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Abstract 

The creation of collaborative knowledge bases for decision support systems (DSS) miti-
gates the subjectivity of individual experts and enhances overall system efficacy. How-
ever, traditional knowledge engineering approaches are highly labor-intensive when 
eliciting and integrating expert knowledge, as they require extensive, expert-level inter-
action between knowledge engineers and domain specialists. Modern large language 
models (LLMs) and retrieval-augmented generation (RAG) technologies present novel 
opportunities for overcoming these limitations. This study presents a pilot investigation 
to assess the potential of LLM-based knowledge engineering for developing collaborative 
knowledge bases within knowledge-based DSS, thereby assisting decision-making in 
complex operational scenarios involving technical systems. The article proposes an 
LLM-based approach for creating collaborative knowledge bases, including extraction, 
consolidation of expert knowledge and evaluation of their operability. To implement and 
evaluate the proposed approach, specialized prompts were engineered, and pilot ex-
periments were conducted to generate consolidated knowledge cases through ex-
pert-LLM interactions. The resulting knowledge cases were subsequently applied in an 
experimental decision-making inference procedure for fault diagnosis in gas-fired heat-
ing boilers. During this inference process, an LLM agent, guided by tailored prompts and 
a RAG-enabled knowledge base, interactively queries the user to identify the specific is-
sue and subsequently proposes a contextually appropriate solution. Throughout this 
study, the LLMs demonstrated capabilities in dialogue management, expert knowledge 
elicitation, and knowledge consolidation, successfully facilitating the creation of a col-
laborative knowledge base grounded in the “Event-Cause-Symptoms-Action” model. 
The findings highlight the viability of future research in LLM-based knowledge engi-
neering and support the further advancement of the “LLM-as-knowledge-engineer” 
paradigm. 
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1. Introduction 
Relevance of the Study 

The rapid integration of large language models (LLMs) into various spheres of so-
ciety offers new opportunities for developing technologies that facilitate human interac-
tion. Currently, the most common application of LLMs is responding to user queries. 
However, numerous studies indicate that LLMs are also highly effective in more com-
plex interactions and tasks. For instance, LLMs have demonstrated their capability to 
enhance human cognitive abilities and support researchers in scientific activities [1–3], 
decision-making processes [4,5], and project and production management [6,7]. Fur-
thermore, LLMs can provide novel methodologies for solving well-established prob-
lems. A classic example is image recognition, which traditionally involves determining 
the class to which an image or an object within it belongs. 

Traditionally, this task has been addressed using neural network models trained on 
large datasets of pre-categorized images. However, by combining computer vision mod-
els with LLMs, it is now possible to recognize objects by matching images with textual 
descriptions. This approach eliminates the need to create datasets with predefined clas-
ses. Another emerging opportunity in this domain of computer vision includes tasks 
such as scene description, image captioning, and visual question answering [8]. 

With the advent of LLMs incorporating retrieval-augmented generation (RAG) 
technology, new possibilities have emerged in the well-established field of artificial in-
telligence, particularly in the development of knowledge-based decision support sys-
tems (KB DSS) [9–12]. As highlighted in a recent roadmap on post-LLM AI models, the 
integration of knowledge empowerment and collaborative, co-evolving architectures 
opens transformative directions for such systems [13]. KB DSS are designed to solve 
complex, practically significant problems by leveraging the expertise of domain special-
ists, which is formalized within DSS knowledge bases using specialized knowledge rep-
resentation models. 

A promising direction for KB DSS is the creation and utilization of collaborative 
knowledge bases. The advantages and capabilities of such systems have been extensive-
ly discussed in the context of traditional knowledge representation methods and onto-
logical engineering [14–16]. In these knowledge bases, the insights of diverse individuals 
complement one another, making them powerful tools for addressing complex industri-
al or societal challenges. 

This approach helps overcome the subjectivity inherent in decisions proposed by 
individual specialists. Furthermore, collaborative knowledge engineering enables the 
creation of knowledge bases without relying exclusively on highly sought-after domain 
experts, who are often in short supply and have limited availability. 

While a collaborative knowledge base can significantly enhance a KB DSS’s compe-
tence in solving applied problems, the complexity of creating and maintaining such sys-
tems using traditional knowledge engineering approaches poses a major obstacle to 
their widespread adoption. 

Eliciting expert knowledge and formally representing it for use in decision-making 
algorithms remains a key knowledge engineering challenge in DSS development. This 
challenge becomes even more pronounced in collaborative knowledge bases, which re-
quire extracting and consolidating knowledge from multiple sources. Specifically, the 
following difficulties require particular attention: 

• Potential inconsistencies or discrepancies in the knowledge provided by the experts 
and specialists involved in building the collaborative knowledge base, necessitating 
additional efforts to align and consolidate this information. 
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• Increased labor intensity and time costs associated with extracting and integrating 
expert knowledge from diverse sources, which consequently raises the overall cost 
of knowledge base construction. 

We hypothesize that LLM-based technologies offer a new suite of tools to address 
these challenges in DSS knowledge base development. On the one hand, LLMs have al-
ready demonstrated their capabilities in human–AI interaction and process automation 
across various applied tasks. On the other hand, RAG technology has shown significant 
potential for developing question-answering systems grounded in domain-specific 
knowledge bases. This provides strong grounds to expect that LLM/RAG systems will 
play an active and effective role in eliciting expert knowledge and constructing DSS 
knowledge bases. Recent research further supports this trajectory by demonstrating that 
formal knowledge-augmented language models can provide the explainable and robust 
reasoning capabilities essential for knowledge engineering tasks [17]. 

This work aims to conduct a pilot study to assess the potential of LLM-based 
knowledge engineering for creating collaborative knowledge bases within KB DSS, 
thereby assisting decision-making in complex operational scenarios involving technical 
systems. 

To achieve this, we: 

• Developed and described a general LLM-based approach for creating collaborative 
knowledge bases, encompassing knowledge elicitation, consolidation, and func-
tional assessment; 

• Proposed a structured knowledge representation model based on cases, which fa-
cilitates knowledge elicitation, consolidation, and application in decision reasoning. 
This enables the integration of RAG and case-based reasoning (CBR) [18] for rigor-
ous decision-making grounded in structured knowledge; 

• Developed and experimentally tested a prompt engineering framework to imple-
ment the proposed approach within a technical case study; 

• Developed a methodology and conducted an evaluation of the prepared knowledge 
cases for decision reasoning in scenarios where ground-truth reference solutions 
were unavailable; 

• Analyzed the results and limitations of the proposed approach, outlining future di-
rections for LLM-based knowledge engineering in KB DSS development. 

The remainder of this paper is structured as follows. Section 2 reviews recent re-
search on the application of LLMs in knowledge engineering, RAG, and CBR that in-
formed this study. Section 3 provides a brief overview of CBR and RAG approaches, 
demonstrating the potential to enhance RAG capabilities using knowledge structuring 
models adopted from CBR. Section 4 details the proposed LLM-based knowledge engi-
neering approach, including the overall framework for knowledge elicitation, consolida-
tion, and experimental evaluation, alongside the specific prompts developed for these 
tasks. Subsequently, Section 5 presents experimental findings on knowledge integration 
for cases involving complementary and contradictory information. It also details the 
methodology for evaluating knowledge base performance during solution inference. Fi-
nally, Sections 6 and 7 summarize the findings, address limitations, and outline future 
research directions. 

2. Related Works 
The rapid proliferation of LLMs has attracted increasing attention from researchers 

across various scientific disciplines. Knowledge engineering, a discipline concerned with 
the acquisition, representation, and application of knowledge in applied intelligent sys-
tems, has also been significantly influenced by this trend. For instance, the authors of 
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[19] advocated for a revision of knowledge engineering practices and methodologies in 
light of LLMs, demonstrated new capabilities for natural language-based knowledge 
engineering, and outlined several issues that must be addressed to advance the field. On 
the one hand, LLMs have demonstrated substantial potential for extracting knowledge 
directly from texts. In this context, the Named Entity Recognition (NER) task, 
well-established in Natural Language Processing (NLP), serves as a prime example. For 
instance, the authors of [7] employed LLMs for knowledge extraction and the construc-
tion of a domain taxonomy for additive manufacturing processes through named enti-
ties. Similarly, the authors of [20] utilized prompt engineering techniques to develop a 
standardized prompt structure specifically designed for NER. 

Concurrently, knowledge-based decision support systems (KB DSS) require 
knowledge that encompasses not only named entities, facts, and events but also the 
complex dependencies among them. This enables the construction of knowledge bases 
in the classical sense, serving as a vehicle for simulating human reasoning during prob-
lem-solving. The authors of [21] demonstrated that LLMs, when guided by specialized 
instructions and prompts, can be effectively employed to construct a case base in a com-
plex real-world domain and to develop a case-based reasoning (CBR) decision-making 
system. 

