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Abstract

Business intelligence systems today force organizations to choose between simple tools that
all employees understand, or powerful analytics requiring data science expertise. This thesis
eliminates this trade-off by showing how conversational AI makes enables finding advanced
patterns through natural language interaction.

The study combines pySubDisc’s advanced subgroup discovery algorithms with OpenAl’s
GPT-40. This enables users to ask business questions like ”What customer segments drive
our highest profits?” and obtain statistically sound, useful answers. The system automatically
takes care of complicated algorithmic configuration and converts results into interpretable
business explanations.

A full evaluation demonstrates that the statistics generated are accurate and that ad-
vanced analytics can be accessed in natural language. User testing indicates that users can
use conversational interfaces to explore data effectively, however, find difficulty in extensive
analytical conversations with current technology.

The results show that conversational analytics is a step forward in business intelligence,
allowing companies to make complex pattern discovery available to its users while keeping the
statistical integrity that is necessary for making reliable decisions. Conversational interfaces
don’t replace existing tools; instead, they make them more accessible and change the way in
which organizations use data to get insights.

This study shows that the future lies not in choosing between accessibility and sophistica-
tion. Instead, it means having systems delivering both through combining artificial intelligence
with established statistical methods.
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1 Introduction

1.1 Problem Context and Research Motivation

Academic Context Conventional business intelligence tools create a gap between advanced
analytical functionalities and user accessibility. Modern systems require expertise in data querying,
statistical analysis, and dashboard management, which not all employees in a business possess. This
level of complexity constrains the efficiency of BI systems in supporting strategic decision making,
especially in scenarios in which domain experts need to understand complex patterns without being
data science experts. The emergence of explainable Al (XAI) signifies greater awareness about

model transparency and reliability in data-driven systems | |. Subgroup discovery (SD) is
a type of supervised data mining that can provide straightforward and interpretable rule-based
results and actionable insights in structured datasets | |. However, SD is not widely used in

business intelligence tools due to its complexity of integration and interpretation for non-technical
users.

Research Problem Subgroup discovery has proven successful in areas like fraud detection,
marketing analytics, and medical diagnostics, however, it is still not widely used as a business
intelligence tool. The main issue is accessibility, configuring SD runs requires extensive parameter
adjustment (e.g., support thresholds and quality measures), preprocessing and validation, which
can be challenging for non-technical users. Large language models (LLMs) like GPT-40 have proven
effective in natural language understanding (NLU), natural language processing (NLP), and natural
language generation (NLG) | |. This indicates a significant opportunity to utilize LLMs as
natural language interfaces to make SD-based analysis understandable to non-technical users.

Innovation Opportunity Integrating an established subgroup discovery algorithm with con-
versational Al presents an opportunity to build conversational business intelligence systems that
maintain statistical integrity while improving interpretability and user interaction. This research
proposes a real time interactive system which integrates PySubDisc, an advanced SD algorithm,
with OpenAl’s GPT-40. This allows non-technical business users to ask questions like ”What
influences my sales at Location X?” and obtain interpretable, statistically supported answers.

1.2 Research Gap Analysis and Innovation Positioning

Literature Gap Analysis Previous studies have investigated the use of natural language in-
terfaces to search databases [ | and the use of explainable Al in business settings [ ].
Currently, there is no systematic integration of data mining algorithms such as SD with large
language model-powered conversational interfaces. Current BI tools, like Power BI and Tableau
Ask Data, allow users to ask questions in plain language to get data, however, lack support for
multi-step analytical processes like SD. Investigations into XAl also frequently focus on model
explanation (such as feature attribution in classifiers) instead of statistical pattern extraction.



Technical Innovation This project introduces three Al-enhanced components:

e Intelligent parameter selection: GPT-4o0 infers SD configurations such as optimal quality
measures and numeric strategy based on user queries; fallback methods apply validated
defaults when confidence is low.

¢ Dynamic target extraction: GPT-4o infers the optimal SD target for algorithm runs from
queries and extracts targets from the dataset.

e Context-aware business explanation generation: Business strategy and advice generated
by LLM based on subgroup discovery results.

Positioning Statement. This study specifically tackles the integration challenges by systematic
engineering and prompting of Al-enhanced statistical analysis. This study creates new methodolog-
ical frameworks for conversational business intelligence, validated through technical benchmarking
and user-centered assessment.

1.3 Research Questions and Objectives

Primary Research Question:

How does the integration of subgroup discovery with conversational AI enhance the
accessibility and actionability of business intelligence for non-technical users?

Supporting Research Questions.

e Technical effectiveness (RQ1): To what extent does Al-driven parameter selection and
natural language generation maintain statistical rigor while improving usability?

e User experience impact (RQ2): How does conversational interaction with statistical
patterns affect comprehension and decision accuracy?

e Business value creation (RQ3): What measurable benefits arise in decision speed, confi-
dence, and outcome quality?

1.4 Research Objectives and Thesis Structure

The primary focus of this research project is to design and test an integrated system using subgroup
discovery algorithms and conversational Al to enhance the accessibility and effectiveness of business
intelligence. Specifically, this thesis aims to:

e To design and implement a novel architecture that combines pysubdisc-based subgroup
discovery with OpenAl’s LLM capabilities to create an interactive business intelligence
platform.

e To develop effective methods for translating complex subgroup patterns into interpretable
and decision oriented natural language explanations suitable for business decision making.

e Conduct comprehensive evaluation of the system’s effectiveness through both technical
performance metrics and user experience studies.



1.5 Thesis Structure and Contribution Summary

This thesis develops a method to combine subgroup discovery algorithms with conversational Al It
achieved this by going through nine chapters in a systematic way, from theoretical foundations to
practical implementation and comprehensive evaluation.

The theoretical development covers Chapters 2 and 3, which lay the groundwork for the research
by analyzing the literature and providing technical background on the foundations of subgroup dis-
covery. Chapters 4 and 5 discuss the main innovation: a new four-layer architecture and systematic
prompt engineering method that allows users to use conversational Al to obtain advanced analytics.
Chapter 6 addresses the evaluation framework, which is a full three part assessment method that
balances technical validation with usability for users. Chapters 7-9 demonstrate the results, discuss
implications for business intelligence practice, and synthesize the contributions to the field.

Research Contributions:

This work makes conversational business intelligence through four important new features. The
“theoretical contribution” shows that systematic Al integration eliminates the traditional trade-off
between accessibility and rigor in advanced analytics. The “methodological innovation” creates a
framework for prompt engineering that can be used to make complicated algorithms simpler to
interpret. The “practical achievement” discusses the working example of conversational subgroup
discovery for business use. The evaluation framework enables evaluation of the conversational
analytics system that takes into account both statistical validation and user experience.

These contributions address the challenge of making advanced analytical tools more accessible to
business users. They show that conversational analytics is a promising way to make complex data
mining techniques interpretable to non-technical users while maintaining the integrity of the analysis.



2 Background and Related Work

2.1 Data-Driven Decisions and Interpretable Al

In the modern competitive business landscape, organizations are increasingly aware of the vast po-
tential presented by data-driven decision making for optimize operations and performance | ].
The Fourth Industrial Revolution has thoroughly transformed business operations as companies es-
tablish business intelligence as a key component of data-driven decision-making processes, leveraging
data analytics across multiple organizational aspects, particularly artificial intelligence and big data
analytics. A study highlighting the benefits of becoming a data-driven organization demonstrated
that data-driven organizations are 23 times more likely to acquire customers, 6 times more likely
to retain customers, and 19 times more likely to have profits above their competition | ].
Organizations involved in data-driven decision-making also experience 5% higher productivity and
6% higher profitability than their competitors | ].

The business intelligence market has grown rapidly and is estimated to be worth $56.9 billion
by 2032, with an annual growth rate of 7.2% | |. However, approaches to data analysis can
undermine the interpretability and accessibility needed to facilitate effective decision making. The
implementation of machine learning and data mining across industries is creating new needs to
manage and maintain the learned models. This led to the emergence of explainable artificial
intelligence (XAI) as a research field, highlighting the importance for stakeholders to interpret
machine learning models | .

2.2 Subgroup Discovery: Extracting Patterns from Business Data

Subgroup discovery is a practical data mining algorithm that addresses the challenge of discovering
interesting and statistically significant patterns within large datasets | |. While classic classifi-
cation methodology is focused on maximizing the accuracy of the classification, subgroup discovery
merges descriptive indications with predictive reasoning in order to find interesting distributions
defined by a target variable of interest. The goal of subgroup discovery is to find subgroups in
a population that exhibit statistically interesting patterns, which is defined by how large of a
subgroup can be found, and displays the most interesting distributions in relation to the target
variable.

This approach has been applied to many business applications such as marketing audits, customer
clustering , fraud alerts, and workflow tuning | ]. Subgroup discovery has an advantage in that
it provides simple, interpretable results and data relations which are useful for business intelligence
problems when understanding the ”"why” behind a specific patterns is equally important as just
finding the patterns as they arise.



2.3 Accessibility Challenge: Bridging the Gap Between Insights and
Business Users

Although techniques such as subgroup discovery offer great potential for enhancing business intel-
ligence initiatives | |, there remains a disconnect between technical insight and interpreting
that insight for non-technical business stakeholders. Current BI technologies require a high level of
technical ability to generate and review a dashboard, and this can limit the flow and accessibility of
data-driven insights within an organization. Explaining and interpreting the complex implications
of a data-driven insight to non-technical stakeholders presents a natural tension to the business, as
these are the individuals with significant responsibility in the decision-making process, even if they
do not have the technical expertise to demonstrate much depth of knowledge | ]

Evidence suggests that the disconnect between analytic skill and user data accessibility limits how
often advanced data-driven insights are utilized and applied to daily operations. Non-technical team
members frequently demonstrate reluctance towards data mining findings relative to the technical
complexity of data representations | |. This issue is highlighted in the business-intelligence
context, as the true potential of deeper analyses will remain underutilized, understood only when
findings are translated for non-technical decision-makers.

The use of static dashboards and reports reveals this issue, as they are difficult to manipulate and
cannot create the dynamics of data exploration that business users need to analyze their problem
[ ]. Business solutions need to bridge this gap and transform complex analytical data into
easily interpretable actionable data while maintaining the complexity and structure.

2.4 Large Language Models: Data Insights into Natural Language

The implementation of Large Language Models (LLMs) represents a technological advancement in
the field of natural language processing as it can bridge the gap between complex data analysis and
interpretable explanations. LLMs are deep learning algorithms trained on large corpora of data
that perform a variety of natural language processing tasks such as text generation, translation and
summarization, while demonstrating the ability to understand contexts and produce human-like
responses | ].

Their true potential lies in their advantageous ability to express complex patterns and insights in
natural language that are easily interpretable. This reduces the complexity of information presen-
tation for non-technical users. The research suggested that LLMs can generate natural language
explanations that could be used to support the reason behind analytical insights, and in doing so
make complex data insightful, while reducing the need for the technical requirements | ].

In business contexts, LLMs are becoming increasingly effective in automating both the process of
interacting with data and the decision making itself. These companies are finding that conversational
AT which is built using LLMs can have a breadth of applications including: automatically translating
user inputs into data insights that can be analyzed by simply providing an intuitive interface
for data exploration | |. These applications demonstrate the potential that LLMs have in



connecting complex analytical systems to non-technical users, ultimately allowing for a wider net
of data and insights.



