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Abstract. The Decision Model and Notation (DMN) standard provides a unified framework for the representation of business decisions,
with decision tables constituting its central construct. Despite the advantages offered by the manual creation of DMN decision tables
from textual descriptions in terms of transparency and analysis, the process is time-consuming and prone to errors. This results in a
discrepancy between the textual rules and the formal structures required for automation. The proposed framework integrates Large
Language Models (LLMs) with Retrieval-Augmented Generation (RAG), facilitating the automated conversion of natural language
descriptions into decision tables. The framework utilises a modular pipeline comprising schema injection, retrieval of relevant domain-
specific data, prompt composition, generation, and validation. This design guarantees that the resulting decision tables comply with
DMN's rigorous XML-based specification while also capturing the contextual meaning of the original rules. A significant challenge in
relying exclusively on LLMs is their proclivity to hallucinate or deviate from the required format. The integration of RAG has been
demonstrated to mitigate these issues by grounding generation in reliable sources, enhancing both factual accuracy and structural
consistency. The experimental results demonstrate that the LLM-RAG configuration significantly enhances the precision and robustness
of generated DMN decision models, producing valid and contextually appropriate outputs with minimal human intervention. The
advancement of automation in the field of decision modelling has the potential to enhance the efficiency, transparency and adaptability
of decision-making processes. The findings indicate a pathway towards scalable, explainable, and verifiable decision automation across
diverse business domains.
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1. Introduction

In today's data-driven economy, organisations increasingly rely on formalised decision models to ensure
consistent, transparent, and adaptable operations (Mugunzva & Manchidi, 2024; Gavaza, 2025; Spankova &
Sochul’akova, 2025). The Decision Model and Notation (DMN) standard, developed by the Object Management
Group (OMG), has emerged as a leading framework for modelling complex decision logic using structured
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decision tables (Calvanese, Dumas, & Maggi, 2018). These tables allow business users and analysts to formalise
rule-based decisions in a format that is both machine-readable and human-interpretable. However, despite the
growing adoption of DMN, the process of manually creating decision tables from natural language rules remains
labour-intensive, error-prone, and inaccessible to non-experts.

A decision table is one way to represent the decision logic associated with a Decision Requirements Diagram
artefact. The table includes all necessary inputs for determining the outputs for every possible combination of
inputs. Decision tables, along with hierarchical structures of decision tables, are a well-established method for
representing decision logic (Arco et al., 2021; Vandevelde, Aerts & Vennekens, 2023; van Woensel & Motie,
2024).

The rapid advancement of Large Language Models (LLMSs), such as GPT-4 and Claude 3.5, has opened new
possibilities for automating decision model generation. These models are capable of interpreting natural
language instructions, identifying decision variables, and producing structured outputs. Recent research has
demonstrated that LLMs can generate basic DMN tables from unstructured text, but challenges persist in
ensuring rule completeness, exclusivity, and logical consistency. Furthermore, standalone LLMs often suffer
from hallucinations, especially when critical domain-specific knowledge is missing. To address these
limitations, the integration of Retrieval-Augmented Generation (RAG) has been proposed. RAG improves
generation accuracy by allowing the model to query external knowledge bases during inference, thereby
grounding outputs in relevant, up-to-date information. Combined with schema-aware prompting and post-
generation validation tools, this approach significantly enhances the reliability of LLM-generated DMN tables.

This research investigates how LLMs and RAG can be jointly leveraged to automate the generation of DMN
decision tables from natural language. We analyse the structure of DMN models, identify key bottlenecks in
their manual creation, and propose a framework that enables automated generation, validation, and deployment
of decision logic. Through empirical testing and literature-driven analysis, we aim to reduce the complexity of
DMN modelling and move toward scalable, LLM-driven decision automation.

The primary aim of this research is to develop and evaluate a modular framework for the automated
transformation of natural language business rules into DMN decision tables by leveraging LLMs enhanced with
RAG. The study seeks to address the challenges of schema compliance, logical consistency, and factual
grounding in the automatic generation of decision logic.

To achieve this aim, the study pursues the following objectives: (1) to analyse existing approaches to DMN-
based decision modelling and identify the key limitations of manual table construction; (2) to explore the
capabilities and constraints of LLMs in generating structured DMN models from textual descriptions; (3) to
design a hybrid architecture integrating schema injection, retrieval, prompt composition, generation, and
validation components; (4) to conduct empirical testing comparing the performance of LLM-only and
LLM+RAG configurations in a realistic decision-making scenario; and (5) to evaluate the impact of RAG on
the accuracy, completeness, and reliability of automatically generated DMN tables. Accordingly, this research
is guided by the following questions:

(1) To what extent does the integration of RAG improve the accuracy and completeness of DMN decision tables
generated by LLMs?

(2) How do schema injection and retrieval mechanisms contribute to reducing structural and logical
inconsistencies in automated model generation?

(3) What is the potential of the proposed framework to enable scalable, explainable, and verifiable decision
automation across business domains?

