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The application of language models in public services encourages government agencies to 

adopt Retrieval Augmented Generation-based chatbots as interfaces for regulatory 

knowledge and official documents. However, RAG's dedication to official documents does 

not guarantee the absence of hallucinations as output products. RAG also does not reduce 

public trust and legal confidence. This paper presents a systematic literature review of RAG 

chatbots in the government sector from a regulatory perspective, while simultaneously 

formulating the basic concept of the Semantic Alignment Score as a quantitative measure of 

groundedness. The article retrieval was limited to the years 2021-2025 on the SpringerLink, 

Scopus, and Taylor & Francis platforms, resulting in 7,947 articles processed with PRISMA 
filters to obtain 100 quality articles from Q1 and Q2 journals. Based on eight existing 

research questions, we have mapped publications, document characteristics, RAG 

architecture, retrieval strategies, definitions of groundedness, user trust measuring 

approaches, and evaluation metrics. The results of this review very specifically demonstrate 

divided groundedness. This is due to the literature referring to retrievers and rerankers, while 

the definition and formulation of groundedness and metrics for measurement as discussed 

in government documents are very rare. Based on methodological uncertainty and the 

existing literature, we propose a Semantic Alignment Score framework that aims to integrate 

these three elements to achieve robust reliability in regulatory chatbots. 
 

Keywords: 

Retrieval-Augmented Generation, 

Groundedness, 

Government Chatbot, 

hallucination, 

Semantic Alignment Score. 

 

 

 

Copyright ©2026 by authors and Galileo Institute of Technology and Education of the Amazon (ITEGAM). This work is licensed 
under the Creative Commons Attribution International License (CC BY 4.0). 

 

I. INTRODUCTION 

The digitalization of government is driving public detail to provide services and information faster, more personalized, and with 

greater availability. One such approach is the widespread adoption of chatbots, based on artificial intelligence services and to answer 

questions related to regulations, library service procedures, and other official documents [1-5]. As large service libraries grow, the 

Retrieval-Augmented Generation (RAG) architecture is becoming a more widely used approach for this type of chatbot to be able to 

perform generative reasoning from language models and organizational document bases. In this context, RAG is more promising in 

extracting regulatory information and at the same time, also reducing bureaucratic workload [6-10]. Government is online, providing 

details, providing faster help and information, feeling more like you, and always open. Like using talking robots, these robots use 

intelligent technology, answering regulatory questions, how-to books, and also fancy paper. As the help library grows, the RAG setup 

turns into a favorite trick for bots, so they think of answers from word models and group papers. This RAG method sounds cool for 

digging up regulatory information and lightening office work [11-15]. However, in LLM, RAG also suffers from what is called 

'hallucination', or in more inclusive language, it is called 'answer illusion', that is, answers that sound correct, coherent, and rational but 

have no basis in fact. 
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In the specific context of regulation and public administration, this hallucination is clearly dangerous. Several studies in the legal 

domain show this [16-20]. LLM is able to analyze regulatory texts, even pretending to issue court decisions. Without adequate 

groundedness control in answering questions, this is extremely risky. Therefore, the challenge is not how many answers can be provided, 

but how valuable the answers are, or how many of them are accompanied by official, legal, and valid documentation. No conventional 

investigation has truly incorporated all the innovative methods of questioning human police. Recently, many new methods have emerged, 

ranging from more accurate search tools and fact-checking features to more careful prompting and decoding techniques, all in an effort 

to reduce errors. But in reality, accuracy checks are still often performed by humans, or simply using common metrics like BLEU and 

ROUGE [21-25]. The problem is, these metrics don't truly assess the semantic relationship between answers and evidence. Enabling 

digital government requires a consistent mechanism for monitoring, reporting, and monitoring the use of AI in government systems. The 

title of this dissertation stems from the aim to focus more on accurate government document retrieval through the development of a 

Semantic Alignment Score (SAS), which serves to evaluate the extent to which documents are covered, the extent to which evidence is 

covered, and the relevance of the documents and answers included [26-30]. Instead of diving into modeling and experimentation, it is 

necessary to obtain a coherent picture of the compilation of research findings from the academic community regarding the formulation 

of accuracy, the set of actions taken, the arrangement of RAG in regulation and e-Government, as well as the existing gaps [31-55]. 

