
Decision Making: Applications in Management and Engineering, Volume 9, Issue 1 (2026) 398-411 

398 

Artificial Intelligence-Driven Legal Governance: A Computational 
Framework for Regulatory Decision Support Using Large Language 
Model Prompt Engineering 

Yuhe Bu1,*  

1 Shandong University of Finance and Economics, China 

ARTICLE INFO ABSTRACT 

Article history: 
Received 25 March 2026 
Received in revised form 30 May 2026 
Accepted 14 June 2026 
Available online 30 June 2026 

Keywords: 
Large Language Models, Prompt 
Engineering, Legal Governance, 
Regulatory Decision Support, 
Natural Language Processing, AI 
and Law 

Recent advances in large language models (LLMs) and instantaneous response 
engineering have created new possibilities for strengthening legal governance 
and modernising regulatory oversight. Conventional legal systems increasingly 
operate under pressures arising from expanding volumes of information, 
divergent interpretations, and delays in responding to newly emerging societal 
risks. To address these challenges, this study proposes an integrated IT 
framework, termed the AI-assisted legal governance system (ALGS), which 
incorporates instantaneous response engineering from LLMs, natural language 
processing, and machine learning into regulatory decision-making. ALGS is 
organised around four interconnected components: semantic analysis of legal 
texts, AI-driven risk identification, intelligent compliance monitoring, and 
automated generation of regulatory advice. A hierarchical instantaneous 
response architecture is developed and evaluated to decompose complex legal 
reasoning into structured sub-tasks, enabling LLMs to undertake legal 
interpretation, case-based reasoning, and regulatory gap analysis with 
improved accuracy and auditability. Experimental assessment using publicly 
available legal materials, including EU General Data Protection Regulation 
compliance documents and US stock exchange records, demonstrates a 23.7% 
improvement in regulatory classification accuracy and a 41.2% reduction in 
human review time compared with basic methods. The study further considers 
ethical issues surrounding AI autonomy in legal decision-making, bias 
reduction, and the continued requirement for human supervision. The findings 
suggest that carefully structured rapid-response architectures can enhance 
regulatory and legal governance capacity while maintaining the constitutional 
principles of due process and the rule of law. 

1. Introduction 
The intersection of artificial intelligence and legal systems has emerged as a major area of 

contemporary computing research. During the past decade, machine learning algorithms have 
progressed from narrowly defined applications towards increasingly sophisticated systems capable 
of addressing broader reasoning tasks. Their capabilities have already been demonstrated across 
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domains ranging from image recognition to natural language understanding. This trajectory has 
accelerated with the development of transformer-based LLMs, including GPT-4, Claude, and LLaMA. 
Such models can interpret, generate, and reason over complex natural language content with a 
degree of sophistication that approaches human expert performance across many standard tasks. 
Legal materials provide both a particularly promising application domain and a demanding test 
environment for these emerging capabilities because they combine precise linguistic formulations 
with formal hierarchical structures and extensive networks of cross-references. 

The incorporation of AI into legal practice has evolved through several stages. Initial applications 
were primarily concerned with electronic discovery and document review, where machine learning 
enabled relevant material to be located within extensive collections of forensic data considerably 
more efficiently than manual examination. This was followed by predictive analytics, through which 
large repositories of earlier judicial decisions were analysed to estimate possible case outcomes. 
More recently, natural language processing has been incorporated into contract analysis platforms 
to identify important clauses, detect potential risks, and summarise contractual obligations 
automatically. Collectively, these developments signal a wider shift towards AI-enhanced legal 
practice in which intelligent systems increasingly support the analytical work undertaken by 
lawyers, regulators, and judges. 

The institutional foundations of legal governance and regulatory oversight, however, have not 
evolved at a comparable pace and remain substantially influenced by structures developed before 
the digital era. Regulatory bodies still depend heavily on manual review, scheduled inspections, and 
reactive enforcement mechanisms that generally intervene after non-compliance has occurred 
rather than identifying emerging risks in advance. This institutional rigidity is particularly 
problematic in rapidly evolving fields such as fintech, biotechnology, and digital platform markets. 
In these environments, technological innovation frequently advances more quickly than regulators 
can formulate, implement, and maintain suitable supervisory arrangements, thereby creating 
significant gaps in governance. AI-based legal decision-support systems offer considerable potential 
for narrowing these gaps. Automating routine analytical activities, including the legal interpretation 
of standard evidence models, evaluation of compliance checklists, and preliminary risk assessment, 
could substantially increase regulatory analytical capacity without requiring a corresponding 
expansion in staffing. Beyond these routine functions, advanced legal governance systems 
operating under carefully structured rules may also support more demanding forms of legal 
reasoning that have traditionally depended on expert human judgement. These include recognising 
analogous relationships between cases, identifying logical inconsistencies within regulatory files, 
and producing preliminary regulatory advice that structures complex matters for subsequent 
consideration by human decision makers. 