2. Literature Review
The DMN model is specifically designed for business professionals with the decision table as its core construct.
Key elements within DMN tables are built upon FEEL, the standard DMN language, which is based on a simple

data model and uses three-valued logic (true, false, null). We can highlight several key elements. An Information
Item Name identifies what the table represents, typically linked to the decision logic. The table includes input
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clauses made up of simple input expressions, such as names or conditions, and may define allowed values.
These inputs serve as the basis for the rules within the table. Outputs are defined through the output clauses,
each containing a name and specifying allowed output values. The decision table's rules collectively establish
how particular combinations of input values lead to specific outputs, forming a clear, structured approach to
decision-making. The rules can be presented in rows or columns, depending on the table's orientation. Thera are
normally several rules, which do not overlap. The hit policy indicator is required to recognise the table type and
understand the decision logic.

Empirical applications, particularly in complex domains such as healthcare, underscore the practical utility of
DMN in automating decision-intensive processes. By enabling decisions to be modelled and evaluated
independently, DMN improves decision quality, supports transparency, and enhances organisational
adaptability to frequent changes in business rules. Thus, DMN decision tables are an essential tool for advancing
automated decision-making processes in diverse operational contexts (Corea et al., 2024).

The goal of DMN is to provide the necessary constructs for decision modelling, allowing to be automated. With
the growing adoption of DMN decision tables, there is an increasing need for a comprehensive analysis of these
tables. Findings indicate that model complexity decreases when processes are distilled to their essence, avoiding
hard-coded decision logic (Funk, 2023). The introduction of the DMN standard has sparked a variety of
technical and empirical studies focused on decision models created using DMN (Fernandez et al., 2023).

The integration of DMN with BPMN represents a paradigm shift in how organisations manage and automate
their workflows. In practice, BPMN activities that require decision-making, such as "business rule tasks," can
reference DMN decision models. These references link the inputs and outputs of a BPMN process to the
decision-making logic encoded in DMN tables. For instance, in a procurement process, a BPMN task to approve
purchase orders can utilise a DMN decision table to evaluate the order's compliance with business policies and
budget constraints. This linkage ensures that processes remain consistent, and decisions are executed uniformly,
regardless of the process context (Etikala, 2021). . By providing a standardised framework for integrating
processes and decisions, the BPMN-DMN synergy enables organisations to streamline their operations and
adapt more effectively to a dynamic business landscape (Kanyuka & Mahfoud, 2024).

The automation of DMN table generation using LLMs represents a significant advancement in decision
automation. Traditional DMN modelling relies on manual rule definition, requiring domain expertise and time
investment. The integration of LLMSs into this process offers the potential to streamline DMN table generation
by transforming natural language descriptions into structured decision logic (Boonmepipit & Suwannasart,
2019). While LLMs have demonstrated strong capabilities in structured data generation, several key challenges
remain when applying them to DMN maodelling.

Ensuring schema compliance is one of the primary challenges in LLM-driven DMN table generation. Since
DMN tables are implemented in an XML-based format, every generated table must adhere to predefined input
clauses, output clauses, hit policies, and decision rules to be executable in DMN engines. However, LLMs,
when generating structured XML outputs, often introduce formatting inconsistencies, such as missing attributes,
incorrect nesting, or misaligned column structures. These errors primarily arise due to the probabilistic nature
of LLMs, which prioritise fluency over strict schema adherence, leading to schema deviations that require
manual correction (Estrada-Torres et al., 2024; Tam et al., 2024). One proposed solution is schema-aware
prompting (Corea et al., 2019), which explicitly includes XML-based DMN templates in the prompt to enforce
structural integrity. Additionally, format-restricting instructions and structured schema constraints have been
shown to improve LLM compliance with XML-based decision tables. However, research highlights a trade-off
between schema rigidity and reasoning performance, as excessively constrained generation can degrade the
model’s ability to produce contextually appropriate outputs.

LLM-generated DMN tables must maintain logical consistency to ensure that rules do not contradict each other,
cover all necessary conditions, and align with the specified decision logic. However, due to the stochastic nature
of LLM outputs, generated decision tables often contain conflicting rules, redundant conditions, or missing
dependencies, leading to inconsistencies in decision automation (Goossens et al., 2022). These logical
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inconsistencies are particularly problematic in domains where decision logic involves multi-variable
dependencies and cascading rule applications. To address this, post-generation validation frameworks have been
explored, enabling automated rule verification and conflict detection (Shorten et al., 2024). Some approaches
integrate constraint-based verification systems, where generated DMN tables are analysed against predefined
business logic constraints to ensure compliance. Additionally, iterative refinement techniques, where LLM-
generated tables undergo secondary validation using rule-checking models, have demonstrated improvements
in logical accuracy (Berkovitch et al., 2025).

A major limitation of LLM-generated DMN tables is hallucination, where the model produces non-existent or
logically incorrect decision rule (Calvanese et al., 2018). Unlike traditional errors, hallucinations appear as
plausible but fabricated rules, often leading to incorrect decision-making outputs. These errors occur because
LLMs generate content based on statistical inference rather than direct retrieval of domain-specific knowledge,
making them susceptible to introducing unsupported rules or fabricated dependencies (Li et al., 2022). To
mitigate hallucination, retrieval-augmented generation has been proposed as an effective strategy, allowing
LLMs to retrieve validated decision rules before generating outputs (Goossens et al., 2023). This method
significantly reduces the likelihood of hallucinations by anchoring model outputs to pre-existing, verified
decision logic. Additionally, schema-aware constraint injection has proven effective in minimising hallucinated
rules in DMN tables (Tavantzis et al., 2023).