3 Technical Background

3.1 Subgroup Discovery as a Data Mining Paradigm

Subgroup discovery is a distinctive data mining paradigm that originates from a need to identify
patterns in complex datasets that is interpretable and maintains analytical rigor | |. This
paradigm differs from traditional machine learning methods as it focuses on identifying locally
interesting subgroups rather than optimizing global predictive performance. Klosgen’s foundational
work established the theoretical framework for finding subgroups that are interesting with respect to
a target variable. This work emphasizes the importance of having interpretable pattern descriptions
that support users in making decisions.

The paradigm’s theoretical development was advanced further through systematic research that
identified the need for descriptive pattern mining approaches that are capable of connecting purely
descriptive statistics and predictive modeling | ]. This development made subgroup discovery
a principled approach of identifying local patterns that demonstrate a mixture of accuracy and
reliability in their target behavior. Rather than looking for patterns that achieve the highest global
classification performance, the paradigm looks for rules that are interpretable and have high target
concentration, sufficient coverage for practical relevance, and a substantial deviation from baseline
population behavior.

The philosophy sets subgroup discovery apart from other data mining approaches by ensuring
that the patterns discovered can be expressed as interpretable combinations of simple attribute
conditions. This feature makes the paradigm especially useful for business intelligence applications,
where users need accurate insights and clear explanations of the factors that influence business
outcomes. Each discovered subgroup naturally leads to business rules that are actionable and enable
high comprehension and strategic implementation.

3.2 Fundamental Concepts and Mathematical Foundation

Before explaining the technical details of subgroup discovery algorithms, it’s important to under-
stand the core concepts that form the foundation of this paradigm. The mathematical framework
operates on structured datasets, where patterns can be identified and evaluated according to set
criteria.

The basic data structure is a dataset D = {(x1,41), ..., (s, yn)}. Here, x € X is the feature space
that contains attribute values, and y € Y is the target variable of interest. In this context, subgroup
discovery identifies meaningful subsets S C D that show interesting deviations from the expected
target distributions.

The pattern representation utilizes subgroup descriptions in the form of logical conjunctions. A
subgroup description (sd) consists of a set of attribute conditions sd = ¢; Aca A ... A ¢, where each
condition ¢; constrains specific attribute values. The logical structure enables understanding for
both the user and computer processing. Categorical attributes produce conditions such as “attribute



= value,” and numerical attributes produce threshold-based constraints using relational operators.

The subgroup G that is produced the description sd includes all the instances in the dataset that
meet the conditions: G = {(x,y) € D|sd(z) = true}. This formal definition is the basis for all
future procedures for evaluating quality and patterns.

3.3 Core Evaluation Metrics

In order to assess the quality of a subgroup, several key metrics that measure different aspects of
pattern significance and reliability need to be observed. These numbers enable comparison and
ranking between discovered patterns based on usefulness for analysis and business value.

Coverage is the most basic metric. It measures the size of a subgroup through a simple count
n = |G|. This metric measures how many dataset instances meet the subgroup conditions, which
represents usefulness and applicability of the patterns discovered. Coverage is a fundamental
building block for more advanced output metrics while offering insight into pattern breadth.

Target Share represents the amount of target instances in a subgroup. It is defined as tp =
{(z,y) € Gly = target_value}|/|G|. This ratio represents the strength the target phenomenon is
in the subgroup, which is the basis for assessing the accuracy of the pattern. The baseline target
rate ty represents the expected target proportion in the dataset. It is used as a reference point for
measuring deviation and understanding the significance of discovered patterns.

Quality measures the overall interestingness of a discovered subgroup through a score that is
computed by combining coverage and target deviation information. This metric represents the value
calculated by the selected quality measure (such as WRAcc, Lift, Binomial, or Cortana Quality)
and provides the primary mechanism for ranking and comparing discovered patterns. Higher quality
scores generally indicate more interesting and valuable patterns for business applications.

These three core metrics provide comprehensive characterization of each discovered subgroup,
enabling technical evaluation and business interpretation of pattern significance. The output frame-
work ensures consistent interpretation across different analytical contexts and enables smooth
integration with downstream business intelligence processes.

3.4 Quality Measure Framework and Strategic Application

The evaluation of subgroup quality has become a complex mathematical framework that unifies
different assessment approaches in a single theoretical framework. This unification demonstrates
the basic links between different quality measures and enables selection of the most optimal quality
measure based on specific business needs and analytical goals.

The theoretical basis is the generalized quality measure formulation ¢g(P) = n® - (tp — to), where
the parameter « € [0, 1] controls the relative influence of subgroup size versus pure target devia-



tion. This parameterization demonstrates that each quality measures have different points on a
continuous spectrum of size-accuracy trade-offs. This enables selection based on analytical priorities.
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Figure 1: Quality measure isometric curves showing different optimization behaviors for Lift,
Binomial test, and Cortana Quality

Lift Quality (o = 0) removes the effect of subgroup size by using the formula Lift(G) = tp/ty,
which assesses the target concentration compared to the baseline. This multiplicative ratio is simple
to understand for users. Values over 1.0 mean that the target is getting more concentrated, and
higher values mean that the concentration effects are stronger. As shown in Figure 1, Lift exhibits
straight isometric curves that note small subgroups with high Lift values.

e Strategic Use: Lift is best for business situations that require precision, like targeted mar-
keting campaigns where finding the customer segments with high conversion takes precedence
over the size of the segments, fraud detection applications that require identifying suspicious
patterns with high accuracy, or premium product targeting where small, high-value customer
groups require focused attention.

Binomial Quality (o = 1/2) uses square-root size weighting to find a balance between subgroup
size and target share. This is done by using ¢%(P) = n'/2- (¢, — o). The square root function grows
more slowly as its argument increases. This means that this measure doesn’t necessarily favor very
large subgroups in the way other quality measures.



e Behavior of Optimization: This measure is suitable for finding medium sized subgroups
that still show interesting subpopulations of the data. The curved isometrics enables subgroups
on the left side of ROC space, with the top-left corner of ROC space scoring the highest.

e Strategic Use: Binomial quality is best for situations where subgroups of moderate size are
preferred over subgroups that are large or too small. This measure is suitable in applications
requiring balanced discrimination between pattern strength and subgroup coverage, such as
medical research applications, risk management situations where confidence guarantees are
required, or business contexts where both precision and reasonable sample sizes matter.

e Computational Characteristics: The measure provides robust pattern detection while
keeping sensitive to important subpopulations. However, this measure isn’t favorable for
smaller datasets due to the mathematical foundation becoming less reliable. The curved
isometric behavior suitable for finding different types of subgroups in different regions of the
search space.

Weighted Relative Accuracy (o = 1) uses full linear size weighting with WRAcc(G) =
(IG|/|D]) x (tp — to). This ensures that larger subgroups obtain higher quality scores when demon-
strating equivalent target deviation. This aligns with the practical rule that patterns that affect
more cases provide more business value.

e Strategic Use: WRAcc is the best choice for general business intelligence applications where
pattern strength and operational scope are equally important for strategic value, operational
improvement projects that is required to be sufficiently significant to have an impact, cus-
tomer segmentation projects that require balancing accuracy and subgroup size for practical
marketing implementation, or resource allocation decisions where the number of affected
customers directly affects business outcomes.

Cortana Quality (o = 1) maintains order-equivalence with WRAcc while providing normalized
quality scores that are interpretable in the range [—1, 1] through the formula ¢.,(S) = (tp — to)
|G|/|D|max, where | D|max is the theoretical maximum subgroup size. This normalization simplifies
comparison across the datasets with different baseline characteristics while maintaining the linear
size weighting philosophy. As indicated in Figure 1, Cortana Quality is always 1 regardless of target
distribution.

e Strategic Use: Cortana Quality is useful for comparative business intelligence applications
that require observing patterns across multiple datasets, time periods, or market segments;
dashboard applications that simplify comprehension of scores regardless of underlying data;
or benchmark analysis that compares subgroup quality across different business units or
geographic areas. Cortana Quality is particularly useful for executive reporting due to the
score range that it offers which simplifies understanding across different analytical contexts.

10



3.5 Numerical Attribute Processing Strategies and Business Context

The handling of continuous numerical attributes is a crucial algorithmic choice that impacts both
the quality of the analysis and interpretability. The strategic choice between processing methods
must be in line with business goals to obtain optimal results.

The NUMERIC _BINS strategy uses equal-width discretization to divide continuous attribute
ranges into intervals of equal width. This method enables understanding of threshold boundaries at
regular intervals. It does this by making split points of equal distances between the minimum and
maximum values of the numeric variable in each subgroup.

The “number of bins” parameter (nbins) is used by the strategy to determine the number equal-
width intervals are created. If the numeric variable has fewer than nbins values, all of its unique
values are used as splitting points. The result list and the candidate queue for the next depth both
obtain all of the possible splits.

Computational Efficiency: By limiting the search space to nbins split points instead of checking
every unique value in the dataset, NUMERIC_BINS requires less computation power This makes it
suitable for working with large datasets where speed is more important than thorough optimization.

Strategic Use: NUMERIC_BINS is helpful in business situations where users value understanding,
working with other systems, and speed. The equal-width intervals simplifies for field staff, opera-
tional teams, and non-technical stakeholders to understand by creating round-number boundaries.
However, this strategy may sacrifice analytical accuracy and may miss optimal discrimination
points that fall between the set intervals.

NUMERIC _BEST Strategy uses information-theoretic criteria, to identify cut-points that
maxmize discriminative power by optimizing quality-based thresholds. This method assesses all the
possible split points in the attribute range and selects the best informative partitions based on the
quality measure being used.

The subgroup only obtains the best split point for each candidate subgroup. After that, this
subgroup is added to the list of results and the queue of candidates for the next depth.

Computational Intensity: NUMERIC_BEST requires more computing power as it assesses every
unique value in the dataset as a possible split point. For large datasets, this method can be very
expensive in terms of computational power, but it guarantees mathematically optimal discrimination.

Strategic Use: NUMERIC_BEST works best for algorithmic trading systems, automated decision
systems, and machine learning pipelines where direct performance effects and enough computing
power are available. The strategy should be selected when discovered patterns will be implemented
through automated systems that can handle exact numerical thresholds without requiring human
interpretation or manual implementation.
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3.6 Search Depth Configuration and Complexity Management

The complexity of discovered subgroup patterns depend on search depth configuration. This is
due to the fact that search depth limits the maximum number of attribute conditions that can be
combined using logical conjunction. This basic selection has a direct effect on interpretability of
results and computational requirements.

Depth 1 Configuration limits subgroup descriptions to single attribute conditions, creating
uni-variate patterns like “Gender = Female” or “Age > 65" that only evaluate direct relationships
between attributes and targets. Strategic Application: The Depth 1 configuration is best for
the early stages of exploratory analysis, where understanding takes precedence over finding all
the subgroups and for executive summary applications which require understanding of patterns
immediately. This configuration proves useful for finding the main factors that affect business
outcomes before advancing to complicated interaction analysis. However, it is incapable of iden-
tifying relationships between multiple factors that might represent most important business insights.

Depth 2 Configuration enables bi-variate subgroup descriptions through combining two attribute
conditions with logical conjunction. For example, “Gender = Female AND Age > 65” or “Prod-
uct_Category = Electronics AND Customer_Tier = Premium.” Strategic Application: Depth 2
configuration is necessary for full business intelligence applications that require interaction effect
analysis, customer segmentation projects require assessing combinations of behavioral patterns, or
analytical environments where users can understand complex pattern relationships. This system
should be used when there is sufficient data to reliably detect interactions.

