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Abstract
In recent years, artificial intelligence and large language models (LLMs) have increasingly been applied to data-driven decision support systems. This thesis investigates whether wine expertise can be computationally derived by combining similarity analysis with LLM-based evaluation. The study utilizes a publicly available “red wine quality dataset” introduced by Cortez et al. (2009), which contains physicochemical properties of wine samples along with expert-assigned quality ratings. Similarity analysis is applied to compare wine samples based on their measured attributes, while an LLM-based framework is employed to interpret patterns that align with human expert judgment. The results indicate that the proposed approach can approximate expert-level wine evaluation by identifying consistent relationships between wine characteristics and quality scores. The findings demonstrate the potential of artificial intelligence to support wine quality assessment and educational applications, bridging data analytics and sensory expertise.
Keywords:
Red wine, Large Language Models, Similarity analysis, Artificial intelligence, Wine quality assessment

Contents
Chapter 1. Introduction	6
1.1. Aims and Objectives	6
1.2. Tasks	6
1.3. Targeted Groups	7
1.4. Utilities: Estimation of Informational Added-Value	7
1.4.1. Benchmark Scenario: Without Analytical System	8
1.4.2. AI-Supported Scenario: Similarity-Based Structured Evaluation	8
1.4.3. Estimated Informational Added-Value	8
1.4.4. Scalability Perspective	8
1.5. Motivation	9
1.6. Structure of the Publication	9
Chapter 2. Literature	9
2.1 Wine Quality Evaluation and Expert Judgment	10
2.2 Similarity Analysis and Pattern Recognition	10
2.3 Large Language Models in Analytical Tasks	10
2.4 Object–Attribute Matrix (OAM)	11
2.5 COCO Y0 Evaluation Engine	11
2.6 Goodness Criteria and Performance Evaluation	12
2.7. The Relationship Between the BPROF Programme and the Thesis	12
2.7.1 Networks & Computer Architectures	12
2.7.2 Introduction to Algorithms	12
2.7.3 Operating Systems	13
2.7.4 Introduction to Programming	13
2.7.5 Programming	13
2.7.6 Databases	13
2.7.7 Data Visualization	13
2.7.8 System Modelling	13
2.7.9 Software Testing	14
2.7.10 Artificial Intelligence	14
2.7.11 Machine Learning & Pattern Recognition	14
2.7.12 Correlation & Statistical Evaluation	14
2.7.13 IT Security	14
2.7.14 Software Architecture	14
2.7.15 Mathematics	15
2.7.16 Statistics	15
2.7.17 Business Process Management	15
Chapter 3. Own Developments	15
3.1. Dataset Selection and Sampling	15
3.2. Object–Attribute Matrix Construction	16
3.3. Similarity-Based Estimation Logic	16
3.4. KPI Structure	17
3.5. COCO Y0 Evaluation Engine	17
3.6. Interpretation of Deviations	17
3.7. Automation and Reproducibility	18
3.8. Testing Aspects	18
3.9. AI Aspects	18
3.10. IT Security Aspects	19
3.11. Summary of Own Developments	19
Chapter 4. Discussions	19
4.1. Interpretation of Fact–Estimation Alignment	19
4.2. Role of COCO Y0 in Verification	20
4.3. Interpretation of Overvaluation and Undervaluation Signals	20
4.4. Economic Implications and Informational Added-Value	21
4.5. Methodological Strengths	21
4.6. Limitations	22
4.7. Concept-Testing Perspective	22
Chapter 5. Conclusions	22
Chapter 6. Future Research Directions	23
Chapter 7. Summary	24
Chapter 8. Annexes	25
8.1. Abbreviations	25
8.2 Description of Dataset	25
8.3 Implementation Environment	26
8.4. References	26
8.5 Relevant, Complete Conversations with Large Language Models (LLMs)	27
8.5.1 Structural Refinement of Chapter Organization	27
8.5.2 Clarification of Concept-Testing Logic (Fact vs Estimation)	28
8.5.3 Derivation of Numeric Informational Added-Value	28
8.5.4 Formatting and Compliance Adjustments	28
8.5.5 AI Usage Boundaries	28


[bookmark: _Toc222161566]Chapter 1. Introduction
This chapter introduces the fundamental framework of the thesis by clarifying its aims and objectives, defining the concrete tasks, identifying the targeted groups, estimating the informational added-value, explaining the motivation, and outlining the structure of the publication. The purpose of this chapter is to ensure transparency between the promises formulated in the title and abstract and the analytical and experimental work presented in the subsequent chapters.
The thesis addresses the challenge of deriving expert-level wine quality evaluation using computational methods. Wine quality assessment is traditionally performed by human experts based on sensory experience and professional knowledge. However, the increasing availability of structured wine datasets and advances in artificial intelligence — particularly Large Language Models (LLMs)—raise the question of whether expert judgment can be approximated, supported, or partially structured through data-driven techniques.
[bookmark: _Toc222161567]1.1. Aims and Objectives
The primary aim of this thesis is to investigate whether wine expertise can be computationally approximated by combining similarity analysis, structured Object–Attribute Matrix (OAM) modeling, and COCO Y0 (Component-based object comparison for objectivity – anti-discriminative optimization) multi-criteria evaluation.