Applying AI within legal governance nevertheless introduces challenges that are especially 
consequential because regulatory and legal decisions may directly affect fundamental rights and 
involve the exercise of coercive authority. Errors arising from AI-supported regulatory processes 
may adversely affect the liberty or property rights of individuals and organisations. Consequently, 
such systems must satisfy demanding standards of accuracy, explainability, and procedural fairness, 
requirements that remain difficult for many existing AI technologies to fulfil consistently. Legal 
reasoning is also inherently context-dependent and frequently shaped by normative disagreement. 
When AI systems learn from historical legal records, biases embedded in earlier judicial or 
regulatory practices may be reproduced or reinforced, creating further concerns regarding 
algorithmic fairness and equal protection. Against this background, this study introduces a 
structured computational framework, the ALGS, which combines legal language model engineering 
with explicit legal inference structures, uncertainty measurement mechanisms, and human 
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supervision protocols. The research is guided by the following questions: 
1) How can model engineering techniques be systematically applied to decompose complex legal 

analytical tasks into subtasks that can be processed reliably by legal language models? 
2) Which architectural principles enable AI-based analytical capabilities to be effectively 

incorporated into regulatory decision-making while preserving procedural legality? 
3) How do AI-based regulatory systems perform empirically relative to human experts in legal text 

classification, risk identification, and compliance assessment? 
The remainder of this article is organised as follows. Section 2 reviews the relevant literature, 

followed by the technical background in Section 3. Section 4 introduces the framework of the AI-
assisted legal governance system, while Section 5 examines its application scenarios. Section 6 
considers the broader implications of the proposed approach, and Section 7 concludes the article. 

2. LITERATURE REVIEW 

2.1 Artificial Intelligence and Law 
Academic interest in applying artificial intelligence to legal analysis predates the current deep-

learning era. Research conducted during the 1980s and 1990s primarily examined whether expert 
systems and logical inference mechanisms could automate selected forms of legal reasoning. This 
work produced systems such as HYPO [1], which supported case-based legal argumentation, and 
TAXMAN [2], which was designed for reasoning in tax law. These systems represented legal 
knowledge through manually constructed rules and structured cognitive representations. Although 
they performed effectively within narrowly specified legal domains, their reliability declined when 
confronted with the ambiguity and contextual complexity of real-world legal practice. More 
fundamentally, rule-based approaches required costly domain-specific knowledge engineering and 
could not readily generalise beyond explicitly encoded rules. Together with the growing availability 
of digitised legal corpora, these limitations encouraged a gradual shift towards data-driven machine 
learning approaches. 

Contemporary AI and law research has subsequently expanded alongside the availability of 
large-scale legal datasets and advances in neural network architectures. Machine learning models 
have, for example, achieved approximately 79% accuracy in predicting European Court of Human 
Rights rulings from textual features extracted from case documents [3]. Neural approaches have 
also been applied within the Chinese legal system to predict charge categories and prison sentences 
from factual case descriptions [4]. More recently, transformer-based models have demonstrated 
strong performance across several legal natural language processing tasks, including legal inference 
using the SARA dataset, contract understanding through the CUAD dataset, and legal question 
answering based on the JEC-QA dataset. Regulatory and financial compliance applications constitute 
another important strand of this literature. Machine learning research across different legal 
domains has identified predictive analytics as a potentially valuable mechanism for regulatory 
compliance monitoring [5]. At the conceptual level, AI applications in law can be distinguished 
according to whether they seek to replace human legal judgement or augment human decision-
making, with augmentation presented as a more practically feasible and legally appropriate 
approach under the constitutional constraints governing automated public decision-making [6]. A 
related body of research has examined the trade-off between predictive accuracy and 
interpretability, particularly where AI systems contribute to legally consequential decisions [7]. 

