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1. Introduction 
 
In this article, we demonstrate that Large Language Models (LLMs), as a representation of one form of generative artificial 
intelligence (GAI), have some capacity to identify and reconstruct the arguments used by judges in giving reasons to determine 
recent legal cases in the High Court of Australia. We also suggest that there can be benefits to junior lawyers (including students) 
from using artificial intelligence (AI) in this way. However, while these forms of technology are poised to revolutionise the 
legal industry and legal education, it is also clear that not all systems widely available at the time of writing perform at the same 
standard, and the nature of the benefit that follows from the various systems is commensurately limited. Although GAI 
technologies have been applied to build various legal applications and solve different legal tasks, to the best of our knowledge 
there is no study evaluating the capability of GAI on legal argument identification within the limitations related to the task in 
this article.1 As a result, any potential benefit is linked to the choice of LLM system; an ability to critically engage with the 
LLM output thus remains critical. This means that, at least for the moment, the exclusive use of LLM systems as a replacement 
for the human skill of identifying arguments in judges’ reasons is ill-advised.  

 
1 Kang, “Can ChatGPT Perform Reasoning?”; Wiratunga, “CBR-RAG”; Guha, “LegalBench.” 

This study evaluates the effectiveness of generative artificial intelligence (GAI) in identifying and reconstructing legal 
arguments from judges’ reasons in court cases, focusing on the practical implications for law students and legal 
educators. By examining the performance of two versions of popular Large Language Models – ChatGPT and Claude 
– across five recent High Court of Australia decisions, the study makes a preliminary assessment of the accuracy of 
LLM systems in replicating a skill essential for lawyers: identification of arguments and argument chains in judges’ 
reasons. The methodology involves marking LLM-generated outputs with reference to both a sample answer and a 
detailed rubric.  

Key findings reveal a significant variance in the accuracy of different LLMs, with Claude 3.5 markedly outperforming 
all others, achieving average grades up to 90 per cent. In contrast, ChatGPT versions demonstrated lower accuracy, 
with average marks not exceeding 50 per cent. These results highlight the critical importance of selecting the right 
GAI system for legal applications, as well as the necessity for users to critically engage with AI outputs rather than 
relying solely on automated tools. 

The study concludes that while LLMs hold potential benefits for the legal profession, including increased efficiency 
and enhanced access to justice, for GAI use that may be carried out by a law student, the technology cannot yet replace 
the nuanced human skill of legal argument analysis.  
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We support these conclusions by testing the ability of two versions of both ChatGPT and Claude to accurately identify the 
chain of argument leading to the disposition of five recent matters in the High Court of Australia. ChatGPT and Claude have 
been chosen for this study because of their excellent performance in empirical studies regarding basic and advanced abilities in 
real-world applications.2 By testing several versions of popular LLMs in a task similar to that in which law students may 
engage, we assessed the accuracy of the systems’ outputs against a sample answer. The outputs were marked in accordance 
with a rubric that includes criteria such as the identification of the legally relevant conclusion and the arguments leading to the 
conclusion, together with locating the arguments within the given reasons. In other words, we treated the LLM systems’ output 
like a student-created piece of work. 
 
The study is limited in scope due to a familiar bottleneck in this field: the high cost of labour involved in the analysis of legal 
documents, which necessitates small numbers of annotators/assessors.3 This represents a limitation on the conclusions reached. 
Nevertheless, while our study was limited, it serves as an initial benchmarking exercise, sufficient to draw some broad, but 
important conclusions about the role of GAI in legal education. 
 
After marking the different LLM system outputs, the average grades (from two academics’ blind marking of the outputs) ranged 
from 20 per cent to 90 per cent. It was clear from the distribution of grades that one LLM system – Claude 3.5 – outperformed 
all others. It was also clear that two versions of ChatGPT performed, on average, worse than Claude, with average marks of no 
more than 50 per cent. On this basis, we demonstrate that the choice of LLM system and version is crucial when it comes to 
replicating the core skills associated with being a lawyer. These findings provide vital guidance for practitioners, legal 
educators, and law students and give an indication of at least some of the changes and improvements that need to be made 
before the use of LLMs can completely revolutionise the legal industry. 
 
We set out to answer the following questions: (1) can LLMs identify and extract legal arguments from court cases; and (2), to 
the extent that they can, how might this be useful in legal education? Importantly, we seek to answer these questions from the 
perspective of a ‘typical’ law student – one who cannot use complex prompting techniques and is instead limited to a one-shot 
prompt being submitted with a copy of the relevant judgment.4  
 
With respect to the first question, we find evidence that some LLMs can reasonably accurately identify arguments given by 
judges in arriving at the conclusions that determine the issues in legal cases; however, some systems are not capable of doing 
so and the accuracy across systems varies considerably.  
 
With respect to the second question, we argue that where LLMs can identify the arguments that are used by a judge in giving 
their reasons, there is benefit to students in using those LLMs in this way. However, while there is a significant gap between 
various systems’ ability to identify arguments, the difference may not be immediately apparent to a layperson, as even the 
poorly identified arguments may superficially appear to be well-stated answers.   
 
Thus, an ability to engage critically with those responses is necessary for students to establish whether the system output is 
accurate. This is especially crucial as our preliminary data suggest that,5 by using a single prompt of the sort a ‘typical’ law 
student may use, the most well-known LLM system (ChatGPT) provides the least accurate responses (we tested two versions 
of the GPT models: GPT-4 and GPT4o) when contrasted with the less well-known Claude (3.0 and 3.5).6 The combination of 
the potential skill-gap and the somewhat convincing outputs could result in significant detriment to the unskilled user. 
 
In Section 2, we very briefly explain the importance of arguments (and their identification) in judges’ reasons. We then provide 
some brief background detail about LLMs. Sections 3 and 4 relate to the steps we have taken to arrive at our results; we first 
set out the rationale for the approach that we have adopted before setting out the methodology. We then set out the results as 
well as responses to the two aspects of the research question. 
 
 

 
2 Zhao, “A Survey of Large Language Models.” 
3 Savelka, “Can GPT-4 Support Analysis of Textual Data?” 
4 It has been established that more sophisticated prompting methods can elicit more accurate responses that one-shot single prompts. See, for 
example, Wang, “Towards Understanding Chain-of-Thought Prompting”; Wei, “Chain-of-Thought Prompting Elicits Reasoning.” 
5 More sophisticated prompting methods can provide more accurate results. On this, see Wang, “Towards Understanding Chain-of-Thought 
Prompting.” These are not used in this article as the intent is to replicate a non-sophisticated prompt that may be used by a law student with 
no experience or training in technical prompts. 
6 ChatGPT accumulated more than a million subscribers within a week of its launch: Baidoo-anu, “Education in the Era of Generative 
Artificial Intelligence (AI).” 
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2. The Importance of Arguments in Reasons  
 