II. RESEARCH METHOD 

II.1 SYSTEMATIC LITERATURE REVIEW DESIGN 

As the title suggests, the method used in this study is a Systematic Literature Review to collect, critically evaluate, and synthesize 

findings from primary research on retrieved groundedness, mitigation of hallucination, and factuality evaluation in RAG that are relevant 

to the context of government documents [36-40]. This method is used because it can produce a comprehensive understanding, identify 

research gaps, and can be a solid basis for the formulation of new perfect models and metrics [41-45]. 

II.1.1 Data Sources and Search Strategy 

Three main data sources used: 

1. SpringerLink 

2. Scopus  
3. Taylor & Francis Online 

The keywords used are arranged into three groups: 

Architecture: “retrieval-augmented generation”, “RAG”, “retriever-reader-generator” 
Quality of answers: “hallucination”, “faithfulness”, “factual consistency”, “groundedness” 

Domain context: “government”, “public sector”, “e-government”, “legal document”, “regulation chatbot”, “policy question 

answering” 

The search was conducted in 2021-2025, regarding the rapidly growing LLM and RAG. Based on the summary, the automated 

search process has generated 7,947 initial searches consisting of 2,231 articles from Springer, 3,077 articles from Scopus, and 2,639 

articles from Taylor & Francis. In this automated search, 2,011 were identified as research articles from the search results filtered by 

document type. These articles consisted of 154 and were published in Q1-Q2 journals, and 100 of them had abstracts relevant to 

groundedness or RAG in the authoritative document domain [46-50]. 

II.1.2 Inclusion and Exclusion Criteria 

Inclusion criteria: 

1. Articles published in Q1–Q2 international journals are based on Scimago or SJR rankings recorded in Scopus. 

2. Published between January 2021 – March 2025. 
3. Discuss: 

a. Names of rags or variants of conditioned generation retrieval architecture 

b. LLM hallucination detection & mitigation 

c. Measurement of groundedness/factual consistency 

d. Applications in the domain of regulation, law, public policy, or e-government services. 

4. Presenting empirical methods and results (experiments, case studies, and user studies). 

Exclusion criteria: 

1. Non-journal articles, proceedings, technical reports, white papers unless used as background references. 

2. Focuses on non-text domains such as multimodal vision and does not include regulatory text retrieval at all. 

3. Full text not available or not in English. 
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II.1.3 Selection Process 

The selection process follows the PRISMA 2020 flow, which consists of identification, deduplication & pre-filtering, screening, 

eligibility and inclusion, the PRISMA flow diagram can be seen in Figure 1 below. 

 
Figure 1: PRISMA Flowchart. 

Source: Authors, (2026). 

Short summary stage:  

1. Identification: 7,947 records from three databases. 

2. Deduplication: 1,580 records were removed as inter-database duplications; 4,356 records were automatically eliminated because 

they were not journal articles and their year range was out of range; 2,011 articles were left for title/abstract 

screening. 

3. Screening: 857 articles were excluded due to irrelevance to the RAG, LLM, groundedness, authoritative document domains; 

1,154 articles were left for full-text assessment. 

4. Eligibility: After full-text assessment 1,054 articles were excluded with Q1–Q2 filters, no experiments, the focus was purely 

non-technical. 
5. Included: The 100 most relevant primary articles were included in the qualitative and quantitative syntheses; the full list 

was used as the basis for the dissertation's potential reference data. 

Each article data is equipped with a structured form based on the extraction results, the description of which is as follows: 

1. Bibliographic metadata, in the form of publication year, journal, publisher, quartile; 
2. Application domains, such as e-government, legal, health, business, etc.; 

3. Types of application documents, in which or which are produced, include regulations, policies, SOPs, contracts, organizational 

knowledge bases; 
4. System architecture, consisting of retriever, encoder, LLM, reranker, verifier; 
5. Groundedness definition or factuality metric used; 

6. The evaluation method used is objective or subjective; 

7. Optimal engagement of end users is predicted through user studies, trust surveys. 
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Descriptive quantitative data analysis including frequency, percentage, and annual trends was followed by thematic synthesis 

method to group technical approaches and conceptual findings. 

