its ability to deal with vague and ambiguous text to improve 

reliability. 

6. Limitations and recommendations 

Although my results demonstrate considerable potential, several methodological limitations 

should be mentioned. First of all, the method used for extracting the context from the annual report 

PDFs does not extract any images as well as sometimes struggling to extract tables correctly. Other 

packages like MinerU or Mistral might perform better at this, but are more difficult to integrate and 

come with higher costs. Second, the embedding and indexing techniques applied require choices to be 

made about chunk sizes, overlap and embedding models. I did do some refinement and testing to 

improve the results, but other choices could be have been made potentially leading to better context 

being found by the LLM. Currently these constraints potentially resulted in incomplete retrieval of 

relevant context, causing more extensive provisions to display heightened variability in assessment by 

the LLM. This directly impacted the provision-level interpretation of my second hypothesis, and calls 

for further research into the differences in performance between different types of provisions.  

Another limitation is the limited availability and narrow scope of the benchmark data. With 

historical compliance data only containing a subset of eight provisions suitable for comparison, the 

ability to test my first hypothesis, assessing external validity against human evaluations, was limited. 

Furthermore, the subjective nature of certain provisions causes additional complexity, as variability in 

human judgment in turn challenges the robustness and consistency of the fully automated LLM 
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assessments. Furthermore, during the creation of my workflow I used OpenAI’s GPT-4o model for most 

of my assessment as this was the most advanced model available for a reasonable price. However, since 

writing my code and finishing my tests, OpenAI has announced a major price reduction of their GPT-o3 

model, which is arguably an even stronger model as it is better at handling large context and tasks that 

require reasoning steps. Availability of this model would have impacted my approach and possibly 

increased the accuracy and reliability of my results. 

To mitigate these limitations, future research should focus on experimenting with new context 

retrieval methodologies, such as enhancing embedding approaches and Retrieval Augmented 

Generation techniques, to increase the accuracy and reliability of assessments, particularly in case of 

provisions requiring large amounts of context. Further studies should pursue to test their results 

against larger more comprehensive benchmark datasets to improve the quality of external validation 

and revisit the first hypothesis with improved circumstances. This would allow a more detailed and 

accurate understanding of strengths and limitations of the LLM results and targeted refinement with 

respect to certain provisions.  

Lastly, I recommend to integrate structured human oversight when using automated workflows 

for assessing these types of rulesets. Although the results look promising, reliability is not always 

guaranteed and the results given by the LLM approach should be seen as a method of producing a 

preliminary check which requires refinement and validation by human experts. This hybrid approach 

uses the efficiency offered by automation while protecting accuracy and ensuring human experts are 

still the final decision-maker.  
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