The contemporary common law system is based on the giving of written reasons in the determination of cases. Their importance 
is summed up by Summers: ‘Reasons are the tools of judging, for with reasons judges resolve issues and justify decisions.’7 As 
common law judges, this applies to the judges of the High Court of Australia, who are the subject of consideration in this article. 
Those reasons then form the basis for legal precedent, which is then used in future cases to determine issues. In this respect, it 
is clear that being able to understand and engage with judges’ reasons is a critical component of the common law. The legal 
principle that follows from a particular case – described as the ratio or the holding – stems not merely from a particular 
conclusion, but from the way the conclusion was reached. It is for this reason that widely used legal databases – for example, 
Lexis Nexis (https://www.lexisnexis.com.au/en) or Westlaw (https://legal.thomsonreuters.com/en/westlaw) – include analyses 
of the judges’ reasons to aid lawyers in the understanding and application of the case in the future.8  
 
The reasons given by judges set out how they have reached their conclusion in a matter. In a common law system, the disposition 
of a particular matter before a court – for example, ‘appeal allowed’ – is of little substantive precedential value. The way that 
disposition is reached is of key importance.9 Understanding what the law is – and how it may be applied in the future – requires 
an understanding of the reasons given in a case. In this sense, and as reasons are expressed as a persuasive piece of text – setting 
out the reason why a particular conclusion follows from the application of the law – they can be seen as an argument or a series 
of arguments.10 For these reasons, it is a core function of a lawyer in the common law system to be able to interpret the 
arguments that make up those reasons. It follows that being able to identify those arguments is a skill that law students need to 
develop.  
 
There are many ways in which law students can learn to interpret reasons given by the courts.11 This could be taught explicitly 
in law schools, or it could be a skill implicitly taught or cultivated through learning about other aspects of the law. Basic 
interpretive skills can also be augmented or refined after law school while a lawyer is engaged in professional practice. 
Wherever this happens, there is no single necessary or definitive way to engage in the interpretive process.12 One way – which 
may be familiar to many law professors – is to distil the arguments in the reasons into a formally constructed argument chain.13 
Whilst there are several forms of argument that may be relevant to law,14 we assessed LLMs’ ability to extract and reconstruct 
arguments into a particular form of logical argument structure – the modus ponens argument structure (which we explain further 
below) – as it is a simple and readily used form of argument. 
 
If an LLM is capable of identifying and extracting arguments from judges’ reasons in a way that accurately reflects the 
reconstruction of an argument by an experienced lawyer, this may facilitate a number of benefits. As one example, a benefit 
may be the reduction in the time spent analysing those reasons for a junior lawyer (and, as a result, the potential decrease of 
costs of doing so with an associated benefit to the access to justice). The benefits of an increased form of efficiency do not just 
relate to the practice of law, but also extend to others who need to understand the relative meaning of cases. In this respect, 
legal academics and law students would also benefit. It is by assessing LLMs’ ability to replicate this way of achieving this 
essential lawyerly function that we evaluate the potential benefit that these systems may bring to the legal profession. 
 
 
 
 
 

 
7 Summers, “Two Types of Substantive Reasons”; see also Perry, “Judicial Obligation, Precedent and the Common Law.” 
8 These databases now also promote an enhanced process of research using AI and GAI. For example, see Lexis+ 
(https://www.lexisnexis.com.au/en/products-and-services/lexis-plus) Lexis Protégé 
(https://www.lexisnexis.com/community/pressroom/b/news/posts/lexisnexis-announces-new-protege-legal-ai-assistant-as-legal-industry-
leads-next-phase-in-generative-ai-innovation) and Thomson Reuters’ Co-Counsel (https://www.thomsonreuters.com.au/en-
au/products/cocounsel.html). 
9 Perry, “Judicial Obligation, Precedent and the Common Law.” 
10 Lamond, “Persuasive Authority in the Law.” 
11 For an examples of a text relevant to law students that include a focus on legal reasoning and interpretation, see James, The New Lawyer. 
For a philosophical consideration of the reasons why interpretation is necessary, see Raz, “Why Interpret?” 
12 For an early consideration of the application of AI to different forms of legal arguments, see Prakken, Logical Tools for Modelling Legal 
Argument.  
13 Brewer, “Exemplary Reasoning.”  
14 For an example of the scope and depth of the forms of legal argumentation, see, Bongiovanni, Handbook of Legal Reasoning and 
Argumentation; MacCormick, “Argumentation and Interpretation in Law.” See also Gold, A Primer on Legal Reasoning. 

https://www.lexisnexis.com.au/en
https://legal.thomsonreuters.com/en/westlaw
https://www.lexisnexis.com.au/en/products-and-services/lexis-plus
https://www.lexisnexis.com/community/pressroom/b/news/posts/lexisnexis-announces-new-protege-legal-ai-assistant-as-legal-industry-leads-next-phase-in-generative-ai-innovation
https://www.lexisnexis.com/community/pressroom/b/news/posts/lexisnexis-announces-new-protege-legal-ai-assistant-as-legal-industry-leads-next-phase-in-generative-ai-innovation
https://www.thomsonreuters.com.au/en-au/products/cocounsel.html
https://www.thomsonreuters.com.au/en-au/products/cocounsel.html
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3. Generative AI: What It is and Why It is Important 
 
The field of AI has its roots the mid-twentieth century,15 but a significant uptick in progress began around the turn of the twenty-
first century: greater availability of data and computer processing power allowed for the training of larger neural network-based 
systems, heralding a ‘deep learning revolution’.16  
 
While early efforts in AI focused on simulating human intelligence (a research program that continues today) the term ‘AI’ has 
taken on a broader meaning, encompassing any ‘machine-based system that, for explicit or implicit objectives, infers, from the 
input it receives, how to generate outputs such as predictions, content, recommendations, or decisions that can influence 
physical or virtual environments.’17 
 
These technologies have revolutionised many aspects of modern life, including developments in autonomous vehicles, facial 
recognition software, and the algorithms driving social media sites. A recent instalment in this story is progress in GAI, an 
umbrella term covering systems that can generate text, images, videos, or other data. This includes image generation systems 
like using generative adversarial network (GAN) (e.g. StyleGAN) and diffusion network (e.g. DALL-E) architectures. Notably 
it also includes Large Language Models (LLMs) – systems capable of analysing and generating text-based content.18 
 
Whilst there are a number of LLMs, the best-known and first to be widely available is OpenAI’s ChatGPT. The systems are 
trained through deep learning procedures on enormous volumes of data – for example, text corpora scraped from vast swathes 
of the internet.19 Once trained, LLMs can output intelligible text and flexibly respond to a wide range of input prompts including 
requests to write poetry, summarise and translate text, or answer questions.20 
 
The potential applications of GAI, and in particular LLMs, in the area of law are vast. Because law is a field that is 
fundamentally structured around various forms of legal texts – including legislation and case law – the inputs for and outputs 
from LLMs have much in common with materials in law. To put this another way, understanding, engaging with and 
interpreting the law – for practising lawyers and judges as well as students and anyone else – involves dealing with instances 
of words and texts. These components are the same as those with which LLMs can best interact. For this reason, there is greater 
potential for the beneficial use of LLMs in law than in other fields. For example, the recent study shows that ChatGPT failed 
to conduct IRAC analysis that was completely correct on 50 legal scenarios.21 The ability to rapidly analyse legal texts and 
locate patterns, similarities or differences, or problems, has been the subject of considerable scholarly research.22 It has already 
been shown that some LLMs, for example, can pass the form of exam necessary to practise law in certain jurisdictions.23 
 
The ability of some LLMs to operate at this level does not mean that all LLMs can be applied in legal analysis in all jurisdictions. 
For some tasks, the ability to provide accurate responses relies on the availability of suitable training data – meaning that 
responses that are generated in relation to jurisdictions for which there is insufficient training data may not be accurate. The 
non-AI-based equivalent of this scenario illustrates the obvious problem: a lawyer giving advice about a legal issue in Australia, 
but basing that advice on precedent, legislation and other authorities predominantly from the United States, would not provide 
a legally relevant answer to an issue in Australia. 
 