3.7 Algorithmic Development and Implementation Landscape

The algorithmic foundation of subgroup discovery has evolved over decades of research innovation,
building from early theoretical work to sophisticated modern implementations. Research established
that systematic subgroup identification was feasible and valuable for systematic subgroup identifi-
cation | |. This early work set up the frameworks that later algorithmic advances would build on.

CN2-SD was one of the first algorithms to combine subgroup discovery goals with established
rule learning methods. This integration created the foundation for later algorithmic improvements
that would enhance both the algorithm quality and computational speed. Beam Search strategies
grew into the most popular approach of exploration, using best-first search with adjustable beam
widths to efficiently compute through an exponentially large space of possible subgroup descriptions.

SD-Map represents an advancement in computational efficiency as it uses optimized data structures
and smart pruning strategies to increase computational speed pattern discovery in large datasets.
The pysubgroup package is a full Python implementation that has become popular within the
research community as its API is simple to use and it integrates with other Python data science tools.
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3.8 SubDisc and pySubDisc: Implementation and Research Foundation

SubDisc previously known as Cortana is a sophisticated subgroup discovery system that has been in
development for more than ten years at Leiden University. This mature platform has served as the
foundation for extensive research in subgroup discovery algorithms demonstrating its robustness
and reliability through over a decade of continuous refinement and optimization.

The core SubDisc system is a comprehensive Java based platform for subgroup discovery across
various target types, including nominal classification, numeric regression, and multi-target scenarios
[ |. Its architecture incorporates advanced pruning strategies and optimized data structures
that enable efficient processing of large datasets while maintaining analytical rigor | ]. .

pySubDisc represents a recent addition to this established ecosystem, serving as a Python wrapper
for the mature Java subgroup discovery tool SubDisc | ]. The creation of pySubDisc reflects
the extensive research experience gained from both theoretical subgroup discovery developments
and real-world implementation challenges encountered over more than ten years of system evolution.
This Python interface bridges the gap between the mature Java-based SubDisc engine and the
Python data science ecosystem, making the powerful subgroup discovery capabilities accessible to
Python users working with pandas DataFrames.

The pySubDisc wrapper inherits the computational advantages of its underlying Java engine,
including the ability to parallelize tasks and optimize algorithmic implementations. This enables
processing of large datasets quickly while maintaining high quality solutions. pySubDisc provides
a comprehensive set of analytical tools that handle both classification and regression tasks with
a wide range of target variable types. In classification situations, the engine handles binary and
multi-class nominal targets using optimal algorithms for predicting categorical outcomes. The
regression function handles continuous numerical targets through quality measures and evaluation
criteria specifically adjusted for numeric target variables, meeting a wide range of analytical needs
across numerous domains and business applications.

3.9 System Implementation: singleNominalTarget Configuration

In this research system, pySubDisc is the main analytical engine, and it is used in a particular
manner that takes advantage of the engine’s singleNominalTarget functionality. This implemen-
tation choice is based on the business intelligence requirements for the conversational system,
takes precedence on clear categorical target analysis as opposed to all of pySubDisc’s analytical
features. The singleNominalTarget configuration provides the best performance for both binary
and multi-class classification situations while enabling parameter flexibility, which is required for
smart configuration adaptation. This focused approach makes the system efficient and simplifies to
explain identified subgroups to business users in natural language.

Integration Architecture: The system integrates pySubDisc through a wrapper that handles pa-
rameter configuration, coordinating execution, and returning results using Al. Using the framework
from Section 4.4, Al-driven query classification method maps conversational user intents to the
optimal parameter configuration.
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The Result Interpretation Pipeline: outputs from the algorithm are transformed into business
intelligence insights for the discovered subgroups. The pipeline puts the results of pySubDisc into
structured forms that include information about the target, conditions for the subgroup, output
metrics, and business context metadata. These structured outputs are used as input for the Al
model prompts that create natural language explanations that are interpretable for non-technical
users.

This technical foundation makes the thesis’s main contribution possible: closing the gap between
complex pattern discovery algorithms and useful business intelligence applications by using conver-
sational interfaces.
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4 System Design and Architecture

This section focuses on the architectural framework that the system is built upon and facilitates
the integration between pySubDisc and conversational Al

4.1 Requirements Engineering and Design Constraints
4.1.1 Functional Requirements Derivation from Research Questions

The functional requirements of this system focus on the core research question: "How does the
integration of subgroup discovery with conversational Al enhance the accessibility of business
intelligence for non-technical users?” This research entails specific requirements to demonstrate a
solution that bridges the gap between data analysis and user-friendly interaction.

Primary Functional Requirements:

1. Conversational Query Processing: Users can express analytical queries in natural language
without understanding algorithmic parameters or statistical concepts. The goal of this study
is to simplify access and understanding of data analysis for non-technical users.

2. Automated Subgroup Discovery Runs: The system must be able to automatically
configure and run subgroup discovery according to the user query and target. This eliminates
the technical expertise needed for configuration and implementation of a subgroup discovery
run. This aligns with the research’s objective of making data analytics accessible to users
without expert knowledge.

3. Business-Contextual Result Translation: The system must transform subgroup discovery
results into insightful business-related interpretation and provide strategic recommendations.
This supports the study’s objective of converting analytical data into actionable insights to
support decision making.

4. Session-Persistent Conversational Context: The system must maintain conversation
state across interactions and can progressively support user queries and conversation flow
rather than isolated query-response patterns. This requirement aligns with the study’s
objective for authentic and natural business interaction.

4.1.2 Non-Functional Requirements with Measurable Criteria

The following non-functional requirements set clear, measurable standards for performance and
quality that ensure the system adheres to the research objectives.

1. Interactive Response Time: The system should ensure that simple data retrieval queries
are handled promptly, and more complex queries requiring subgroup discovery are handled
within reasonable time frames. This requirement ensures users have access to insights that
aid in decision making in real time.
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2. Algorithm Availability: The system ensures that algorithms are always available by using
backup methods when the main algorithms encounter issues. This requirement pertains to
the need for consistent analytical functionality.

3. Data Integrity Assurance: The system must maintain statistical accuracy throughout
the processing process with zero tolerance for data corruption and AI hallucination. This
requirement ensures the accuracy of the results and the trustworthiness of business decisions.

4. Accessibility Compliance: The system must allow non-technical users to gain analytical
insights without the need for statistical or data expertise. This criterion is directly related to
the main goal of the research, which is to improve accessibility of technical information to
non-technical business users.

4.1.3 Design Constraints and Trade-off Analysis

The system design operates within several constraints that affected architectural decisions. This
requires trade-off analysis to ensure solution validity while focusing on the research objectives.

Technical Limitations:

External API Dependency: The reliance on OpenAl’s GPT-40 API creates latency and avail-
ability issues that affect the design of the caching and fallback systems. The trade-off analysis
favored utilizing natural language understanding from external Al capability over local processing,
while acknowledging the risks of dependency.

Limited Resources:

Development Timeline: The timeline for the bachelor’s thesis made the architecture less complex
by putting established technologies (Flask, HTML/CSS/JavaScript) ahead of new frameworks.
Furthermore, the system’s functionality is limited as it employs categorical subgroup discovery
compared to the full capabilities available in pySubDisc. This trade-off put more emphasis on
research validation than on full integration and innovation.

Computational Resources: The performance optimization strategy was limited by the dataset
size (3,900 records) and the algorithmic complexity. The strategy focused on choosing optimal
parameters instead of using distributed processing architectures.

4.2 Architectural Design Philosophy
4.2.1 Architectural Pattern Selection

The architectural pattern selection process assessed three main approaches: microservices, mono-
lithic, and layered structures. However, the layered structure was favored for this solution.

Reasons for Choosing Layered Architecture:

16



The system uses a four layer architectural framework that ensures the separation of the system’s
functionality which is suitable for research validation and the study’s parameters. This pattern
selection was supported by Fowler’s (2002) architectural principles as it aims to reduce the difficulty
of combining diverse components (pySubDisc integration, Al components, web interfaces) into a
unified system [F'REF02]. The following system layers work together to power the system, as shown
in Figure 1:

System Architecture Overview

Presentation Layer

Flask Web Application + Modern HTML/JS Frontend
REST APIs, Session Management, Chat Interface

Business Logic Layer Analytics Layer
Chat Processor Al Engine Analytics Bridge Subgroup Discovery
Query Classification Parameter Selection pySubDisc Wrapper . pySubDisc Integration
Intent Recognition Result nslation Error Handling Statistical Fallback
Context Management Buslness telligence Result Processing Pattern Mining
l
£
‘
1
' Data Layer

’
Configuration Management + Dataset Processing + Session Storage
Quality Measures, AP| Keys, Business Data, Conversation History

’
External Services |’ Data Flow Legend
[/ >' Internal Communication
OpenAl GPT-4 P> External API Calls
NLP, Intent Analysis [ System Layers

Business Translation

Figure 2: System Architecture Diagram

1. Presentation Layer: This layer is responsible for the conversational interface which uses a
HTML/JavaScript frontend and Flask API endpoints. This layer separates business logic and
user interaction errors, allowing for interface development while preserving the emphasis on
conversational efficacy.

2. Business Logic Layer: This layer includes system functionality that uses Al components to
process queries and generate insightful responses. This layer represents the primary research
breakthrough in intelligent query routing and natural language generation for business insights.

3. Analytics Layer: This layer bridges the gap between Al and pySubDisc directly. This layer
provides the statistical accuracy needed, while hiding the complexity of the algorithm’s output
from the user.

4. Data Layer: The configuration of the system and data management files are utilized in
loading and preparing the datasets. This layer ensures data integrity and simplifies access to
the dataset.
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Analysis of Rejected Alternative Pattern:

The Microservices Architecture was rejected due to it’s scope being beyond that of a bachelor’s
thesis and the constraints of the development time frame. Microservices are more scalable and offer
automatic deployment, but this study focuses on new ways to integrate algorithms rather than on
building distributed systems. [ ]

Monolithic Architecture was not chosen as it could strongly connect Al processing, statistical
methods, and the web interface, making it harder to separate and evaluate the different components
and its connection to the conversational AT and subgroup results integration| ].

4.2.2 Component Responsibility Allocation and Separation of Concerns

System functionality is divided among the components that follow the single responsibility principle.
Each component works on a distinct aspect of the system functionality and ensures that the
interfaces for integration and testing are clear.

Query Processing Component Responsibilities:

The system’s chat processor is responsible for question interpretation, intent classification, and
response routing. This component is based on understanding user queries and providing a reliable
way for handling conversations. The separation simplifies independent evaluation of the accuracy of
query classification and facilitates iterative improvements in natural language understanding ability
within the system.

AI Integration Component Responsibilities:

This handles the Al model’s understanding of user input and intent, extraction of target from user
query, and translation of results from pySubdisc runs. This evaluates the effectiveness of Al-driven
business intelligence functions while preserving modular system design.

Analytics Component Responsibilities:

This handles the output of pySubDisc and runs analytics that are specific to the user query and
target. This component ensures statistical accuracy while reducing the algorithm’s complexity.
It supports the study’s goal of making analytics available to non-technical users through smart
configuration management.

Interface Component Responsibilities:

The Flask application is responsible for HT'TP connections, managing sessions, and handling
errors. This design allows assessment of user interaction from the interface standpoint without the
interference of technical results such as subgroup discovery output.

4.2.3 Scalability and Maintainability Design Decisions

Design decisions on scalability and maintainability balance research objectives with solution practi-
cality, understanding that the main objective is research validation rather than production-level
operation.
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Vertical Scalability Design: The system focuses on vertical scalability through efficient use of
resources instead of horizontal distribution. This decision corresponds with the research’s primary
focus on efficient algorithm integration.