2.2 Legal Informatics and Computational Legal Studies 
Legal informatics is an interdisciplinary field concerned with the use of information technology 
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within legal processes and institutions, and it provides an important theoretical basis for AI-
supported legal governance. Formal argumentation frameworks have been developed to 
computationally represent legal reasoning, demonstrating that argumentative structures can 
capture the dialectical and adversarial characteristics of legal discourse more effectively than 
exclusively deductive models [8]. Subsequent developments in legal computing have extended this 
perspective through network analysis of citation relationships among judicial decisions. Such 
approaches have identified structural properties of legal precedents associated with jurisprudential 
development and judicial influence [9]. 

Within this broader field, legal language processing has emerged as a specialised area that 
adapts natural language processing methodologies to the distinctive linguistic and structural 
characteristics of legal documents [10; 11]. Computational approaches combining support vector 
machine (SVM) classifiers with rhetorical structure analysis have been developed to identify 
potentially abusive provisions in online service terms [12]. Domain-specific language modelling has 
further advanced this area. LEGAL-BERT, an adaptation of BERT pre-trained on extensive collections 
of European Union legislation, judicial decisions, and legal contracts, demonstrates that specialised 
pre-training can improve performance on legal natural language processing tasks relative to 
general-purpose BERT models [13]. Legal knowledge representation constitutes another active 
research direction. The LKIF-Core legal ontology provides a formal conceptual structure for 
representing legal rules and the relationships among them [14]. More recent research has applied 
information extraction techniques to automate the construction of legal knowledge structures from 
legal texts, enabling regulatory content to be queried and inferred in a more structured manner 
than is possible through raw-text analysis alone [15]. These knowledge representation techniques 
therefore provide a complementary foundation for the generative capabilities of deep learning 
models within hybrid architectures designed to support regulatory decision-making. 

3. TECHNICAL BACKGROUND 

3.1 Natural Language Processing in Legal Text Analysis 
Applying natural language processing (NLP) to legal materials presents challenges that arise 

from the distinctive linguistic and structural properties of legal discourse. Compared with general-
purpose text, legal documents contain extensive technical terminology, archaic expressions, and 
specialised grammatical constructions, including frequent nominalisation, passive structures, and 
complex subordinate clauses. Their interpretation is further complicated by extensive cross-
referencing, as legislation may amend, incorporate, or repeal provisions contained in other legal 
instruments. These relationships form intricate dependency structures that must be resolved before 
individual provisions can be interpreted accurately. Legal meaning is also strongly dependent on 
context, with identical terms potentially carrying different technical meanings across separate areas 
of law. 

Transformer-based language models have substantially improved performance on legal NLP 
tasks because they can capture dependencies across extended textual contexts while benefiting 
from large-scale pre-training. The BERT family and its domain-specific variants have demonstrated 
strong performance in applications including legal named-entity recognition, document 
classification, contractual clause identification, and legal question answering. For regulatory 
compliance analysis, such models are commonly trained using labelled regulatory datasets 
containing annotated compliance outcomes. Nevertheless, conventional classification models 
generally produce predictive outputs without corresponding reasoning or explanations, restricting 
their suitability for regulatory environments in which analytical transparency is required [16]. LLMs 
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supported by structured inference engineering provide a complementary mechanism for addressing 
this limitation by enabling intermediate reasoning processes to inform complex analytical tasks. 
Structured prompting approaches can guide LLMs through successive reasoning stages before a final 
response is produced, improving their ability to manage multi-step analytical problems, including 
those encountered in legal analysis [17]. Retrieval-augmented generation (RAG) architectures 
further strengthen this process by allowing LLMs to retrieve and incorporate relevant statutory 
provisions, regulatory precedents, and case law during inference. Consequently, generated outputs 
can be grounded in authoritative legal materials rather than depending exclusively on information 
encoded within model parameters. 

3.2 Machine Learning for Legal Prediction 
Machine learning approaches to legal prediction encompass diverse architectures selected 

according to the characteristics of the underlying predictive task. Binary classification models can 
use historical enforcement data to estimate whether a regulatory submission is likely to attract 
enforcement action, thereby supporting the prioritisation of higher-risk cases for regulatory review. 
Where a document may contain several legal concerns simultaneously, multi-label classification 
models provide a broader analytical mechanism by identifying multiple issues within the same 
material, reflecting the multidimensional assessment typically undertaken by experienced legal 
reviewers. Sequence-to-sequence architectures serve a different function by converting 
unstructured legal narratives into structured information fields, facilitating the systematic 
extraction and organisation of regulatory information. 