Another concern with the applicability of LLMs in legal contexts is their tendency  to ‘hallucinate’.24 Hallucinations are 
instances where an LLM’s output is completely, or partly, fabricated or false – without any explicit acknowledgement that this 
has happened. As one relevant example, the use of an LLM to draft submissions to a court resulted in the LLM inventing legal 

 
15 See, for example, McCarthy, “A Proposal for the Dartmouth Summer Research Project.” 
16 Sejnowski, The Deep Learning Revolution. 
17 OECD definition: OECD, “AI Principles.” It bears noting that the definition of AI is a matter of ongoing dispute and evolution. These 
subtleties of definition will not affect our argument, given that our focus in this paper on LLMs specifically. 
18 Harshvardhan, “A Comprehensive Survey and Analysis.” 
19 Zhao, “A Survey of Large Language Models”; Roumeliotis, “ChatGPT and Open-AI Models.” 
20 It is not uncontested that the material produced is actually new. Some see the material produced as simply being a reproduction or 
interpolation of material that already exists within the training data. Thus, from a certain perspective, LLMs engage in prediction rather than 
generation. Feuerriegel, “Generative AI.” 
21 Kang, “Can ChatGPT Perform Reasoning?” 
22 See, for example, Gray, “Empirical Legal Analysis Simplified.” 
23 Katz, “GPT-4 Passes the Bar Exam.” 
24 Ji, “Survey of Hallucination in Natural Language Generation.” 
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cases that were provided as authority for the claims being made.25 Other issues could include significant safety issues associated 
with giving advice.26 
 
Notwithstanding these issues, the potential benefits that follow from the use of GAI in legal analysis or in the provision of legal 
advice are considerable. For example, a 2017 OECD report listed the common barriers to accessing justice, including financial 
cost, time and the complexity of justice systems, a lack of legal capability and language skills.27 Having access to legal advice 
is a core component of being able to have access to justice, but a substantial number of people do not seek legal advice (largely 
due to the considerable costs of doing so or as a consequence of overworked judicial systems).28 In these terms, the ability to 
facilitate low- or no-cost (accurate) legal advice, or to increase the speed and efficiency in dealing with matters, may increase 
an individual’s access to justice.29 The efficiencies offered by GAI, if able to provide a form of legal advice that is accurate, 
may enable the costs associated with the provision of legal advice to be substantially reduced, which in turn may increase access 
to justice through the increased ability of individuals being able to access legal services.  
 
For these reasons – speed, efficiency and the associated potential to increase access to justice – and in circumstances where 
there is considerable importance placed on the accuracy of legal analysis, as the analysis may be used to give legal advice that 
may impact the relevant rights or duties imposed on a person or legal entity during legal proceedings, the relative power of 
LLMs and GAI more broadly is not (yet) deployed widely in the legal sphere. The potential benefits need to be tempered due 
to the relative inability of GAI systems to perform certain aspects of legal reasoning or writing.30 Although efficiency may 
follow, risks remain related to the unsupervised creation of legal arguments.31 While there are benefits and risks of using this 
technology, legal services providers are promoting the use of AI and GAI extensively.32  
 
Given its problematic application where accuracy and veracity are core components of the practice and operation of law, it is 
therefore important to determine the potential for LLMs to provide accurate responses to prompts that relate to various aspects 
of the provision of legal advice. This article takes a necessarily small step along this path.33 This necessity stems from the 
substantial scope of what is involved in the provision of ‘legal advice’. One component of this is the jurisdictional differences 
inherent in law. The scope of this article is intentionally limited to one component of the giving of legal advice that is relevant 
across common-law jurisdictions. We limit our consideration of the potential ways in which LLMs can be used to a relatively 
small – yet vital – sphere: the identification of arguments in judges’ reasons.  
 
The provision of reasons, as noted above, represents a vital component of the common law legal system. In limiting our 
assessment to the ability of LLMs to identify and analyse the arguments that are presented as part of those reasons, we are able 
to take one step toward using LLMs in a way that is accurate as well as useful for the wide legal community; especially in terms 
of the various benefits outlined earlier. In doing this, it is useful to explain in further detail the rationale behind the approach 
we adopt. 
 

4. Rationale for Approach 
 
In seeking to identify a suitable methodology that answers the question of whether LLMs can identify and extract arguments 
from judges’ reasons, various methodological approaches could have been adopted.34 For example, the field of argument mining 
seems relevant; however, not only do those works often adopt definitions of arguments that differ from this article, but those 
models also require substantial task-specific training data. As this was not available, we choose to use LLMs.35 In selecting a 
methodological approach, we have sought to ensure that the second question we pose, regarding potential benefit to students, 
remains a principal consideration.  

 
25 Corcoran, "Avianca Airline Lawyer Used ChatGPT.” 
26 This could include the relative absence of safeguards that allow the production of dangerous material: Wang, “Do-Not-Answer.” 
27 OECD, “Equal Access to Justice for Inclusive Growth.” 
28 World Justice Project, “Global Insights on Access to Justice 2019.”  
29 Recent years have seen a vast number of articles proposing various ways in which AI and GAI can achieve this ultimate end. See, for 
example, Grossman, “The GPT Judge.” 
30 Villasenor, “Generative Artificial Intelligence and the Practice of Law.” 
31 Tu, “Artificial Intelligence.” 
32 Thomson Reuters, “AI-Powered Legal Research”; LexisNexis, Lawyers and Robots Whitepaper. 
33 The path we have in mind may not only deliver on the potential benefits outlined earlier, but also may have the potential to fundamentally 
change the way law students engage with the process of education. These are, of course, purely points of speculation. 
34 Goel, “LLMs Accelerate Annotation.” 
35 Lawrence, “Argument Mining.” 
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In assessing LLMs’ ability to extract arguments from judges’ reasons, it is less interesting to question whether LLMs can 
provide an answer when prompted in these terms – as, in the most pedantic sense, even a nonsensical answer would require 
this question to be answered ‘yes’. It is more interesting to assess how accurately the systems’ outputs represent the relevant 
arguments: do they, for example, provide argument reconstructions that are completely nonsensical, minimally incorrect or 
correct?  
 