Configuration-Driven Adaptability: The configuration module ensures research parameters can
be changed without altering the code. This method simplifies testing different subgroup discovery
parameters, parameter definitions, and performance thresholds while maintaining system stability.

Modular Component Design: System components maintain autonomy through clearly defined
interfaces. This ensures that individual components can be modified without affecting the whole
system.

Error Isolation and Recovery: Error handling includes fallback methods to restrict failures
to certain components of the system while maintaining functionality as a whole. This method
ensures that study evaluation is possible and enables easier identification of issue location, which
strengthens the validity of research.

4.3 Data Architecture Design
4.3.1 Data Flow Design and Processing Pipeline Architecture

The data flow architecture establishes a processing pipeline that takes raw business data through
different phases to generate conversational business intelligence outputs.

Primary Data Flow Sequence:

1. Data Ingestion and Validation: Data Loading allows the user to import CSV business
data. The design focuses on making data sources flexible to the user and tailoring the solution
to business requirements and data.

2. Business-Centric Preprocessing: processes raw data by removing customer IDs to eliminate
uninsightful subgroups from forming, adding cardinality constraints that ensure analysis
efficiency.

3. Intelligent Query Processing: User queries go through a multi-stage review by query classi-
fication method to process the query appropriately. This structure allows the Al understanding
of user query and enables effective routing of queries.

4. AI-Driven Algorithm Configuration: The system automatically sets subgroup discovery
parameters, based on the query and the business context. The main research breakthrough is
the fact that the automation makes expert knowledge on configuration unnecessary, therefore,
benefiting non-technical users.

5. Execution of Statistical Analysis: The system runs the configured subgroup discovery run
and incorporates extensive error handling and fallback protocols. The architecture ensures
that the analysis is reliable and simplifies the assessment of various algorithm configurations.
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6. Business Intelligence Translation: The system converts statistical results from the
subgroup discovery into business insights, and it generates explanations that are relevant to
the context of the user query.

4.4 Al-Analytics Integration Architecture
4.4.1 Integration Pattern Design for AI 4+ Subgroup Discovery

The Al-analytics integration employs a hybrid approach that combines the Mediator and Strategy
patterns. This simplifies the integration between conversational Al and pySubDisc in real time,
while keeping them loosely coupled and extensible | ].

Mediator Pattern Implementation: The system’s Al engine acts as an intermediary between
user natural language input and the subgroup discovery run requirements. It transforms user queries
into technical specifications for the subgroup discovery run without requiring direct integration
between components. This framework enables direct assessment of the efficacy of the Al-driven
algorithm setup while preserving the capability to interchange various Al functionality or statistical
algorithms on its own.

Strategy Pattern for Algorithm Selection: The system employs the Strategy pattern in config-
urable input metrics for the subgroup discovery run that are dynamically chosen depending on the
Al models’ assessment of user intent. This is done through defining each of the metrics in AI prompt-
ing and the Al recognizes based on the user query which parameters are most appropriate | ].

4.4.2 API Design for LLM Integration

The design for integrating large language models focuses on dependability, cost-effectiveness, and
research validation, all while maintaining the functionality of the LLM for processing user queries.

Cost-Optimized Token Management: The API architecture includes smart token usage op-
timization through token output restrictions per prompt. This method reduces the risk of over
generating information, while preserving response quality.

Context-Aware Request Optimization: API requests include comprehensive context recognition
that enables appropriate natural language generation. This design supports research evaluation of
conversational effectiveness and quality.

4.4.3 Error Handling and Fallback Mechanism Design

The error handling system is designed to ensure that the system remains functional while maintain-
ing the quality of the user experience and accuracy.

Layered Fallback Strategy: Alternate Al responses, statistical method options, and clarification
messages are employed as fallback to the core functionality
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Intelligent Error Recovery: In the case of an error, context-sensitive recovery mechanisms are
used to respond appropriately to the user’s query through different processing paths rather than an
error message.
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5 Implementation and Technical Innovation

5.1 Business Data Processing Implementation
5.1.1 Direct Data Analysis and Statistical Calculation Engine

The implementation sets up the data processing framework that turns raw business datasets into
insightful information. The system processes transactional data that include customer demographics,
purchase behaviors, and seasonal patterns using preprocessing workflows that ensure data accuracy
and allow simple data retrieval.

The statistical calculation engine uses dynamic aggregation and filtering to handle direct queries
that require operations on the dataset values. This enables calculations such as revenue totals and
customer segmentation statistics in real time.

5.1.2 Real-Time Query Processing and Response Generation

The query processing framework turns user business queries written in natural language into
analytical operations. The system uses contextual analysis to deduce the appropriate approach
to process requests. The system can differentiate between data retrieval requests and those that
require a subgroup discovery run.

Response generation mechanisms adapt based on the user query and context. When the user
requests simple data, it performs statistical calculations and answers the query concisely. When
asked a query that requires subgroup discovery, the workflow for running a subgroup discovery run
begins. The implementation ensures the consistent quality of responses across different types of
queries by using standardized format prompting. The architecture for real-time processing also
ensures that the system is responsive.

5.2 Al Prompt Engineering and Subgroup Discovery Training
5.2.1 Core Prompt Engineering Strategies for Algorithm Concepts

The implementation utilizes prompt engineering that turns subgroup discovery into understandable
frameworks for the LLM. The training strategy teaches Al systems the details of subgroup discovery
and business insights reporting.

The prompt engineering framework introduces algorithmic concepts to the AI through a series of
organized layers of instruction. The method sets a clear conceptual base by teaching the Al system
to differentiate between INPUT parameters (subgroup discovery run parameters) and OUTPUT
metrics (results metrics from conducted run). The knowledge from both layers prevents the model
from misunderstanding configuration choices and result interpretation.

The implementation aids the Al system in understanding parameters, differentiating them, and
selecting them appropriately based on user input. This method ensures that the Al system can
configure the best combinations of parameters for the subgroup discovery run based on the user

query.
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5.2.2 Quality Measures and Parameter Space Translation Implementation

The INPUT parameters training framework supports the Al in understanding the key components
to configuring the subgroup discovery run by systematically defining them.

Quality measures are clearly defined with exact mathematical specifications and full business
application guidance. The system uses structured prompt templates that encode both mathematical
precision and practical application guidance. The prompt engineering approach for automated
parameter selection is demonstrated in Figure 3, which shows how algorithmic knowledge is
systematically encoded into Al instructions to enable expert level decision making.

parameter_selection_prompt = f"""You are a data science expert selecting optimal subgroup discovery parameters.

USER QUERY: "{query}"

TARGET: {target_info.get('target_value', 'business outcome')}

DATASET SIZE: {len(data):,} records

Select the best parameters for this analysis:

QUALITY MEASURES:

- WRACC: WRACC generates general patterns by balancing coverage and deviation. It creates a weighted relationship between coverage and deviation with values weighted between [-x,x], where x less than or
equal to 0.25.

~ CORTANA_QUALITY: CORTANA_QUALITY is order equivalent to WRACC in reporting, meaning it produces the same subgroup rankings. The subgroups produced are the same as Wrgcc the measure is weighted between
[-1,11.

— LIFT: LIFT focuses exclusively on target share without considering subgroup size. Since size is irrelevant to this measure, it tends to find small subgroups with high concentration rates. It should be
combined with minimum coverage requirements to ensure practical applicability.

- Binomial: Binomial prioritizes finding medium-sized subgroups where the distribution is the primary focus and size considerations are secondary. This measure emphasizes statistical significance of the
discovered patterns.

NUMERIC STRATEGIES:

- NUMERIC_BEST: AI finds optimal cutoff points (more accurate)

- NUMERIC_BINS: Equal width ranges (more interpretable)

SEARCH DEPTH:

- 1: Simple single-factor patterns (faster, easier to understand)

- 2: Complex multi-factor patterns (more insights, comprehensive)
Consider:

- User's business goal

- Dataset size and complexity

- Need for statistical reliability vs discovery

- Business interpretability requirements

Respond with JSON:

o

"quality_measure": "CORTANA_QUALITY",
“numeric_strategy": "NUMERIC_BEST",

led explanation of why you chose these parameters",
come": "what type of insights this will provide",
“confidence": 0.9

Provide clear business reasoning for your choices."""

Figure 3: Al parameter selection prompt with algorithmic knowledge encoding and business context
integration

As illustrated in Figure 3, the parameter selection framework incorporates algorithmic definitions,
business context considerations, and structured decision making processes that enable the sys-
tem to select optimal configurations based on user queries and dataset characteristics, effectively
automating expertise that would requires deep technical knowledge of subgroup discovery algorithms.

5.2.3 Subgroup Discovery Result Metrics Translation Implementation

The output metrics framework provides the model understanding of interpreting analysis results
from subgroup discovery. The implementation ensures that the Al system can turn statistical out-
puts into business language by understanding the statistical output that subgroup discovery outputs.

The following are the output metrics that the AI model should understand:

e Target share

e Coverage
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e Quality score

The implementation includes full result interpretation frameworks that allow for contextual expla-
nation based on the user query. This thorough OUTPUT metrics definition ensures that the Al
system can turn any statistical result into useful business intelligence to assist with decision-making.

5.3 PySubDisc Algorithm Integration Framework
5.3.1 Algorithm Embedding and Configuration Management

The pySubDisc integration strategy uses official documentation specifications to implement direct
algorithmic embedding through the pySubDisc API. The implementation uses the singleNominal-
Target method for categorical target analysis.

The embedding framework assigns parameters directly to algorithm attributes, rather than using
separate configuration functions. This makes sure that parameters remain in the correct format
for pySubDisc to handle. This solves compatibility issues while still accessing the full range of
pySubDisc features.

Integration coordination focuses on the seamless workflow between conversational user query to
receiving parameter configuration and algorithmic execution components. The framework coordi-
nates data flow from user queries to the algorithmic analysis, ensuring that the process is smooth
and understandable by pySubDisc.

Triggering of the subgroup discovery workflow allows the transition from parameter configuration to
active processing. The implementation initiates the analysis of pySubDisc through the triggering of
the direct algorithm while managing computational resources and monitoring execution. Processing
coordination ensures that algorithmic runs within system resource constraints while maintaining
analytical effectiveness and user experience responsiveness.

Through validated mapping procedures, configuration management translates conversational speci-
fications into exact algorithmic parameters. Quality measure specifications are directly assigned to
algorithm instances, and the qualityMeasureMinimum thresholds are set dynamically based on the
characteristics of the dataset and the user query. The implementation ensures optimal threshold
values configuration for balancing subgroup results and statistical significance.

5.3.2 Statistical Processing Pipeline and Result Extraction

The subgroup discovery process uses data preparation and execution coordination to improve the
performance of pySubDisc while maintaining the accuracy of the analysis. The framework handles
data preparation and results.

Result extraction procedures transforms algorithmic outputs into structured preprocessed results

ready for business intelligence formatting. The framework processes the results of pattern discovery
using standard extraction protocols that ensure analytical quality. The system generates discovery
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results in the backend similar to pySubdisc, however, it focuses on interpretability for easier under-
standing by the AI system.

Statistical validation procedures use quality assurance systems to verify subgroup validity in the
output. The framework checks discovered patterns against significance thresholds. This method
of validation ensures that the results output by the system’s subgroup discovery integration are
accurate and consistent with pySubDisc output.