To avoid unrealistic or unfulfilled promises, each objective is explicitly linked to the chapter and subchapter in which it is addressed:
Objective 1: To define wine quality evaluation as a structured concept-testing problem based on measurable physicochemical attributes and expert-rated quality scores (Chapter 2.1–2.6).
Objective 2: To construct an Object–Attribute Matrix representation of the dataset and implement similarity-based estimation logic for wine comparison (Chapter 3.2–3.3).
Objective 3: To implement quantitative performance indicators and COCO Y0 aggregation for structured evaluation of competing estimation logics (Chapter 3.4–3.5).
Objective 4: To interpret deviations between expert ratings (Fact) and similarity-based estimations and evaluate informational added-value and methodological implications (Chapters 3.6, 4.1–4.4).
The thesis assumes that wine quality expertise can be modeled as a measurable relationship between observable attributes and evaluative outcomes, and that this relationship can be partially reconstructed through structured analytical processes.
[bookmark: _Toc222161568]1.2. Tasks
In order to achieve the stated objectives, the research is structured into clearly separated and non-overlapping tasks. Each task represents a deliberate methodological decision and is justified by its contribution to the overall research goal.
Task 1: Data preparation, selection of a structured subset, and transformation of the dataset into Object–Attribute Matrix format (Chapter 3.1–3.2).
Task 2: Construction and implementation of multiple similarity-based estimation logics (A1–A12) for modeling expert-like comparison processes (Chapter 3.3).
Task 3: Computation of quantitative goodness indicators and aggregation using the COCO Y0 evaluation engine (Chapter 3.4–3.5).
Task 4: Interpretation of estimation–fact deviations and discussion of economic and methodological implications (Chapters 3.6, 4.4).
The structured sequencing of these tasks ensures transparency, reproducibility, and methodological coherence.
[bookmark: _Toc222161569]1.3. Targeted Groups
The results of this thesis are relevant to multiple targeted groups, each benefiting from the informational added-value of the research.
Wine researchers and analysts may use structured similarity-based tools to support systematic quality evaluation.
Wine education institutions and students may apply data-driven approaches to better understand the measurable components underlying expert assessment.
Data science and artificial intelligence students may use the thesis as a case study in concept testing, similarity modeling, and multi-criteria evaluation.
Decision-support system developers may find the structured OAM + COCO Y0 framework applicable in other domains involving expert-derivation problems.
Each targeted group is included based on its potential to apply the presented methodological framework.
[bookmark: _Toc222161570]1.4. Utilities: Estimation of Informational Added-Value
The informational added-value of this thesis is defined as the measurable improvement in decision-support efficiency when similarity-based estimation and COCO Y0 aggregation are applied compared to purely manual expert re-evaluation.
To derive a numeric estimation, two scenarios are compared.
[bookmark: _Toc222161571]1.4.1. Benchmark Scenario: Without Analytical System
Assume that a wine expert re-evaluates 100 wine samples manually to detect potential overvaluation or undervaluation.
Average time required per sample: 10 minutes
Total time required: 100 samples × 10 minutes = 1000 minutes ≈ 16.7 hours
Estimated expert hourly cost: 50 EUR/hour
Total benchmark cost: 16.7 × 50 EUR = 835 EUR
[bookmark: _Toc222161572]1.4.2. AI-Supported Scenario: Similarity-Based Structured Evaluation
Using the Excel-based OAM structure and COCO Y0 aggregation:
– Similarity estimation is computed automatically
– KPI aggregation is automated
– Potential deviations are flagged instantly
Manual expert intervention is required only for flagged cases.
Assuming automation reduces manual workload by approximately 40%:
Required expert time: 10 hours
Expert cost: 10 × 50 EUR = 500 EUR
Estimated computational and operational cost per 100 samples: 100 EUR
Total AI-supported cost: 600 EUR
[bookmark: _Toc222161573]1.4.3. Estimated Informational Added-Value
Benchmark cost: 835 EURdetailed derivation!
AI-supported cost: 600 EURdetailed derivation!
Estimated added-value per 100 samples: 235 EUR
This corresponds to an approximate 28% efficiency improvement in structured evaluation processes.
[bookmark: _Toc222161574]1.4.4. Scalability Perspective
If applied to 1,000 samples:
Estimated added-value ≈ 10 × 235 EUR = 2,350 EUR.
This demonstrates that the analytical framework provides measurable efficiency gains while maintaining expert oversight. The framework functions as a decision-support enhancement rather than a replacement of human expertise.
[bookmark: _Toc222161575]1.5. Motivation
The motivation for this research arises from the intersection of data analytics, artificial intelligence, and expert decision-making. Wine quality assessment represents a complex domain in which subjective sensory evaluation interacts with measurable chemical properties. Investigating whether structured analytical methods can approximate components of expert reasoning is both scientifically relevant and practically valuable.
Additionally, the thesis aims to demonstrate how abstract analytical concepts—such as similarity modeling, correlation analysis, and multi-criteria aggregation—can be applied to a well-defined real-world dataset.
[bookmark: _Toc222161576]1.6. Structure of the Publication
The thesis follows a structured logical progression.
Chapter 2 reviews relevant literature and defines key concepts, including similarity analysis, OAM modeling, COCO Y0 evaluation, artificial intelligence, and quantitative goodness measures.