To identify the relative accuracy of the answer provided, as set out in the methodology section below, we use a rubric to 
compare the LLMs’ argument reconstructions with arguments reconstructed by an experienced lawyer. In order to add 
specificity to the outcome generated by the LLMs and to enable a comparison to be made with the argument identified in the 
reasons by an experienced lawyer, we ask the LLMs to reconstruct arguments in a modus ponens argument form – that is 
arguments with the form: 
 
If A then B 
A 
Therefore, B 
 
In other words, we ask both the human and the LLMs to reformulate the arguments in the reasons into a chain of if/then 
arguments that result in the final disposition in the case. (We expand on this argument form in Section 5.) By doing this, the 
aim is not to only identify instances where arguments are explicitly presented in if/then form by the judges; the aim is to identify 
all the arguments (regardless of the form in which they are presented by the judge/s) and to reconstruct them into a single or 
chain of arguments that follow the if/then form. 
 
As stated earlier, while there are a number of ways that arguments can be made,36 the if/then form is relatively simple and 
frequently invoked.37 For these reasons, the formulation or reformulation of the arguments within the judges’ given reasons 
into if/then arguments has the advantage of less reconstruction in comparison to creating another form of argument. 
Furthermore, given the relevance of the if/then approach to the construction of legal arguments, having an ability to distil 
arguments in this way also has some relevance to at least one skillset that law students may seek to develop.  
 
We adopted a broadly student-focused approach in designing the methodological approach outlined below. The aim was to use 
the LLMs in a way that stood a plausible chance of benefiting an average law student, where the average law student is one 
who does not have expertise in either logic, argument construction, or information technology/coding. For this reason, that we 
did not use a complex or technical form of prompting (even where a more technical form of prompt may have yielded a more 
accurate output).38 Similarly, when testing the LLMs, we did not engage them through an API, instead using the same form of 
prompt that anyone with an internet connection and a basic understanding of the way LLMs can be used could do.39  
 
A similar rationale was applied to the source of the materials that we explicitly provided to the LLMs. We limited our 
consideration of judges’ reasons to those published by the High Court of Australia that are also freely available on the internet. 
We did not, for example, utilise material – available behind any sort of paywall – that may have provided a commentary or 
additional insight into those cases specifically. This had a dual benefit. First, it avoided any licensing issues associated with 
uploading proprietary content to the LLMs. Second, by using material that was publicly available, we ensured that the same 
conclusions or outputs could be derived by anyone – without the need to specifically gain access to premium materials. Even 
though many law students may already have access to those materials, most members of the public do not.  
 
The specific focus on apex court decisions also has a twofold rationale. The first aspect is due to the wide availability of the 
reasons. The second is because apex court judges – because of the relative importance of their decisions and because of the 
common ability to restrict their own caseload through grants of special leave – are afforded sufficient time to write their 
reasons.40  

 
36 For some examples of just the deductive forms of argument, see Gold, A Primer on Legal Reasoning, 65–84. 
37 The frequency of their use is noted in Walton, “Are Some Modus Ponens Arguments Deductively Invalid?” Consider also the arguments 
extracted in the course of this study; a number of if/then arguments are evident in even small sections of the judges’ reasons.  
38 Baidoo-anu, “Education in the Era of Generative Artificial Intelligence (AI),” 52–62. 
39 We did not consider the paid forms of ChatGPT and Claude to be beyond the means of most law students – who are already committing 
substantial sums to the costs of law school. 
40 This is not to say that the judges in apex courts are not under considerable time pressures – merely that their role requires the reasons to be 
properly considered. 
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In attempting to answer the research questions, we sought to ensure the focus remained on the LLMs’ ability to identify 
arguments – and not, for example, to be able to discern the most legally relevant set of reasons in any given text. LLMs’ ability 
to identify arguments has been a hot research topic in the field of natural language processing. However, the definition and 
form of the arguments that have been explored in those works are different from the legal argument forms that we seek to 
extract.41 In this regard, the process in which we engage should be considered a new task rather than a conventional NLP 
argument extraction task. 
 
The cases selected in our task include five judges providing reasons as a unanimous decision, or as a minority/majority split. 
To avoid spurious answers, the prompts used in seeking an output from the LLMs specified the judge or judges’ reasons that 
should be considered. The request always specified the judges by name in either the unanimous or majority decision. We did 
not, for example, request the arguments with the most significant legal relevance, as the aim was to explore whether the LLM 
could correctly identify arguments and not whether it could discern or identify a majority decision. 
 

5. Methodology 
 
To assess whether LLMs can accurately extract legal arguments, we treated LLM outputs akin to student outputs – that is, we 
sought to assess the LLM’s output’s accuracy in comparison with a predetermined form of answer and marking criteria. This 
necessitated both the creation of a marking rubric that included specific marking criteria and a rationale for the points allocation 
to be used by a marker as well as the identification of the form of the argument that was actually included in the reasons. In this 
section, we outline the methodological approach associated with these steps and further explain additional aspects of the 
methodology associated with the form of the argument and the cases used.  
 
The creation marking rubric and the identification of the form of the argument contained within the reasons were carried out 
by a lawyer/legal academic with several years’ practice and teaching experience across several jurisdictions and by a 
philosopher with expertise in, and experience teaching, the analysis and formal reconstruction of arguments. The same two 
individuals were also responsible for assessing the accuracy of the LLMs’ outputs. This was conducted after a moderation 
exercise – relating to a different case (Ismail, detailed below) – to ensure the usability of the rubric against an LLM output. 
 
It is a common practice in NLP to use domain experts to evaluate LLM outputs. In legal NLP, the cost of human evaluation is 
high. This has been acknowledged as a bottleneck or limitation in the annotation or assessment of outputs in this area.42 Those 
same factors impacted the present study. (This represents a limitation in terms of the study’s conclusions.)  
 
With regard to these factors, it is not uncommon to engage a small number of qualified legal experts to conduct human 
evaluation.43 Further, it is also not uncommon to use only two human experts.44 To maximise the effectiveness of the assessors 
used, we recruited assessors with relevant and complementary expertise: a philosopher with expertise in, and experience 
teaching, the analysis and formal reconstruction of arguments (to assess the LLMs’ ability to faithfully and clearly capture the 
logical structure of the arguments); and, a lawyer/legal academic to assess the LLMs’ ability to preserve the subtleties of the 
legal terminology contained within the extracted arguments.  
 
A generic rubric was created so it could be used to mark outputs related to any of the cases. (The rubric is included as Appendix 
A at https://github.com/qulizhen/LTHJ_legal_argument_identification) It is a form familiar to many in higher education. Out 
of a total of 20 marks, the rubric assessed (and allocated a mark total in relation to) the ability of the LLMs to: 
 

1. identify the disposition (3 marks) 
2. identify the premises and conclusions leading to the final conclusion (3 marks) 
3. identify the premises and conclusions in prior arguments (6 marks) 
4. locate arguments in the text (with a paragraph number/s) (3 marks) 
5. use a modus ponens argument structure to reformulate the arguments (5 marks).  