However, a substantial portion of expert empirical knowledge remains uncaptured 
in published texts. Consequently, the integration of LLMs into knowledge engineering 
methodologies also entails their application to the elicitation of tacit knowledge directly 
from specialists—through interviews, evaluations, and subsequent processing of the 
elicited data. For instance, the authors of [22] proposed a multi-agent LLM system for 
acquiring knowledge about business processes, specifically by interviewing domain ex-
perts to identify processes and their characteristics. Their findings indicated that busi-
ness process models constructed with LLMs can surpass the quality of those produced 
by junior analysts. 

The present study extends this line of inquiry. LLMs use specialized prompts and al-
gorithms and assume the role of knowledge engineers, collaborating with experts to elicit 
and structure their empirical knowledge. We proceed from the premise that individual 
empirical knowledge may lack the completeness and accuracy required for effective exe-
cution of practical tasks. To address such limitations, the authors of [14–16] proposed the 
creation of collaborative knowledge bases. As the number of participants increases and the 
processes involved in building such collaborative knowledge bases grow in complexity, 
the need to automate these processes becomes increasingly pressing. LLMs functioning as 
knowledge engineers can serve as a pivotal element in achieving this automation. 

In the context of KB DSS development, not only is knowledge extraction important, 
but so is the creation of methods and tools for its effective application in problem analy-
sis and solution inference. The authors of [23] investigated the applicability of LLMs for 
decision-making in the domain of building engineering system management. We utilize 
this exact domain to illustrate the application of our approach, specifically for trouble-
shooting gas-fired boilers in building heating systems. The relevance of these tasks is 
tied to ensuring the operational efficiency of engineering systems, as well as the safety 
and comfort of building occupants [24]. However, the results of the study by [23] 
demonstrated that the reasoning processes of standalone LLMs are overly simplistic and 
fail to provide the reliability required for autonomous decision-making. 

The advent of RAG represents a crucial advancement that enhances the ability of LLMs 
to address such challenges by leveraging external knowledge beyond their pre-training data 
[25,26]. In its basic form, RAG technology involves creating a vector store of documents di-
vided into text chunks. These chunks, acting as knowledge components, are retrieved and 
passed alongside user queries to the LLM to generate contextually grounded responses. 
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However, attempts to deploy LLM/RAG systems in industrial applications face challenges 
related to massive document volumes, ambiguities in semantic search results within corpo-
rate knowledge bases, and their limited suitability for decision-making in complex scenarios. 
Consequently, recent research has focused on augmenting RAG with logical inference 
methods [27–29] and knowledge representation models that feature higher levels of formal-
ization [17,30]. This represents a significant step toward the creation of neuro-symbolic intel-
ligence, fostering synergy between LLM neural networks and classical AI methods. Of par-
ticular interest is the augmentation of LLMs with RAG through CBR inference methods. The 
CBR approach has proven highly effective in DSS that require rapid solution inference for 
problem situations by leveraging an existing case base and making decisions based on simi-
lar past cases. Several recent studies have demonstrated the potential of CBR to enhance 
LLM effectiveness and overcome the limitations of naïve RAG in searching large knowledge 
volumes [31], inferring solutions [32,33], and performing crucial tasks such as justifying the 
inferred solutions [34]. 

Building upon these studies, we develop an LLM-based collaborative knowledge 
engineering approach and demonstrate its potential for decision-making. 

3. Materials and Methods 
In this section, we describe the core principles of CBR and RAG. Although these 

approaches emerged at different stages of artificial intelligence development, they share 
fundamental similarities. In particular, both rely on similarity analysis and the retrieval 
of relevant objects from an existing knowledge base. However, CBR supports a broader 
range of object representation methods and, consequently, a wider variety of similarity 
metrics. RAG, in turn, operates on textual data, employs semantic search techniques, and 
utilizes LLMs for natural language interaction with users. The complementarity of these 
approaches offers significant advantages for developing LLM-based DSS. 

3.1. CBR 

One of the key application areas for KB DSS is supporting human decision-making 
during the operation of complex technical and socio-technical systems [35–37]. This includes, 
in particular, decision-making when a malfunction occurs at a technical facility, requiring a 
course of action best suited to the prevailing situation. An effective approach for building a 
DSS capable of proposing solutions based on in-depth situation analysis is CBR [38,39]. 

In CBR, the knowledge base of a KB DSS is organized as a library of cases, each de-
scribing an encountered situation and the corresponding solution applied. Thus, the 
cases contain descriptions of the actions necessary to resolve a problematic situation. The 
CBR cycle is illustrated in Figure 1. 

The overall process of situational solution inference in CBR includes the following 
stages: 

1. Identifying the current problematic situation occurring in the system; 
2. Retrieving from the knowledge base a case that contains a situation most similar to 

the current one; 
3. Extracting the solution from the retrieved case for reuse in the current situation; 
4. Evaluating and, if necessary, adapting the extracted solution to fit the new context; 
5. Transmitting the selected solution for execution; 
6. Evaluating the outcome and retaining the new situation-solution pair in the 

knowledge base. 
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Figure 1. CBR cycle. 

This approach ensures rapid solution inference from a repository of pre-existing 
solutions, which undergo rigorous verification during the creation and initial deploy-
ment phases. The primary challenge lies in formalizing case representation and imple-
menting effective procedures for comparing and retrieving relevant problematic situa-
tions. In classical CBR, situations are represented using a set of attributes and their cor-
responding values, and various similarity metrics within the attribute space are em-
ployed for comparison and selection. 

Concurrently, modern LLM/RAG technologies can be leveraged to describe situa-
tions and solutions in natural language, enabling solution inference through interactive 
dialogue and situational analysis with a human user. 

3.2. RAG 

LLMs utilizing RAG from a dedicated knowledge base enable human-DSS interac-
tion through dialogue and allow unstructured texts to serve as the knowledge source. In 
response to a user query, relevant text segments are retrieved from the knowledge base 
using vectorization and text comparison algorithms. These segments may contain de-
scriptions of the required actions, which is essential for KB DSS. However, unlike CBR, 
traditional RAG lacks a well-defined knowledge formalization model that explicitly links 
problem situations to their solutions at the level of quantitative parameters. Knowledge 
fragments in RAG are represented as unstructured or semi-structured texts, and the re-
trieval of relevant segments heavily depends on the configuration of the embedding 
models. These models often fail to account for the specific characteristics of the tasks or 
the constraints of a narrow subject domain. 

A typical workflow of a system employing RAG is illustrated in Figure 2. It com-
prises three main steps: knowledge base preparation, information retrieval, and re-
sponse generation. The naive RAG presupposes that source documents are segmented 
into chunks, embedded into vector representations, and subsequently stored in a vector 
database. During operation, the user query is vectorized, the most relevant fragments 
are retrieved from the knowledge base, and these fragments are incorporated into the 
prompt context. Based on this context, the LLM generates a response [40]. The adequacy 
and applicability of such a response in real-world decision-making processes depend on 
several factors, including the quality of the knowledge base, the accuracy of fragment 
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retrieval, and the effective utilization of these fragments by the model during response 
generation. In DSS, it is crucial to control these factors while preserving the flexible ca-
pabilities of the LLM. This enables effective AI-human interaction in decision-making 
processes, encompassing problem analysis, the selection of alternative actions, and the 
explanation and justification of the chosen solution. 

 

Figure 2. LLM + RAG Operation Scheme. 

4. Concept 
4.1. DSS Knowledge Base with RAG and CBR 

Integrating RAG and CBR concepts offers dual advantages. On the one hand, it re-
lieves developers from the labor-intensive procedures of attribute-based description of 
situations and solutions by allowing the use of natural language texts for this purpose. 
On the other hand, representing information in the knowledge base as well-structured 
cases enhances the accuracy of retrieving relevant knowledge, thereby making the DSS 
more reliable and efficient during situational decision-making. 

This approach also establishes a unified template for knowledge description, which 
is crucial during the specialist interviewing and knowledge base construction stages to 
ensure the completeness, consistency, and non-contradictory nature of knowledge when 
resolving problematic situations. When developing a knowledge base for a DSS with 
RAG/CBR, the database is organized into cases rather than splitting texts into chunks 
(see Figure 2). 

Another distinction lies in how the knowledge base is formed and its sources. RAG 
typically utilizes textual or text-graphical documents, whereas a KB DSS for deci-
sion-making relies on expert knowledge from specialists with significant practical expe-
rience in the subject domain. This knowledge is often undocumented and requires addi-
tional effort for its elicitation and representation [41]. 

When creating collaborative knowledge bases, the cases within the KB DSS become 
the result of collective expert work. To elicit this knowledge and represent it in a struc-
tured form within the knowledge base, we employ a template-based case representation 
defined as a set comprising 

Case = {Event, <Cause, Symptoms, Action> i | i = 1, 2,…}, (1) 
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where “Event” is a textual description of the external manifestation of a situation or an 
undesirable occurrence. The <Cause, Symptoms, Action> triplets serve to specify the 
situation by outlining possible causes with symptoms of the given event and the actions 
that need to be taken. <Actions> contain a description, in the form of semi-structured 
text, of the steps required to eliminate the cause and/or verify its presence. 

The work of creating a collaborative KB is organized around a predefined list of 
events, i.e., cases. Such a list of events is typically known from practice and documented. 
However, it can also result from interactions among experts, including with the partici-
pation of an LLM. 