II.1.4 Research Questions 

In this section, eight research questions are given which are then answered with the information contained in the following data 

below, with the questions as follows: 

RQ1 : What are the publication trends on awareness-raising and hallucination mitigation in RAG in the period 2021–2025? 

RQ2 : What document domains and application contexts are the primary targets, particularly government and regulations? 

RQ3 : What RAG architecture and retrieval strategies are dominant in this study? 

RQ4 : How are grounding and hallucinations defined and classified in current literature? 

RQ5 : What measurable metrics are used to evaluate foundation/factuality, and how does the proposed SAS compare against these 

metrics? 

RQ6 : What technical variables have the most significant impact on groundedness, e.g. retriever quality, chunking strategy, reranker 

model? 

RQ7 : How is groundedness related to the truth of answers and user trust in the context of public services? 

RQ8 : What research gaps emerge, and what are the directions for developing groundedness-aware data retrieval models and SAS 

for government document chatbots? 

III. RESULTS AND DISCUSSION 

III.1 GENERAL CHARACTERISTICS OF THE STUDY (RQ1) 

III.1.1 Distribution of Publications per Year 

Based on the aggregation of publication years in the SLR dataset, there has been a sharp increase in publications on RAG and 

hallucinations since 2021. The number of candidate articles per year after the initial screening was 86 in 2021; 126 in 2022; 150 in 2023; 
344 in 2024; and 599 in 2025 as of March. Thus, in four years, the number has increased nearly sevenfold, with 2024–2025 accounting 

for approximately 72% of publications. The distribution of articles is shown in the graph in Figure 2 below. 

 
Figure 2: Distribution of articles per year (2021–2025). 

Source: Authors, (2026). 

Most of the publications in 2021-2022 were preliminary ones related to RAG and hallucinations in LLM and the 2023-2025 

period was dominated by studies whose authors formulated a very possible mitigation framework or new metric evaluation [51-55]. 

III.1.2 Database Sources and Publishers 

Based on the 100 selected articles, approximately 45% came from SpringerLink access journals, 35% from journals through 

Scopus but others published by Journals tracked through Scopus but others published by other publishers such as Elsevier, Acm, IEEE, 

etc., and 20% from Taylor & Francis journals. This proportion follows the initial distribution of Q1–Q2 in the Springer SLR dataset files 

46, Scopus 77, Taylor & Francis 31 [56-60]. Most of them are distributed in journals such as Business & Information Systems 

Engineering, Artificial Intelligence and Law, Information Systems Frontiers, Complex and Intelligent Systems, and Behavior & 
Information Technology, the graphic distribution of articles can be seen in Figure 3 below: 
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Figure 3: Distribution of articles by database source. 

Source: Authors, (2026). 

III.1.3 Document Domain and Application Context (RQ2) 

As a result of domain analysis, there can be three contexts that are divided into three large clusters, namely as follows: 

1. Government and e-government language 

a. Study of city/municipality service chatbots, national public service portals, ministry virtual assistants 

b. Main documents: local regulations, service policies, procedure guides, official FAQs 

2. Legal and regulatory matters of educational corporations 

a. Legal question answering interest consultation on law and criminal interpretation 

b. A system that helps students or employees understand the internal regulations of a campus or organization. 

3. Other domains relevant to knowledge authority 

a. Health and medical regulation; 

b. Advertising companies and compliance policies; 

c. Customer support system where the knowledge base is not official. 

 
Figure 4: Distribution of application domains and document types. 

Source: Authors, (2026). 