Complex formula generation is essential for DMN automation, as many decision models require mathematical
computations and logical expressions rather than simple rule-based conditions (Bork et al., 2023). LLMs must
not only generate syntactically correct formulas but also ensure they align with Friendly Enough Expression
Language, the standard for DMN expressions (Leewis et al., 2024). However, maintaining both syntactic and
logical correctness remains a challenge, as LLMs often introduce errors such as invalid syntax, missing
dependencies, or logically inconsistent calculations (Liu et al., 2024).

Additionally, validation mechanisms play a crucial role in ensuring correctness (Goossens et al., 2023).
Syntactic validation checks generated formulas against FEEL grammar rules, preventing syntax errors, while
semantic validation ensures that computed outputs align with expected decision outcomes. By integrating these
approaches, LLM-driven DMN automation can achieve more reliable formula generation, reducing the need for
manual corrections and improving decision-making accuracy in real-world applications. Ensuring the
correctness of LLM-generated DMN tables requires robust validation mechanisms to detect syntax errors,
logical inconsistencies, and missing conditions (Liu et al., 2024). While manual validation is an option, it is
inefficient for large-scale decision automation (Jeong, 2023). Research suggests that automated rule validation
frameworks can significantly improve the reliability of DMN tables by systematically checking for structural
completeness and logical soundness.

One approach to validation is formal verification, where decision tables are analysed using geometric
representations and dependency graphs to detect overlapping or missing rules. Another strategy involves test
case validation, where generated DMN tables are executed against sample datasets to verify that outputs align
with expected decision outcomes (Funk, 2023). Combining these techniques with machine learning-based
anomaly detection further enhances the accuracy and reliability of LLM-generated decision models.

Large Language Models have emerged as a transformative tool for automating the generation of DMN tables,
enabling the structured representation of decision logic directly from natural language inputs (Bork et al., 2023).
Traditional DMN modelling requires manual definition of input conditions, rules, and outputs, which can be
both time-consuming and prone to inconsistencies. By leveraging LLMs, organisations can streamline this
process, reducing manual effort while improving scalability and accessibility for non-technical users. However,
despite their promise, LLMs face several technical challenges when applied to DMN table generation, including
schema compliance, logical consistency, hallucination control, and complex formula generation. One of the
primary obstacles in LLM-based DMN automation is schema adherence, as decision tables must conform to a
strict XML-based format with predefined structures. Studies show that when LLMs generate structured XML
or JSON outputs, they often struggle to maintain correct formatting, leading to missing attributes, incorrect
clause definitions, or invalid hit policy assignments (Salinas & Morstatter, 2024). These issues arise because
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LLMs generate text probabilistically rather than following a rigid schema. Approaches such as schema-aware
prompting and format-restricting instructions have been explored to mitigate these errors, ensuring better
compliance with DMN standards (Etinger et al., 2019).

Another critical challenge is logical consistency, as DMN decision tables require non-contradictory, exhaustive
rule coverage. LLMs, however, tend to introduce redundant or conflicting rules when generating decision logic,
particularly in complex tables that require interdependent rules. Ensuring that generated DMN tables maintain
logical soundness often requires post-generation verification through automated validation frameworks. Some
research suggests integrating rule-based validation mechanisms that can automatically detect and resolve
conflicts, improving the reliability of LLM-generated decision models (Goossens et al., 2023; Woensel & Motie,
2024).

To enhance decision accuracy and reduce hallucination, retrieval-augmented generation has been proposed as a
method to ensure LLM-generated DMN tables align with verified decision logic (Calvanese et al., 2018). Instead
of relying solely on generative inference, LLMs retrieve validated decision rules from existing datasets before
generating outputs, reducing the risk of fabricated or inconsistent rules. Experiments indicate that integrating
structured retrieval with generative outputs significantly improves the factual consistency of generated DMN
tables, especially in domains where regulatory or business constraints dictate decision structures.

Beyond retrieval-based improvements, formula generation within DMN tables remains a key limitation for
LLMs. Many decision models require computed attributes, such as calculating a credit score based on financial
parameters or determining eligibility based on derived conditions (Leewis et al., 2024). LLMs, when prompted
to generate formulas, frequently produce syntactically valid but logically flawed expressions. Methods such as
multi-step decomposition, where models generate formulas iteratively rather than in a single pass, have shown
promise in improving accuracy (Liu et al., 2024).

While these advancements improve the reliability of LLM-driven DMN generation, further challenges remain
in scalability, adaptation to domain-specific constraints, and the ability to refine decision logic dynamically.
Future research should focus on embedding rule validation directly into the generation pipeline, enabling LLMs
to detect errors in real-time rather than relying solely on post-processing corrections (Jeong, 2023).
Additionally, enhancing adaptive schema enforcement techniques and domain-specific fine-tuning will be
critical for making LLM-driven DMN automation robust enough for real-world applications.