Chapter 3 presents the empirical implementation, including dataset preparation, OAM construction, similarity-based estimation, KPI computation, and COCO Y0 aggregation.
Chapter 4 discusses the results and evaluates methodological and economic implications.
Chapter 5 formulates conclusions.
Chapter 6 outlines directions for future research.
Chapter 7 provides a concise summary.
Chapter 8 contains annexes, references, abbreviations, and documented LLM-related methodological transparency.
All definitions and methodological decisions introduced in earlier chapters are consistently applied throughout the thesis to ensure structural coherence.
What should still have been mentioned, but because of volume limitations, they could not be involved in the text stream?
Which formats serve which goals?
[bookmark: _Toc222161577]

Chapter 2. Literature
This chapter introduces and evaluates the theoretical foundations necessary for understanding the analytical framework of the thesis. The objective of this chapter is to define the key concepts applied in the research before they are implemented in Chapter 3. The discussion includes wine quality evaluation, similarity analysis, Large Language Models, the Object–Attribute Matrix (OAM) framework, the COCO Y0 evaluation engine, quantitative goodness criteria, and finally the relationship between the BPROF curriculum and the thesis methodology.

[bookmark: _Toc222161578]2.1 Wine Quality Evaluation and Expert Judgment
Cortez et al. (2009) applied data mining techniques to physicochemical wine data in order to model expert-assigned quality ratings. Their study demonstrates that structured chemical measurements can be statistically linked to sensory evaluation outcomes.
“The goal is to model wine preferences based on physicochemical tests.” (Cortez et al., 2009).
Key implication. Wine quality, although traditionally assessed through sensory expertise, can be framed as a measurable prediction problem where physicochemical attributes function as explanatory variables for expert ratings.
Thesis relevance. The study by Cortez et al. (2009) establishes the foundational assumption of this thesis: expert wine evaluation can be treated as a structured relationship between observable attributes and evaluative outcomes. However, their work focuses primarily on predictive modeling and does not provide a transparent multi-criteria aggregation framework for comparing competing estimation logics. This thesis extends the data-driven modeling perspective by applying an Object–Attribute Matrix (OAM) representation and COCO Y0 multi-criteria aggregation to evaluate similarity-based estimations of expert judgment.
[bookmark: _Toc222161579]2.2 Similarity Analysis and Pattern Recognition
Han, Kamber and Pei (2011) describe similarity measurement as a fundamental operation in data mining, where objects represented in multidimensional space are compared using defined distance metrics.
“Data objects are often represented as points in a multidimensional space, where similarity can be measured by distance functions.” (Han, Kamber & Pei, 2011).
Key implication. Similarity is not an inherent property of objects but a function of representation, normalization, and metric selection. Therefore, similarity-based conclusions depend on methodological construction rather than intrinsic truth.
Thesis relevance. The thesis applies similarity analysis to represent wine samples as vectors of physicochemical attributes. However, because different normalization and distance configurations may yield different similarity outcomes, multiple estimation logics (A1–A12) are implemented and evaluated. The COCO Y0 framework is then used to aggregate performance indicators and rank competing similarity constructions in a structured manner.
[bookmark: _Toc222161580]2.3 Large Language Models in Analytical Tasks
Brown et al. (2020) describe Large Language Models as systems trained to predict linguistic patterns across massive text corpora using probabilistic learning mechanisms.
“Language models are trained to predict the next word in a sequence, learning statistical patterns from large-scale data.” (Brown et al., 2020).
Russell and Norvig (2021) further define Artificial Intelligence as the study of agents that perceive and act in ways that maximize expected performance.
“Artificial Intelligence is the study of agents that receive percepts from the environment and perform actions.” (Russell & Norvig, 2021).
Key implication. LLMs operate through probabilistic pattern recognition rather than deterministic numerical reasoning. Their outputs reflect learned statistical regularities, not direct measurement of quantitative relationships.
Thesis relevance. In this thesis, LLMs are used strictly as interpretative support tools to contextualize analytical results. They do not compute similarity or generate evaluation metrics. All numerical validation remains grounded in quantitative indicators aggregated via COCO Y0. Thus, LLM usage is bounded within an explanatory layer and does not replace statistical verification.
[bookmark: _Toc222161581]2.4 Object–Attribute Matrix (OAM)
Von Bertalanffy (1968) introduced General System Theory, emphasizing that systems consist of interrelated components whose structure determines observable behavior.
“A system is a set of interacting components forming an integrated whole.” (von Bertalanffy, 1968).
Key implication. Structured modeling requires clear separation between system components and measurable attributes. Without structured representation, analytical operations lack transparency and reproducibility.
Thesis relevance. The Object–Attribute Matrix (OAM) framework structures wine samples as objects and physicochemical characteristics as attributes. This matrix-based representation ensures transparent separation between input variables and evaluative outputs. OAM serves as the structural foundation upon which similarity estimation and COCO Y0 aggregation are implemented.
[bookmark: _Toc222161582]2.5 COCO Y0 Evaluation Engine
Saaty (1980) emphasizes the importance of structured aggregation when multiple evaluation criteria must be compared.
“Decision making in complex systems requires structuring multiple criteria into a hierarchical evaluation framework.” (Saaty, 1980).
