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ABSTRACT

Retrieval-augmented generation (RAG) based on large language models (LLMs) has 
established itself as a key technology for combining domain-specific information with 
generative language skills, thereby providing transparent, up-to-date information. 
Many firms are already piloting such LLM-based information systems, but report a high 
degree of complexity in planning and implementation. A generally accepted regula-
tory framework that consistently maps key decisions is not yet available to compa-
nies. This article therefore presents a multi-level system that organizes design decisions 
throughout the configuration process. This framework is intended to support users in 
the planning, realizing, evaluation, and further development of an LLM-based infor-
mation system. To achieve this goal, a qualitative-empirical research design was cho-
sen. First, publications from the period 2022 to 2025 were identified and selected using 
a systematic literature search in accordance with the PRISMA guideline. The selected 
publications were then evaluated using a qualitative content analysis. The result is a 
system that was reviewed, revised and finalized at an expert workshop.

Keywords:  LLM-based information systems, System configuration, Retrieval-augmented gener-
ation, Large language model

INTRODUCTION

Large language models (LLMs) represent an important milestone in digital 
transformation (Arslan et al., 2024). In the field of automated text genera-
tion, they facilitate the creation of targeted and consistent texts (Liang et al., 
2024). They can also be used for content summarization by capturing rela-
tionships between documents and creating coherent syntheses (Godbole et al., 
2024). In addition, LLMs form the basis for AI information systems, such as 
chatbots that provide expertise and enable user-friendly interactions (Zheng 
et al., 2023). These systems can also be referred to as assistance systems, as 
they support humans in performing individual tasks. In the fields of business 
and administration, LLMs are increasingly transitioning from pilot phase to 
real-world operation, with more and more investment going into the further 
development of such LLM-based information systems. Significant challenges 
include data protection, security, budget and integration (Newswire 2025). 
It is generally assumed that the implementation of context-adaptive infor-
mation systems will lead to a significant increase in productivity. However, 
this increase depends not only on the technical capabilities of the LLM, but 
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also on the human-centered design of the information system (Weber et al., 
2024).

Retrieval-Augmented Generation (RAG) enhances the generative capabili-
ties of an LLM by providing it with additional domain-specific information. 
The key advantage of this approach is that it allows the use of organiza-
tion-specific, sensitive data without having to retrain the LLM itself (Klesel 
& Wittmann, 2025). Furthermore, the use of RAG reduces hallucinations 
and increases traceability, timeliness, and relevance (Sefton, 2025).

A fundamental challenge is emerging in the further development of LLMs. 
The larger, more complex and more universally applicable LLMs become, 
the higher the costs and development effort (Stoica et  al., 2024). Against 
this backdrop, a modular structure that allows important features to be pri-
oritized is profiting, but so far there is a lack of systematic approaches and 
standards to ensure reproducible results (Wang et  al., 2024). In addition, 
the multitude of technical components and their complex interactions make 
it difficult to design LLM-based information systems in a targeted manner 
(Shah, 2024). Furthermore, scientific literature has identified a lack of over-
arching structure in the investigation of individual factors (Lambiase et al., 
2025).

Against this background, the aim of this article is to develop a system for 
configuring LLM-based information systems. This system should map cen-
tral components, characteristics and thus design options, thereby supporting 
the process of designing LLM-based information systems.

Method

To achieve this goal, a three-step approach was chosen. In the first step, a 
systematic literature review was conducted in accordance with the PRISMA 
guidelines (Page et al., 2021). The databases IEEE Xplore, Springer Link 
and Google Scholar were used. The search string combined the terms “large 
language model”, “configuration”, “information system”, and “retriev-
al-augmented generation”. Due to the topicality of the subject, the time 
period was limited from 2023 to the present (May 2025). Duplicates were 
first removed from the total of 452 hits. The titles and abstracts were then 
screened to exclude irrelevant publications. The full texts of the remaining 
articles were reviewed based on previously defined inclusion and exclusion 
criteria. Only scientific publications directly related to LLM configuration, 
architecture, or components were considered. As a result, 75 sources were 
included in the evaluation. In a second step, a qualitative content analysis 
was performed. The category system was derived deductively from various 
existing subsystems on the one hand and completed inductively from the 
material on the other. Rather than taking a sequential approach to ana-
lyzing the publications, a procedure was chosen that involved specifically 
searching and evaluating the literature for individual content or categories. 
In the third step, the category system was reviewed in a workshop with five 
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experts, particularly with regard to the criteria of completeness, clarity, and 
practicality. 