 

 
41 Mok, “LLM-Based Frameworks”; Rescala, “Can Language Models Recognize Convincing Arguments?”; Chen, “Exploring the Potential 
of Large Language Models.” 
42 Savelka, “Can GPT-4 Support Analysis of Textual Data?” 
43 See, for example, Kang, “Can ChatGPT Perform Reasoning?” 
44 See, for example, Park and Cardie, “Identifying Appropriate Support for Propositions.” 

https://urldefense.com/v3/__https:/github.com/qulizhen/LTHJ_legal_argument_identification__;!!NVzLfOphnbDXSw!GrMnjqRaHHxqWGUjjC4dbxBacAYVO_8lFAwIj6c04frtbv24KEWhs0CrCSio_KNu80l_1wXHJ6hNHS9jonJ2XAXNDGJUaw$
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In assessing the ability to identify premises, conclusions and underlying logical form of argument, the rubric targeted a grasp 
of the core structural components of arguments.45 Then, in assessing the ability to locate the relevant elements in the text, the 
rubric targeted the ability to map the reconstructed argument back onto the source document (this is useful for markers, and 
also for any would-be student end-users). The mark relevant to each criterion was allocated based on a scheme that described 
tiers of criterion satisfaction. This was set out prescriptively in the rubric to facilitate consistency across the markers. For 
example, in relation to category 4, ‘If a precise modus ponens format is adopted across the whole argument chain, 5 marks 
should be awarded.’ The various terms used in each criterion were also defined and described within the rubric. 
 
The court cases that were used in the study were the first six published decisions of 2024 from the High Court of Australia: 
Harvey v Minister for Primary Industry and Resources (‘Harvey’); Lesianawai v Minister for Immigration, Citizenship, and 
Multicultural Affairs (‘Lesianawai’); The King v Rohan (a pseudonym) (‘Rohan’); Carmichael Rail Network Pty Ltd v BBC 
Chartering Carriers GmbH &Co KG (‘Carmichael’); Xerri v The King (‘Xerri’); and Ismail v Minister for Immigration, 
Citizenship and Multicultural Affairs (‘Ismail’).46 
 
The first five cases noted immediately above – we refer to these as ‘the cases’ – were the cases used to obtain LLM outputs 
that were marked and that make up the results noted in the section below. The sixth case – Ismail – was randomly selected from 
the cohort of six cases to be used as a test case for the markers to perform a moderation exercise with the rubric. 
 
While small, the sample of cases was diverse. The cases represented a range of different forms of legal issues – including native 
title, criminal law, statutory interpretation and immigration – and different kinds of matter – both appeals and applications in 
the Court’s original jurisdiction. The cases were also different in their total extent – with reasons that made up the relevant texts 
ranging from 23–53 pages.  
 
The PDF reasons provided by the judges in the cases were examined by an experienced human lawyer to identify the form of 
the argument that was provided by the majority in each set of reasons. Marker 1 reproduced the form of the arguments into a 
modus ponens form of formal argument chain and included the paragraph numbers for the premises and conclusions that were 
identified. Also, as it is infrequently the case that a set of reasons presents only one argument, chains of argument – where the 
conclusion to one argument represents one of the premises to a subsequent argument – were identified.  
 
Once the argument chain within the majority reasons was identified, it was reviewed by Marker 2. As a result of the review, a 
final agreed chain of arguments was then created as a ‘sample answer’ for each of the cases. (The sample answers are included 
as Appendix B at https://github.com/qulizhen/LTHJ_legal_argument_identification) 
 
Using the PDF versions of the cases as an uploaded attachment accompanying the prompt, the LLMs were then asked to identify 
the argument chains within the cases. A single prompt was created to do this. (The prompt is included in Appendix C at 
https://github.com/qulizhen/LTHJ_legal_argument_identification) The prompt used is compendious. It was created as a result 
of a need to create a non-technical form of prompt to achieve the desired output required by the rubric. While it is possible to 
use sophisticated prompting techniques that move away from standard single prompts in basic written English,47 the aim was 
to use the sort of prompt that a law student with no other IT/coding/prompting experience may be able to formulate.  
 
Two versions of two different LLMs were assessed: ChatGPT4o, ChatGPT4, Claude 3.5 and Claude 3.0. Using the prompt, 
responses were sought from each model for each of the cases, yielding 20 responses in total. Across both systems and all the 
versions, the prompts were entered on the same day, with each prompt commencing a new dialogue consisting of only this 
prompt. No further prompting or clarifications were entered. The first response following the prompt was recorded as the given 
answer relative to each of the cases and each of the systems/versions. (The outputs are included as Appendix D at 
https://github.com/qulizhen/LTHJ_legal_argument_identification)  

 
45 Dutihl Novaes, “Argument and Argumentation. 
46 Harvey v Minister for Primary Industry and Resources [2024] HCA 1, 7 February 2024; Lesianawai v Minister for Immigration, 
Citizenship, and Multicultural Affairs [2024] HCA 6, 6 March 2024; The King v Rohan [2024] HCA 3, 14 February 2024; Carmichael Rail 
Network Pty Ltd v BBC Chartering Carriers GmbH &Co KG [2024] HCA 4, 14 February 2024; Xerri v The King [2024] HCA 5, 6 March 
2024; and Ismail v Minister for Immigration, Citizenship and Multicultural Affairs [2024] HCA 2, 7 February 2024. 
47 Paweł Korzyński, Grzegorz Mazurek, Pamela Krzypkowska, and Artur Kurasiński, "Artificial Intelligence Prompt Engineering as a New 
Digital Competence: Analysis of Generative AI Technologies Such as ChatGPT," Entrepreneurial Business and Economics Review 3 (2023). 

https://urldefense.com/v3/__https:/github.com/qulizhen/LTHJ_legal_argument_identification__;!!NVzLfOphnbDXSw!GrMnjqRaHHxqWGUjjC4dbxBacAYVO_8lFAwIj6c04frtbv24KEWhs0CrCSio_KNu80l_1wXHJ6hNHS9jonJ2XAXNDGJUaw$
https://urldefense.com/v3/__https:/github.com/qulizhen/LTHJ_legal_argument_identification__;!!NVzLfOphnbDXSw!GrMnjqRaHHxqWGUjjC4dbxBacAYVO_8lFAwIj6c04frtbv24KEWhs0CrCSio_KNu80l_1wXHJ6hNHS9jonJ2XAXNDGJUaw$
https://urldefense.com/v3/__https:/github.com/qulizhen/LTHJ_legal_argument_identification__;!!NVzLfOphnbDXSw!GrMnjqRaHHxqWGUjjC4dbxBacAYVO_8lFAwIj6c04frtbv24KEWhs0CrCSio_KNu80l_1wXHJ6hNHS9jonJ2XAXNDGJUaw$
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The sample answer and the rubric were then used to assess the answers given. This process involved the separate marking of 
each output by human assessors with experience in the identification of arguments.48 The assessors were the same lawyer and 
philosopher who had created the rubric.49 Prior to the marking commencing and prior to the markers being given the outputs, 
the various LLMs’ outputs were anonymised and provided with a random numerical identifier. This was done to provide a form 
of blind marking and to avoid bias being introduced into the marks given to the outputs. After marking the outputs in accordance 
with the rubric, the marks were recorded for each of the outputs. (The outputs, after being de-anonymised, are included as 
Appendix E at https://github.com/qulizhen/LTHJ_legal_argument_identification).  
 

6. Results 
 
For anyone unfamiliar with the relative ability of LLMs to produce responses to queries, the results are startling. When 
prompted, within seconds each of the LLM versions provided a detailed response that – superficially, at least – approximated 
the arguments presented in the judgments. In this respect, the responses provided at least approximated a form of answer to the 
prompt provided. However, for anyone familiar with LLMs, it will come as no surprise that the systems often presented 
inaccurate responses in a very confident way.  
 