3. Background

This paper presents a series of case studies that illustrate the practical applications of DMN tables in automated
decision-making processes. Each scenario highlights how DMN enables organisations to address specific
challenges, such as streamlining operations, improving decision quality, and adapting to changing business
rules. These examples demonstrate the versatility and effectiveness of DMN in diverse industries. By examining
these case studies, we aim to showcase the potential of DMN tables to revolutionise decision-making processes,
offering insights into their implementation and impact. The scenarios presented not only provide a deeper
understanding of DMN's capabilities but also underline its importance in achieving scalable, efficient, and
accurate decision automation.

Scenario 1. Automated University Admission Screening Using DMN Decision Tables

In this case study, we explore the application of DMN decision tables in automating the university admission
process to filter applicants based on their academic performance. The DMN table evaluates students'
qualifications based on their declared department and scores in specific subjects such as Math, Physics, and
English, along with an optional criterion like a motivational letter score. The automation process leverages the
"Automatic Decision™ column to determine whether a student's application should be accepted, declined, or
requires further clarification (Figure 1).

The workflow begins when a student submits their application, specifying the desired department and the scores
achieved in relevant subjects. The system, using the DMN table, cross-references these scores against
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predefined criteria for each department. For instance, a student applying to the "Computer Science" department
must meet a minimum score in Math or Physics to be considered, as shown in the rules of the decision table.
Based on the table's calculations, an automatic decision is made, and the student is notified accordingly. This
automated decision-making significantly reduces the workload of the admissions committee by eliminating the
need to manually review applications that fail to meet minimum requirements or clearly qualify based on high
scores. Students who do not meet the standards receive a rejection notification ("DECLINE"), while those who
qualify are informed of the university's interest ("ACCEPT"). Applications requiring additional information,
such as borderline cases or incomplete submissions, may trigger a request for clarification ("CLARIFY™").

Students Acceptance Criteria | Hit policy: | First v
When And And And And Then |
Department Math Physics English Geography @ Automatic Decision @
string integer integer integer integer string
1 |"Computer Science" < 138 - - - "DECLINE"
2 |"Computer Science" > 180 > 170 - - "ACCEPT"
3 |"Computer Science" > 180 - > 170 - "ACCEPT"
4 |"Physics and Astronomy" = < 145 = - "DECLINE"
5 |"Physics and Astronomy" > 160 > 185 - - "ACCEPT"
6 |"Physics and Astronomy" - > 185 = > 170 "ACCEPT"
i - - - - - "CLARIFY" _EPMIE

Figure 1. Students Acceptance Criteria Table
Source: Own work

The implementation of DMN decision tables in this context demonstrates the potential to streamline university
admission processes by focusing committee resources on complex cases that require human judgment. This
approach not only enhances efficiency but also ensures consistency in decision-making. By automating routine
evaluations and focusing on candidates who meet or exceed criteria, universities can maintain a fair and
transparent selection process while effectively managing high application volumes.

Scenario 2. Automated Gift Selection for Customers

In this case study, we explore the application of DMN decision tables in automating the process of selecting
gifts for customers based on predefined criteria such as birthdays, holidays, and the value of their previous
purchases. The decision table is used to evaluate a customer’s eligibility for a gift, making the process quicker
and more efficient while ensuring consistency in how customers are rewarded (Figure 2).

Gift Selection for Customers | Hit policy: First v
When And And
And Then And
Has Birthday Last Purchase Last Purchase .
Today Is Holiday Today Category Price Q Coupon Category Decision
boolean boolean string decimal sting

1 |true false “Electronics" > 1000 “Celebrate the client!" |"1@% discount on accessories"

2 |true true "Any" > 750 "Holiday appreciation" "‘Free shipping on next purchase"

3 |false true "Clothing" > 1000 "Bring back the client" |"1@% discount on all clothing"

4 |false true "Remind the client" "‘Special offer for the first mt}ase

Figure 2. Gift Selection for Customers Table
Source: Own work

The process begins when their birthday or a holiday occurs. The system checks the customer's data, including
the type of their last purchase, their spending amount, and whether today is a special day like their birthday or
a recognised holiday. Using the DMN table, the system then determines which gift or promotional offer to
provide based on the combination of conditions. After the table processes the input data, the “Decision” column
provides an automatic decision: the customer either receives a special offer or is reminded about an exclusive
promotion. For instance, if it’s the customer’s birthday and they purchased electronics worth over $1000, they
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might receive a 10% discount on accessories. If it’s a holiday and the last purchase was any item over $750,
they might be given free shipping on their next purchase.

This automated decision-making significantly reduces the workload on marketing teams, as it eliminates the
need for manual gift selection. Customers who meet the criteria automatically receive a notification of their gift
or offer, ensuring that the process is fast, efficient, and personalised. By automating these decisions, the business
can focus resources on more complex tasks, while ensuring that customers who qualify for rewards based on
simple criteria are quickly and consistently recognised.

Scenario 3. Alternative Program Recommendations for University Applicants

In this case study, we examine how DMN decision tables can automate the process of recommending multiple
alternative academic programs to university applicants who do not meet the criteria for their first-choice
program. This approach leverages the capability of DMN tables to generate multiple results, offering students
a range of suitable options based on their academic profile and additional qualifications.