About 38% of articles explicitly included government documents or legal regulations. In contrast, only a small proportion used 

actual public service scenarios beyond official policy data including regulations issued by specific government authorities; others used 
synthetic regulatory collections or general legal corpora [61-65]. This gap is important because the level of legal risk and accountability 

expectations are much higher in government compared to the commercial context for these questions writing publications. The distribution 

map of page domains with feature estimates is in figure 4. 
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III.1.4 RAG Architecture and Retrieval Strategy (RQ3, RQ6) 

The majority of modeling studies model retriever–reader–generator pipeline-based systems, which are generally as follows1: 

a. Hybrid retrieverin the form of BM25 + dense embedding such as DPR1, BGE, Sentence-BERT, to maximize document recall [66-

70]. 

b. Cross-encoder rerankerfor example mono/duo-T5, which re-sorts candidate passages before sending them to LLM. 
c. Generatorin the form of general purpose LLM GPT-3.5/4, LLaMA, Mistral, or open-source instruction models fine-tuned in the legal 

or government domain [71-75]. 

 
Figure 5: General architecture diagram of groundedness-aware RAG. 

Source: Authors, (2026). 

The following are technical factors that have been shown to be influential consisting of quality, strategy, and integration only in 

the amount of chunking and modeling, negative sampling and verification modules, respectively: 

1. Quality chunking and document structure modeling. Thus, the use of hierarchy-based segmentation, namely article-verse-letter, and 

graph-based retrieval reduces hallucinations in e-government scenarios because the context based on the regulatory structure is 

captured. 
2. Negative sampling strategy in retriever training. That is, retrievers trained with hard negatives, i.e., similar articles but with errors, 

experienced a groundedness rate increase of up to ~5-8 points compared to the pure BM25 baseline. 

3. Verification module integration. This means integrating several symbolic fact verifier factors or natural language inference (NLI) 

factors that check whether the answer claim is enabled by the retrieved article. 

In general, these studies conclude that recall alone is not enough, a combination of recall, precision, and entailment checking is 
required for groundedness [76-80], where the RAG architecture diagram can be seen as in Figure 5. 

III.1.5 Definition of Groundedness and Categories of Hallucinations (RQ4) 

These terms in the literature are called groundedness, faithfulness, factual consistency, attribution, and hallucination [81-85]. 

Surveying the current state of the art characterizes hallucinations with intrinsic and extra-intelligible. Intrinsic assurance is when an entity 

provides information that is out of context, while extra-intelligible is when an entity provides new information not previously held, either 
according to the fit between the context and current knowledge of the world. In RAG for authoritative documents, groundedness is used 

as follows: “a bad for a single claim is that most of the claims contained in the answer cannot be further covered to a specific anthology 

of evidence drawn from a corpus of appropriate reference texts” [86-90]. Some studies focus on explicit tracking such as traceability 

expliciting, while others focus on semantic understanding from answers to evidence [91-95]. The hallucinations in regulation are as 

follows: 

a. Referential hallucinations : One of the article numbers or names of the regulations is wrong. 
b. Inferential hallucinations : The argument of the article is pushed too far. 
c. Omission hallucinations : Highlights skipped or important terms compared in the source document. 

Our findings reinforce the need for groundedness metrics that account for claim-level claims based on specific claims, not text-

like surface data. 
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III.1.6 SAS Groundedness and Position Evaluation Metrics (RQ5) 

There are three types of metrics used in the 100 articles: 

1. Overlap and surface similarity metrics 
a. BLEU, ROUGE, METEOR, BERTScore; overused but not sensitive enough to claim-evidence semantic alignment [96-100]. 

2. Specific factuality metrics 

a. FactScore, AlignScore, Q², and many other variations of QA-based factuality. Some references even use question-answering on 

answers (generating questions from answers and then answering those questions based on evidence). 

3. Citation-based groundedness metrics 

a. Citation precision/recall: proportion of claims that have correctly addressed citations; 

b. Attributable Score : assesses whether the claim is connected to appropriate evidence. 