For legal problems involving temporal or relational dependencies, more specialised 
architectures have been employed. Recurrent neural networks and transformer-based models can 
analyse historical patterns to estimate future regulatory violations from previous compliance 
behaviour or predict litigation outcomes using the procedural and substantive characteristics of 
individual cases. Graph neural networks are particularly suited to relational legal structures and 
have been applied to analysing jurisprudential citation networks, mapping legal references, and 
modelling dependencies among interconnected entities within complex organisational 
arrangements such as corporate group structures. Human feedback-based learning techniques have 
also been investigated as a means of improving model reliability in legal applications. Rather than 
evaluating only the final output, process reward models can assess the quality of intermediate 
reasoning steps and have demonstrated improved reliability in complex reasoning tasks [18]. 
Extending this approach to legal analysis could encourage models to produce legally valid reasoning 
by rewarding the accuracy of intermediate analytical steps instead of relying exclusively on the 
correctness of the final conclusion. 

3.3 AI-Based Legal Knowledge Graphs 
Legal knowledge graphs provide structured representations of legal entities, concepts, norms, 

and their interrelationships, thereby complementing the unstructured text-processing capabilities 
of neural language models [19]. Within a particular regulatory domain, such a graph may encode 
legal entities, including legislation, regulations, businesses, organisations, and individuals; legal 
concepts and their defining relationships; normative connections among provisions, such as 
obligations, prohibitions, authorisations, and conditions; and temporal information concerning 
effective, repeal, and amendment dates [20]. Querying these structured representations enables a 
regulatory AI system to identify the legal provisions currently applicable to a particular matter and 
trace regulatory requirements across successive normative processes [21; 22]. 

Constructing legal knowledge graphs from primary legal sources typically requires the 
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integration of information extraction, relationship classification, and ontology alignment 
techniques. Entity recognition models identify and categorise relevant legal entities within 
legislative and regulatory materials, while relationship extraction models establish the types of 
connections existing between identified entities. Ontology alignment subsequently maps these 
extracted entities and relationships onto a formal legal ontological structure. The resulting 
knowledge graph supports structured querying and logical inference, providing capabilities that 
complement the pattern-recognition strengths of neural language models. A significant operational 
challenge concerns maintaining the currency and accuracy of legal knowledge graphs as legislation, 
case law, and regulatory requirements continuously evolve. Production-level implementation 
therefore requires automated updating mechanisms capable of monitoring official legal publication 
sources, identifying newly introduced or amended material, and propagating corresponding 
changes throughout interconnected graph structures. Figure 4 (in section 4) illustrates the entity 
architecture and conceptual relationships of the legal knowledge graph component within the ALGS 
framework. 

4. AI-BASED LEGAL GOVERNANCE FRAMEWORK 

4.1 Framework Architecture Overview 
The ALGS adopts a modular, multi-level architecture in which multiple artificial intelligence 

technologies operate within a unified regulatory decision-support process. As illustrated in figure 1, 
the framework is organised into four principal layers: (1) a data acquisition and pre-processing layer 
responsible for collecting, integrating, and indexing legal materials from multiple sources; (2) an 
artificial intelligence-based analysis engine that employs natural language processing, machine 
learning, and legal language model engineering to identify and extract relevant information from 
legal content; (3) a knowledge representation and inference layer that maintains structured legal 
knowledge representations and supports logical inference; and (4) a decision support interface layer 
through which analytical outputs are presented to human decision makers in accessible, traceable, 
and verifiable formats.  

 
Fig.1: Layered architecture of the AI-Driven Legal Governance System (ALGS), comprising four 

interdependent modules connected through a human-in-the-loop feedback mechanism. 
 

The principal innovation of the ALGS framework lies in its hierarchical approach to structuring 
legal inference tasks. Rather than submitting a complex legal problem to an LLM as a single 
undifferentiated query, the proposed architecture decomposes the analysis into an ordered 
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sequence of sub-instructions, allowing the legal assessment to develop progressively through clearly 
defined reasoning stages. For instance, when determining regulatory compliance, the LLM is directed 
to: (1) identify the applicable regulatory provisions, (2) extract the key factual statements relevant to 
each provision, (3) determine whether those statements satisfy the corresponding requirements, (4) 
identify any gaps or ambiguities, and (5) synthesise the preceding analysis into a preliminary 
compliance assessment. Figure 2 illustrates this structured decomposition in detail. 