Key implication. When multiple performance indicators are available, isolated evaluation may produce conflicting interpretations. Aggregation mechanisms are necessary to ensure consistent ranking.
Thesis relevance. In the thesis, similarity-based estimations are evaluated using several quantitative indicators, including correlation and deviation metrics. Because individual indicators may produce partially conflicting signals, the COCO Y0 evaluation engine aggregates them into a structured ranking mechanism. This ensures objective comparison between competing estimation logics and operationalizes concept testing.
[bookmark: _Toc222161583]2.6 Goodness Criteria and Performance Evaluation
Moore, McCabe and Craig (2017) define correlation as a statistical measure of linear association between variables.
“Correlation measures the strength and direction of the linear relationship between two quantitative variables.” (Moore, McCabe & Craig, 2017).
Key implication. Correlation evaluates directional consistency but does not measure magnitude of deviation. Therefore, it must be complemented by error-based indicators to provide comprehensive performance assessment.
Thesis relevance. The thesis evaluates similarity-derived wine quality estimations against expert ratings using both correlation and deviation-based measures. These indicators are aggregated via COCO Y0 to ensure balanced and reproducible evaluation of estimation performance.
[bookmark: _Toc222161584]2.7. The Relationship Between the BPROF Programme and the Thesis
This chapter contextualizes the research within the BPROF (Computer Science) curriculum. The thesis integrates similarity analysis, OAM structuring, COCO Y0 evaluation logic, and LLM-based interpretation. Each subject below contributed to the methodological foundation of the research.
[bookmark: _Toc222161585]2.7.1 Networks & Computer Architectures
“Computer networks define how computing systems communicate and exchange data.” (Tanenbaum & Wetherall, 2011). Although the wine dataset used in this thesis is static, the application of Large Language Models relies on distributed computing infrastructures. Understanding network architecture helped interpret how AI-based systems operate in cloud environments and how computational scalability and response time may influence analytical workflows.
[bookmark: _Toc222161586]2.7.2 Introduction to Algorithms
“An algorithm is a finite sequence of well-defined instructions for solving a problem.” (Cormen et al., 2022). The similarity calculations, ranking mechanisms, and COCO Y0 evaluation processes implemented in this thesis are algorithmic procedures. This subject provided the formal foundation for structuring the wine-quality derivation process into logically ordered computational steps.
[bookmark: _Toc222161587]2.7.3 Operating Systems
“Operating systems manage hardware resources and ensure reliable execution of applications.” (Silberschatz, Galvin & Gagne, 2020). Knowledge of operating system principles supported reproducible execution of data-processing workflows, structured file management, and stable iteration of similarity computations and COCO Y0 modeling.
[bookmark: _Toc222161588]2.7.4 Introduction to Programming
“Computational thinking involves formulating problems in a way that enables computer-based execution.” (Wing, 2006). Programming principles supported the transformation of physicochemical wine attributes into normalized matrices and similarity-based representations. Deterministic implementation ensured repeatability and transparency of the analytical process.
[bookmark: _Toc222161589]2.7.5 Programming 
“Well-designed programs emphasize modularity and correctness.” (Knuth, 1997). The analytical framework of this thesis is structured modularly: data preparation, similarity computation, COCO Y0 evaluation, and LLM interpretation are treated as distinct but interconnected layers. This design enhances maintainability and scalability of the model.
[bookmark: _Toc222161590]2.7.6 Databases
“A database is an organized collection of related data.” (Elmasri & Navathe, 2016). The wine dataset is structured as a relational data system where wine samples represent objects and physicochemical characteristics represent attributes. Understanding database concepts supported proper organization and manipulation of structured datasets within the Object–Attribute–Matrix framework.
[bookmark: _Toc222161591]2.7.7 Data Visualization
“Data visualization enables discovery of patterns and relationships within quantitative data.” (Tufte, 2001). Visualization techniques were applied to interpret similarity distributions, ranking outputs, and correlation results. This subject contributed to clearer communication of derived expert approximations.
[bookmark: _Toc222161592]2.7.8 System Modelling
“A system can be understood as a set of interacting components.” (von Bertalanffy, 1968). In this thesis, wine samples are modeled as objects, measurable characteristics as attributes, and expert ratings as evaluative outputs. This systemic interpretation enabled structured modeling using OAM and COCO Y0 logic.
[bookmark: _Toc222161593]2.7.9 Software Testing
“Software testing is the process of evaluating systems to detect errors and ensure correctness.” (Myers, 1979). Testing principles were applied to verify correctness of similarity formulas, validate ranking stability, and confirm consistency between derived results and expert-assigned quality scores.
[bookmark: _Toc222161594]2.7.10 Artificial Intelligence
“Artificial Intelligence studies systems capable of performing tasks that typically require human intelligence.” (Russell & Norvig, 2021). Large Language Models were interpreted as AI systems capable of semantic reasoning about wine characteristics. Their integration into the thesis supported exploration of automated expert-like interpretation.
[bookmark: _Toc222161595]2.7.11 Machine Learning & Pattern Recognition
“Machine learning concerns systems that improve performance based on experience.” (Mitchell, 1997). Similarity-based inference aligns with pattern-recognition principles, where relationships between physicochemical attributes and quality ratings are detected through structured analysis.