RESULTS

This method resulted in a category system comprising seven top-level catego-
ries: 1. System, 2. System context, 3. LLM configuration, 4. RAG configuration,  
5. Prompt engineering, 6. Data provision and security measures, and 
7. Evaluation. There are subcategories at a secondary level within these seven 
categories. Some of these subcategories can be subdivided again.

The system category includes the fundamental decisions regarding the 
architecture of the LLM-based information system (see Fig. 1). A fundamen-
tal decision concerns whether to use a proprietary or open-source LLM. In 
this case, criteria such as performance (Zolfaghari et al., 2024), costs and 
support, data sovereignty and adaptability must be taken into account when 
making this decision (Kumar et al., 2025). Another system decision involves 
the question of whether to use LLM frameworks or end-to-end platforms. 
LLM frameworks such as LangChain, LlamaIndex, or Haystack are used 
for modular integration, retrieval, agent logic, and orchestration (Gao et al., 
2023; Kumar et  al., 2025). End-to-end platforms are used when develop-
ment, deployment, monitoring, and governance are to be bundled in an inte-
grated environment (Pahune & Akhtar 2025).

Figure 1: Structure and contents of the system category.

Another system decision relates to model configuration, for which there are 
four options: a generally trained LLM (without any extension) for elemen-
tary Q&A tasks (Kotkar et al., 2024), tool-augmented systems (extension of 
the LLM with functions) for function calls and external queries (Hou et al., 
2025; Yager 2024), fine-tuned LLM for specialized tasks (Shukla & Parker 
2024) and RAG for generating answers based on connected domain-specific 
databases (Gao et al., 2023). Optionally, one or more agent systems can also 
be integrated into the information system (Aquino et al., 2025).
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The second category, referred to as system context, describes the content 
and technical context in which the LLM-based information system is to be 
used. The following subcategories can be distinguished: 2.1 Domain, 2.2 
Task type, and 2.3 Type of provision. The domain describes the context of 
the information that an LLM-based system is to provide. A systematic litera-
ture review identified a wide variety of areas of application. These relate, for 
example, to the domains of medicine, law, finance, manufacturing, science 
and education.

In case of LLM-based information systems, a basic distinction can be 
made between the following two types of tasks: 2.2.1 Question-answering 
(Liu et al., 2025) and 2.2.2 Dialogue/chatbot (Nsaif et al., 2024). While ques-
tion-and-answer systems are designed to answer questions briefly and pre-
cisely, dialogue systems focus on ongoing interaction. The type of provision 
involves the question of which technical infrastructure should be used to 
implement an LLM-based information system. There are two options: 2.3.1 
Deployment via cloud platforms or API access to corresponding services 
(Taulli & Deshmukh 2025), 2.3.2 On-premises deployment for maximum 
control and data protection (Paloniemi et al., 2025).

The third category concerns LLM configuration. A distinction is made 
between the following two subcategories: 3.1 parameter adjustment and 3.2 
model adjustment. Parameter adjustment involves setting various decod-
ing parameters. These include temperature (Ahmed et  al., 2025; Gadiraju 
et al., 2024), top p (Ahmed et al., 2025; Ruman, 2024), and top k (Ruman, 
2024), control variables such as frequency penalty and presence penalty 
(Prabhugaonkar 2024), and maximum tokens (Prabhugaonkar, 2024). The 
goal is to achieve a desired balance of predictability, coherence, diversity, 
length, and latency. Higher temperature and lower top k increase variabil-
ity, stricter penalties reduce repetitions, and maximum tokens limit response 
length and costs (Ruman, 2024).

Model adaptation involves the targeted further development and fine-tun-
ing of pre-trained LLMs for specific tasks or contexts. Instruction tuning is 
used to strengthen instruction compliance and task generalization (Bergmann 
2025; Feng et al., 2024; Yan et al., 2025). Fine-tuning is used when an LLM 
needs to be retrained with domain-specific knowledge (El Hassani et  al., 
2025). Adapter-based fine-tuning, such as LoRA adapters, is used when effi-
ciency, rapid iteration, and limited resources are paramount, as only small 
additional modules are optimized (Feng et  al., 2024). Joint training links 
the generator and retriever when RAG is used, so that retrieval and genera-
tion are coordinated (Fan et al., 2024; Gao et al., 2023). Feedback mecha-
nisms such as Reinforcement Learning from Human Feedback (RLHF) are 
provided to align responses with preferences, quality standards, and desired 
behavior (Gao et al., 2023; Yan et al., 2025). Retriever fine-tuning is used to 
increase semantic consistency between query and context and prevent hal-
lucinations without completely retraining the base model (Béchard & Ayala 
2025; Gao et al., 2023).