When a student submits an application, including their preferred program, academic scores in relevant subjects,
and optional data such as motivational letter scores or extracurricular achievements, the system uses a DMN
decision table to evaluate their eligibility across various programs. Unlike systems that return a single decision,
the DMN table identifies all programs the student qualifies for and ranks them based on fit (Figure 3).

Alternative Program Recommendations for University Applicants | Hit policy: Rule order v

When And And And Then And
First-Choice Program Math Score English Score Extracurriculars @  Recommended Programs Reasoning [+]
string integer integer string string string
1 |"Computer Science® < 160 _ wTech Club® ‘E Inﬂ?rmatmn Tgchr}clngy ’ angr math requirement, strong extracurricular
Applied Computing"] profile in technology.”
2 |“Engineering® = 0 > SR _ ["Digital Media", “General High English score aligns with creative and
Studies"] general education programs.
"Relevant extracurricular activities compensate for
3 |"Computer Science" < 160 - "Robotics Club” ["Applied Computing"] " P
lower Math grades.
"Dy ifi hi f
4= < 140 < 140 _ ["General Studies"] oes not meet specific thresnolds, recommended for
a broad foundational program.
5 |"Computer Science" > 165 > 185 _ [ Irnfurmatmn Technology", Strong English score and moderate Math performance
"Digital Media"] suggest technical programs."

BPMN.iD

Figure 3. Alternative Program Recommendations for University Applicants Table
Source: Own work

For instance, a student applying for "Computer Science" but failing to meet the Math requirement might receive
recommendations for both "Information Technology” and "Applied Computing,” especially if their
extracurricular activities align with these programs. Similarly, a student with strong English skills but lower
Science scores could be offered both "Digital Media" and "General Studies," giving them flexibility in choosing
an academic path. This multi-result capability allows universities to provide applicants with personalised
options while reducing manual evaluation efforts. By presenting a comprehensive list of alternative programs,
along with explanations for each recommendation and clear next steps, the system ensures that students feel
valued and supported. This approach demonstrates the flexibility and power of DMN decision tables in
automating complex, multi-outcome decision-making processes.

In this scenario, the DMN decision table operates under the “Hit Policy: Rule Order”, which ensures that all
matching rules are evaluated, and their outputs are provided in the order they appear in the table. This approach
is crucial for scenarios like alternative program recommendations, where the objective is to generate multiple
results rather than a single decision. The "Rule Order" policy prioritises rules sequentially based on their
placement in the table, allowing the system to rank recommended programs effectively. For instance, if a student
qualifies for both "Information Technology" and "Applied Computing,” the system lists them in the order
specified in the decision table, ensuring transparency and alignment with the institution's priorities. This policy
ensures that students receive a structured and prioritised list of alternatives, enhancing their ability to make
informed choices while maintaining consistency in decision-making.
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4. Research Objective and Methodology

While LLMs demonstrate promising capabilities in generating structured DMN tables from natural language
input, they often fall short in scenarios requiring domain-specific reasoning, derived attributes, or strict
adherence to schema constraints. These limitations become especially critical in real-world applications where
the correctness and completeness of decision logic directly affect operational outcomes.

The goal of our research was to evaluate whether integrating RAG can significantly improve the quality and
accuracy of DMN table generation in such challenging scenarios. Specifically, we focused on a use case where
the required decision attribute — Body Mass Index (BMI) is not explicitly present in the input data but must be
calculated from available fields (i.e., weight and height). This setup tests the model’s ability to reason over
available context and apply transformation logic as part of DMN table construction.

By comparing the performance of a pure LLM pipeline against an LLM & RAG approach, we aim to answer
two questions:
— Can RAG help the model recover relevant transformation logic and apply it correctly during DMN
generation?
— Does this integration improve the validation pass rate when DMN output is tested against a domain-
specific rule engine?
This research thus provides a focused assessment of schema injection and derived logic reasoning two core
challenges in the automation of DMN modelling and serves as a benchmark for the effectiveness of retrieval -
based enhancement in structured code generation.

To evaluate the impact of RAG on the quality of DMN table generation, we designed a controlled experiment
that simulates a real-world decision-making scenario. The research was cantered around generating a decision
table for BMI-level classification, where the target attribute (BMI level) must be inferred from other available
data attributes — namely, weight, height, and gender. This setup challenges the model to not only generate
syntactically valid DMN XML but also apply correct domain-specific logic for computing derived values.

We tested two approaches: a baseline using an LLM-only prompt and an enhanced variant where the same
prompt was supplemented with a retrieval context (LLM & RAG). Both versions were evaluated by generating
DMN tables from the same natural language instruction and validating them against a predefined set of 100
structured input objects. The goal was to assess whether the presence of retrieved background knowledge would
improve rule completeness, accuracy of derived logic, and schema conformity. The experimental environment
included automated validation using a DMN engine, allowing us to systematically quantify the success or failure
of each generated table. This setup enabled a reproducible comparison of how well each approach handles non-
trivial transformation logic and adheres to the structural requirements of DMN.