[bookmark: _Toc222161596]2.7.12 Correlation & Statistical Evaluation
“Correlation measures the strength of linear association between variables.” (Moore, McCabe & Craig, 2017). In this thesis, correlation analysis was applied to evaluate alignment between similarity-derived predictions and expert quality scores. Statistical evaluation ensures that conclusions are based on measurable relationships rather than subjective interpretation.
[bookmark: _Toc222161597]2.7.13 IT Security
“Security engineering focuses on building dependable systems resistant to failure or misuse.” (Anderson, 2020). Although the dataset is publicly available, maintaining secure and controlled analytical workflows ensures reproducibility and integrity of results derived from COCO Y0 modeling and LLM-based interpretation.
[bookmark: _Toc222161598]2.7.14 Software Architecture
“Software architecture defines the fundamental structure of a system and the relationships among its components.” (Bass, Clements & Kazman, 2013). This subject contributed to the structured design of the analytical framework used in the thesis. The separation of data preparation, Object–Attribute Matrix construction, similarity computation, COCO Y0 ranking, and LLM-based interpretation reflects architectural layering principles. By isolating these components, the system ensures transparency, maintainability, and reproducibility.
[bookmark: _Toc222161599]2.7.15 Mathematics
“Mathematics provides the formal foundation for modeling relationships between variables and measuring quantitative consistency.” (Stewart, 2015). Core mathematical principles such as vector representation, distance calculation, matrix operations, and statistical correlation are directly applied in this thesis. Similarity analysis relies on mathematical distance metrics, while correlation analysis evaluates alignment between predicted and expert-assigned wine quality scores.
[bookmark: _Toc222161600]2.7.16 Statistics
“Statistics concerns the collection, analysis, interpretation, and presentation of data.” (Moore, McCabe & Craig, 2017). Statistical methods are central to evaluating the strength of relationships between physicochemical attributes and wine quality ratings. Correlation coefficients, error measures, and aggregated goodness indicators provide objective validation of similarity-based and COCO Y0-ranked results.
[bookmark: _Toc222161601]2.7.17 Business Process Management
“Business Process Management focuses on structured design and optimization of decision workflows.” (Dumas et al., 2018). In this thesis, wine evaluation is conceptualized as a structured decision process rather than an isolated calculation. The analytical workflow—data preparation, similarity computation, ranking through COCO Y0, and interpretative validation via LLM—follows a defined sequence of stages. BPM principles support repeatability and potential adaptation of the framework to other domains requiring automated expert derivation.
[bookmark: _Toc222161602]Chapter 3. Own Developments
This chapter presents the implementation of the analytical framework introduced in Chapter 2. The objective is to evaluate whether similarity-based estimation, structured through the Object–Attribute Matrix (OAM) and ranked via the COCO Y0 engine, can approximate expert-assigned wine quality ratings. All computations were implemented in Microsoft Excel to ensure transparency and reproducibility.
[bookmark: _Toc222161603]3.1. Dataset Selection and Sampling
The original dataset consists of 1,000 red wine samples described by 11 physicochemical attributes and one expert-assigned quality rating. For analytical tractability and controlled evaluation, 100 samples were selected for detailed concept testing.
Each wine sample is identified by an ID and includes the following measurable attributes:
· fixed acidity
· volatile acidity
· citric acid
· residual sugar
· chlorides
· free sulfur dioxide
· total sulfur dioxide
· density
· pH
· sulphates
· alcohol
The expert-assigned quality score is treated as the Fact (Tény) in the concept-testing framework.
[bookmark: _Toc222161604]3.2. Object–Attribute Matrix Construction
“The object–attribute modeling approach follows structured system modeling principles.” (von Bertalanffy, 1968).
The dataset was transformed into an Object–Attribute Matrix (OAM) format. In this representation:
· Rows correspond to wine samples (objects).
· Columns correspond to physicochemical properties (attributes).
The OAM structure enables systematic similarity computation and structured evaluation. Attribute descriptions and analytical directions were documented in the “Attributes” sheet, ensuring transparency of interpretation logic.
Correlation analysis between attributes and expert quality scores was conducted in the OAM sheet to identify preliminary linear associations. This step provided insight into which attributes contribute positively or negatively to quality ratings.
[bookmark: _Toc222161605]3.3. Similarity-Based Estimation Logic
“Distance-based similarity measures are standard tools in data mining and pattern recognition.” (Han et al., 2011).
Similarity between wine samples was computed based on the standardized attribute values. Each wine was compared within the 100-sample subset using structured distance logic.
Multiple estimation logics (A1–A12) were implemented as alternative computational configurations within the “Conclusion” sheet. These logics represent variations in attribute aggregation and ranking structure.
For each wine sample:
· A similarity-derived estimation score was calculated.
· The estimation was compared to the expert quality score (Fact).
The resulting deviation was expressed as:
Delta V = Estimation − Fact
A ratio indicator was also computed to standardize the deviation relative to the fact value.
[bookmark: _Toc222161606]3.4. KPI Structure
To evaluate the performance of similarity-based estimation, quantitative goodness indicators were calculated. These include:
· Correlation between estimation and expert rating
· Signed deviation (Delta V)
· Ratio-based deviation
Correlation measures directional consistency between estimated and expert values. Delta V captures magnitude and direction of discrepancy. The ratio metric standardizes the deviation relative to expert rating.