The fourth category includes RAG configuration. This consists of the fol-
lowing subcategories: 4.1 Indexing, 4.2 Retrieval, and 4.3 Post-Retrieval 
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Processing. The purpose of Indexing (4.1) is to prepare documents or data 
for quick and efficient searching. The indexing process can be broken down 
as follows: 4.1.1 Chunking: Dividing documents into small segments; 4.1.2 
Embedding: Each chunk is converted into a high dimensional vector; 4.1.3 
Storage in a vector database: The vectors are stored in a vector database, 
which enables fast similarity searches. Various chunking methods (4.1.1) 
can be distinguished (fixed size, sentence, paragraph, sliding window, recur-
sive split, and hierarchical chunking). Smaller chunks increase hit accuracy, 
while larger chunks preserve more context (Wang et al., 2025). The content 
is represented using embeddings (4.1.2). There are three types of embed-
dings: sparse, dense, and hybrid (Ahluwalia & Wani 2024). Vector databases 
(4.1.3) such as FAISS, Milvus, Pinecone, Weaviate, ChromaDB, Annoy, and 
Elasticsearch are used to store the vectors (Ma et  al., 2023; Wang et  al., 
2025).

Retrieval (4.2) refers to the process of retrieving information from a data 
source. The following types of retrieval (4.2.1) can be distinguished: sparse, 
dense, hybrid, and generative retrieval (Ma et al., 2023; Wang et al., 2025). 
Context retrieval (4.2.2) is a special retrieval approach in the RAG environ-
ment that takes into account the context of the query or the ongoing con-
versation instead of considering a single query in isolation. Singular retrieval 
provides context once, iterative retrieval enriches it step by step, recursive 
retrieval refines searches via feedback, and adaptive retrieval controls retriev-
als depending on need (Gao et al., 2023). Prompt integration and retrieval 
granularity determine how much context is added and at what level (Fan 
et al., 2024). Query optimization (4.2.3) involves transforming unclear user 
queries into more precise, semantically accurate ones to improve retrieval 
results. Methods such as query expansion, subquery, query rewrite, query 
routing, and chain of verification are used for query optimization (Gao et al., 
2023).

Post-retrieval processing (4.3) encompasses all processing steps performed 
after a RAG’s primary function has been fulfilled, but before information is 
transferred to the LLM or user. This process is also intended to contribute to 
high-quality information output. Important process steps include reranking 
and filtering. Reranking reorders the RAG results according to their rele-
vance, while filters remove irrelevant content (Gao et al., 2023; Feng et al., 
2024; Choi et al., 2025).

The fifth category deals with prompt engineering. A distinction must be 
made between prompt engineering techniques (5.1) and prompt templates 
(5.2). Important prompt engineering techniques include zero-shot (5.1.1), 
few-shot (5.1.2), chain-of-thought (5.1.3), ReAct (5.1.4), prompt chain-
ing (5.1.5), self-consistency (5.1.6), step-back (5.1.7), and meta-prompting 
(5.1.8) (Schulhoff et al., 2024; Wang et al., 2025). Prompt templates (5.2) 
are structured templates for prompts with placeholders that allow dynamic 
content to be inserted (e.g., entering an article number for which information 
is to be retrieved) in order to obtain consistent responses from LLMs. Using 
these templates standardizes inputs and thus supports the output of consis-
tent responses (Mao et al., 2025).
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The sixth category includes data provision (6.1) and security measures 
(6.2). In the case of data provision (6.1), a distinction can be made between 
unstructured, semi-structured, and structured data. Unstructured data 
includes text, images, or other media without a schema. This makes auto-
mated processing of this data considerably more difficult (Gao et al., 2023; 
Zhou et al., 2025). Its integration into LLM-based systems requires special-
ized tools and complex preprocessing, combined with high computational 
effort (Liu et al., 2025; Mahadevkar et al., 2024; Rani et al., 2024). Semi-
structured data, such as XML or JSON, has structural features, but does 
not adhere to a fixed schema, thus posing special challenges for processing 
by LLMs (Gao et al., 2023; Zhou et al., 2025). Particularly challenging are 
inconsistently formatted tables, which require the use of specialized tools 
such as the LangChain Text Splitter (Olawore et al., 2025). Structured data, 
such as in the form of knowledge graphs, is available in a schema (Gao et al., 
2023). It can be easily processed by the RAG system and tends to improve 
the relevance and traceability of results (Rani et al., 2024).