However, there has not been a metric that combines embedding similarity, evidence coverage, and entailment in a single, easily 

auditable relevance score. That is where, early in the process, the SAS Semantic Alignment Score was proposed [101-105]. According to 

the initial formulation of the dissertation on SAS: 

SAS (ɑ, E) = α⋅sim (a, E) + β⋅coverage (ɑ, E) + γ⋅entail (ɑ, E) 
Information: 

A: Answer embedding representations 

E: Evidence retrieved 

A, E: Average cosine similarity between the answer clause embedding and the evidence segment 
coverage A, E: The proportion of clauses that have evidence pairs above a certain similarity threshold. 

entail A, E: Average entailment probability of multilingual NLI model. 

SAS thus allows for positioning as a claim-level groundedness metric that is RAG-compatible with pipeline and QA metrics, as 

well as related to user perception [106-110]. 

III.1.7 Groundedness, Accuracy, and User Trust (RQ6, RQ7) 

Several empirical studies that have been conducted in the public domain show that LLM hallucinations have a direct impact on 

users' trust and intention to reuse the system. Considering that analysis of citizen conversations with municipal government chatbots in 

Norway proved that failure to provide answers consistent with policy documents led to significant escalation in human service channels 

and formal complaints. Articles that explicitly measure trust typically use a 5- or 7-point Likert scale for dimensions such as perceived 

accuracy, transparency, and reliability. Reported correlations between groundedness (e.g., citation correctness and FactScore) and trust 

range from 0.4–0.7, confirming a fairly strong positive relationship [111-115]. The conceptual contribution of this SLR is to propose that 

SAS should be evaluated by annotator ground truth groundedness ratings but should also be evaluated by user trust scores in controlled 

user studies. If the SAH is a correlation of SAS ≥ 0.7 to human ratings and a significant positive correlation with user trust, then it is clear 

that it should be considered a leading indicator for system auditing. 

III.1.8 Keyword Mapping using VOSviewer (RQ1, RQ4, RQ8) 

To understand the thematic concept, keywords can be analyzed using co-occurrence analysis of 100 articles and visualized with 

VOSviewer, in Figure 6 you can see the metadata mapping and division of four main clusters[116-120]. 

 

Figure 6: View metadata from VOSviewer. 

Source: Authors, (2026). 
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The four main clusters that frequently appear are as follows: 

1. Cluster RAG retrieval: Retrieval-augmented generation, dense retrieval, hybrid search, knowledge graph, question 

answering [121-125]. 
2. Cluster hallucination factuality: Hallucination, factual consistency, faithfulness, evaluation, uncertainty [126-130]. 

3. Government governance cluster: E-government, public sector, legal documents, regulation, compliance. 
4. Cluster user trust XAI: trust, explainability, transparency, responsible AI [131-135]. 

The keywords teramavar retrieval-augmented generation, large language model, hallucination, question answering, and legal 

document, show the relationship between the issue of hallucination, the regulatory domain, and the need for explanatory groundedness 

mechanisms [136-140]. 

III.1.9 Summary Answers to RQ1–RQ8 

RQ 1 Publication trends: Exponential increase occurred since 2023, driven by the availability of generative LLMs and the 

need for hallucination mitigation, with the dominance of Q1-Q2 journals in the fields of 

information systems and AI [141-145]. 

RQ 2 Document domain :   About 38% of articles focused on public regulations and law, the remainder on health, customer 

support, and other organizational documents, but the pattern of groundedness needs was similar 

[146-150]. 

RQ 3 RAG Architecture : The retriever–reranker–LLM pipeline becomes the dominant pattern; hybrid retrieval and NLI-

based verification module integration are shown to improve groundedness [151-155]. 

RQ 4 Definition of groundedness: Hallucinations are understood as the association of claims with the evidence that can be traced; 

they are classified into referential, inferential, and omission; these categories are relevant for 

designing SAS [156-160]. 

RQ 5 Evaluation metrics: Common metrics are inadequate; FactScore, AlignScore, and citation metrics fill some of the 

gap, but do not yet integrate semantic alignment, evidence coverage, and entailment into a single 

score, which is what SAS forecasts [161-165]. 