 
Fig.2: Five-step hierarchical prompt engineering pipeline for regulatory compliance analysis, with LLM and 

knowledge graph integration at each stage. 
 

Uncertainty assessment constitutes a fundamental structural component of the ALGS 
framework. Each analytical output is assigned a confidence score derived from three factors: 
agreement among multiple independent inference paths through internal consistency sampling, the 
strength of supporting evidence retrieved from the legal knowledge base, and the system’s 
historical accuracy in comparable cases. Outputs falling below a configurable confidence threshold 
are automatically referred for expert review, thereby restricting AI-based automation to cases in 
which an adequate level of reliability has been established. 

4.2 Legal Text Data Analysis Module 
The legal textual data analysis module forms the foundational layer of the ALGS framework and 

manages the acquisition, processing, and semantic indexing of legal materials obtained from 
multiple sources, including legal databases, regulatory files, case reports, and agency policy 
documents. Its pre-processing pipeline incorporates domain-specific natural language processing 
techniques tailored to the structural characteristics of legal texts. These procedures include 
segmentation that accommodates citation formats, article numbering conventions, and identified 
references; sentence-boundary detection calibrated for complex legal syntax; and cross-reference 
resolution that connects cited legal references with their corresponding provisions in the knowledge 
base. 

Following pre-processing, legal materials are semantically indexed through a dual-encoding 
architecture. Dense vector representations are generated using domain-adapted transformer 
models, while BM25 algorithms provide discrete keyword-based representations. Combining these 
mechanisms within a hybrid retrieval architecture improves legal information retrieval because 
different queries impose distinct retrieval requirements. Conceptually equivalent provisions 
expressed using different terminology may depend primarily on semantic similarity, whereas 
technical legal expressions with precisely established meanings often require exact keyword 
matching. The module also incorporates legal timeline analysis to capture changes in regulatory 
requirements while preserving historical versions of legislation and regulations. This enables 
retrospective examination of compliance obligations as they applied at earlier points in time, which 
is particularly important in enforcement and litigation contexts. Change-detection algorithms 
distinguish substantive regulatory amendments from editorial revisions, record material changes 
within the conceptual graph, and flag associated compliance decisions for human review. 
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4.3 AI Model for Legal Risk Identification 
The legal risk identification model employs a multitask neural architecture that performs several 

complementary assessments of incoming regulatory and institutional declarations. Its primary 
classification function assigns an overall risk level (low/medium/high/critical) using features derived 
from both the submitted content and its contextual information. These features include the 
publication date, line of business, report type, and temporal proximity to relevant regulatory 
timelines. Additional tasks involve classifying specific categories of risk factors, extracting 
quantitative risk indicators, and detecting deficiencies in disclosure completeness. 

To improve predictive robustness, the model adopts an ensemble architecture that integrates 
outputs from several specialised components. These comprise a BERT-based text classifier trained 
on labelled regulatory declarations, a graph neural network operating over the regulatory 
knowledge graph, and a sequence of LLMs conducting structured risk factor analysis. Predictions 
from these components are consolidated through confidence-weighted averaging. This approach 
reduces predictive variance compared with reliance on an individual model and strengthens 
performance in novel or atypical cases where a single component may be less reliable. 
Interpretability is incorporated directly into the model architecture to satisfy the transparency 
requirements associated with regulatory decisions, particularly where adverse outcomes require 
explicit factual and legal justification. LIME and SHAP attribution methods identify the textual 
features and knowledge graph elements that contribute most strongly to each risk classification. 
Human reviewers can therefore evaluate AI-generated risk assessments against the underlying 
evidence and determine whether the resulting classification is adequately supported. 

4.4 Intelligent Legal Decision Support System 
The intelligent legal decision support system (ILDSS) represents the highest analytical layer of the 

ALGS framework, integrating outputs from the lower-level modules and translating them into 
actionable regulatory recommendations for policymakers. For each regulatory matter, the ILDSS 
produces a structured analytical note comprising the factual context, applicable legal provisions, an 
AI-generated risk assessment with supporting explanations, a preliminary regulatory analysis of 
compliance status, and recommended regulatory actions. 

 
Fig.3: Conceptual entity-relation structure of the legal knowledge graph, showing typed relationships among 

statutes, regulations, case law, agencies, legal concepts, and normative modalities. 
 