In the planning of LLM-based information systems, security measures and 
protection mechanisms (6.2) must be taken into account in order to pro-
tect sensitive data and prevent manipulation of the system. Various measures 
can be implemented. Input filters can be used to intercept prompt injection 
and jailbreaks before generation. Output filters can be used to check gener-
ated responses for sensitive content, personal data, and risky instructions. 
Monitoring and traceability can be established to log interactions and detect 
conspicuous patterns. Access controls can be applied to manage authentica-
tion and authorization (Aquino et al., 2025).

The evaluation of the performance of LLM-based information systems, 
the seventh category of the classification system, involves the systematic eval-
uation of all central components, including indexing, retrieval, and response 
generation. Such an evaluation requires the application of specialized meth-
ods and tools that enable the comparison of different system configurations. 
A distinction is made between retrieval quality (7.1), generation quality (7.2), 
and other tools (7.3). The evaluation can be based on standardized ques-
tion-answer datasets and take into account indexing, retrieval and response 
generation together, thus enabling a holistic view of the system (Brehme 
et al., 2025).

For retrieval quality (7.1), recall and precision can be used to measure 
completeness and accuracy (Chen, L.-C. et al., 2025; Jung et al., 2025). Hit 
Rate@k can be used to check for the presence of at least one relevant context 
among the top k (Khan et al., 2025). Mean Reciprocal Rank and nDCG can 
be used to map the rank position and sorting quality (Chen, L.-C. et al., 2025; 
Oro et al., 2025). Cosine Similarity is a metric for measuring the semantic 
proximity between vector representations of texts (Chondamrongkul et al., 
2025; Gadiraju et al., 2024).

Evaluating generation quality (7.2) requires metrics that go beyond mea-
suring formal correctness (Yu et al., 2025). Exact Match checks for com-
plete text similarity in a binary manner and averages the individual results 
to produce an overall score between 0 and 1 (Yan et al., 2025). The F1 score 
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combines precision and recall as a harmonic mean and evaluates word over-
lap in a balanced way for tasks such as classification and answer comparison 
(Liu et al., 2025; Yan et al., 2025). BLEU measures how much consecutive 
word sequences in the generated text overlap with those in the reference text. 
The greater this overlap, the higher the BLEU score (Choi et al., 2025; Liu 
et al., 2025). ROUGE is an evaluation method that measures the overlap of 
text segments between generated and reference responses (Yan et al., 2025). 
Accuracy measures the agreement with ground truth, often using a thresh-
old on cosine similarity or natural language inference, and returns a value 
between 0 and 1 (Gadiraju et al., 2024; Jung et al., 2025; Yan et al., 2025). 
BERTScore measures the semantic similarity between model output and 
reference using context-dependent token representations from pre-trained 
BERT models (Ahmed et al., 2025; Liu et al., 2025).

Other evaluation tools (7.3) include tools specifically designed to evaluate 
RAG systems. For example, RAGAS (Es et al., 2023) evaluates retrieval and 
generation multidimensionally and uses a second LLM for criteria such as 
relevance, factual accuracy, contextual accuracy, response similarity, and cor-
rectness (Olawore et al., 2025; Oro et al., 2025). ARES (Saad-Falcon et al., 
2023) automates evaluation based on the criteria of contextual relevance, 
answer fidelity, and answer relevance, and reduces the administrative anno-
tation effort by using synthetically generated test data (Olawore et al., 2025; 
Oro et al., 2025).

DISCUSSION

Many companies are involved in the development and implementation of 
LLM-based information systems. This requires a large number of decisions 
to be made. The presented system is intended to help developers and deci-
sion-makers by showing them options and possibilities in the design of LLM-
based information systems. It should be noted that individual methods and 
technologies are developing dynamically to a high degree, so that even a 
regulatory framework such as this must be adapted regularly.
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