Input Data

The input for the experiment consisted of two core components: a natural language prompt describing the
decision logic, and a set of structured test objects simulating real-world entity data. These inputs were designed
to reflect realistic use cases in which decision logic must be inferred from partial or derived attributes rather
than directly declared fields. The natural language prompt explained how to calculate a person's Body Mass
Index based on their weight and height, and how to classify the resulting value into a corresponding BMI-level.
The classification rules were gender-specific and covered overlapping and edge-case conditions. This prompt
required the model to generate a decision table that includes an internal formula (BMI = weight / (height *
height)) and conditional logic that adapts based on both numerical ranges and categorical gender values.

The entity objects were provided in JSON format and included attributes such as id (integer), first and last names
(string), gender (string), weight (double) and height (double).

352


http://jssidoi.org/jesi/
http://doi.org/10.9770/r6749942424

ENTREPRENEURSHIP AND SUSTAINABILITY ISSUES
ISSN 2345-0282 (online) http://jssidoi.org/jesi/

2026 Volume 13 Number 3 (March)
http://doi.org/10.9770/r6749942424

Notably, these objects did not contain an explicit BMI value, thus requiring the model to understand that BMI
must be computed dynamically before applying classification logic. A total of 100 mock entities were generated
to cover a variety of valid and boundary-case scenarios (e.g., underweight, normal, overweight, obese), ensuring
broad test coverage for each rule in the decision table. This design enabled testing not only for the generation
of structurally correct DMN tables, but also for the model's ability to reason over entity properties and synthesise
derived attributes when necessary. The test scenario was constructed to evaluate the model’s ability to generate
a complete and executable DMN decision table from natural language, especially when the required decision
logic involves derived attributes. Specifically, the task involved classifying individuals into BMI-level
categories based on computed Body Mass Index (BMI), which is not directly available in the input data. Figure
4 demonstrates the input sent to the model to generate DMN Table based on the rules.

The BMI of a person can be calculated based on weight in kgs
and length of a person in meters by using the following formula:
weight / (height * height).

If the BMI value is above 30, then the BMi-level is considered
"obese”.

If you are a male and the BMI-value is under 18.5 then the
BMi-level is "severely underweight” and if you are female, then
you are considered "underweight” with the same bmi-value.

If the BMI-value is between 18.5 and 25, then the BMil-level is
"underweight” for a male and "normal” for a female.

Lastly, if the BMI-value is between 25 and 30 and you are a
male then the BMi-level is "normal” but if you are a female then
BMi-level is "overweight”.

Figure 4. Test Input Data
Source: Own work

This scenario was executed across 100 test cases covering all possible branches of the logic. The experiment
was repeated under two conditions: with LLM-only generation and with RAG-enhanced generation, allowing
direct comparison of correctness and robustness across both settings.

Validation Strategy

To assess the correctness and robustness of the generated DMN decision tables, we implemented an automated
validation pipeline based on rule execution over a predefined test dataset. This strategy allowed us to evaluate
not only the structural integrity of the generated DMN XML code but also its ability to correctly classify input
objects according to the expected logic.

The validation process involved the following steps:

1. DMN Parsing and Deployment. Each generated DMN table (in XML format) was parsed and
deployed to a DMN engine capable of executing decision logic. Tables that failed to parse due to
structural errors were marked as invalid immediately.

2. Test Data Execution. A set of 100 structured test objects was prepared in JSON format, each containing
weight, length, and gender attributes. These inputs were executed against the deployed DMN table to
compute the output column (BMI-level) for each case.

3. Expected Output Comparison. For each input object, the correct BMI value was precomputed, and
the expected BMI-level classification was determined using the ground truth logic described in the
prompt. The engine output was then compared against the expected result.

4. Result Classification. Each experiment run was classified as Passed if all 100 objects produced correct
classifications and the DMN file was syntactically valid. Any mismatch in decision output or structural
failure was marked as Failed.

5. Metrics Reported.

— Pass Rate. Number of fully successful experiments divided by total attempts.
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— Failure Reasons. Categorised into structural errors (invalid XML), logical errors (incorrect rule
application), or missing decision branches.

This validation strategy ensured that we could rigorously test whether the LLM understood the full semantics
of the decision logic, handled derived attributes correctly, and generated DMN tables suitable for deployment
in decision engines. Comparing results from both LLM and LLM & RAG runs enabled a quantitative evaluation
of the impact of retrieval-based augmentation.

5. Results and discussion

The research was conducted under two configurations: using an LLM-only pipeline and using an LLM enhanced
with Retrieval-Augmented Generation (LLM & RAG). For each configuration, 100 independent test runs were
executed using the same natural language prompt and input schema. The goal was to compare the ability of each
approach to produce a valid and correct DMN decision table that passes automated validation against 100
structured input objects. The results clearly demonstrate the performance improvement when retrieval support
is added in Figure 5.

B Passed Failed

100

B Passed Tests

LLM: 86
LLM & RAG: 99

Failed Tests

LLM: 14
= LLM & RAG: 1

LLM LLM & RAG

Figure 5. Test Results
Source: Own work

In the LLM-only setup, 14% of the generated DMN tables failed validation. Failures were primarily caused by:
— Incorrect or incomplete handling of BMI calculation logic.
- Missing classification branches (e.g., overlapping conditions or non-mutually-exclusive rules).
— Occasional syntactic issues in the generated XML structure.