Error handling integration provides full backup systems that maintain analytical capabilities even
when the main algorithmic systems fail. This occurs due to misalignment of the AI's understanding
or when no subgroups are found for the user query. The implementation includes alternatives for
finding statistical patterns that allow for analysis when the subgroup discovery results are not as
expected. These backup systems use simpler but statistically valid pattern recognition methods
that maintain system functionality and would ask follow up questions to ensure Al understanding
and thorough execution of subgroup discovery.

5.4 Intelligent Query Classification and Educational System
5.4.1 Multi-Type Intent Recognition and Routing Implementation

The system uses a natural language understanding framework to automatically classify user queries
into different business intelligence categories. The classification layer determines whether queries
require direct data analysis, conceptual explanations, subgroup discovery, or a follow-up question
to the subgroup discovery results.

The implementation is divided into four main intent categories. Business standard queries trigger
processing for direct data retrieval and manipulation from the dataset. Concept questions are
queries in which the user asks about subgroup discovery parameters or concepts and the system
returns a thorough explanation. Subgroup discovery requests start full subgroup discovery processes,
and contextual follow up subgroup queries clarify and handle queries about the analytical results
from the subgroup discovery run.

Structured prompt templates include business domain knowledge and analytical state information to
ensure classification accuracy. The implementation of this classification framework is demonstrated
in Figure 4.

The system uses confidence assessment mechanisms to check category accuracy and then chooses
the best response. This enables the system to work efficiently regardless of query complexity.

5.5 Business Intelligence Translation Engine
5.5.1 Statistical Results to Executive Insights Conversion

The system uses integrated language model processing to convert subgroup discovery run outputs
into full executive reports. The implementation employs structured data extraction to obtain
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classification_prompt = f"""You are a business intelligence expert analyzing user queries for optimal handling.

USER QUERY: "{user_messagel}"
CONVERSATION HISTORY: {conversation_history}
ANALYSIS CONTEXT: {analysis_context}

STRICT CLASSIFICATION RULES:

*kBUSINESS_STANDARD#k: Regular business data questions and calculations
— Simple data requests: "What is the percentage of male customers?"

- Basic calculations: "What is that in percent of total customers?"

- Demographic queries: "How many customers are over 307"

- Revenue questions: "What is our total sales?"

- Product questions: "What products do we sell?"

- General data exploration that doesn't need subgroup context

*kCONTEXTUAL_SUBGROUP_QUESTIONx**: ONLY questions specifically about subgroup discovery results
- Asking about specific subgroups: "What are the metrics of subgroup 1?"

— Questions about discovered patterns: "What does the quality score ©.06 mean for our analysis?"
- Follow-up questions about analysis results: "Show me more details about pattern 2"

*kCONCEPT_QUESTION**: Questions about methodology and concepts
- "what is target share?" (asking for definition)

- "How does the algorithm work?"

- "What are quality measures?"

*kPATTERN_DISCOVERY**: Requests to find new patterns
- "What influences PayPal usage?"
- "Find patterns in customer behavior"

CRITICAL DISTINCTION:

— "what is the percentage of male customers?" = BUSINESS_STANDARD (simple data question)

— "What are the metrics of subgroup 17" = CONTEXTUAL_SUBGROUP_QUESTION (about analysis results)
— "What does target share mean?" = CONCEPT_QUESTION (asking for definition)

DEFAULT RULE: If it's a simple business data question, classify as BUSINESS_STANDARD.

Respond with JSON only:
{

"query_type": "BUSINESS_STANDARD | CONTEXTUAL_SUBGROUP_QUESTION | CONCEPT_QUESTION |PATTERN_DISCOVERY",
"confidence": 0.95,
"has_subgroup_context": false,
"should_use_actual_results": false,
"reasoning": "explanation of classification decision"
}}IIIIII

Figure 4: Multi-type intent recognition and routing with business domain knowledge
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target information, discovered subgroups, algorithm parameters, and dataset characteristics from
analytical results. It formats these results to create business reports based on those results.

The translation process uses structured prompts containing all the data needed for subgroup analy-
sis, such as target values, subgroup conditions, quality scores, coverage statistics, and algorithm
methodology. The system builds a full business context by finding target baseline rates, calculating
performance improvements, and determining business implications to enhance business insight. The
comprehensive prompt engineering approach for executive report generation is demonstrated in 5,
which shows the structured template used to convert statistical outputs into professional business
intelligence reports.

business report prompt = f"""Generate a comprehensive business intelligence report for subgroup discovery results.
FUNDAMENTAL SUBGROUP DISCOVERY METRIC KNOWLEDGE :

- TARGET SHARE (Prevalence Rate): The probability that a randomly selected member of this subgroup exhibits the target property
— COVERAGE (Support): The market size or population size of this identified segment

- QUALITY (Interest Measure): How interesting, significant, or valuable this discovered pattern is
Apply this knowledge when interpreting the results below.

USER QUERY: "{query}"

TARGET ANALYZED: {target value}

TOTAL DATASET: {len(data):,} records

SUBGROUP DISCOVERY ANALYSIS RESULTS:

- Total Patterns Found: {total subgroups}

- Analysis Method: Advanced Subgroup Discovery

PARAMETERS USED:

- Quality Measure: {parameters used.get('quality measure', 'CORTANA QUALITY')}

- Numeric Strategy: {parameters used.get('numeric_strategy', 'NUMERIC_BEST')}

- Search Depth: {parameters used.get ('search depth', 2)}

- Parameter Reasoning: {parameters used.get ('reasoning', 'Optimized for business analysis')}
TOP 3 CUSTOMER SEGMENTS DISCOVERED:

{subgroups summary}

Generate a comprehensive business report with these sections:

1. **EXECUTIVE SUMMARY** (2-3 sentences of key findings)

- Keep it concise and straight to the point

2. **METHODOLOGY EXPLANATION**

- Why these specific parameters were chosen

- What the quality measure and search depth mean for business

- Keep it concise and straight to the point

3. **TOP 3 CUSTOMER SEGMENTS**

- Business interpretation of each subgroup

- Output figures of each subgroup

- Strategic value and opportunity size

- Actionable insights for each

- Keep it concise and straight to the point

5. **BUSINESS IMPACT POTENTIAL**

- Revenue opportunities for each subgroup

- Keep it concise and straight to the point

- What can the business do to better operations, growth, or revenue considering each subgroup
CRITICAL FORMATTING REQUIREMENTS:

NEVER use hashtags (###, ##, #) anywhere in your response

Use **bold text** for section headers like "Executive Summary:"

Use bullet points with ¢ for lists

Use numbered lists where appropriate

Keep professional business tone

Be concise and do not give unnecessary details

Focus on actionable insights

Use section headers in bold, not hashtags

Write in executive business language, focus on actionable insights, and make complex analysis accessible to business stakeholders."""

Figure 5: Executive business report generation with structured prompt engineering

The generation of business reports uses temperature-controlled language model processing with
specific parameter settings to ensure consistent professional output. The implementation uses low
temperature values to ensure that business language generation is accurate and that professional
communication standards are maintained throughout the communication of complex subgroup
discovery results. As shown in Figure 5, the prompt engineering framework includes comprehensive
business domain knowledge, formatting requirements, and structured output specifications to ensure
executive-level report quality.

The implementation processes the subgroup discovery results to give a full business analysis with
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in-depth subgroup insights and strategic advice which aligns with the research objective of providing
the user with technically driven insights in natural language.

5.5.2 Professional Response Formatting and Cleanup Implementation

The system implements response cleanup through systematic regex-based processing to eliminate
technical formatting artifacts while maintaining the structure of the business content. The cleanup
process uses several regex operations to convert headers into professional business formatting
standards.

The cleanup framework enables this through several steps to process responses, such as removing
hashtags, standardizing the header format, and finally ensuring adherence to professional standards.
Each processing step preserves the structure of the content while systematically improving the
quality of the presentation through formatting that maintains analytical value of the generated
business intelligence insights and subgroup results.

This integrated implementation demonstrates how complex algorithmic outputs transform into
professional business reports for executives through systematic technical processing that connects
analytical capabilities with the demands of business communication.

5.6 Conversational Interface and User Experience

The conversational interface demonstrates an advancement in business intelligence accessibility.
It combines complex subgroup discovery algorithms with natural language interaction, real-time
analytical context preservation, and integrated session management. This implementation addresses
the main research objective of making analytics available to non-technical users while preserving
its functionality in business insights and technical analysis.

Real-Time Analytical Conversation Framework

The interface employs a conversational approach that allows users to ask queries and explore
subgroup discovery insights in a dynamic way through natural language interaction patterns, unlike
traditional dashboard interfaces that only show static analytical results.

Comprehensive Session Management Architecture

Browser-based LocalStorage session persistence enables this implementation to maintain analytical
workflow and conversation history, including subgroup discovery results, algorithm parameters,
and business context. This allows the user to keep exploring analytically and build on results of
previous queries.

The session management framework preserves the analytical context by using structured data
serialization to store conversation metadata, message history, and subgroup discovery results. This
method allows users to access previous analytical insights and complex subgroup discovery workflows
without losing the context.
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This implementation strategy accommodates real world business analytical patterns in which users
pose sequential business queries. The sidebar navigation system keeps separate analytical streams
while keeping sessions separate. This allows for natural business intelligence workflows that go
beyond the sequential query-response patterns that are common in traditional analytical interfaces.

Backend Integration and Analytical Context Preservation

Session synchronization between the client interface and the server-side analytical processing en-
sures that complex subgroup discovery operations are consistent and that the conversation state
is preserved. This architectural design solves the technical problem of keeping complex analytical
context.

This unified interface and session management implementation demonstrates the research objective
that complex analytical algorithms can be effectively combined with conversational interactions. It
demonstrates methods of ensuring that technical complexity is more interpretable and understand-
able to users by designing user experiences that prioritize analytical workflow continuity and user
engagement.

5.7 System Reliability and Innovation Assessment
5.7.1 Fallback Algorithm Implementation and Error Recovery

The system implements statistical fallback processing when pySubDisc integration encounters issues.
The fallback mechanism performs basic analysis of categorical data by finding baseline rates and
examining value distributions across categorical columns.

Graceful degradation is a part of error handling that maintains the conversation when technical
issues occur. The implementation gives informative answers about the system’s limits while keeping
users engaged by offering different ways to analyze the data or asking for clarification.

5.7.2 Technical Achievement Validation and Research Impact

The implementation operates reliably due to multi-layered error handling that maintains analytical
capabilities. When the main algorithms fail, the system automatically switches to a different way
of processing while maintaining the conversation context and user experience.

Conversation state preservation operates regardless of the status of backend processing. This means
that analytical workflows can be maintained regardless of technical problems.

The full implementation demonstrates the feasibility of using subgroup discovery and conversa-
tional interfaces together for real-world business intelligence applications. This demonstrates that
non-technical users can use statistical methods with effective system implementation and strong
error handling.
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6 Experimental Design and Methodology

6.1 Overview of Evaluation Strategy

An evaluation methodology was developed that tests the system’s ability to provide statistically
accurate and interpretable business intelligence through conversational interfaces. The main goal of
this evaluation is to determine whether the integration of subgroup discovery with large language
model based natural language generation improves both the technical accuracy and user experience
of complex data insights.

The evaluation framework consists of three components, each targeting a distinct aspect of system
performance:

1. Faithfulness Assessment: This component evaluates the consistency between the algorith-
mic outputs of subgroup discovery and the Al generated explanations. It examines whether
the explanations faithfully preserve the output values produced during the subgroup discovery
run.