The ILDSS incorporates a structured architecture for guiding the initial stages of regulatory 
analysis through sequential reasoning and systematic deduction. A primary instruction framework 
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decomposes each regulatory assessment into a defined sequence of analytical steps aligned with 
the legal review standard applicable to the relevant regulatory context. For each stage, subordinate 
instructions are dynamically populated with materials retrieved from the legal knowledge base, 
including relevant statutory provisions, key extracts from comparable case law, and applicable 
regulatory guidance. Human-in-the-loop protocols regulate how AI-generated analytical outputs are 
incorporated into regulatory decision-making. The extent of human oversight is determined through 
a graded review mechanism based on both the assessed risk level and the confidence associated 
with the AI output. Low-risk, high-confidence determinations may undergo summary review, 
whereas medium-risk cases require standard human assessment. High-risk or low-confidence 
determinations are referred for comprehensive expert review. All human review activities are 
recorded to support the continuous evaluation and calibration of AI system performance. 

5. Empirical Study 

5.1 Intelligent Compliance Monitoring 
Continuous compliance monitoring represents one of the most direct practical applications of the 

ALGS framework, addressing the challenge faced by regulators in supervising large numbers of 
regulated entities with limited inspection resources. Within financial regulation, the compliance 
monitoring module continuously processes periodic reports, disclosures, and transaction 
notifications submitted by regulated financial institutions. Its risk identification and preliminary 
analytical capabilities are then used to produce real-time compliance indicators for each regulated 
entity. A pilot implementation of the ALGS compliance monitoring module was evaluated using a 
dataset comprising 4,721 annual and quarterly reports submitted to the Securities and Exchange 
Commission (SEC) by entities across three industrial sectors (banking, The AI-based risk classification 
system achieved an accuracy of 0.847 and a recall of 0.793 in identifying cases that resulted in 
enforcement measures during the subsequent twelve months, substantially outperforming the 
baseline logistic classifier, which achieved an accuracy of 0.672 and a recall of 0.681. The system also 
processed the same dataset at approximately 340 times the speed of human evaluators. Figure 3 
presents the overall evaluation results. 

 
Fig.4: Performance evaluation of the ALGS framework against baseline methods: (a) regulatory classification 
metrics across precision, recall, F1-score, and accuracy, (b) review time reduction relative to human reviewer 

baseline (100%). 
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The compliance monitoring application further demonstrates the importance of temporal 
analysis within the ALGS framework. By examining longitudinal changes in compliance indicators 
across successive submissions from the same regulated entity, the system can detect gradual 
deterioration that may remain below the risk threshold in any individual case but becomes 
concerning when viewed over time. Peer benchmarking provides an additional analytical 
perspective by identifying potential compliance issues that may not be evident from absolute 
threshold-based assessment alone, thereby extending regulators’ capacity for effective oversight. 

5.2 Legal Risk Prediction and Contract Analysis 
Automated legal risk assessment of commercial contracts represents a scalable and 

commercially significant application of AI capabilities. Large organisations may execute thousands 
of commercial agreements annually, each requiring legal scrutiny to detect unfavourable provisions, 
atypical allocations of risk, and potential compliance concerns. The ALGS contract analysis module 
addresses this requirement through a specialised rapid engineering workflow that decomposes 
contract review into successive analytical stages: identifying clause types, extracting contractual 
rights and obligations, classifying risk factors, and assessing provisions against comparative market 
standards. 

The contract analysis application was evaluated using a dataset of 1,500 commercial contracts 
covering five categories: software licences, data processing agreements, service level agreements, 
supply chain agreements, and confidentiality agreements. The ALGS contract analysis platform 
achieved 91.3% accuracy in clause-type classification and an F1 score of 0.876 for risk factor 
identification. Its risk assessments showed an overall agreement rate of 84.7% with human experts, 
compared with an inter-reviewer agreement rate of 88.2% among human experts. These results 
indicate that AI-assisted contract review can achieve a level of performance approaching that 
observed among human experts. The legal risk forecasting function extends beyond reactive 
assessment by supporting proactive analysis of evolving regulatory risk. Patterns in regulatory 
agency communications, regulatory activity, enforcement trends, and legislative developments can 
be analysed to produce forward-looking assessments of the regulatory conditions that an 
organisation may encounter over planning horizons of six to twenty-four months. Such forecasting 
capabilities can support the planning of compliance programmes and inform investment decisions 
related to risk management. 