4.2. LLM-Based Knowledge Engineering Approach 

The task of a knowledge engineer in forming a knowledge base consists of eliciting 
knowledge through interaction with an expert and then encapsulating it in a formalized 
knowledge representation model. 

It should be noted that an expert in decision-making tasks is a bearer of unique, 
non-formalized experience and, as a rule, a narrow specialist in a given subject domain. 
Therefore, in knowledge engineering and in expert assessment tasks for decision sup-
port, the term “experts” traditionally refers not to a broad pool of respondents, but to a 
small number of specially selected such specialists. In this paradigm, the quality of the 
knowledge elicited is ensured not by sample size, but by the depth of expertise and the 
quality of knowledge elicitation, which largely depends on the qualifications of the 
knowledge engineer. 

In practice, the knowledge engineer’s task is considerably more complex than 
simply “eliciting” and “encapsulating” facts. The complexity lies in dealing with contra-
dictions in expert knowledge: often, two highly qualified specialists may propose mutu-
ally exclusive heuristics for the same subject domain, each supporting their position 
with successful cases. In this situation, the engineer acts not merely as a passive “receiv-
er” of information but as an arbiter and analyst. It is necessary not only to resolve the 
conflict but also to identify the conditions under which each strategy becomes valid, 
formalizing context-dependent rules; otherwise, the knowledge base will be internally 
inconsistent and inoperable. 

Furthermore, working with the complementarity and semantic integration of cases 
becomes critically important. The engineer must address the challenge of semantic inte-
gration: distilling a unified representation from disparate, sometimes redundant, de-
scriptions. The difficulty lies in the fact that the same entities may be referred to differ-
ently across cases, and explicit connections between events remain implicit in the ex-
pert’s reasoning. In practice, the knowledge engineer is compelled to engage in the 
re-engineering of thought processes, filling in missing logical links and unifying termi-
nology to transform a collection of specific examples into a coherent, scalable model ca-
pable of producing correct conclusions beyond the original training cases. 

In LLM-based knowledge engineering, it is assumed that the functions of a 
knowledge engineer can be largely transferred to a large language model [19,21]. The 
proposed LLM-based knowledge engineering approach, shown schematically in Figure 
3, clarifies the place and role of LLMs in creating collaborative knowledge bases. 

In this approach, each cycle of creating a collaborative knowledge base consists of 
the following stages: 

1. Elicitation and formalization of individual knowledge, during which individual 
cases are formed; 

2. Knowledge consolidation, during which a combined case is formed; 
3. Knowledge Case evaluation for decision-making. 
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In this process, the first important concept is that of an individual case as a repre-
sentation of the knowledge of a single expert. The second important concept is that of a 
consolidated case as a model for representing the collaborative knowledge of a group of 
experts. 

In the first stage of knowledge elicitation, an LLM is used to interview experts using 
specialized prompts. A key feature of this approach is that the LLM acts as a structured 
dialogue facilitator, actively guiding the knowledge elicitation process through iterative 
questioning. In the second stage, the LLM aggregates the expert responses obtained ear-
lier, using an aggregation-focused prompt. 

At the evaluation stage, the functionality of the case base is verified. To this end, an 
evaluation methodology is developed that takes into account both the process and the 
outcome of decision inference (see Section 5.4). The resulting output can then be used for 
solution inference when the event described in the case occurs. Further expansion of the 
knowledge base with new cases can be organized without interrupting DSS operation. 

An overall schematic of the proposed approach is shown in Figure 3. 

 

Figure 3. LLM-based knowledge engineering process for DSS collaborative knowledge bases. 

4.3. Knowledge Elicitation and Consolidation with LLM-as-Knowledge-Engineer 

According to the proposed approach, the implementation of the consolidated 
knowledge base formation procedure comprises two stages: elicitation of individual 
knowledge (personal knowledge cases) and their subsequent consolidation. 

Tables 1 and 2 present the prompts for the knowledge elicitation task and the 
knowledge consolidation task, i.e., the merging of individual case descriptions obtained 
from experts. 

In the template for the knowledge elicitation task (Table 1), the variable part is the 
description of the event for which the case is being formed, including causes, symptoms, 
and actions. Applying the prompt with the specified event enables the model, in dia-
logue with the experts, to form cases containing descriptions of possible causes and ac-
tions to be performed when the given event occurs. In this prompt, the user is designat-
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ed as the expert with whom the LLM interacts through its interface during the process of 
eliciting and forming a knowledge case. 

Table 1. Prompt with instructions for knowledge elicitation (Promptextr). 

You create a knowledge base by having a dialogue with a person—a user. Knowledge in the knowledge base is 
presented as a chain: Event—Causes—Symptoms—Action, where Event means some event that happened, Cause is 
one of the possible causes of such an event, Symptoms is a description of how the cause manifests, and Action is the 
actions that need to be performed to react to this event. You create a knowledge base by asking the user questions. 
First, you ask about the causes that could have led to this event and make a list of possible causes. You ask for one 
cause using a question like this.  

Example of a question: An Event occurred; name the most likely possible cause of this event.  
After the user answers this question, you ask him the following: Are there any other possible causes? If he answers

in the affirmative, you again ask the question about the possible cause that was specified above in this text.  
So you ask questions about causes until the user answers your question “Are there any other possible causes?” in 

the negative or says “I don’t know.” 
After that, you make a list of reasons for this event from all the named reasons. You include in this list only those 

reasons that the user mentioned. You do not add any other information about possible reasons to the list.  
Next, you take the first reason from the list of reasons and ask the user the following question: “Describe how the 

cause manifests.” You include the answer you receive from him in the list of Symptoms, and you associate this action 
with this reason. Next, you ask the user the following question: “Name the actions that need to be performed when an 
event occurs for this reason.” You include the answer you receive from him in the list of Actions, and you associate this
action with this reason. You do this until the list of reasons is complete.  

After that, you format the knowledge base as a structured text, where the event, reasons and actions will be indi-
cated, and display the entire knowledge base on the screen. 

Please note: during the dialogue, do not display intermediate results in the form of an already created structure 
for the knowledge base. 

Now I will ask an Event. Event = {Event content}. 
You start asking your questions to the user after I give you the next command “Start the dialogue.” 
It’s clear? 

This prompt implements a structured dialogue algorithm in which the knowledge 
engineer (a role assumed by the LLM) strictly follows a linear extraction strategy: first, 
an exhaustive collection of hypotheses regarding the causes of the event is performed; 
then, for each cause, the corresponding actions are sequentially requested. The mecha-
nism requires the expert to provide answers within the predefined framework of Event, 
Cause, Symptom, Action. In this process, the LLM acts not as an interpreter but as a co-
ordinator, refraining from adding its own knowledge and strictly recording only the en-
tities explicitly stated by the expert. 

To elicit knowledge and formulate a case in dialogue with an LLM, we employ a 
formula for constructing the k-th case based on an expert interview Sk 

Casei = LLM(Sk, Promptextr), (2) 

where Promptextr is a knowledge elicitation prompt. 
In the template for the knowledge consolidation task (Table 2), the variable com-

ponent consists of the individual cases that were obtained in the previous stage. 
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Table 2. Prompt with instructions for case consolidation (Promptcons). 

We have two knowledge bases called Knowledge Base 1 and Knowledge Base 2.  
Each knowledge base contains knowledge that is presented in the form of the 

Event—Cause—Symptoms—Actions structure. Causes are possible causes of an event, and actions are the recom-
mendations and actions that need to be performed for this event and the cause associated with it. You need to combine
two knowledge bases into one consolidated knowledge base.  

At the same time, you need to preserve the structure of the knowledge base.  
First, you need to analyze the causes from the two knowledge bases and make a new list of causes that will com-

bine the lists of causes from these two knowledge bases.  
Keep in mind that the causes should not be repeated. If the causes are named differently, you need to replace them

with one general name. Then you need to make a combined list of actions for each of the causes. To do this, you need to
compare the actions that are listed in these knowledge bases opposite one cause and formulate a new list of actions.  

If for one cause the actions from different knowledge bases indicate the same thing, then you need to enter a new 
generalized content for this action. If these are actions that contradict each other, then in the consolidated knowledge 
base you will need to enter a generalized formulation of the action and say that a contradiction was identified. Take 
into account the clarifications and nuances in the steps, if any. 

Please note: when compiling a consolidated knowledge base, you do not include information from other sources; 
you use only these knowledge bases. These knowledge bases are shown below: 

Knowledge Base 1; 
{Knowledge Base 1}; 
End of Knowledge Base 1; 
Knowledge Base 2; 
{Knowledge Base 2}; 
End of Knowledge Base 2. 

The consolidation operation, in terms of set theory, can be denoted as the union of 
individual cases received from different experts 

Case = Case1 ∪ Case2 ∪…∪ CaseN, (3) 

where N is the number of experts participating in the collaborative formation of the 
Case. 

However, unlike a conventional union operation, it is necessary to account for the 
fact that the same concepts (such as events, causes, and actions) may be expressed 
through different texts across various cases. Different individuals describing the same 
cause or action will most likely use different wording. 