2. Query Classification Evaluation: This component assesses the system’s capability to
understand and categorize user queries. Accurate internal query routing is essential, as the
system must differentiate between various types of user requests, such as data retrieval,
conceptual questions, and subgroup discovery tasks.

3. Human Evaluation of Explanation Quality: This final component involves a user-
centered evaluation of Al generated business reports. It focuses on the clarity, relevance,
usefulness, and trustworthiness of the explanations from the perspective of non-technical
users.

Together, these three evaluation methods offer a comprehensive overview of system performance
that addresses both statistical integrity and interpretability. This layered approach provides robust
quantitative and qualitative evidence of the system’s effectiveness for business intelligence applica-
tions.

6.2 Technical Evaluation I: Faithfulness of AI-Generated Explanations
6.2.1 Objective

The faithfulness evaluation examines the alignment of algorithmic outputs from the subgroup
discovery process with the natural language explanations that the Al model generates. In this
methodological context, faithfulness means preserving exact numerical output values and subgroup
conditions that are present in the underlying computational results.

Since strategic business decisions often depend on a clear understanding of data patterns and

their statistical significance, any difference between algorithmic findings and their Al generated
representations could undermine the validity of decisions and the trustworthiness of the system.
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The evaluation framework looks at two specific aspects of explanation accuracy: the exact preserva-
tion of quantitative metrics (coverage, target shares, quality scores) and the exact representation of
subgroup conditions.

6.2.2 Method

Systematic comparison approach was employed to evaluate the outputs of the subgroup discovery
run against the Al model’s natural language explanations. Three representative test cases were
chosen to provide comprehensive coverage: an analysis of the PayPal payment method which
is triggered by a user query such as ”What influences customers to use Paypal as a payement
method?”, an analysis of the Blouse product category, and an analysis of the Pants product category.
Each test case produced unique algorithmic results that included both quantitative metrics (like
coverage values, target shares, and quality scores) and logical conditions (like subgroup definitions).

There were four steps in the evaluation process. First, subgroup discovery was conducted on each
test case to establish baseline numerical results. Second, the Al model system transformed these
results into business explanations in natural language. Third, a specialized semantic analyzer
used automated pattern recognition to identify numerical output values and conditions in the Al
generated business report. Fourth, the extracted values were evaluated for accuracy by comparing
them to the original algorithmic outputs.

6.2.3 Evaluation Goals

The goal of this evaluation is to determine whether the system preserves statistical integrity
when subgroup discovery outputs are transformed into Al explanations in natural language. More
specifically, the evaluation’s goals aim to:

1. Verify numerical fidelity by ensuring that quantitative metrics from subgroup discovery are
accurate in business explanations without distortion or omission.

2. Ensure logical preservation by validating that the AI natural language descriptions accurately
represent the conditions and constraints of subgroups.

3. Ensure that business language variation from the AI generated business report maintains
mathematical accuracy as the original subgroup discovery findings.

The success criteria were defined as accuracy scores of minimum 90% on all communication compo-
nents and demonstrating performance consistency across different analytical contexts.

These goals support the broader objective of establishing empirical proof for AI mediated analytical

communication while supporting the deployment of trustworthy conversational business intelligence
systems.
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6.3 Technical Evaluation II: Query Classification Accuracy
6.3.1 Objective

To ensure that user queries are directed to the appropriate analytical pipelines, the system must be
able to accurately comprehend user queries. The evaluation assesses the system’s performance in
classifying natural language queries into different intent groups. The classification mechanism is
the system’s decision layer. It decides if a query initiates the data retrieval, subgroup discovery,
contextual explanation, or contextual follow-up pipeline.

This test examines the accuracy of that decision-making layer by observing the system’s user intent
classification accuracy with various user queries.

6.3.2 Method

The query classification system was tested with a chosen set consisting of 100 natural language
business queries varying in phrasing and structure. Ground-truth labels were assigned to each
query based on their conversational intent. The four intents that are valid within the system are
BUSINESS STANDARD, PATTERN DISCOVERY, CONCEPT QUESTION, CONTEXTUAL
SUBGROUP QUESTION. The evaluation process examines the system’s understanding of natural
language by interpreting different types of user input and mapping them to the appropriate internal
processing routines.

The system chat processor utilizes the classification method to process each query in the test set and
record the predicted intent label. Subsequently, these predictions were compared to the ground-truth
labels. Standard evaluation metrics were used to measure the efficiency of classification. These
included overall accuracy, precision and recall, and a confusion matrix.

This evaluation enables observations of both the frequency and the causes for misclassifications.
This is the basis for improving the classification layer over time and obtaining better responses
from the business focused Al engine.

6.3.3 Evaluation Goals

The purpose of this evaluation is to determine if the system can consistently classify user queries
from different user intents in natural language correctly, regardless of phrasing and structure. More
specifically, the evaluation aims to:

1. To evaluate the accuracy of overall classification within the system and classifications for each
intent category.

2. Observe misclassification patterns, like confusing descriptive and analytical queries.

3. Examine how efficient the classification system is with different types of business related
language and phrasing.

These insights assess system reliability and accuracy, especially in business settings where user
queries are phrased differently. For the system to give relevant and accurate outputs across all
components, it is crucial that the classification of user queries is correct.
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6.4 Human-Centered Evaluation: Explanation Quality Assessment
6.4.1 Objective

The aim of this human centered evaluation is to examine the system’s effectiveness in transforming
statistically derived subgroup discovery results into natural language explanations that are inter-
pretable for non-technical users. The previous sections examined the accuracy of query classification
and algorithmic faithfulness. This section uses human judgment to directly assess interpretability
of the Al generated outputs and how useful they are for business.

This study assesses the degree to which non-technical users can interpret Al generated insights as
valid, trustworthy, and practically useful. This approach analyzes human feedback across various
criteria to obtain a measure of system communication effectiveness.

6.4.2 Design and Procedure

This evaluation method used a structured task-based questionnaire that participants filled out.
Participants were given a series of business questions and the AI generated responses that the
integrated system generated. Their task was to assess each explanation using a standardized rubric
that focused on response quality and business relevance.

The set of questions in the form was divided into four different query sets (A, B, C, and D), each
of which had 2 to 3 business queries.

1. Set A: Subgroup Discovery Reports: queries that ran subgroup discovery and the system
responded in the business report explanation of statistically significant subgroups in the data.

2. Set B: Subgroup Follow-up: contextual follow-up questions that build on previously presented
subgroup findings, evaluating response continuity and relevance.

3. Set C: Conceptual Understanding: Meta-analytical questions that test the system’s ability to
explain statistical or algorithmic ideas in plain business language.

4. Set D: Data Retrieval and Handling: Requests for direct access to data, such as summaries or
aggregations, that are useful for business operations.

Participants observed the Al generated responses for each question and rated them based on four
different criteria:

1. Clarity: How understandable and accessible is the explanation?
2. Relevance: How well does the response address the specific query asked?
3. Usefulness: How valuable would this information be for business decision-making?

4. Trust/Confidence: How accurate and credible does the explanation seem?
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A 5-point Likert scale was used to rate each criterion, ranging from 1 (poor) to 5 (excellent). These
dimensions were chosen as they are the qualities that affect a user’s ability to understand, trust,
and act on Al generated analytical content.

The evaluation form clarified that the user’s point of view was important by asking participants to
assess responses for an individual who had to make a business decision.

The evaluation data was gathered without revealing the names of the participants, and each
participant rated all four query sets to make sure that the results were consistent.

6.4.3 Evaluation Goals

The goal of this evaluation is to examine how well the system uses Al generated explanations to
communicate data-driven insights to non-technical business users. This test investigates how users
perceive the quality of the explanations.

This evaluation supports the following specific goals:

1. Assess Communicative Effectiveness: determine if users consider the Al generated responses
to be clear, relevant to the question, and helpful for making business decisions.

2. Identify Variability Across Query Types: comparing ratings for the four query sets (subgroup
discovery, follow-up, conceptual, and data retrieval) and identifying strengths and weaknesses
regarding explanation generation.

3. Measure User Trust and Perceived Reliability: assess trust and confidence levels that the
users have in the responses. In business settings, where decisions must be based on outputs
that users believe are accurate and well-founded, trustworthiness is essential.

4. Inform Future System Iterations: user insights help guide improvement planning on prompting,
format explanations, and system efficiency regarding query responses.

These goals contribute to the broader objective of ensuring that the system effectively enables users
to utilize Al-driven business reports from subgroup discovery for decision making.
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7 Results and Analysis

7.1 Overview of Evaluation Results

7.2 Technical Evaluation I: Faithfulness Findings

The semantic faithfulness test examines whether the numerical values and business metrics shown
in the system’s natural language output accurately reflected the numerical outputs of subgroup
discovery results. This evaluation examined the effectiveness of the system in maintaining quantita-
tive accuracy when turning algorithmic results into business explanations.

This evaluation serves as a sanity check to ensure the system correctly preserves numerical values
when converting technical subgroup discovery outputs into readable business explanations. Since
this process is designed specifically to maintain exact numbers without any interpretation or
approximation, achieving 100% accuracy simply indicates the system is working as intended.

7.2.1 Evaluation Methodology

The faithfulness test utilized a four component framework to examine the preservation of the
subgroup discovery output metrics: (1) Coverage Communication (customer count values), (2)
Target Share Communication, (3) Quality Assessment (statistical significance values), and (4)
subgroup condition (logical condition accuracy). The PayPal payment method analysis, the Blouse
product analysis, and the Pants product analysis were three test cases that provided comprehensive
coverage to investigate quantitative accuracy in the Al generated report.

The Al system extracted subgroup discovery results from each test case, which included specific
numbers (like Coverage: 1,247, Target Share: 67.3%, and Quality Score: 0.128), and transformed
them into natural language business explanations. The evaluation investigated if these underlying
numerical values were accurately shown in the Al-generated text, either as exact numbers or with
a semantic equivalent.

7.2.2 Results of Overall Performance

The semantic faithfulness evaluation achieved 100.0% accuracy on all the dimensions and test cases.
The AI generated business explanations maintained all of the underlying algorithmic numerical
values accurately, with no cases of numbers being wrong, left out, or misrepresented.

Component level analysis demonstrated that the metrics were perfectly preserved: Coverage values
accurately showed all of the customer count numbers, Target Share values maintained the same
percentages, Quality Assessment correctly demonstrated the values of statistical significance, and
Pattern Description kept the logical condition accuracy across all test cases.
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7.2.3 Analysis of Numerical Preservation

The evaluation demonstrated robust figure preservation across diverse presentation formats. Cus-
tomer counts were accurately communicated whether expressed as “1,247 customers,” “a segment
of 1,247, or “1,247 shoppers in this demographic. The target share percentages remained accurate
with phrases like “67.3% success rate,” “67% conversion,” and “two-thirds performance rate,” all of
which correctly reflected the underlying 0.673 algorithmic value.

Subgroup conditions maintained Boolean operators and categorical constraints, therefore, expres-
sions such as “Gender = Female AND Category = Clothing” could be accurately translated into
business descriptions like “female customers buying clothing.”

7.2.4 Implications for System Reliability

The system’s ability to consistently preserve algorithmic findings during natural language translation
is proven by the achievement of 100% numerical faithfulness. This level of accuracy indicates that
business users receive accurate information in the report powered by Al generated explanations. The
accurate representation of underlying numerical values across all test cases indicates that the system
successfully connects complicated analytical outputs with interpretable business communication
without losing the integrity of the numerical values.

7.3 Technical Evaluation II: Query Classification Results
7.3.1 Overall Performance of the Classification

The Al query classification system achieved 76.0% accuracy on the 100-query test dataset. It
correctly classified 76 out of 100 business intelligence queries into the four different classes.