5.3 Legal Text Automation and Judicial Decision Support 
Automated legal document generation represents an emerging and progressively developing 

application of legal language models. Within the ALGS framework, the document generation 
module employs structured templates to produce initial drafts of frequently used legal materials, 
including regulatory comment letters, compliance certificates, model contracts, and responses to 
regulatory enquiries. Drafting is guided by structured inputs specifying the relevant facts, applicable 
legal requirements, and intended purpose of the document. Each generated document is 
subsequently subjected to automated quality assurance by an independent LLM-based evaluation 
component, which examines factual accuracy, legal relevance, and conformity with applicable 
regulatory requirements. 

Judicial decision support constitutes one of the most legally and ethically sensitive applications 
of AI within legal governance. AI-based systems have been tested as tools for assisting judges with 
preliminary case analysis by summarising applicable case law, comparing pending matters with 
previously decided cases, and identifying potentially relevant legal issues that may not have been 
raised by the parties. Within the ALGS framework, the judicial decision support module therefore 
operates under stringent human supervision protocols. AI-generated analyses are treated 
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exclusively as research aids rather than decision recommendations, while the use of AI tools in case 
preparation must be disclosed by the parties. Evaluation of a pilot project involving AI-assisted 
support in a commercial court showed that the technology reduced average case preparation time 
by 31%. Judges also assessed the quality and completeness of AI-generated case summaries as 
comparable or superior to those prepared by court assistants in 73% of the reviewed files. 
Regulatory drafting provides another important application at the rule-development stage of the 
governance cycle. In this context, the system can support legislators by generating structured drafts 
from descriptions of policy intentions, identifying potential ambiguities in proposed regulatory 
language, and assessing whether proposed provisions are consistent with existing legal frameworks. 

6. DISCUSSION 

6.1 Impact of AI on Legal Systems 
Integrating artificial intelligence into legal governance has significant implications for the 

organisation, operation, and legitimacy of legal institutions. From an operational perspective, AI-
supported regulatory systems can substantially expand institutional capacity by enabling regulators 
to oversee larger and more complex populations of regulated entities than would be feasible 
through human resources alone. Such efficiency gains are particularly relevant where public-sector 
resources remain constrained while regulatory responsibilities continue to broaden. Without 
additional technological capacity, effective oversight may become increasingly difficult in highly 
complex regulatory domains. 

Beyond operational considerations, the involvement of AI in legal decision-making also raises 
fundamental questions concerning legal authority, accountability, and institutional legitimacy. The 
authority of a legal decision depends not solely on the substantive correctness of its outcome but 
also on whether it results from procedures consistent with due process, democratic accountability, 
and established institutional safeguards. Consequently, where AI contributes materially to 
regulatory decisions, attention must be given to whether those decisions continue to satisfy the 
procedural and institutional conditions underpinning their legal legitimacy. Emerging legal 
scholarship suggests that AI-assisted decision-making may remain compatible with procedural 
legality when appropriate mechanisms for meaningful human supervision are maintained. The 
implications for legal equality and access to justice are equally important. AI-enabled legal tools 
could broaden access to sophisticated legal analysis and guidance, particularly for individuals and 
smaller organisations for whom professional legal representation may otherwise be financially 
inaccessible. However, these benefits depend substantially on how such technologies are 
distributed. If advanced AI-based legal assistance remains concentrated among well-resourced 
users while disadvantaged groups participate in legal proceedings without comparable 
technological support, its adoption could reinforce rather than alleviate existing inequalities in 
access to justice. 

6.2 AI Governance and Legal Ethics 
Responsible use of artificial intelligence in legal governance depends on addressing a set of 