Another important aspect of merging individual cases lies in potential contradic-
tions. Solutions to the same problem may differ in the sequence of steps or be based on 
different algorithms. 

This can pose a fundamental difficulty for forming a collaborative knowledge base 
using conventional methods. At the same time, LLM/RAG leverages mechanisms of 
vector text representations (embeddings), which are constructed taking into account se-
mantic similarity. This allows the large language model to account for the semantic 
proximity of texts and introduce generalized formulations for concepts that were repre-
sented by different texts across cases, while simultaneously highlighting fundamental 
differences that need to be preserved for possible subsequent verification. 

To this end, the prompt for the consolidation task includes an instruction for gener-
alization in cases where the same cause or action appears in different formulations, 
along with a directive to identify and highlight contradictions, nuances, and refine-
ments. 

Thus, when using LLMs and appropriate instructional prompts, formula (3) is 
transformed into the following: 
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Case = LLM(Case1, Case2, …, CaseN, Promptcons) (4) 

where Promptcons is a prompt with instructions for case consolidation. 
To reduce context length, it is advisable to employ an iterative consolidation pro-

cedure, wherein only two cases are merged at each iteration. If N exceeds two, the result 
obtained at each iteration is then consolidated with the next individual case. This ap-
proach enables experiments to be conducted under constraints on the number of tokens 
per model query. 

5. Results 
5.1. Data Collection Approach 

To conduct the experiments, five experts in residential engineering systems were 
interviewed. Knowledge was elicited regarding malfunctions in private homes, specifi-
cally focusing on: gas boiler error code F05, autonomous water treatment system fail-
ures, and autonomous water supply system malfunctions. Although the collected 
knowledge is not exhaustive, it is sufficient to preliminarily evaluate the effectiveness of 
the proposed knowledge base formation methodology based on the 
LLM-as-knowledge-engineer approach. 

Each expert participated in two interviews. During the first interview, a knowledge 
base was constructed, with knowledge represented in a case format (situation and solu-
tion) as free-form text (Free-form Knowledge Base). An example of this ques-
tion-and-answer format is provided in Table 3. 

Table 3. An example of a question and answer in free form. 

Question 
Error F05 appeared on the Viessmann gas boiler and it shut down. What to do? 
Answer 
Error 05 on the boiler can indicate several different issues. First, it may be due to poor removal of exhaust gases. 
Check the flue pipe through which the exhaust gases are vented. It should not be iced over; any ice must be cleared 
away, including from inside the pipe. This ice forms from frozen condensate. Once you have cleaned the pipe, try re-
starting the boiler by unplugging it from the power outlet for 10 min; the error should reset itself. Second, this error 
can be caused by a faulty temperature sensor. In that case, the sensor will need to be replaced. To determine if the 
sensor is likely the problem, the proper method is to measure its resistance. Based on symptoms from my experience, 
in such cases the error typically appears immediately after a reboot or within 30 to 60 min of operation. 

The interaction presented in Table 3 exemplifies an individual knowledge case. 
During the second interview, the structured knowledge base was constructed using 

the LLM-as-knowledge-engineer methodology, in which the LLM conducted a survey of 
the expert by means of a specially designed prompt and presented the results in the 
form of a structured “Event–Cause–Symptoms–Action” model. The knowledge elicita-
tion prompt is detailed in Table 1. An example of the resulting formalized individual 
case, following representation (1), is shown in Table 4. 

Table 4. Example of a formalized individual case. 

Event: F05 error 
Cause: Fan (turbine) malfunction 
Symptoms: Error 05 occurs once every few hours. If there is strong wind from the exhaust pipe side, the probability of 
shutdown increases. Exhaust gas does not exit the pipe. 
Action: 

1. Disconnect the gas and electricity supply to the boiler. Ensure the power is off. 
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2. Remove the boiler cover to access the fan. 
3. If the boiler has failed to start more than 3 times in a row, before removing the fan itself, you must disconnect the

D02 sensor. 
4. Disconnect the fan power (the wire with the terminal is attached to the circuit board). 
5. Manually check the fan: try to spin it. It should not rotate too stiffly, wobble, or hum. 
6. If the fan rotates with difficulty, wobbles, or makes unusual noises, it must be cleaned or replaced. Cleaning,

bearing lubrication, or complete fan replacement is required. 
7. After checking/replacement, reconnect everything, turn on the power and gas, and start the boiler. 

All participants were fully informed about the study’s objectives and how their da-
ta would be used in scientific publications. Voluntary participation in the survey after 
receiving this information was considered sufficient confirmation of informed consent 
for this type of research. 

5.2. Experimental Work. Consolidation Results 

This section presents an example of consolidating a knowledge segment for a spe-
cific case in the knowledge base dedicated to gas boiler malfunctions in residential 
properties. 

Gas boilers are equipped with error monitoring systems that display specific error 
codes in the event of a malfunction. This case examines a common error, F05, which 
causes a complete boiler shutdown and is among the most frequently occurring faults. 

The F05 error represents a complex and representative scenario for decision-making 
regarding its remediation due to several factors. 

First, this event can stem from various causes (e.g., condensate in the boiler pipes, 
flue blockage, or malfunctions of the fan, draft sensor, or electronic control board). Iden-
tifying these causes requires checking specific conditions and symptoms. For instance, 
equipment malfunctions may arise from the boiler’s age, electronic boards can be dam-
aged by power surges, and condensate may form under specific climatic conditions. 
Consequently, each potential cause manifests within a specific context, requiring tar-
geted actions both to diagnose the cause and to eliminate the malfunction. An incorrect 
solution either fails to resolve the issue or leads to unnecessary diagnostic and repair 
costs. Moreover, existing information sources often lack a clear, precise action algorithm; 
successful troubleshooting relies heavily on the professional knowledge and empirical 
experience of the specialist. These features of the present case served as the basis for its 
selection in this pilot study. Although it represents a particular instance within a narrow 
problem domain, it exhibits typical characteristics of problematic situations that arise in 
production systems and are associated with complex decision-making scenarios. 

The illustrative example in our study demonstrates the consolidation of three indi-
vidual knowledge bases, merged sequentially. In Promptcons (Table 2), the inputs are la-
beled “Knowledge Base 1” and “Knowledge Base 2,” where “Knowledge Base 1” is the 
result of prior consolidation and “Knowledge Base 2” is the newly introduced case. 

Each fragment corresponds to interview data from a single expert. This illustrates a 
complex scenario where the action sequences proposed by three specialists for the same 
problem diverge at several steps. These divergences are non-contradictory and represent 
valid alternative solutions. 

Table 5 presents the consolidation result for the F05 error caused by a turbine mal-
function. The experimental results were obtained using the DeepSeek V3.1 model. We 
also conducted human consolidation experiments for comparison, involving both a do-
main specialist and an individual with no background in the subject area. 
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Table 5. The results of the consolidation of complementary knowledge bases for error F05 due to 
turbine malfunction. 

Knowledge Base 1  
Event: F05 error 
Cause: Fan (turbine) malfunction 
Symptoms: Error 05 occurs once every few hours. If there is strong wind from the exhaust pipe side, the probability of 
shutdown increases. Exhaust gas does not exit the pipe. 
Action: 

1. Disconnect the gas and electricity supply to the boiler. Ensure the power is off. 
2. Remove the boiler cover to access the fan. 
3. If the boiler has failed to start more than 3 times in a row, before removing the fan itself, you must disconnect the

D02 sensor. 
4. Disconnect the fan power (the wire with the terminal is attached to the circuit board). 
5. Manually check the fan: try to spin it. It should not rotate too stiffly, wobble, or hum. 
6. If the fan rotates with difficulty, wobbles, or makes unusual noises, it must be cleaned or replaced. Cleaning,

bearing lubrication, or complete fan replacement is required. 
7. After checking/replacement, reconnect everything, turn on the power and gas, and start the boiler. 
Knowledge Base 2 
Event: F05 error 
Cause: Turbine malfunction 
Symptoms: Error 05 appears at intervals of once every few hours. During strong wind blowing from the exhaust pipe 
side, the probability of an emergency shutdown increases—exhaust gas stops exiting the pipe. 
Action: 

1. Disconnect the gas and electricity supply to the boiler. Ensure the power is off. 
2. Remove the boiler cover to access the fan. 
3. Disconnect the tubes from the pressure sensor. 
4. Perform a manual inspection of the fan: check the smoothness of the impeller rotation. It should rotate freely,

without sticking, excessive shaft play, or unusual noise. 
5. If a malfunction is detected: if rotation is stiff, there is significant play, or humming/grinding is heard, the fan

requires cleaning, bearing lubrication, or complete replacement. 
6. Completion of work: after troubleshooting, perform reassembly in reverse order, restore the electrical power and

gas supply, then conduct a trial start of the boiler to check its operation. 
Knowledge Base 3 
Event: F05 error 
Cause: Fan (turbine) malfunction 
Symptoms: Error 05 occurs intermittently. May be dependent on wind conditions. A fan rotation with unusual, 
grinding-like sounds can be heard. 
Action: 

1. Disconnect the gas and electricity supply to the boiler. 
2. Remove the boiler cover to access the fan. 
3. Disconnect the tubes from the pressure sensor; do not touch the sensor itself. 
4. Inspect the fan: the impeller should rotate without play or grinding. 
5. If play is detected, the fan must be replaced, as it is not designed for disassembly and repair. 
6. Install the new fan. 
7. Clean the pipe housing on the fan housing side and center it using the three screws. It must not touch the fan itself.
Consolidated Knowledge Base By LLM 
Event: F05 error 
Cause: Fan (turbine) malfunction 
Symptoms: 
Error 05 occurs at varying intervals (once every few hours, intermittently). 
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The probability of an emergency shutdown increases during strong headwinds from the exhaust pipe side. 
Exhaust gas does not exit the pipe. 
The fan may rotate with unusual sounds (humming, grinding). 
Probable Cause: Malfunction of the boiler’s fan (turbine). 
Action: 

1. Disconnect the gas and electricity supply to the boiler. Ensure the power is off. 
2. Remove the boiler cover to access the fan. 
3. Preparation for removal: 

If the boiler has failed to start more than 3 times in a row—disconnect the D02 sensor. 
Disconnect the pressure sensor tubes without detaching the sensor itself (unless its replacement is required). 