By contrast, the LLM & RAG configuration achieved a 99% success rate. The addition of domain-specific
retrieval (in this case, relevant logic for BMI calculation and classification) provided critical grounding
information that allowed the model to:

- Correctly include BMI calculation as part of the decision logic.

- Apply all conditional branches with the appropriate gender-specific logic.

- Avoid hallucinated rules or structural omissions.

These results confirm that RAG significantly improves both logical completeness and structural correctness of
the generated DMN tables. Moreover, the experiment highlights the value of retrieval, especially in cases where
decision attributes are derived rather than directly present in the schema.

The experimental results highlight several important implications for the field of automated DMN table
generation. First, they confirm that while LLMs are capable of producing structured decision logic from natural
language, their reliability in non-trivial cases is limited without external knowledge grounding. The LLM-only
configuration performed reasonably well on simpler cases but consistently failed in situations where reasoning
over implicit schema relationships was required. This finding is consistent with earlier observations in the
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literature that LLMs tend to hallucinate missing logic or omit edge conditions when prompted without access
to structured context.

In contrast, integrating Retrieval-Augmented Generation significantly improved the model's output by
providing it with relevant procedural knowledge (e.g., the BMI formula and classification thresholds). This
aligns with prior studies on RAG, which emphasise its role in reducing hallucinations and improving factual
grounding in generative outputs. Importantly, RAG allowed the model to successfully apply transformations
not directly encoded in the entity schema, addressing one of the core research challenges in DMN automation.
Another key takeaway is the role of validation in structured generation tasks. Even when outputs appear
semantically correct, subtle structural errors (e.g., overlapping rules, non-exclusive branches) can cause runtime
failures in DMN engines. The experiment shows that without automatic validation, assessing correctness solely
by manual inspection or LLM confidence is insufficient.

Overall, the experiment provides empirical support for a hybrid architecture combining LLMs with schema-
aware prompting, retrieval mechanisms, and automatic validation. This architecture not only increases
reliability but also paves the way for more complex, explainable, and verifiable LLM-driven decision
automation pipelines. Future work should focus on generalising this approach to more diverse domains,
formalising retrieval sources, and exploring integration with constraint-based validation tools. To assess
whether the observed difference in accuracy between the LLM-only and LLM & RAG configurations was
statistically significant, we applied a two-proportion Z-test. This test evaluates whether two independent
proportions differ significantly, under the null hypothesis that they are equal.

We define the proportions of successful outputs as follows:

- LLM only. 86 successes out of 100 trials (p; = 0.86)

- LLM & RAG. 99 successes out of 100 trials (p, = 0.99)
The Z-statistic for comparing two proportions is calculated. Substituting the values: z = -3.49. The
corresponding p-value is approximately 0.00048, which is well below the standard alpha threshold of 0.05. The
result is statistically significant with p < 0.001, providing strong evidence that the improvement in performance
observed with RAG is not due to chance. This supports the conclusion that retrieval-augmented generation
contributes meaningfully to the accuracy and reliability of DMN table generation.

Proposed Framework

To address the complexity and manual effort involved in constructing DMN decision tables from natural
language, we propose a modular framework that leverages the reasoning capabilities of LLMs enhanced with
structured schema injection and domain-specific retrieval. The framework is designed to automatically convert
textual descriptions of business rules into executable, validated DMN decision models. At its core, the system
integrates five key components: a Schema Injector that provides contextual data awareness, a Retrieval Module
that supplements missing background knowledge, a Prompt Composer that structures the full input for the LLM,
a Generation Module responsible for producing DMN code, and a Validator that ensures the structural and
logical correctness of the resulting model. Together, these modules form a closed-loop architecture capable of
supporting both straightforward and derived decision logic. This design enables schema-consistent DMN
generation with minimal human intervention and supports the transformation of natural language decision logic
into robust decision automation artefacts.

Schema Injector

The Schema Injector is responsible for extracting and formatting structured information about the domain entity
that will be processed by the DMN model. It collects the list of available input attributes and their types directly
from the entity definition and prepares this information in an XML-based format compatible with the DMN
context structure. This component does not perform any logical transformations or reasoning. Its sole purpose
is to ensure that the language model receives an explicit and complete description of the input data structure.
This includes only directly defined properties without interpretation or derivation. By doing so, the Schema
Injector guarantees that the LLM has the necessary raw context to generate a DMN table that aligns with the
actual structure of the input data.
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Retrieval Module (RAG)

The Retrieval Module enhances the generation process by providing the language model with access to external
domain knowledge that may be required for accurate DMN construction. This includes background rules,
classification thresholds, standard formulas, regulatory constraints, or any predefined business logic that is not
explicitly stated in the user’s prompt or the entity schema.

The module operates as part of a RAG pipeline, querying a curated collection of domain documents or rule
repositories. Retrieved content is selected based on relevance to the task and appended to the model’s input
prompt. This augmentation enables the LLM to ground its outputs in verified knowledge rather than relying
solely on its internal representation. By enriching the prompt with retrieved information, the Retrieval Module
reduces hallucinations, improves coverage of edge cases, and supports consistent reproduction of formal
decision logic that aligns with real-world standards or organisational policies.