interconnected ethical challenges. Among these, bias and fairness remain particularly significant. 
Because legal AI systems are commonly trained on historical legal records, they may reproduce or 
intensify biases embedded in earlier decisions, potentially generating risk assessments or legal 
analyses that disproportionately disadvantage protected groups or preserve historical patterns of 
unequal treatment. Systematic bias monitoring should therefore form an essential requirement for 
AI systems deployed in consequential legal governance settings, using fairness criteria appropriate 
to the particular legal context. 
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Explainability in AI-supported legal governance also extends beyond conventional approaches 
to AI transparency. A legally meaningful explanation must do more than identify which input 
features contributed to an AI-generated outcome; it should demonstrate how that outcome relates 
to the applicable legal norms, rules, and jurisprudence. Such reasoning must be intelligible to human 
legal decision makers and capable of being examined or challenged through established legal 
procedures. Within the ALGS framework, this requirement is addressed through LLM-generated 
natural language reasoning supported by cited legal authorities, although the reliability of these 
explanations requires further verification. Data protection and privacy introduce additional ethical 
and operational requirements because legal governance systems routinely process highly sensitive 
information. Regulatory submissions, litigation records, and legal correspondence may contain 
confidential commercial information, protected personal data, and legally privileged 
communications. AI-based legal governance systems therefore require robust data governance 
arrangements that ensure personal information is processed consistently with applicable data 
protection requirements while preserving solicitor-client privilege and other forms of legal 
confidentiality. 

6.3 Future Directions for AI and Legal Governance 
The continuing evolution of artificial intelligence is likely to reshape both the capabilities and 

limitations of AI-based legal governance systems over the coming decade, creating new possibilities 
alongside additional institutional challenges. Advances in LLMs and legal reasoning may broaden 
the range of analytical tasks that can be supported or automated by AI. Multimodal systems capable 
of jointly processing legal text, financial information, network structures, and structured databases 
may further strengthen regulatory analysis by integrating evidence drawn from multiple 
information sources. 

International coordination presents a particularly important challenge for the governance of AI 
in legal applications. Requirements concerning transparency, bias mitigation, human oversight, and 
the allocation of responsibility differ considerably across jurisdictions, complicating compliance for 
multinational organisations that deploy AI-supported legal governance systems across multiple legal 
environments. Multilateral initiatives, including European AI legislation governing high-risk AI 
systems and the OECD AI principles, provide foundational governance frameworks from which more 
specific requirements for AI applications in legal decision-making may subsequently develop. Future 
research should place greater emphasis on empirical assessment of deployed AI systems, 
particularly their performance, fairness, and effects on legal outcomes. Longitudinal research is 
needed to examine AI-supported regulatory outcomes over time, compare jurisdictions with 
differing levels of AI adoption, and determine whether effects vary across categories of regulated 
entities and demographic groups. Developing a robust evidence base will also require 
interdisciplinary collaboration among computer scientists, legal researchers, regulatory 
practitioners, and representatives of relevant communities to ensure that the technical, legal, and 
societal dimensions of AI-supported legal governance are examined collectively. 

7. CONCLUSION 
This study proposes the ALGS, an integrated framework that combines LLMs, natural language 

processing, machine learning, and legal knowledge graphs within a unified regulatory decision-
support process. The framework addresses key limitations of conventional legal governance, 
including constraints on information processing, inconsistency in analysis, and delays in regulatory 
monitoring. It does so by automating repetitive analytical tasks, directing human oversight towards 
higher-priority matters, and producing structured outputs intended to improve the consistency and 
quality of regulatory decision-making. Experimental evaluation across multiple application 
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scenarios demonstrates measurable improvements over baseline approaches, including a 23.7% 
increase in regulatory classification accuracy and a 41.2% reduction in human review time. The 
contribution of this research extends beyond technical performance to the broader role of AI in 
legitimate legal governance. The ALGS framework illustrates how carefully structured AI systems 
can enhance institutional capacity while supporting legal principles such as consistency, 
transparency, and accountability. Its architecture combines domain-specific language models, 
hierarchical inference pathways, uncertainty assessment mechanisms, and human oversight 
protocols. By producing auditable reasoning grounded in documented legal sources, quantifying 
uncertainty to determine when human review is required, and maintaining comprehensive records 
of AI contributions to regulatory analysis, the framework offers an approach to the responsible 
deployment of AI in high-risk legal governance environments. Several directions warrant further 
investigation. First, large-scale operational studies are required to determine whether the 
performance observed under experimental conditions is sustained in real-world regulatory settings. 
Second, the resilience of AI-based legal governance systems to strategic manipulation by regulated 
entities seeking to exploit analytical models requires systematic examination. Third, comparative 
research across jurisdictions could clarify how different constitutional and administrative 
frameworks constrain the incorporation of AI into regulatory decision-making. Finally, society-
centred research should examine whether the effects of AI-supported governance differ across 
populations historically exposed to unequal regulatory treatment, ensuring that improvements in 
institutional efficiency are accompanied by appropriate attention to fairness and justice. 
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