4. Disconnect the fan power supply (the wire with the terminal on the circuit board). 
5. Manually check the smoothness of the impeller rotation. Rotation should be free, without sticking, excessive shaft

play, humming, grinding, or other unusual sounds. 
6. Actions if a malfunction is detected: 

If problems are identified (stiff rotation, play, noise): 
ATTENTION: Different recommendations are provided in the source materials. 
Option 1 (Sources 1, 2): Perform cleaning and bearing lubrication if possible. 
Option 2 (Source 3): Replace the fan if it is non-serviceable or has play. 
It is recommended to clarify the fan model and the manufacturer’s instructions. 

7. If a new fan is installed or after cleaning: clean the pipe housing on the fan housing side and center it using the 
three screws. The housing must not touch the fan. 

8. Perform reassembly in reverse order (reconnect the pressure sensor tubes, fan wire, D02 sensor if necessary). 
9. Restore the electrical power and gas supply. 
10. Perform a trial start of the boiler to check its operation. 
Consolidated Knowledge Base By Specialist 
Event: F05 error 
Cause: Fan (turbine) malfunction 
Symptoms: Error 05 occurs periodically. It may depend on wind strength. If there is strong wind blowing from the 
pipe side, the probability of occurrence is higher. Grinding or crunching sounds may be heard in the fan area. Gases 
are not being properly vented. 
Actions: 

1. Disconnect the gas and electricity supply to the boiler. Ensure the power is off. 
2. Remove the boiler cover to access the fan. 
3. Disconnect the tubes from the pressure sensor (sensor D02); do not touch the sensor itself. 
4. If the boiler has failed to start more than 3 times in a row, the D02 sensor must be disconnected from the board. 
5. Disconnect the fan power (the wire with the terminal is attached to the circuit board). Remove the fan. 
6. Perform a manual inspection of the fan: check the smoothness of the impeller rotation. It should rotate freely,

without sticking, excessive shaft play, or unusual noise. 
7. If a malfunction is detected: if rotation is stiff, there is significant play, or humming/grinding is heard—cleaning of 

the fan and bearing lubrication are required. However, not all fan models are serviceable; in such cases, it is sim-
pler and more reliable to replace the fan. 

8. Clean the pipe housing on the fan housing side and center it using the three screws. It must not touch the fan itself.
9. Completion of work: after troubleshooting, perform reassembly in reverse order, restore the electrical power and

gas supply, then conduct a trial start of the boiler to check its operation. 
Consolidated Knowledge Base By Non-Specialist 
Event: F05 error 
Cause: Fan (turbine) malfunction 
Symptoms: Error 05 occurs once every few hours. When there is strong wind from the exhaust pipe side, the probabil-
ity of an emergency shutdown increases; exhaust gas stops exiting the pipe. The malfunction is accompanied by 
sounds resembling fan rotation grinding. 
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Actions: 

1. Disconnect the gas and electricity supply to the boiler. Ensure the power is off. 
2. Remove the boiler cover to access the fan. 
3. If the boiler has failed to start more than 3 times in a row: before removing the fan itself, disconnect the tubes from

the D02 pressure sensor; do not touch the sensor itself. 
4. Disconnect the fan power (the wire with the terminal is attached to the circuit board). 
5. Perform a manual inspection of the fan: check the smoothness of the impeller rotation. It should rotate freely,

without sticking, excessive shaft play, or unusual noise (humming, grinding). 
6. If a malfunction is detected—stiff rotation, humming/grinding, play—the fan must be completely replaced, as it is

not designed for disassembly and repair. 
7. Install the new fan. 
8. Clean the pipe housing on the fan housing side and center it using the three screws. It must not touch the fan itself.
9. Restore the electrical power and gas supply, then conduct a trial start of the boiler to check its operation. 

As shown in Table 5, personal knowledge bases 1 and 2 contain differences in steps 3 
and 4, while base 3 includes a unique step for centering the pipe casing. These steps do 
not contradict each other and can be considered mutually complementary. No semantic 
discrepancies are observed in the remaining steps. 

The consolidated knowledge base produced by both the LLM and the domain spe-
cialist incorporates the distinct and common steps from the individual bases. In contrast, 
the base produced by the non-specialist contains inaccuracies at steps 3 and 6 (regarding 
the disconnection of the sensor and the repair of fan bearings). 

This example demonstrates that the LLM can effectively combine cases, incorporate 
missing concepts, and generalize formulations when necessary. At the consolidation 
phase, the LLM does not assume the role of verifying or conclusively validating indi-
vidual cases; rather, it functions as an instrument for detecting inherent contradictions 
and substantive inconsistencies embedded within them (see the warning note in the 
example of the consolidated knowledge base by the LLM in Table 5). Furthermore, the 
LLM requires substantially less time to consolidate two cases (10 s) compared to the 
human specialist (5–7 min) and the non-specialist (10–20 min). 

However, drawing definitive conclusions requires a detailed, quantitative evalua-
tion of the created case base’s functionality. To this end, we tested the knowledge base in 
a decision inference mode using the prompt described in Section 5.3. Within the frame-
work of a human evaluation approach [42], we developed a methodology for expert as-
sessment of decision inference results. Using this methodology, we obtained quantitative 
estimates and compared the inference results with and without the use of the created 
knowledge base. The evaluation methodology and the results of this comparative study 
are presented in Sections 5.4 and 5.5, respectively. 

5.3. Decision Retrieval Prompt 

The general formula for inferring a solution (Sol) in a given situation using the cre-
ated knowledge base KB is as follows: Sol =   LLMሺ𝐾𝐵, Promtୢୣୱሻ. (5) 

where KB ⊇ Case; Promptdes is the prompt used to conduct a dialogue with the user in 
order to obtain information about the problem situation according to the case structure 
(1) and to infer a recommended solution. 

The Promptdes for the problem-solving inference task is presented in Appendix A. At 
this stage, the user’s role specified in Promptdes is no longer the expert (as in the knowledge 
base formation stages), but rather the end-user of the KB DSS who is seeking to resolve the 
problem. 
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The operational methodology comprises an initialization phase, during which the 
LLM agent awaits a strictly defined user command (“Start”) for activation. This is fol-
lowed by symptom gathering through guided questions to assist the user in detailing 
the problem description. Subsequently, matching and inference are performed: symp-
toms are matched against entries in the KB, and upon a successful match, the name of 
the situation (fault) and the corresponding solution algorithm are provided verbatim 
from the KB. The process is iterative: if the initial solution does not resolve the issue, the 
agent sequentially proposes alternative causes and solutions guided by the KB. The op-
eration concludes based on strict criteria: successful problem resolution, exhaustion of 
options within the KB, or a direct user command. 

5.4. Methodology for Evaluating Knowledge Base Performance in Solution Inference 

The results of solution inference in an RAG system are influenced not only by the 
content of the knowledge cases but also by the model’s ability, guided by control 
prompts, to retrieve the relevant case, clarify missing information through user dia-
logue, and infer the prescribed solution. 

To evaluate the overall performance of the developed knowledge base using a hu-
man evaluation approach, a methodology was developed in which external expert eval-
uators (EE) assess two aspects: the dialogue process during solution inference and the 
final inference outcome. These evaluators were domain specialists not involved in the 
knowledge base development. 

This methodology enables the assessment of system performance in the absence of 
unambiguous ground-truth answers, which is particularly important for situations 
characterized by high uncertainty and variability in achieving the desired result. 

The metric set reflects classical requirements for the completeness and accuracy of 
inferred solutions, while also incorporating findings and recommendations for mul-
ti-dimensional human evaluation dimensions presented in [43,44]. 

Tables 6 and 7 present the metrics and instructions provided to the experts for scor-
ing. 

Table 6. Assessment of the Dialogs Score. 