The dataset design is perfectly balanced, with 25 queries per class, therefore, all query classes are
evaluated equally. The system performed well overall, with a precision of 0.784, a recall of 0.760,
and an Fl-score of 0.750 (Figure 7b).

7.3.2 Analysis of Performance by Class

Business Standard Queries (F1-Score: 0.923) achieved high performance, with 96.0% recall and
88.9% precision. This shows effectiveness at identifying operational business language patterns.
The one wrong classification indicates minimal confusion regarding the boundaries when business
requests use analytical language.

Concept Questions (F1-Score: 0.806) achieved perfect recall (100.0%) and 67.6% precision, indi-

cating that the system is effective at recognizing methodological questions. Perfect recall with
moderate precision reveals a conservative classification tendency, where the system favors capturing
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all concept questions at the expense of some false positives.

Pattern Discovery Queries (F1-Score: 0.750) achieved perfect precision (100.0%) and 60.0% recall.
This indicates high accuracy regarding identification when classification occurs, but conservative
sensitivity. This performance suggests that the classification prompting is too strict and requires
explicit causal language.

Contextual Subgroup Questions (F1-Score: 0.522) proved most challenging with a recall rate of
48.0% and a precision rate of 57.1%. This average performance demonstrates the difficulty of
identifying context-dependent queries that refer to past analytical results.

Confusion Matrix: AI Query Classification System
Full Dataset Evaluation

Overall Accuracy: 76.0%
Total Predictions: 100

. 24 0
Business Standard 96.0%) (0.0%)

100

0 1
0.0%) (4.0%)

80

) 0 25 0 0
Concept Question = (g 94) (100.0%) 0.0%) 0.0%) 6

True Classification

N 2 0 15 8
Pattern Discovery (8.0%) 0.0%) (60.0%) (32.0%)

Classification Accuracy (%)

z 1 12 0 12
Contextual Subgroup Question — (4.0%) (48.0%) 0.0%) (48.0%)

Predicted Classification

Figure 6: Confusion matrix for Al query classification system

7.3.3 Class-Specific Performance Analysis and Underlying Causes

Figure 7a shows the performance metrics for each class, demonstrating a performance hierarchy
that directly reflects the architectural limitations of prompt-based classification approaches.

Business Standard Questions

The confusion matrix (Figure 6) indicates that Business Standard queries had the best performance
(F1-Score: 0.923), with 96.0% recall and 88.9% precision. This performance is due to the clear
differences in vocabulary between operational business language and analytical language.
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Class-wise Performance Metrics Overall System Performance
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(a) Class-wise precision, recall, and F1-scores (b) Overall system performance metrics

Figure 7: Performance analysis showing balanced macro-averaged results and distinct class-specific
patterns reflecting query complexity differences.

The single misclassification visible in the confusion matrix (Figure 6) (1 out of 25 queries) occurs
when business requests use analytical reference language, like "based on our previous analysis.”
This error pattern shows how the prompt system’s signal processing gives more weight to contextual
reference detection instead of business language patterns when both signals are present. This
indicates that contextual indicators override operational language markers regardless of the query
being primarily business oriented.

Concept Questions

The confusion matrix shows perfect classification for Concept Questions (25 out of 25 correct), but
the precision-recall chart shows moderate precision (67.6%). This is due to the occurrence of false
positives from other classes. This pattern indicates that the prompt design was conservative and in
favor of capturing all methodological questions.

The false positives occur from the Contextual Subgroup Questions (12 misclassifications visible in
the confusion matrix. This happens when follow-up questions about specific analysis results use
technical language. The prompt system confuses between general definitional requests (”What is
target share?”) and context-specific interpretation requests (”What does our target share result
mean?”) as it doesn’t remember previous conversations and handles each request separately.

Pattern Discovery

The confusion matrix shows that Pattern Discovery had perfect precision (100.0%) with no false
positives, but moderate recall (60.0%) due 10 misclassifications. This pattern shows that the
classification criteria are too rigid and need clear causal language markers.

The confusion matrix indicates that the misclassifications are distributed between Business Standard
(2 errors) and Contextual Subgroup Questions (8 errors). Business Standard confusion occurs when
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queries seek for patterns triggering descriptive language rather than explicitly causal language For
example, the query ”What products do high-value customers prefer?”. The prompt needs clear
causal indicators ("what influences,” ”"what drives”) for pattern classification, missing implicit
analytical intent from straightforward queries.

Contextual Subgroup Questions

The confusion matrix (Figure 6) indicates that Contextual Subgroup Questions achieved the worst,
with only 12 out of 25 queries being correctly classified (48% recall and 57.1% precision). The scat-
tered classification pattern shows heavy concentration in Concept Questions (12 misclassifications),
which reveals the limitation of context-independent processing.

This misclassification toward Concept Questions occurs due to both types of queries requiring
methodological language, but the prompt cannot maintain the conversation to differentiate between
general methodology questions and specific result interpretation requests. The system treats each
query as a separate linguistic event, meaning that analytical terms always cause concept classifica-
tion.

7.3.4 Technical Limitations Found in Error Pattern Analysis

The confusion matrix visualization (Figure 6) shows two main technical problems that cause
systematic classification errors:

Lexical Priority Hierarchy: The fact that misclassifications occur in a systematic manner
indicates rigid hierarchical signal processing, where methodological vocabulary takes precedence
over contextual indicators. When queries have conflicting semantic signals, the prompt uses pre-set
precedence rules that favor certain vocabulary patterns. This is why small changes in phrasing may
have a big impact on classification results.

Conservative Pattern Thresholds: The Pattern Discovery underclassification, which missed
40% of queries, demonstrates conservative bias that requires clear causal language. This trade-off
emphasizes precision rather than recall, which means that false positives are avoided, however,
implicit analytical intent that are expressed through indirect language are missed.

7.3.5 Performance Distribution

Figure 7a demonstrates a performance gap between explicit semantic classes (Business Standard:
92.3% F1, Concept Questions: 80.6% F1) and context-dependent classes (Pattern Discovery: 75.0%
F1, Contextual Subgroup: 52.2% F1).

Why Explicit Categories Are Effective: The confusion matrix shows that Business Standard
and Concept Questions are effective due to minimal vocabulary overlap. ”Percentage,” ”total,”
and "show me” are examples of operational language, while "what is,” ”explain,” and ”define” are
examples of definitional language. Pattern matching techniques can easily identify these semantic
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boundaries.

Why Context-Dependent Categories are less effective: Pattern Discovery and Contextual
Subgroup Questions use similar analytical vocabulary whilst serving different purposes. The system
lacks a deep understanding of the context and as a result cannot differentiate between query types
that are semantically similar but functionally different.

7.4 Results of the Human-Centered Evaluation
7.4.1 User Confidence Assessment

Ten people were assessed to gauge their confidence in using the system to make business decisions
and its responses on the five-point Likert scale. The system achieved an average confidence score of
3.6 out of 5 (SD = 1.17). The standard deviation of 1.17 shows that user responses vary moderately,
which suggests that users have different levels of comfort with conversational analytics rather than
agreeing on the quality of the system. This score addresses RQ3 about measurable benefits in
decision confidence, indicating moderate user acceptance with room for improvement.

The distribution indicated that 60% of users had high confidence (levels 4-5), while 40% had
moderate to low confidence (levels 2-3). Given the small sample size, these percentages should be
interpreted as preliminary indicators rather than definitive population estimates. The complete
confidence distribution is visualized in Figure 8.

|_|:| Copy chart
3. Overall, how confident would you be using this system for business decision-

making?
10 responses
4 4 (40%)

3

2 (20%) 2 (20%) 2 (20%)

0(0%)

Figure 8: Distribution of user confidence ratings for business decision-making (N=10)
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7.4.2 Query Type Effectiveness Perception

The test revealed that Data Retrieval queries achieved 60% user voting for “most effective,” while
subgroup discovery reports was second with 40%. This pattern suggests accessibility enhancement
for advanced analytics non-technical users, however, basic operations remain more intuitive.

Notably, 70% of users indicated that subgroup follow-up was the least effective, which shows a flaw
in the analytical workflows that limits the actionability part of RQ1. The comparative effectiveness
ratings across all query types are presented in Figure 9.

1. Which type of query did the system handle most effectively? |8 Copy chart

10 responses

@ Subgroup Discovery Reports (Set A)

@ Subgroup Followup (Set B)
Conceptual Understanding (Set C)

@ Data Retrieval and Handling (Set D)

|_|:| Copy chart
2. Which type of query did the system handle least effectively?

10 responses

@ Subgroup Discovery Reports (Set A)

@ Subgroup Followup (Set B)
Conceptual Understanding (Set C)

@ Data Retrieval and Handling (Set D)

Y

Figure 9: User perception of query type effectiveness: most effective (top) and least effective
(bottom)

7.4.3 Limitations of Statistics

These results can’t be applied to a larger group because the sample size is small (N=10) and the
responses vary a lot. The results show some early signs of how users accept things, but they need
to be tested with larger, more diverse groups of users to see if they are statistically significant and
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to get meaningful confidence intervals.

7.5 Comparative Analysis Across Query Sets
7.5.1 Consistency Across Evaluation Methods

The results of the human evaluation match the technical performance metrics, which support the
system’s strengths and weaknesses. The fact that technical performance (92.3% F1-score) and user
satisfaction are linked for data retrieval operations suggests that high technical accuracy leads to a
good user experience in this query type.

Even though the sample size was small, the fact that both technical metrics (52.2% F1-score) and
user feedback consistently indicated that the contextual processing errors support this finding and
demonstrates testing reliability.

7.5.2 Accessibility and Actionability Performance Patterns

The analysis shows that the goals of accessibility and actionability are not equally important.
The system enables advanced analytics to be more accessible (40% user effectiveness for subgroup
discovery, 75.0% F1l-score), however, it wasn’t able to support the iterative analytical exploration
that is required for actionable insights. This pattern suggests that initial access to conversational
analytics may be more readily achieved than sustained analytical workflows, though larger studies
would be needed to confirm this as a general principle.

7.6 Summary of Key Performance Indicators
7.6.1 Research Question Achievement Assessment

Partially achieved RQ1 (Technical Effectiveness): The system maintained statistical rigor (100%
faithfulness) while improving usability for initial queries (75.0% F1-score for pattern discovery),
but showed limitations in sustained interactions (52.2% F1-score for contextual queries).

Moderately achieved RQ2 (Effect on User Experience): Conversational interaction simplified under-
standing of basic analytics and gave users acceptable access to advanced analytics, with the overall
moderate confidence level reflected in Figure 8.

Limited achievement on RQ3 (Creating Business Value): While decision speed appeared to improve

for initial queries, confidence levels remained moderate, and poor followup capability constrains
analytical workflow completion.
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7.6.2 Performance Synthesis

The evaluation shows that the system successfully lowers technical barriers to advanced analytics
while maintaining statistical accuracy, however, highlights major problems with long-term analytical
conversations. The main challenge with conversational business intelligence is the degradation of
performance from initial access to further iterative exploration.

Technical reliability achieved higher than the target levels (100% faithfulness, 76% overall accuracy),
but user acceptance was only moderate (3.6/5 confidence). This is good for further development,
but not high enough for enterprise deployment.

7.6.3 Development Goals and Limitations

The performance indicators and evaluation suggest the system demonstrates proof ofc oncept
viability for conversational analytics, however, requires significant refinement before production
deployment.