These KPIs form the input layer for COCO Y0 evaluation.
[bookmark: _Toc222161607]3.5. COCO Y0 Evaluation Engine
“Multi-criteria ranking and aggregation support objective model comparison.” (Saaty, 1980).
The COCO Y0 engine was implemented in the “models” sheet using structured Excel-based formula logic. The configuration includes:
· 100 objects
· 11 attributes
· 100 steps (Lépcsők)
· Zero shift (Eltolás = 0)
· COCO STD configuration
COCO Y0 aggregates the goodness indicators across the alternative estimation logics (A1–A12) and ranks them based on consistency with expert ratings.
This aggregation ensures that no single KPI dominates evaluation. Instead, multiple criteria contribute to concept ranking.
Through this mechanism, COCO Y0 operationalizes verification by transforming raw deviation measures into structured comparative evaluation.
[bookmark: _Toc222161608]3.6. Interpretation of Deviations
The “Conclusion” sheet translates quantitative deviation into qualitative interpretation using the rule:
If Delta V < 0 → “This wine could be MORE valued.”
If Delta V ≥ 0 → “This wine should be LESS valued.”
This interpretation does not claim expert ratings are incorrect. Rather, it identifies potential undervaluation or overvaluation relative to similarity-based estimation.
The objective is not replacement of human expertise, but structured support for detecting systematic deviations.
[bookmark: _Toc222161609]3.7. Automation and Reproducibility
All analytical steps were implemented in Excel using formula-based logic. This ensures:
· Transparency of calculations
· Reproducibility of results
· Auditability of similarity and COCO Y0 ranking
· Deterministic execution
The modular separation between raw data, OAM structure, estimation logic, and COCO Y0 aggregation follows software architecture principles introduced in Chapter 2.
automation is the most relevant subchapter!
this subchapter presents your competences concerning efficiency!
is this subchapter a real information unit? 
[bookmark: _Toc222161610]3.8. Testing Aspects
Testing was conducted to ensure correctness, stability, and reliability of the analytical framework.
First, formula-level validation was performed to confirm that similarity computations and KPI calculations produce expected numerical outputs. Second, intermediate consistency checks were applied to verify that OAM structuring aligns with similarity estimation results. Third, sensitivity testing was conducted by adjusting selected attribute values to observe the stability of ranking outcomes.
These testing procedures reduce the likelihood of implementation errors and ensure that observed deviations between estimation and expert rating originate from model logic rather than computational artifacts.
Testing therefore strengthens the credibility of the concept-testing process.
testing means: automated steps must be checked in detail
is this subchapter informative enough? 
[bookmark: _Toc222161611]3.9. AI Aspects
“Artificial Intelligence elements are present in two layers of the thesis.
First, similarity-based estimation represents structured pattern recognition within multidimensional attribute space. This reflects fundamental principles of data-driven inference and computational modeling.” (Russell & Norvig, 2021).
Second, Large Language Models are used as interpretative tools to support explanation of analytical outcomes. The LLM component does not generate primary numerical estimations but assists in translating structured deviations into human-readable interpretation.
Importantly, AI-generated interpretations are not accepted without validation. All estimation outcomes remain subject to quantitative evaluation through COCO Y0 aggregation. AI therefore functions as a decision-support enhancer rather than an independent evaluator.
[bookmark: _Toc222161612]3.10. IT Security Aspects
Although the dataset used in this thesis is publicly available and contains no personal or sensitive information, secure workflow design remains relevant.
The Excel implementation separates raw data from analytical layers, reducing the risk of accidental data corruption. Formula-driven computation ensures traceability and auditability of results. No external automated scripts were used that could alter the integrity of the dataset.
Large Language Models were used only for structural text refinement and methodological clarification. No confidential data were transmitted. The computational core of similarity calculation and COCO Y0 aggregation was executed locally within a controlled environment.
These measures ensure reproducibility, transparency, and integrity of the analytical process.
[bookmark: _Toc222161613]3.11. Summary of Own Developments
The analytical workflow of the thesis consists of the following structured steps:
1. Selection of 100 wine samples
2. Transformation into OAM format
3. Similarity-based estimation across multiple logics
4. KPI computation (correlation, Delta V, ratio)
5. COCO Y0 aggregation and ranking
6. Interpretation of estimation–fact discrepancies
This structured pipeline enables quantitative evaluation of whether similarity-based logic can approximate expert wine ratings under aggregated goodness criteria.
[bookmark: _Toc222161614]Chapter 4. Discussions
This chapter interprets the empirical findings presented in Chapter 3 and evaluates the implications of similarity-based estimation and COCO Y0 aggregation in the context of expert wine quality assessment. The discussion focuses on methodological validity, robustness of findings, limitations of the approach, and economic implications derived from the estimated informational added-value.
[bookmark: _Toc222161615]4.1. Interpretation of Fact–Estimation Alignment
Model validation through correlation and error analysis is standard practice in predictive modeling (James et al., 2013).
The core analytical objective of this thesis was to evaluate whether similarity-based estimation can approximate expert-assigned wine quality ratings under aggregated goodness criteria.
The correlation and deviation-based KPIs indicate that measurable alignment exists between similarity-derived estimations and expert ratings. While perfect replication was neither expected nor observed, the structured deviations reveal systematic tendencies rather than random noise.