Criterion Description Assessment 

Appropriateness of the 
Question 

The model’s interrogatives throughout the dialogue are compre-
hensible and contextually relevant to the query (the caus-

al–logical relationship between questions and responses is ex-
plicitly established) 

0–10 

Quality of Messages (Inter-
mediate Responses) 

The model’s utterances are clear, unambiguous, and contextually 
appropriate 

0–10 

Aggregate Assessment of 
the Result Acquisition 

Method (Dialogs Score) 

Computed by summing the individual criterion scores and nor-
malising through division by the maximum attainable value (20) 0–1 

Note: The following reference points are defined for the 0 to 10-point scale: 10 points (extremely 
high), 7 points (fairly high), 5 points (moderate/acceptable), 3 points (low, requires improvement), 
and 0 points (extremely low). 
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Table 7. Assessment of the Solution Score. 

Criterion Description Assesment 
Adequacy (Problem Rele-

vance) 
The underlying cause has been correctly identified (the problem 

has been accurately and comprehensively diagnosed) 0–10 

Completeness The proposed solution demonstrates completeness—it encom-
passes all actions requisite for the resolution of the problem 

0–10 

Precision The proposed solution exhibits precision—no incorrect or super-
fluous (i.e., contextually irrelevant) actions are included 

0–10 

Applicability 
The proposed solution features a clearly articulated, comprehen-
sible, and practically implementable action plan suitable for de-

ployment in the given situational context 
0–10 

Solution Score 
Computed by aggregating the individual criterion scores and 

normalising through division by the maximum attainable value 
(40) 

0–1 

Note: The following reference points are defined for the 0 to 10-point scale: 10 points (extremely 
high), 7 points (fairly high), 5 points (moderate/acceptable), 3 points (low, requires improvement), 
and 0 points (extremely low). 

A comprehensive assessment of the system’s performance, assuming equal equiva-
lence of the two considered aspects (result quality and method of obtaining the result), is 
calculated as follows: 𝑄𝑆 =  (𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛 𝑆𝑐𝑜𝑟𝑒 +  𝐷𝑖𝑎𝑙𝑜𝑔𝑠 𝑆𝑐𝑜𝑟𝑒)2 . (6) 

Or in the more general case 𝑄𝑆 =  𝛼 ∗ 𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛 𝑆𝑐𝑜𝑟𝑒 +  𝛽 ∗ 𝐷𝑖𝑎𝑙𝑜𝑔𝑠 𝑆𝑐𝑜𝑟𝑒, (7) 

where α and β are relative importance weights. 
When evaluated by multiple experts, the average QS value is calculated. 
In this assessment, we assume that a knowledge base consisting of verified cases 

necessarily contains the solution required by the user; thus, the primary challenge re-
mains the retrieval, interpretation, and application of the relevant case by the language 
model. 

5.5. Experimental Work. Comparison Solution Inference 

This section provides a comparative analysis of the inferred solutions obtained us-
ing a knowledge base built according to the proposed methodology versus those derived 
from a free-form knowledge base. 

The experiments followed the scheme shown in Figure 4. The user was provided 
with a set of cases, each comprising a problem and associated symptoms, from which a 
solution was to be derived. This set was input into the LLM + RAG system using three 
different knowledge bases in turn: a Free-Form Knowledge Base (a fragment of which is 
provided in Appendix B), a Structured Non-Consolidated Knowledge Base (fragments 
presented in Table 4), and a Structured Consolidated Knowledge Base (fragments pre-
sented in Table 5). Three different LLMs were investigated: DeepSeek (DeepSeek V3.1, 
37 billion parameters, context length 128K, temperature 0.8), Mistral AI (Mistral Large 2, 
123 billion parameters, context length 128K, temperature 0.7), and Qwen (Qwen 3.5, 122 
billion parameters, context length 256K, temperature 0.7), accessed via their official web 
interfaces. 

Consequently, nine experiments were conducted for each case (three knowledge 
bases with three LLMs). 
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Figure 4. The scheme of the decision retrieve experiment. 

Table 8 presents a comparison of solution inference from the three knowledge bases 
using the DeepSeek V3.1 model. The prompt described in Section 5.3 (Appendix A) was 
used for knowledge inference. 

The comparison was performed using an identical set of symptoms: Error F05 ap-
pears intermittently, wind affects its frequency, and the vent pipe is not iced up. 

Table 8. Comparison of the solution composition in response to the fan problem. 

Solution Inference: Free-Form Knowledge Base 
1. Reset the boiler. You may need to restart it several times for it to resume normal operation and clear the error. 
2. Go outside and inspect the exhaust pipe. Ensure the pipe is tilted slightly away from the wall so condensate can 

freely drain outward. 
3. Check for icicles on the pipe. Make sure the bell end is not completely frozen (this can happen during heavy winds

and snowfall). 
4. Remove any ice present inside or blocking the pipe. 
Solution Inference: Structured, Non-Consolidated Knowledge Base 

1. Turn off the gas and electricity supply to the boiler. Make sure the power is disconnected. 
2. Remove the boiler cover to access the fan. 
3. Disconnect the tubes from the pressure sensor. Do not touch the sensor itself. 
4. Inspect the fan: Check that the impeller rotates without play or scraping. 
5. If play (looseness) is detected, the fan must be replaced because it cannot be disassembled or repaired. 
6. Install a new fan. 
7. Clean the housing of the pipe from the fan housing side and center it using the three screws. It must not touch the

fan itself. 
8. After completing the work, reassemble in reverse order, restore gas and power, and perform a test run of the

boiler to check its operation. 

Solution Inference: Structured, Consolidated Knowledge Base 

1. Shut off the gas and electricity supply to the boiler. Ensure that the power is completely disconnected. 
2. Remove the boiler cover to gain access to the fan. 
3. Preparation for Demounting: 
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If the boiler has failed to start more than 3 times consecutively, disconnect sensor D02. 
Disconnect the pressure sensor tubes without removing the sensor itself (unless its replacement is required). 

4. Disconnect the power supply to the fan (the wire with the terminal on the circuit board). 
5. Manually check the smoothness of the impeller’s rotation. Rotation must be free, without jamming, excessive shaft

play, humming, grinding, or any other unusual noises. 
6. Actions in Case of Malfunction: 

If problems are identified (difficult rotation, play, noise): 
ATTENTION: The source materials provide differing recommendations. 
Option 1: Perform cleaning and lubrication of the bearings, if possible. 
Option 2: Replace the fan if it is non-serviceable or has play. 
It is recommended to clarify the fan model and consult the manufacturer’s instructions. 

7. If a new fan is installed or after cleaning: clean the pipe housing on the fan housing side and center it using three
screws. The housing must not touch the fan. 

8. Perform reassembly in reverse order (reconnect the pressure sensor tubes, the fan wire, and sensor D02 if neces-
sary). 

9. Restore the supply of electricity and gas. 
10. Conduct a test startup of the boiler to verify its operation. 

Analysis of the responses reveals that for the unstructured knowledge base, the so-
lution composition is generally consistent but omits several critical details. It fails to 
specify that the D02 sensor should only be touched after unsuccessful ignition attempts, 
omits the potential need for fan disassembly, and lacks the step regarding cleaning and 
centering the pipe casing. 

For the structured, non-consolidated knowledge base, only the first expert’s solu-
tion composition is inferred. There is no mention of the possible need to disconnect the 
D02 sensor, and distinctive steps from other experts are only generated upon additional 
queries. 

At the same time, as can be seen from Table 8, the solution from the structured 
consolidated database contains recommendations from all experts. This confirms the 
expediency of combining personal cases with a separate preparatory stage. 

Thus, structuring and consolidating expert knowledge prevents information loss 
and ensures the solution is inferred with all necessary refinements. 

Table 9 presents the model comparison results according to the methodology out-
lined in Section 5.4 (Formula 6). The evaluation was conducted by three expert evalua-
tors, and the table shows the final averaged results. 

Table 9. Results of model comparison when making decisions. 

 Free-Form Knowledge Base 
 Solution score Dialogs Score QS 

DeepSeek 0.35 0.47 0.41 
Mistral AI 0.25 0.43 0.34 

Qwen 0.3 0.43 0.365 
 Structured, Non-Consolidated Knowledge Base 
 Solution score Dialogs Score QS 

DeepSeek 0.65 0.60 0.625 
Mistral AI 0.6 0.60 0.6 

Qwen 0.65 0.57 0.61 
 Structured, Consolidated Knowledge Base By LLM 
 Solution score Dialogs Score QS 

DeepSeek 0.73 0.75 0.74 
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Mistral AI 0.7 0.735 0.72 
Qwen 0.73 0.73 0.73 

 Structured, Consolidated Knowledge Base by Specialist 
 Solution score Dialogs Score QS 

DeepSeek 0.80 0.80 0.8 
Mistral AI 0.77 0.77 0.77 

Qwen 0.80 0.77 0.79 
 Structured, Consolidated Knowledge Base by Non-Specialist 
 Solution score Dialogs Score QS 

DeepSeek 0.65 0.75 0.7 
Mistral AI 0.6 0.735 0.67 

Qwen 0.65 0.735 0.69 

The evaluation revealed similar deficiencies in the performance of the three models. 
For the Free-Form Knowledge Base, over-generalization of the formulations caused a 
loss of critical information. For the Structured Non-Consolidated Knowledge Base, the 
response retrieved only a single case relevant to the problem, thereby omitting the in-
formation from the remaining cases. For the Structured Consolidated Knowledge Base, 
all models successfully output the complete relevant case. 