In the following subsections, we consider some of the ways in which the outputs vary. We also provide just one illustration of 
the nature of the differences between the system outputs – in effect, demonstrating a good and a bad example of the outputs. 
We also include some brief observations regarding differences in markers’ marks before, in a final very brief subsection, 
summarising the differences. 
 

6.1 Differences in Marks Across Systems and Versions  
On this basis, at least at the most basic binary level, each of the LLMs tested can respond to prompts requesting that the 
arguments in the judges’ reasons be identified and extracted. The relative accuracy of the outputs, however, varies considerably. 
When considered in tabular form ranked from the highest marked output to the lowest, as shown in Table 1, the relative 
difference in the systems’ ability to accurately identify the argument chains becomes apparent. 
 
  

 
48 For a similar approach, see Kang et al., “Can ChatGPT Perform Reasoning Using the IRAC Method in Analyzing Legal Scenarios Like a 
Lawyer?” See also earlier notes in the article that note the inherent problem with locating multiple domain experts and the similarity of 
approach with other low-number assessor projects.  
49 Whilst this inherently leads to a potential bias, the potential of this was reduced by: creating the rubric prior to obtaining the outputs; 
randomly selecting the subject cases; anonymising the output identity (in terms of the system that created the output); and, ensuring the 
assessors assessed the outputs independently. 

https://urldefense.com/v3/__https:/github.com/qulizhen/LTHJ_legal_argument_identification__;!!NVzLfOphnbDXSw!GrMnjqRaHHxqWGUjjC4dbxBacAYVO_8lFAwIj6c04frtbv24KEWhs0CrCSio_KNu80l_1wXHJ6hNHS9jonJ2XAXNDGJUaw$
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Table 1. LLM outputs ranked in order of average marks  
 

Average mark 
(of two markers) out of 20 

System – version Case 

18 Claude – 3.5 Sonnet Xerri 

17 Claude – 3.5 Sonnet Harvey 

17 Claude – 3.5 Sonnet Carmichael 

15 Claude – 3.5 Sonnet Rohan 

14 Claude – 3.5 Sonnet Lesianawai 

12 Claude – 3 Opus Xerri 

12 Claude – 3 Opus Lesianawai 

11 Claude – 3 Opus Rohan 

10 Claude – 3 Opus Harvey 

10 GPT – 4o Lesianawai 

10 GPT – 4 Lesianawai 

10 GPT – 4o Harvey 

10 GPT – 4 Harvey 

9 GPT – 4 Carmichael 

9 GPT – 4o Xerri 

8 GPT – 4 Xerri 

8 Claude – 3 Opus Carmichael 

6 GPT – 4o Rohan 

5 GPT – 4o Carmichael 

4 GPT – 4 Rohan 

 
 
The range of marks across Table 1 is starkly apparent – ranging between 4/20 and 18/20. Within this study, it is not possible to 
place these marks in the context of (human) students’ marks for the same task, as students were not given the same task. 
However, based on the highest and lowest outputs, and on previous experience grading exercises such as this in university-
level students, the highest mark would be what would be expected to be seen in an excellent law student (at the highest available 
level of a law student). The output that was attributed the lowest mark would likely be much closer to a fail or pass grade for 
the same student.  
 
When the mark allocated to each of the outputs is considered, several key findings become apparent. The first and most stark 
of these is that when the average mark of the two markers is considered and the LLM marks are ranked, Claude generally 
achieves higher marks than ChatGPT. The five Claude 3.5 outputs achieved the highest average five marks – from 14/20–
18/20; the next three highest marks were Claude 3.0 – from 11/20–12/20. Another Claude 3.0 output achieved 10/20 jointly 
with several ChatGPT outputs. The relative difference between the two systems’ abilities to identify arguments is also apparent 
from the average grade awarded to each system (as an average of the average of the two markers’ marks – what we will call 
the ‘system average’): the system average mark for Claude (3.0 or 3.5) output is 13.4/20; the system average mark for ChatGPT 
(4 or 4o) output is 8.1/20. This is starker when the individual versions are considered: ChatGPT 4 = 8.2/20; Claude 3.0 = 
10.6/20; ChatGPT 4o = 8/20; Claude 3.5 = 16.2/20. 
 
In continuing to consider the system average, the highest mark attributed to any of the systems/versions is 16.2/20 (Claude 3.5). 
As the lowest system average attributed to any of the systems/versions is 8/20 (ChatGPT 4o), it is clear that the best-performing 
version – Claude 3.5 – achieves more than double the marks of the worst-performing version – ChatGPT 4o. It can also be seen 
that not only do both versions of Claude perform, on average, better than GPT’s versions, but also that the more advanced 
version of ChatGPT (GPT4o) performs worse – albeit only marginally – than the less advanced version (GPT4) with averages 
of 8/20 and 8.2/20 respectively.  
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In contrast, Claude 3.0’s and Claude 3.5’s system average marks are 10.6/20 and 16.2/20, respectively. In contrast, the Claude 
outputs score higher than the average mark with only two outputs from Claude 3.0 scoring below the average; all of the Claude 
3.5 outputs exceed the average, with the lowest average mark for that version being 14/20. When considered against the average 
mark across the entire cohort – of 10.75/20 – it is only Claude 3.5’s outputs that exceed that mark – as Claude 3.5’s outputs 
scored on average 16.2/20. The other versions fell either marginally or considerably below the overall cohort average. 
 
What is also apparent is that while the Claude (3.5 and 3.0) outputs cluster according to the version of the system – with 3.5 
outputs all scoring higher than 3.0 outputs – this is not the case with the ChatGPT (4o and 4) outputs. The Claude outputs seem 
to reflect the level of sophistication of the versions – with Claude  3.5 being the newer iteration. There is a marked difference 
between the two versions’ ability to accurately identify and extract arguments. 
 
This is not the case with ChatGPT. There is relatively little difference between the marks for the two versions of ChatGPT for 
several cases; the ChatGPT outputs pair up with similar marks being given to the outputs related to each case. The outputs for 
Lesianawai and Harvey from both ChatGPT versions get the same mark. For Xerri, they are only one mark apart; for Rohan 
they are two marks apart. For the final case, Carmichael, they are three marks apart. This suggests that, in contrast to Claude, 
there is little difference between the two ChatGPT systems’ ability to extract arguments.   
 
When considered in terms of the individual legal case towards which the LLMs were pointed, a clear homogeneity can be seen 
across most of the cases. The overall average mark (as an average of the two markers’ marks across the whole cohort) was 
10.75/20. When the average mark for each of the cases is considered (as an average of the two markers marks from all 
systems/versions for a single case), these did not differ substantially from the overall average. The case averages were: Harvey 
11.75/20; Xerri 11.75/20; Lesianawai 11.5/20; Carmichael 9.75/20; and Rohan 9/20. For all but Rohan, the average for each 
case was within one mark (out of 20) of the overall average; for Rohan, it was 1.75 marks below the cohort average. This 
demonstrates that there was relatively consistent uniformity across the marks for each of the cases – which indicates that the 
relative difference in legal topic of the cases was relatively inconsequential to the LLMs’ ability to identify and extract 
arguments.  
 