The presence of both positive and negative Delta V values suggests that similarity logic does not uniformly overestimate or underestimate quality. Instead, deviations appear selectively, indicating that the model captures substantial portions of expert reasoning while still reflecting structural differences between chemical similarity and sensory evaluation.
This supports the interpretation that similarity-based estimation represents a partial but meaningful approximation of expert judgment.
[bookmark: _Toc222161616]4.2. Role of COCO Y0 in Verification
The COCO Y0 evaluation engine plays a central role in transforming raw KPI values into structured comparative evaluation. Without aggregation, isolated metrics such as correlation or absolute deviation might lead to incomplete conclusions.
COCO Y0 enables:
· Multi-criteria aggregation
· Comparative ranking of estimation logics
· Structured verification of consistency
By operationalizing verification, COCO Y0 reduces arbitrariness in model selection. The framework ensures that the evaluation of estimation logic is not based on a single performance indicator but on aggregated goodness evidence.
This methodological layer strengthens objectivity and aligns the analysis with formal concept-testing principles.
[bookmark: _Toc222161617]4.3. Interpretation of Overvaluation and Undervaluation Signals
The qualitative interpretation rule applied in Chapter 3 (“potentially MORE valued” vs “potentially LESS valued”) does not imply that expert ratings are incorrect. Instead, it identifies cases where similarity-based structural patterns diverge from assigned quality values.
These divergences may arise from:
· Non-linear sensory interactions not captured by similarity logic
· Contextual factors not represented in physicochemical attributes
· Subjective expert variation
Therefore, flagged cases should be interpreted as decision-support signals rather than corrective judgments. The framework highlights candidates for further review, thereby supporting structured expert reconsideration.
[bookmark: _Toc222161618]4.4. Economic Implications and Informational Added-Value
Decision-support automation aims to improve efficiency without replacing expert judgment (Power, 2002).
The numeric estimation presented in Chapter 1.4 demonstrates that automation of similarity-based evaluation and COCO Y0 aggregation yields measurable efficiency gains.
For a 100-sample evaluation:
Benchmark cost: 835 EUR
AI-supported cost: 600 EUR
Estimated added-value: 235 EUR
This corresponds to approximately 28% reduction in evaluation cost.
The added-value arises from:
· Automated similarity computation
· Automated KPI aggregation
· Immediate identification of deviation cases
When scaled to larger datasets, the cumulative efficiency gain becomes significant. For 1,000 samples, the estimated added-value reaches approximately 2,350 EUR.
Importantly, the economic benefit does not depend on replacing human expertise. Instead, it derives from targeted allocation of expert attention to analytically flagged cases. The framework therefore enhances expert productivity without compromising evaluative integrity.
[bookmark: _Toc222161619]4.5. Methodological Strengths
The strengths of the presented approach include:
1. Structured OAM representation ensuring transparency.
2. Reproducible Excel-based implementation.
3. Multi-criteria aggregation through COCO Y0.
4. Clear separation between Fact and Estimation.
5. Quantifiable efficiency improvement.
The modular design allows extension of the framework to other domains where expert judgment is based on structured measurable attributes.
[bookmark: _Toc222161620]4.6. Limitations
Despite promising alignment, several limitations must be acknowledged.
First, similarity-based estimation assumes that measurable chemical attributes sufficiently represent sensory quality. However, wine evaluation may include experiential and contextual components not captured in the dataset.
Second, only 100 samples were used for structured evaluation, which may limit generalizability. Expansion to larger subsets would strengthen statistical robustness.
Third, LLM-based interpretative components remain probabilistic and require external quantitative validation.
These limitations indicate that the framework should be interpreted as a decision-support enhancement rather than a definitive expert-replacement system.
[bookmark: _Toc222161621]4.7. Concept-Testing Perspective
From a concept-testing standpoint, the thesis demonstrates that a similarity-based estimation model, when evaluated through aggregated goodness criteria, can partially replicate expert judgment.
The structured aggregation of KPIs transforms subjective evaluation into measurable verification logic. This aligns with the broader objective of deriving automatable elements of human expertise.
The findings support the hypothesis that expert reasoning in wine evaluation contains measurable structural components that can be computationally approximated under controlled conditions.
[bookmark: _Toc222161622]Chapter 5. Conclusions
This thesis investigated whether wine expertise can be computationally approximated by combining similarity analysis, Object–Attribute Matrix (OAM) structuring, and COCO Y0 evaluation logic, supported by Large Language Model (LLM) interpretation. The research aimed to determine whether measurable physicochemical attributes can partially reproduce expert-assigned wine quality ratings under structured concept-testing conditions.
Based on the empirical analysis conducted on a 100-sample subset of the red wine dataset, the following conclusions can be drawn.
First, similarity-based estimation demonstrates measurable alignment with expert quality ratings. Correlation analysis and deviation-based indicators confirm that chemical attribute similarity captures a significant portion of expert evaluative structure. Although perfect replication was neither expected nor achieved, the structured relationship between attributes and ratings supports the hypothesis that expert judgment contains measurable and reproducible components.
Second, the Object–Attribute Matrix framework proved effective in organizing raw data into a structured analytical format. OAM enabled transparent separation of objects and attributes, facilitating systematic similarity computation and reproducible workflow execution within Excel. The matrix representation ensured methodological clarity and traceability of calculations.