RQ 6 Technical factors: The quality of the retriever, the representation of the document structure, and the presence of 

verifiers and decoding strategies greatly influence groundedness and the level of hallucinations 

[166-170]. 

RQ 7 Groundedness and trust: User studies show a consistent positive correlation between groundedness and trust; transparent 

citations and concise explanations of regulatory sources increase perceived reliability [171-175]. 

RQ 8 Research gap & SAS 

direction: 

There is still a lack of automated evaluation models specifically designed for government 

documents; there is no standard framework for groundedness-based government AI audits; SAS 

is positioned as a candidate for core metrics that need to be validated through correlation studies 

with human judgment and trust indicators [176-180]. 

IV. THEORETICAL AND PRACTICAL IMPLICATIONS 

Theoretically, this SLR establishes that groundedness is not simply an extension of traditional QA metrics, but a 

multidimensional concept including semantic alignment, evidence attribution, and observation of regulatory structure. Therefore, it 

reinforces the need for the development of an explicit theory of groundedness, especially for taxonomic claim types and annotation 

schemes that are expected to work with links within the legal and governmental domains [181-185]. Practically, the SLR results suggest 

that government agencies should do the following: 

1. Adopting a RAG architecture with an internal evaluation module that periodically measures SAS, FactScore, and citation precision as 

part of a chatbot service quality audit [186-190]. 

2. Implement a data governance policy that at a minimum allows only official and current documents to be accepted into the RAG 

corpus, complete with document version metadata and PID legality conditions. 

3. Create a user interface that attaches explicit citations to articles/verses as evidence for answers and sets up an alert when SAS falls 

below a certain threshold. 

4. Involving non-technical stakeholders in the groundedness design scheme ensures that technical metrics align with community legal 

and ethical accountability standards. External metrics validating generalizability and general discipline are recommended for future 

research purposes. 

V. RECOMMENDATIONS FOR FURTHER RESEARCH 

Referring to the above gaps, several recommendations for further research were found as follows: 

1. Formalization of a groundedness annotation scheme for Indonesian-language regulatory documents, including definitions of claim 

units, evidence span, and entailment labels. 

2. Comprehensive experiments of SAS on various dense, hybrid, graph-based RAG pipelines and various types of LLM, to evaluate the 
robustness of SAS across architectures [191-195]. 
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3. Correlational and causal studies between SAS, EM/F1 QA metrics, nDCG, and citizen trust indicators, through user studies on real 

chatbots in agencies such as Diskominfo. 

4. Integration of SAS into the government's AI governance framework, including periodic reporting mechanisms, regular red teaming, 

and human-in-the-loop procedures when groundedness scores fall below a safe threshold. 

5. Development of an audit dashboard analytical tool that visualizes SAS distribution per regulatory topic, so that policy makers can 

quickly identify high-risk areas. 

VI. CONCLUSION 

This article presents a Systematic Literature Review on groundedness-aware retrieval and hallucination mitigation for Retrieval-

Augmented Generation in government and regulatory document chatbot applications. From 7,947 initial records, 100 primary articles 

Q1–Q2 were selected, curated, and analyzed. The findings are that despite RAG being the dominant architecture in combining LLM with 

organizational knowledge bases, it is still important to pay attention to the issue of hallucinations, while groundedness evaluation is still 

incomplete. The literature shows that groundedness is influenced by the quality of the retriever, exploration of document structure 
modeling, implementation of decoding strategies, and adoption of verification modules. Existing metrics such as FactScore, AlignScore, 

factuality-based QA methods, and citation metrics, while providing an important foundation, do not fully cover the need for measuring 

groundedness in auditable factual claims in the government context [196-200]. Based on the findings, the article suggests the Semantic 

Alignment Score as a combined metric to measure semantic alignment, evidence coverage, and entailment between answers and 

documents. Therefore, it should not only replace but also challenge traditional claims and be a key element in government AI governance. 

Collaborating, empirical validation of SAS and integration into active RAG pipelines by diverse service providers is the foundation for 

more accurate, transparent, and regulatory chatbot users [201-204]. 
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