The same could also be said in terms of the page extent of each of the cases/reasons provided to the LLMs. When each case is 
represented as an [average mark]/[page extent] format, the results are: Harvey 11.75/33; Xerri 11.75/14; Lesianawai 11.5/13; 
Carmichael 9.75/26; and Rohan 9/15. When considered in this way, there is no apparent correlation between the page extent 
of the reasons and the LLMs’ ability to extract arguments accurately. In other words, the length of the documents seemed to 
have no impact on the ability of the systems to accurately identify and extract arguments. 
 
Whilst the LLMs were directed specifically towards the majority reasons via the prompt, the same conclusions as expressed 
immediately above can be drawn from a consideration of the form of the reasons. The reasons represented different expressions 
of the legal disposition. Two cases (Carmichael and Lesianawai) were unanimous – with the former expressed as a single set 
of reasons and the latter being a single judge’s reasons with which all of the other four judges expressed agreement); Rohan 
and Xerri were majorities of three judges; and Harvey was a majority of four judges. There is no apparent correlation between 
the way the decisions are expressed and the average mark. However, as noted, where the prompt specified the reasons from 
which the arguments should be extracted, this is unsurprising.  
 
Similarly, and equally unsurprisingly, the fact that four of the matters were in the Court’s appellate jurisdiction and one 
(Lesianawai) was in its original jurisdiction does not appear to have fundamentally impacted the LLMs’ ability to accurately 
identify the arguments in the reasons – as Lesianawai was ranked third in terms of the average mark across the systems.  
 

6.2 Specific Failures in the Systems – An Example  
The assessment category that was least well answered by the LLMs was the category that required paragraph numbers in which 
the arguments given in the reasons were located. This was the case across both Marker 1’s and Marker 2’s assessments of the 
appropriate marks – with 1.3/5 and 1.65/5, respectively, being awarded by each marker. From an assessor’s perspective, this 
was relatively surprising – as the citation of paragraphs (once the premises and conclusions of the argument had been identified, 
often correctly) is a straightforward task. Instead, it was often the case that – despite the prompt including a specific requirement 
to include paragraph numbers – these were often omitted.  
 
The systems’ lower marks in the categories that relate to paragraph numbers may reflect the fact that ChatGPT and Claude as 
Large Language Models are trained on and deal with language and not numbers. LLMs like ChatGPT have been shown to be 
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poor at performing mathematical calculations.50 However, the nature of this study does not allow any conclusions to be drawn 
other than the mere observation of the correlation of the lowest marks with the only assessment category that involves numerical 
values.51 
 
In more specific terms relating to the task at hand, the LLMs performed reasonably well at reconstructing the arguments in 
accordance with a modus ponens form, with the average mark in this category being 3/5. This is perhaps unsurprising given the 
formulaic nature of this language-based task. However, it is noteworthy that in several instances systems failed on this front, 
deviating substantially from basic modus ponens structure. The following is an example of such a failure (taken from GPT-4o’s 
reconstruction of the Xerri case): 
 

1. **Premise 1 (P1):** If an act increases the penalty for an offence, the increased penalty only applies to offences committed 
after the commencement of that act.  
 
   - **Reference:** Section 19(1) of the Crimes (Sentencing Procedure) Act 1999 (NSW) (the Procedure Act) 【7:4†source
】. 
 
2. **Premise 2 (P2):** The appellant’s offending occurred prior to the commencement of the current s 66EA of the Crimes 
Act. 
   - **Reference:** Paragraph 41【7:4†source】. 
 
3. **Conclusion 1 (C1):** Therefore, if the current s 66EA of the Crimes Act increases the penalty for the same offence, the 
increased penalty should not apply to the appellant’s case. 

 
This can be contrasted with the sample answer for the same case: 
 

IF the replacement of s 66EA constituted an increase in the penalty for the “offence” already created by former s 66EA, 
THEN the current offence is different to the old, and is a new offence. [41] 
 
the replacement of s 66EA constituted an increase in the penalty for the “offence” already created by former s 66EA [41], 
[65] 
 
Therefore, the current offence is different to the old, and is a new offence [41], [65], [66] 

 
When compared with the sample answer, the ChatGPT 4o output’s relative absence of a clear modus ponens format – If P, then 
Q; P; therefore, Q – can be seen. (What can also be seen is a deficiency in the paragraph number citations.) These relative 
failings can be further contrasted with Claude 3.5 Sonnet’s reconstruction of Xerri: 
 

1. If the factual ingredients or elements of former s 66EA differ significantly from current s 66EA, then current s 66EA is a 
new offence. (Implied premise) 
 
The factual ingredients or elements of former s 66EA differ significantly from current s 66EA. (Para 65) 
 
Therefore, current s 66EA is a new offence. (Para 65) 

 
As is apparent, Claude 3.5’s reconstruction is, to all intents and purposes, identical to the sample answer in terms of the 
argument construction and content. The only substantive difference does not relate to the form of the argument; as the Claude 
3.5 output suggests one of the premises is implied – whereas the sample answer attributes this to a specific paragraph.  
 
When considering these forms of output, not only does the ability of Claude 3.5 to reconstruct an argument in the same terms 
as the sample answer (that was created by an experienced lawyer) become apparent and clear, but the failings in the output 
from ChatGPT 4o also become apparent. This represents a key – but not the only – stark illustration of the differences between 
the two systems. In these terms, it is clearly apparent that there are very significant differences between the two systems – even 
between the two systems’ flagship versions (of ChatGPT 4o and Claude 3.5)  
 
 

 
50 Frieder, “Mathematical Capabilities of ChatGPT.” 
51 It was noted by one of the reviewers, and we agree, that the citation of paragraph numbers may well have been improved through a simple 
follow-up prompt. (That would, however, go beyond the one-shot strategy that we adopt.)  
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6.3 Marker Differences  
The results also revealed a difference in the way that Markers 1 and 2 marked the LLM outputs – despite both marking the 
submissions in accordance with the same detailed rubric. The average difference between the two markers was 3.05/20. At 
times, the difference between the two was as big as 8/20. Typically, Marker 1 graded more harshly – as in only two out of the 
20 outputs marked did Marker 1 give a higher mark than Marker 2. These differences may be due to differences in the marker’s 
disciplinary backgrounds, which perhaps led to different appraisals of the salience of certain errors. (For example, Marker 1 
took a much narrower view of what constituted the appropriate formulation of the conclusion relative to Marker 2.) However, 
our data alone are insufficient to establish this. It may also be that assessing how successfully an answer extracts an argument 
from the source text involves some irreducible subjectivity, even with a detailed rubric. In any event, there was a moderately 
strong correlation between the overall rankings of each output resulting from the two markers’ blinded and independent 
marking, leaving the broad conclusions drawn in this article intact. 
 

6.4 Summary of Results  
Even on this basic form of experimentation, the most obvious result is that the choice of LLM matters when answering the 
question of whether LLMs can identify arguments. While all the systems/versions were able to identify arguments and argument 
chains to some degree, some performed far better when measured against the assessment rubric.  
 