Prompt Composer

The Prompt Composer is responsible for assembling all necessary input elements into a structured prompt that
is submitted to the language model. It combines the user’s natural language description of the decision logic,
the structured entity schema from the Schema Injector, and the external knowledge retrieved by the Retrieval
Module into a single coherent input.

In addition to merging these content blocks, the Prompt Composer also appends a set of explicit generation
instructions. These include directives that constrain the language model’s output to:

— Return only XML content.

— Generate a valid DMN-compliant decision table.

- Strictly follow the DMN XML specification without additional commentary or formatting artifacts.

This combination of structured context and instructional constraints is essential for achieving predictable,
machine-executable output. The Prompt Composer ensures that all parts of the prompt are properly formatted
and ordered, minimising ambiguity and improving the consistency and quality of the generated DMN code.

LLM-Based Generation Module
The LLM-Based Generation Module is responsible for transforming the structured prompt into a complete DMN
decision table using a large language model. This module acts as a one-shot generator, producing the final output
in XML format based solely on the prompt provided by upstream components. The model receives a prompt
that includes:

— Atext description of the decision logic.

- Aformalised XML schema of the input entity.

— Relevant external knowledge retrieved from the knowledge base

— A set of strict generation instructions that define output format and constraints.

The prompt instructs the model to generate a DMN decision table that adheres to the official specification, with
no additional text, explanation, or formatting outside of the required XML structure. The generated table must
define:

— The input and output elements (matching the schema).

— A decision table with complete and mutually exclusive rules,

— Any internal logic necessary to handle derived attributes,

— Proper references to FEEL expressions where applicable.
The generation process is stateless and context-limited: the model has no memory beyond the provided prompt,
which places high importance on the completeness and clarity of the input. The model itself does not validate
the generated output, meaning that syntactic and logical correctness are not guaranteed without post-processing.
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This module is optimised for structured code generation and benefits from prompt engineering techniques such
as few-shot examples, output formatting hints, and output delimiters. Its effectiveness depends directly on the
combination of schema injection, relevant retrieval, and well-formulated instructions.

DMN Validator
The DMN Validator is responsible for evaluating the structural and logical correctness of the DMN table
generated by the language model. It acts as an independent verification layer, ensuring that the output is not
only syntactically valid XML but also semantically correct and executable according to the DMN standard. The
validation process consists of several stages:
- XML schema validation. Confirms that the generated code adheres to the DMN XML specification
and can be parsed by standard DMN engines.
- Structural consistency checks. Verifies that all referenced inputs, outputs, and decision rules are
properly defined and connected.
— Logical validation. Applies the generated decision table to a predefined test dataset to confirm that the
logic produces correct and complete outputs across all relevant cases.
The validator detects common issues such as missing rules, overlapping conditions, type mismatches, or
undeclared input variables. It also supports the use of edge-case test inputs to confirm the robustness and
generalizability of the generated logic.

Conclusions

This research presents a novel framework for automating the conversion of natural language descriptions into
DMN decision tables, addressing the complexity and manual effort traditionally involved in constructing these
models. By leveraging the reasoning capabilities of Large Language Models (LLMs) in conjunction with
structured schema injection and domain-specific retrieval, we have developed a system capable of generating
accurate, validated DMN decision models with minimal human intervention. At the core of this framework is a
modular architecture that integrates five key components: a Schema Injector, Retrieval Module, Prompt
Composer, Generation Module, and Validator. This system facilitates schema-consistent DMN generation,
supporting both straightforward and more complex decision logic. The hybrid approach combining LLMs with
schema-aware prompting, retrieval mechanisms, and automatic validation not only enhances the reliability and
accuracy of decision model generation but also provides a pathway for more explainable and verifiable decision
automation pipelines. Empirical evidence gathered from our experiments indicates that the integration of
Retrieval-Augmented Generation (RAG) significantly improves the accuracy of DMN table generation. A
statistical analysis using a two-proportion Z-test revealed that the performance improvements observed in the
LLM & RAG configuration were statistically significant (p < 0.001), further supporting the conclusion that
RAG contributes meaningfully to the accuracy and reliability of the process. In addressing the research
guestions, the study provides clear and evidence-based answers. First, the integration of RAG demonstrably
enhances the accuracy and completeness of LLM-generated DMN decision tables, confirming its effectiveness
in grounding model outputs in domain-specific knowledge. Second, the inclusion of schema injection and
retrieval mechanisms proved instrumental in reducing structural and logical inconsistencies, ensuring that
generated models adhere more closely to the DMN specification while minimising hallucinations and
redundancy. Third, the proposed framework shows strong potential to support scalable, explainable, and
verifiable decision automation, offering a robust foundation for integrating Al-driven reasoning into practical
business decision-making environments.

These findings suggest that the proposed framework represents a promising step toward practical, explainable,
and verifiable decision automation. It can serve as a valuable tool for organisations seeking to enhance the
transparency, accuracy, and consistency of their decision-making processes. Building on the insights derived
from this study, future research should extend the framework to diverse business domains, formalise retrieval
sources for domain-specific reasoning, and integrate constraint-based validation mechanisms to further
strengthen reliability and scalability in automated decision modelling.
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