Another notable observation is that cases developed by the domain specialist 
yielded evaluation results comparable to those of the LLM (QS: 0.77–0.80 vs. 0.72–0.74). 
In contrast, cases prepared by the non-specialist exhibited a lower QS of 0.67–0.70. 

6. Discussion 
6.1. Analysis of the Results 

The elicitation, formalization, and representation of expert knowledge for use in in-
ference algorithms remain a key challenge in the field of knowledge-based systems. 
Knowledge engineering, a discipline established to address this issue, has proposed 
various methods and models for knowledge representation, including frames, inference 
rules, and network models [43,45]. However, the process of creating knowledge bases 
and knowledge-driven inference algorithms remains extremely costly and la-
bor-intensive, often requiring substantial time and human effort. 

The idea of automating knowledge engineering activities using LLMs is highly ap-
pealing, as it could reduce the costs of building knowledge bases and potentially drive 
substantial changes in knowledge engineering practices [21]. In this pilot study, we 
proposed an approach to implement this concept and tested its feasibility using a tech-
nical case study. This case involves a complex problem situation characterized by selec-
tion ambiguity and a wide range of potential solutions. 

In our experiments, LLMs utilizing specially designed prompts successfully ac-
quired knowledge from experts, consolidated it, and organized it into a structured for-
mat. We also conducted an experimental evaluation of the acquired knowledge in the 
context of solution inference. During this process, a dialogue was established between 
the LLM and a user, who answered the model’s questions to identify the current situation 
and ultimately received the required solution. During testing, these users acted as ex-
ternal expert evaluators. 

We analyzed the results by comparing two knowledge engineering approaches: the 
traditional approach involving a human knowledge engineer (human-based approach) 
and the proposed LLM-based approach. To structure this analysis, we focused on the 
following aspects. 
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Quality of the created knowledge base. Evaluation by expert evaluators demonstrated 
that an LLM paired with a knowledge base structured as consolidated cases achieves 
higher performance in decision inference compared to an unstructured, non-consolidated 
knowledge base. However, this does not imply that the LLM-based approach guarantees 
superior results compared to the human-based approach. The results in Table 9 indicate 
that a consolidated case generated by the model yields better decision inference metrics 
than a case consolidated by a non-specialist. Nevertheless, a case consolidated by a do-
main specialist achieves higher QS values. 

In practice, the quality of the knowledge base depends heavily on the selected ex-
perts, the qualifications of the knowledge engineer (in the human-based approach), and 
the chosen model and prompts (in the LLM-based approach). In either case, testing and 
trial operation are necessary to validate the constructed knowledge base. 

Time costs. We assume that the time required for selecting experts, physically im-
plementing the knowledge base, testing it, and conducting trial operations will be similar 
for both approaches. Time savings are primarily achieved in the processes of eliciting and 
consolidating knowledge cases. In our experiments, the time required to form an indi-
vidual case through dialogue with an LLM was approximately 3 to 5 min, depending 
largely on the interviewed expert. Notably, a human knowledge engineer did not directly 
participate in this procedure. The time required for case consolidation using an LLM is 
determined by technical factors—including model parameters, network latency, and 
software interface performance—and amounted to approximately 10 s. In contrast, hu-
man attempts at knowledge consolidation proved to be highly labor-intensive. This 
process required not only significant time (4 to 6 min for a specialist and 15 min for a 
non-specialist to consolidate two cases) but also domain expertise. This latter require-
ment poses a particularly significant obstacle to creating collaborative knowledge bases, 
as it would necessitate involving experts not only for knowledge elicitation but also for 
consolidation. 

It should also be noted that implementing an LLM-based approach, like any auto-
mation of human activity, incurs costs for developing and testing prompts and applica-
tion software. These costs are justified if the developed solutions are subsequently repli-
cated across a wide range of recurring implementation scenarios. 

Qualification requirements. The traditional human-based approach demands a high 
level of qualification from the knowledge engineer, necessitating the involvement of 
professionals who specialize in expert knowledge elicitation. 

Conversely, the LLM-based approach requires specialists to design, test, and tune 
prompts for specific problem domains, thereby introducing new qualification require-
ments for knowledge base developers. It is unlikely that LLM-based systems engineering 
will completely eliminate the knowledge engineer from the development process. 
However, it will likely transform the nature of their work, shifting the focus from direct 
human communication to organizing AI-human interaction and prompt engineering. 

6.2. Study Limitations 

This research is a pilot study, limited by the small volume of data and the limited 
number of cases tested within a single problem domain. While the obtained results 
support the feasibility of the LLM-based approach, they do not confirm its general ap-
plicability. 

The present study did not address the issues of selecting and forming expert groups 
for knowledge base construction, although these issues may be of critical importance in 
the development of a DSS. Likewise, the current study did not address the identification 
of contradictions or the reconciliation of expert opinions during knowledge base creation 
and functionality evaluation. These are traditional challenges in knowledge engineering 
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and expert evaluation. While applying LLMs to these issues shows promise, identifying 
contradictions and evaluating the consistency of expert opinions were beyond the scope 
of this stage and will be addressed in subsequent research on the LLM-based approach. 

Another limitation is the use of simplified external evaluation procedures to verify 
the knowledge base being created. While both human evaluation and the 
LLM-as-a-judge approach are used to evaluate LLM outputs [46,47], our pilot study re-
lied exclusively on human experts. For future full-scale research, we plan to develop a 
prompt system and implement the LLM-as-a-judge approach using AI agents. This 
would enable more extensive testing across a larger number of cases, yielding statistically 
significant results and allowing for more robust conclusions regarding the proposed ap-
proach. 

A further concern raised by the reviewers was the need to investigate critical issues 
such as the safety of technical systems. Due to the inherent characteristics of LLMs, they 
may be prone to hallucinations or inaccuracies even within RAG-based systems, and the 
prompts employed have a significant impact on this [24]. Consequently, the trouble-
shooting solutions proposed by an LLM can affect both system functionality and envi-
ronmental safety. Therefore, in LLM-based decision support systems (DSS), alongside the 
traditional verification and validation procedures, it becomes essential to also assess the 
suitability of prompts and select the appropriate language model. 

Importantly, we emphasize that the proposed approach is not yet ready for direct 
operational deployment. Any practical application must be preceded by expert verifica-
tion, strict compliance with manufacturer documentation and applicable safety regula-
tions, and comprehensive field testing under real-world conditions. Until such validation 
has been completed, the approach should be regarded as a research prototype rather than 
a production-ready tool. A systematic analysis of the security issues associated with 
LLM-based decision support systems thus remains a key direction for future work. 

In summary, the LLM-based approach has demonstrated its feasibility for con-
structing a knowledge base within a specific subject domain. It holds the potential to 
reduce the time required to create knowledge bases, especially collaborative ones, and 
can lower the qualification requirements for knowledge engineers regarding direct ex-
pert communication. However, the practical implementation of this approach requires 
further research and experimentation to develop a robust methodology and a 
cost-effective technology for LLM-based knowledge engineering. 

6.3. Directions for Future Development 

Large language models facilitate the relatively straightforward creation of ques-
tion-answering systems [44]. However, the capabilities of LLMs extend far beyond sim-
ple question answering. By leveraging domain-specific knowledge bases and RAG 
technology, LLMs can propose solutions in complex situations at the level of a domain 
expert, while also justifying and explaining their conclusions and recommendations in 
professional, comprehensible language. 

These exact capabilities were envisioned in the classical architecture of expert sys-
tems, which remain a quintessential example of knowledge-based systems [43,48]. The 
practical implementation of explainability requires the development and investigation of 
appropriate prompts and AI-human interaction algorithms. In this regard, the concept of 
LLM agents configured to perform specific tasks using dedicated prompts and tools is 
highly promising [49]. Specifically, distinct agents can be designed for knowledge elici-
tation, consolidation, solution verification, and explanation. This research direction 
aligns with the frontiers in machine learning and knowledge extraction identified by A. 
Holzinger, L. Longo et al. in [50], specifically Frontier 04: Foundation Models, LLMs, and 
AI Agents. 
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Utilizing structured knowledge representation enables more accurate and faster in-
ference compared to using unstructured texts in vector database-driven ques-
tion-answering systems [51]. In this study, we employed a case-based structure for 
knowledge representation, encompassing descriptions of events, causes, and actions. 
While this serves as a foundational model for knowledge structuring, it is not the only 
viable option. A comparison with other knowledge representation methods, as well as 
with emerging RAG frameworks (e.g., Lightrag [52], AtomRAG [53]), lies beyond the 
scope of this study. However, future developments in LLM-based knowledge engineer-
ing may incorporate other structuring models, including knowledge graphs, ontologies, 
and production rules. The choice of a specific knowledge representation model will likely 
be dictated by the characteristics of the problem domain, the specific tasks, and the op-
erational conditions for which the DSS is being developed. 

Concurrently, critical attention must be paid to investigating and mitigating issues 
such as hallucinations and hallucinatory generalizations in language models. 