The relative difference between systems is stark. As noted, while the assessment scheme adopted is not compared directly to 
(human) student outputs, the relative standard exhibited from the top mark – 18/20 for Claude 3.5 – and the lowest mark – 4/20 
for ChatGPT 4 – is anecdotally the difference between the output expected of a student who would achieve the highest available 
grade and a student who may achieve a fail or very bare pass grade.  
 
The starkness of the differences, coupled with the clear separation between the ability of the two systems – ChatGPT and 
Claude – to perform the requested task is also obvious. The far more well-known system – ChatGPT – performed, almost 
universally, worse than both Claude versions. While there was a clear difference in marks between the two versions of Claude 
– with the premium 3.5 performing uniformly better in the assessments – the same cannot be said for ChatGPT; the marks 
obtained by the premium ChatGPT 4o version were frequently indistinguishable from ChatGPT 4.  
 
In general, both systems and their versions performed worst in relation to the requirement to locate paragraph references. Within 
the marking process, this could be attributed to a variety of reasons. This includes both the inaccurate attribution of paragraph 
references as well as the omission of paragraph references altogether. In this respect, the problems with the paragraph numbers 
represented the most obvious ‘blind spot’ across the marking rubric.  
 
In consideration of some of these key results, it is now possible to provide answers to the research questions posed within this 
article. 
 

7. Research Question Answers 
 
In the two subsections that follow, we provide brief responses to the research questions posed in this article before providing 
our conclusions (including our recommendations for further research). 
 

7.1 Do the LLM Outputs Accurately Identify and Extract the Legal Arguments? 
The briefly stated, yet necessarily hedged, answer to this question is: yes … sometimes. LLMs can identify and extract legal 
arguments from court cases to varying degrees of accuracy. Given this result, there is substantial potential benefit for students; 
however, within the terms of the one-shot approach we adopt, this requires that students use the sort of system that can provide 
the most benefit.  
 
The results show that LLMs can extract legal arguments from court judgments. However, the level at which the extraction can 
be considered correct or accurate varies considerably across model types and specific model versions. In this regard, when 
seeking to answer the question it is necessary to consider the outputs distinctly – at least on the basis of the two different 
systems. 
 
Looking to the best-case scenario that is reflected in the outputs provided by Claude 3.5, the answer to this research question 
is an unequivocal ‘yes’. The marks for Claude 3.5 range from 15/20–18/20. Marks of this sort would be of the kind achieved 
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by some of the best law students assessed in similar tasks. In this regard, and as was seen in the Claude 3.5 example extracted 
earlier, the GAI outputs do accurately identify and extract the legal arguments from within the cases.  
 
The same cannot be said for the outputs from ChatGPT. Whilst the highest ChatGPT mark was 10/20 (achieved by both 
ChatGPT 4 and ChatGPT 4o), six of the 10 Chat GPT marks were 9/20 or below (with the lowest mark being 4/10). The outputs 
provided by ChatGPT – regardless of the version – demonstrate that while there were arguments extracted from the reasons, 
there were significant inaccuracies in several respects.  
 
Claude 3.0 represents something of a middle ground between the two ChatGPT versions and Claude 3.5. Four of the five 
outputs range between 12/20 and 10/20. The other output was marked 8/20. This places four of Claude 3.0’s outputs at or above 
the highest scoring ChatGPT outputs.  
 
These three different classifications of the outputs clearly illustrate that it is possible for LLMs to accurately identify and extract 
arguments from legal reasons; however, they also illustrate that not all LLMs can do this accurately and, in fact, some do a very 
poor job compared with others.  
 

7.2 Are LLM Outputs Beneficial for Law Students? 
Given the qualified findings above, the answer to this question must also be qualified. The question of benefit could be viewed 
in different ways – both pedagogically and practically. The aim here is not to cover all possible benefits. Instead, we separate 
the idea of potential benefit into two separate ideas. The first is whether the LLMs’ outputs could benefit students in getting 
better grades; the second is whether LLMs may benefit students more generally. 
 
In considering the first, it seems clear that the use of Claude 3.5 would – for most students – benefit students in getting a better 
grade. The highly accurate identification and extraction of arguments that Claude 3.5 can achieve represents that which would 
be seen only in the very best students. It therefore stands to reason that all other students would, therefore, benefit (in terms of 
their grades) from using a system like Claude 3.5.  
 
It is equally clear that the use of a system like ChatGPT would likely not benefit most students. The identification and extraction 
of the sorts of arguments that were output by ChatGPT would fall below that expected for most students.  
 
The second idea is the way in which LLMs may benefit students more generally. It should not be ignored that either of the 
LLMs could be used as a pedagogical/learning aid in order to engage or stimulate further learning; a keen student could use the 
outputs to test their own understanding or knowledge. This may assist them both in terms of their grades as well as in the 
enhancement of their knowledge more generally. However, it is also conceivable that students could use one of these systems 
as a way of avoiding having to learn how to extract the arguments themselves. The existence of a shortcut tool like this is not 
unprecedented in education. (The introduction of the pocket calculator springs to mind.) The potential for the avoidance of 
learning this kind of skill to have an impact on law students’ ability to be effective lawyers does, however, appear to be relevant.  
If nothing else, where there is a considerable difference in the ways different systems can accurately identify and extract 
arguments, there is a need for some level of knowledge in order to critically assess what output is being provided. Thus, if 
students uncritically use current versions of ChatGPT (the most well-known LLM) to extract legal arguments, not only might 
their outputs be poor, but the negative impact on their legal argument reconstruction skills may be compounded. Conversely, 
if students (perhaps with the guidance of educators) take a more critical approach, and actively assess the accuracy of LLMs’ 
argument reconstructions for themselves, these tools could be used to further hone argument reconstruction skills. This 
discussion highlights that a delicate pedagogical approach is required to successfully incorporate generative AI tools into legal 
education (as has been discussed elsewhere).52 
 

8. Conclusion 
 
The answers that have been provided above are hedged: it is sometimes possible for LLMs to accurately identify and extract 
argument chains from judges’ reasons and it may sometimes be beneficial for law students to use LLMs to do this. This hedging 
is necessary, in part, due to the substantially different abilities of the two LLMs to identify and accurately extract the arguments 
in judges’ reasons, and in part due to the complex factors affecting how the use of AI tools translates into student learning 
outcomes. (The finding should also be understood in terms of the previously acknowledged limitation due to the limited number 
of assessors.) 

 
52 Koplin, “Tailoring University Assessment.” 
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It is this finding – that LLMs vary so considerably in their ability to accurately extract arguments – that represents the key 
finding of this study. Being aware of this enables legal educators and lawyers to remain focused on the need for critical 
awareness regarding the human skill of identifying and extracting arguments. By retaining this focus, and by ensuring that we 
do not naively consider all LLMs to be ‘good enough’, these systems can be seen to provide benefit in different ways. 
While the need for specific skills-based education of this sort goes beyond the application of a hunch or a tacit intuition, it does 
demonstrate that there is – at least as relates to the state of generative AI technology today – an ongoing need to retain the 
human-centric focus on the attainment of the lawyer’s skillset in the process of education.  
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