The generalizability of these findings is limited by statistical issues such as the small sample size

and the lack of comparative benchmarks with existing BI tools. More research is required in the
future to confirm these results.
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8 Discussion and Implications

8.1 Implications for Business Intelligence Practice

The results of the study have significant implications on business intelligence and the democra-
tization of advanced analytics within organizations. The demonstration of conversational access
to subgroup discovery suggests that the traditional model of analytical expertise as a barrier to
insights may be fundamentally changing.

The accessibility improvements shown in this work suggest a future where domain experts can use
advanced analytical algorithms directly, without without intermediary data scientists or analysts.
This change can accelerate the decision making process by eliminating the translation layers between
analytical insights and business action. Companies that invest in conversational analytics may gain
competitive advantage by enhancing and accelerating the process of transforming insights into
actions.

However, the challenges appeared in contextual processing and long-term analytical conversations
indicating that conversational analytics should be seen as a supplement to, not a replacement for,
traditional BI methods. The best way for an organization to operate may consist of hybrid models,
where conversational interfaces make advanced analytics simpler, and traditional dashboards and
expert consultation enables deeper analytical exploration.

This research employed a prompt engineering methodology that lays the groundwork for making
other advanced algorithms conversationally accessible. In addition to finding subgroups, similar
methods could make optimization algorithms, forecasting models, and machine learning pipelines
available to non-technical users, which could alter the way businesses use their analytical infras-
tructure.

The moderate user confidence levels indicates that while the system may demonstrate technical
feasibility, additional factors beyond statistical accuracy also influence user acceptance of conversa-
tional analytics for business decision-making.

Finally, the research indicates that conversational analytics is not a revolutionary replacement
for business intelligence tools, but rather an evolutionary step forward. The technology shows
greatest promise in lowering barriers to analytical exploration and enabling broader organiza-
tional participation in data-driven decision making. It shows the importance for non-technical users
to use their own judgment and domain knowledge when interpreting and acting on analytical insights.

8.2 Limitations of the Study

The research presents several limitations that constrains the generalizability of findings. These must
be acknowledged when interpreting results and discussing the implications of this research.
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8.2.1 Technical and Architectural Limitations

External API Dependency and Reliability Constraints: The system’s dependence on
OpenATl’s GPT-40 API reduces reliability, cost predictability, and long-term sustainability. This
dependency demonstrates multiple external concerns such as API rate limiting, service availability,
and changing pricing models. Furthermore, the system’s performance is inherently tied to the
capabilities and limitations of the specific LLM version used, which may not represent the optimal
solution | .

Dataset Scope and Domain Specificity: The evaluation is limited to a single domain dataset
with 3,900 records of transactional behavior data. This restriction limits generalizability of the
results across different business situations, data structures, and analytical requirements.

Limitations of Algorithmic Coverage: The implementation focuses on the single nominal
target subgroup discovery features of pySubDisc instead of utilizing the full algorithmic potential
of the library. This limitation is necessary for the scope of a bachelor’s thesis; however, this limits
the system’s ability to handle more complex analytical scenarios that need advanced statistical
measures or multi-target subgroup analysis.

8.2.2 Limitations in Methods and Evaluation

Evaluation Scope and Temporal Constraints: The human-centered evaluation uses a small
number of participants and a short time frame. Additionally, the evaluation does not assess the
system’s performance across different user expertise levels beyond the basic technical /non-technical
distinction.

Limitations of the Query Classification Dataset: The 100-query classification evaluation
dataset is systematically designed; however, it may not represent full variability and complexity in
which natural language queries could be asked. The research used ground-truth labeling, which
could introduce bias and may not demonstrate the subtle differences in interpretation that would
happen with different business users.

Statistical Power and Sample Size Constraints: The limited number of participants who
evaluated the system’s responses increases the difficulty in observing generalizable insights into the
user experience. The timeline and resource constraints prevented larger-scale evaluation that would
strengthen the generalizability of user experience findings.

8.2.3 Limitations on Implementation and Scalability

Keeping Track of Context and Managing Sessions: The system uses browser-based localStorage
to manage sessions; however, this method presents limitations for business use, such as maintaining
data across devices, collaborative analysis projects, and connecting with existing organizational
management systems.

45



8.2.4 Security and Data Privacy Limitations

External Data Processing and Privacy Concerns: The system’s use of OpenAl’s GPT-40
API poses major risks to data privacy and security, as business-sensitive queries and potentially
confidential dataset information are being sent to external servers. This architecture violates orga-
nizational data governance regulations that state that sensitive business intelligence data should
be maintained within the organization. Furthermore, the system lacks the functionality to clean
or hide data before external processing, which could lead to violations of regulations such as the
GDPR, CCPA, or other industry-specific data protection rules | ].

Client Side Data Storage Vulnerabilities: The browser-based localStorage method for
managing sessions creates security vulnerabilities, as the system stores conversation history and
potentially sensitive analytical results without encryption. This method exposes business intelligence
data to several attack vectors, such as cross-site scripting (XSS), local storage manipulation, and
unauthorized access on shared or compromised devices.

Input Validation and Injection Attack Susceptibility: The system’s natural language
processing pipeline lacks input validation and sanitization tools that prevent prompt injection
attacks or malicious query manipulation. This indicates that carefully crafted queries could exploit
the system or extract confidential information from the dataset | ].

8.3 Opportunities for Future Development

The research presented opens several of promising research directions for improving the technical
and practical capabilities of conversational business intelligence systems.

8.3.1 Adaptive and Self-Improving System Capabilities

Dynamic Prompting and Context-Aware Optimization: Increased potential in using adap-
tive prompting systems that learn from user interaction and dynamically improve the LLM prompts.
Machine learning techniques can be utilized to obtain optimal prompt structures for different
business contexts reducing dependency on static templates while maintaining analytical consistency

[ J

Self-Improving Classification Logic: The system could evolve to adaptive classification which
learns from user feedback and successful analytical outcomes. Active learning techniques could
improve low confidence classifications and ask users for feedback. This would amend current
limitations of static classification rules | ].

8.3.2 Business Integration and Scalability

Multi-Platform Business Intelligence Integration: There are various opportunities to im-
plement standardized integration protocols with exisiting BI platforms like Tableau, Power BI,
and Qlik Sense. API-based connectors could enable conversational subgroup discovery as built-in
components of existing organizational BI workflows, using the current data governance and security
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infrastructure.

Cloud-Native Architecture: Expanding to a microservices-based cloud-native implementation
would enable horizontally scaling, supporting multiple tenants, and processing data across multiple
servers. This allows for larger datasets handling, multiple concurrent user sessions, and caching
strategies that maintain performance while reducing reliance on external APIs | ].

Enhanced User Experience

Personalized Business Intelligence Profiling: The system add user profiles and adapt the
depth of explanations and analysis based on their roles and level of expertise. This would simplify
for different user types to understand and act on information through personalized conversational
experiences.

8.3.3 Security and Compliance Enhancements

Enterprise Security Integration: Comprehensive security frameworks would address limita-
tions with external API dependencies by adding features like end-to-end encryption, secure API
gateways, and enterprise IAM integration. On-premises LLM deployment could be a viable so-
lution that maintains information privacy while still allowing conversational Al capabilities | ].

Data Governance Framework: Compliance monitoring could enforce data policies, maintain
audit trails, and generate transparency reports for GDPR and CCPA compliance.

8.3.4 Research Extensions

Cross-Domain Generalization: There are research opportunities to enable domain adaptation
techniques allow system generalization in a wide range of business settings with minimal reconfigu-
ration, which addresses the problem of domain-specific dataset dependencies.

These development opportunities include short-term practical extensions and long-term research

opportunities that could improve conversational business intelligence while addressing the limitations
found in the current work.
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9 Conclusions

9.1 Summary of Contributions

This study addresses the gap in accessibility between advanced analytical tools and non-technical
users who want insights on their data. The work makes three contributions that enhance both the
theoretical understanding and the practical use of conversational analytics.

The theoretical contribution indicates that the trade-off between accessibility and rigor in busi-
ness intelligence is not unavoidable. This study challenges ideas regarding that the usability and
statistical sophistication are related by showing that complex statistical algorithms can be made
simplified without losing their full analytical integrity.

The methodological contribution demonstrate the employment of prompt engineering to systemati-
cally transfer algorithmic knowledge. This method provides a way to encode domain knowledge
into conversational Al systems which can be integrated with other advanced algorithms to make
them conversationally accessible.

The practical contribution highlights that the idea is technically feasible by using a working system
that achieves 100% statistical faithfulness and lets users use natural language to find advanced
patterns. The comprehensive evaluation framework gives researchers a way for investigating at
similar systems in the future.

9.2 Answers to Research Questions

The central research question examined how integration simplifies for non-technical users to access
and act on information. The study shows that eliminating technical barriers greatly improves
accessibility, allowing users to start complex analyses by asking questions in natural language.
However, actionability is still limited by the fact that contextual processing can’t handle long-term
analytical conversations.

Full statistical preservation and reliable query classification prove that technical effectiveness is
operational. User experience demonstrate that basic analytics support users to enhance under-
standing. Business value creation is partially achieved through improved decision speed, but full
realization requires addressing contextual processing challenges.

9.3 Reflection on Research Objectives

The research process demonstrated both the potential and the challenges of using conversational
analytics, which ultimately lead to question fundamental assumptions about AI-human collaboration
in analytical contexts.
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The most significant conclusion resulted from the fact that technical performance and user accep-
tance were different. Even though the technical metrics achieved high results, user confidence was
only moderate. This shows a major flaw in how conversational analytics systems are perceived and
judged This finding suggests that the research and system conducted has focused disproportionately
on algorithmic performance while underestimating the psychological and organizational dimensions
of analytical tool adoption.. For conversational analytics to work, future research needs to address
user trust as a primary design constraint instead of a secondary one.

The contextual processing challenge was more fundamental than anticipated, revealing flaws in
how large language model architectures work for long-term analytical reasoning.The limitation
suggests that conversational analytics may require more than just simple prompt engineering or
model scaling. They may require hybrid approaches that combine conversational interfaces with
higher analytical memory systems.

This discovery has broader effects on Al-mediated analytics. It demonstrates that conversational Al
is good at translation and increasing comprehension and understanding, however, is flawed at the
long-term reasoning needed for complex analytical conversations. This limit may be what separates
human and Al capabilities in analytical situations.

The research scope showed proof of concept while showing fundamental constraints that put this
work within broader questions about the limits of current AI architectures for complex reasoning
tasks.

9.4 Final Remarks

This research contributes to understanding how artificial intelligence can enhance human analytical
capabilities while showing critical constraints that define current conversational analytics limits.

The difference between technical performance and user acceptance shows a fundamental challenge in
Al system design: technical systems solely is insufficient for successful human-AI collaboration. This
insight goes beyond conversational analytics and suggests that future Al systems must prioritize
human dynamics and comprehension preference as primary design constraints rather than secondary
considerations.

The research provides a systematic approach for making advanced algorithms conversationally
accessible, however, the contextual processing limitations suggest each domain may face different
implementation constraints. Instead of a unified technological solution, conversational analytics
may develop as domain-specific approach tailored to particular analytical challenges.

Looking forward, the optimal future steps for this research may involve integration of conversa-
tional interfaces with traditional analytical tools leveraging Al for accessibility enhancement while
preserving human expertise for complex reasoning. This hybrid model may represent the most
effective approach until advances in Al reasoning capabilities emerge, ultimately enabling truly
collaborative and fully effective analytical partnerships between humans and artificial intelligence.
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