We also identify potential for applying the LLM-based approach to develop novel 
systems for assessing the knowledge and qualifications of students and professionals. 
This is particularly important for training operational and dispatch personnel in complex 
technical systems to make decisions during undesirable or emergency events. Such per-
sonnel include air traffic controllers, power plant operators, pipeline dispatchers, and 
similar roles. Currently, LLMs are already being used to assess student knowledge 
through testing, evaluating written work, and analyzing responses [54,55]. The 
LLM-based knowledge engineering approach enables learners to create their own indi-
vidualized knowledge bases.. Subsequently, evaluating these knowledge bases by com-
paring them with expert knowledge or by assessing their application to problem-solving 
could establish a novel method for evaluating professional qualifications. Thus, a highly 
promising direction emerges for future research in the field of LLM-based expert 
knowledge systems. 

7. Conclusions 
The main results of this study are summarized in the following conclusions. 
We proposed an LLM-based knowledge engineering approach that streamlines the 

elicitation, formalization, and integration of expert knowledge to create collaborative 
knowledge bases. 

To evaluate the proposed approach, we conducted a pilot study and developed a 
model for structuring textual knowledge representation using the 
“Event–Cause–Symptom–Action” framework. Furthermore, we designed and tested 
specialized prompts for interviewing domain experts, generating individual knowledge 
cases, and consolidating them into a unified knowledge base. 

To assess the functionality of the constructed knowledge base, we proposed an 
evaluation methodology based on its application for decision inference during an inter-
active dialogue between an LLM and an expert evaluator. We also developed an 
end-to-end implementation of the proposed approach using a technical case study, which 
confirmed the feasibility of the “LLM-as-knowledge-engineer” concept for solving prac-
tical problems. 

The novelty stems from the presented LLM-based approach for creating collabora-
tive knowledge bases. It includes the model representation of knowledge as structured 
cases (Event–Cause–Symptoms–Action) coupled with a procedure for knowledge elici-
tation and consolidation. This integration enables retrieving more accurate decisions 
from the knowledge base while accounting for potential contradictions in experts' 
knowledge. Without integration and formalisation into the proposed structure, 
knowledge may be lost during the decision retrieval process. The potential efficiency of 
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the approach is demonstrated by the results in Table 8, the evaluation represented in 
Table 9, and the illustrative examples in Supplementary Materials. 

However, it is worth emphasizing that the results indicate feasibility rather than 
confirm the broad applicability of the proposed approach. The results are not statistically 
conclusive. Further investigation should include assessment of standard deviations, con-
fidence intervals, inter-rater agreement, and significance testing. 

In general, this study once again demonstrates that the emergence of modern LLM 
systems may mark a new stage in the development of intelligent systems based on expert 
knowledge, capable of solving time-consuming and practically significant tasks through 
effective human-AI interaction. 

Supplementary Materials: The following supporting information can be downloaded at: 
https://github.com/diglukhikh/collab_kb_experimental/blob/171c41b7fcc9a65c9699bdf714e5d1e71e
e84c93/links accessed on 28 May 2026) This repository contains experimental chat logs from the 
DeepSeek and Qwen AI models, documenting the consolidation of complementary knowledge 
bases for diagnosing error F05 (turbine malfunction). The experiments encompass: (1) the merging 
of individual cases #1, #2, and #3; (2) the resulting final consolidated knowledge bases; and (3) a 
comparative analysis of decision retrieval based on three configurations: the specialist-driven 
knowledge base, the free-form knowledge base, and the LLM-consolidated knowledge base. These 
materials provide the raw data necessary for evaluating knowledge integration and retrieval per-
formance in technical troubleshooting domains. 
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DSS Decision Support Systems  
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KB DSS Knowledge-Based Decision Support Systems  
RAG Retrieval-Augmented Generation 
CBR Case-Based Reasoning 
NLP Natural Language Processing 
NER Named Entity Recognition 

Appendix A. Decision Retrieval Prompt 
You are a gas boiler repair expert. Your task is to determine the cause based on the 

user’s description and suggest steps to resolve it, strictly relying only on the knowledge 
base provided below. 

You must identify the problem both by the description of symptoms or manifesta-
tions and by a similar description of an event. Critical operating rules: 
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1. It is forbidden to use any sources of information other than the specified knowledge 
base. 

2. It is forbidden to invent technical details, parameters, part names, or diagnostic 
methods not present in the base. 

3. It is forbidden to give recommendations not confirmed by points in the knowledge 
base. 

4. If the base has no data on the user’s question, give the answer: “Unfortunately, there 
is no data on this question in the knowledge base.” 

5. It is forbidden to write anything except the initial phrase before the user starts the 
dialogue! 

6. When communicating with the user, do not mention the existence of the knowledge 
base. 

7. If the user described symptoms or a situation (problem), write the name of that sit-
uation according to the knowledge base. 

After receiving the prompt, write the initial phrase: “All clear, let’s begin!” To start 
the dialogue, write: “Start.” 

Procedure only after the user’s command: 
Reply: “Describe your problem.” 

8. Ask the user for a problem description with leading questions to be able to provide 
one specific solution from the knowledge base. 

9. After the problem description: a. Match the symptoms with the list of errors from 
the base. b. Select the corresponding cause and write out the solution steps. c. If the 
user says the problem is not resolved, then ask leading questions about another 
cause. Then propose its solution. d. Ask questions until the causes and solutions in 
the database are exhausted or the user says the problem is resolved. 

10. If the user says the problem is resolved, then end the dialogue: “Can I help with 
anything else?” 

11. If the causes and solutions in the knowledge base are exhausted and the problem is 
not resolved, say: “Unfortunately, I cannot solve your problem!” 

12. Upon a request to end the dialogue, immediately reply: “All the best!” 
13. In response to the user’s thanks, immediately reply: “All the best!” 

Knowledge base (the only permitted source): {Knowledge base} 
Note: In the pilot study, the Promptdes was utilized to process a limited set of events 

(specifically, the F05 error). In a production deployment of the KB, this prompt should be 
augmented with an event identification module and corresponding rules. This en-
hancement will enable the LLM agent to accurately locate the case corresponding to a 
specific event within the knowledge base and engage in an interactive dialogue to clarify 
symptoms and potential causes. 

Appendix B. Experimental Non-Structured Knowledge Base 
Base 1: Error 05 on the boiler. Signs that the turbine is faulty: if the error appears 

once every few hours, or if there is strong wind blowing directly into the exhaust pipe. 
What to do: turn off the gas and electricity, then remove the boiler cover. If the boiler has 
failed to start more than three times in a row, before removing the fan itself, disconnect 
the D02 sensor and detach its wire from the control board. Manually spin the impeller. It 
is important that it does not feel stiff, wobble on the shaft, or produce a humming sound. 
If any of these issues are present, the impeller needs to be either cleaned or replaced. Af-
ter that, reassemble everything in the reverse order. Restore power and gas supply; the 
boiler should start, though possibly not on the first attempt. 
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Base 2: Error 05 on the boiler. Signs that the turbine is faulty: when the wind inten-
sifies from the direction of the exhaust pipe, and the error occurs every few hours. How 
to remove the fan: turn off the gas and electricity, then remove the cover. Disconnect the 
tubes from the pressure sensor. Next, inspect the fan. Its rotation should be smooth, 
without any play or grinding noise. If the rotation is stiff, if there is play, or if you hear a 
hum or grinding, then the bearings need cleaning and lubrication, or the entire fan must 
be replaced. After completing these steps, reassemble all components, turn the electricity 
and gas back on, and start the boiler. 

Base 3: Error 05 on the boiler can indicate several different issues. First, it may be 
due to poor removal of exhaust gases. Check the flue pipe through which the exhaust 
gases are vented. It should not be iced over; any ice must be cleared away, including 
from inside the pipe. This ice forms from frozen condensate. Once you have cleaned the 
pipe, try restarting the boiler by unplugging it from the power outlet for 10 min; the er-
ror should reset itself. Second, this error can be caused by a faulty temperature sensor. In 
that case, the sensor will need to be replaced. To determine if the sensor is likely the 
problem, the proper method is to measure its resistance. Based on symptoms from my 
experience, in such cases the error typically appears immediately after a reboot or within 
30 to 60 min of operation. 

Base 4: In my experience, most cases of this error are due to dirty heat exchangers. 
There is a gas heat exchanger and a plate one. Soot builds up in them over time. A faulty 
fan or turbine is also a possibility. Its bearings wear out, and it starts rotating worse. If 
you spin it by hand, it will feel stiffer than a new one and might have some play. It could 
also hum. You can replace it yourself, as they are sold in online stores. If you want, you 
can try to repair the old one, but they are typically not designed to be taken apart. In any 
case, always follow safety procedures. Turn off the gas and electricity supply before 
working on the boiler. Always use a gas detector. I don’t recommend checking the fan 
draft with matches. Before removing the fan, avoid touching the pressure sensor; in-
stead, disconnect its tubes. Before installing the new fan, remember to clean the exhaust 
housing and center it using the three bolts so that it does not touch the fan itself. 
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