Third, the COCO Y0 evaluation engine successfully aggregated multiple goodness indicators and provided structured ranking of competing estimation logics (A1–A12). The use of aggregated KPI evaluation strengthened objectivity by preventing reliance on a single performance measure. COCO Y0 operationalized verification and enabled defensible comparison of alternative similarity configurations.
Fourth, the qualitative interpretation layer (“potentially undervalued” vs. “potentially overvalued”) demonstrated that the framework can identify structured deviations between estimation and expert ratings. These deviations should be interpreted as decision-support signals rather than corrections of expert judgment. The system enhances structured review rather than replacing human expertise.
Fifth, the numeric estimation of informational added-value indicates measurable efficiency gains. Under conservative assumptions, the similarity + COCO Y0 framework reduces evaluation cost by approximately 28% per 100 wine samples, corresponding to an estimated 235 EUR efficiency improvement. When scaled to larger datasets, the economic implication becomes substantial. This demonstrates that the framework offers not only analytical insight but also practical efficiency benefits.
Overall, the thesis confirms that wine expertise can be partially derived through structured similarity analysis under aggregated goodness criteria. While human sensory judgment remains essential, computational modeling captures systematic patterns embedded within expert evaluations.
The research therefore contributes to the broader field of concept testing and decision-support systems by demonstrating that measurable attributes, when structured through OAM and evaluated via COCO Y0, can approximate complex expert reasoning in a controlled and reproducible manner.
[bookmark: _Toc222161623]Chapter 6. Future Research Directions
While the thesis demonstrates that similarity-based estimation combined with OAM structuring and COCO Y0 aggregation can partially approximate expert wine evaluation, several opportunities for further research remain.
First, the sample size can be expanded. The present analysis was conducted on a structured subset of 100 wine samples. Extending the concept-testing framework to the full dataset of 1,000 samples would increase statistical robustness and allow more stable estimation of correlation and deviation patterns. Larger sample sizes may also reveal non-linear relationships not observable within smaller subsets.
Second, additional competing estimation logics can be introduced. Although multiple configurations (A1–A12) were evaluated, further variations could include alternative normalization techniques, weighted attribute schemes, exclusion of selected attributes, or alternative distance metrics. Expanding the set of competing concepts would strengthen the comparative power of the COCO Y0 framework.
Third, integration of advanced machine learning models could enhance predictive capability. While similarity-based logic captures structural proximity in attribute space, supervised learning algorithms such as regression models or ensemble methods may provide complementary estimation strategies. Future research may compare these models within the same COCO Y0 aggregation framework.
Fourth, the interpretative use of Large Language Models could be refined. Currently, LLMs function as semantic reasoning tools supporting explanation of analytical results. Future research may investigate structured prompt engineering, integration with numerical constraints, or hybrid systems combining statistical output with language-based explanation layers.
Fifth, cross-domain application of the framework should be explored. The OAM + similarity + COCO Y0 pipeline is not limited to wine evaluation. Similar expert-derivation challenges exist in fields such as product rating, medical diagnosis support, financial risk assessment, and educational evaluation. Testing the framework in alternative domains would validate its generalizability.
Finally, more detailed economic modeling of informational added-value could be developed. The current estimation is conservative and based on time-efficiency assumptions. Future work could incorporate empirical cost data, opportunity cost analysis, or productivity modeling to provide more precise financial evaluation.
In summary, future research may expand dataset scale, diversify competing estimation logics, integrate advanced predictive models, refine LLM interpretability, and explore cross-domain applicability. These extensions would further strengthen the theoretical and practical contribution of the presented framework.
[bookmark: _Toc222161624]Chapter 7. Summary
This thesis investigated whether wine expertise can be computationally approximated through similarity analysis structured by the Object–Attribute Matrix framework and evaluated using the COCO Y0 aggregation engine. The research was motivated by the increasing availability of structured datasets and the development of analytical decision-support systems capable of modeling elements of human expert judgment.
The study utilized a publicly available red wine dataset containing physicochemical properties and expert-assigned quality ratings. A subset of 100 samples was selected for structured concept testing. Wine samples were organized in an Object–Attribute Matrix format, enabling systematic similarity computation across measurable attributes.
Multiple similarity-based estimation logics were implemented and compared. The expert ratings were treated as Fact (Tény), while similarity-derived values were treated as Estimation (Becslés). Quantitative goodness indicators, including correlation and deviation measures, were computed to evaluate alignment between estimation and expert ratings. These indicators were aggregated using the COCO Y0 evaluation engine, which ranked competing estimation configurations based on structured multi-criteria evaluation.
The results demonstrate that similarity-based modeling captures measurable patterns embedded in expert wine evaluation. Although computational estimation does not fully replicate sensory judgment, it provides structured approximation and identifies potential cases of overvaluation or undervaluation relative to expert ratings. The framework operates as a decision-support enhancement rather than a replacement for human expertise.
A numeric estimation of informational added-value indicates that the structured analytical framework can reduce evaluation cost by approximately 28% per 100 wine samples under conservative assumptions. This demonstrates both methodological and economic relevance.
Overall, the thesis confirms that elements of wine expertise can be partially derived through structured computational modeling when supported by aggregated goodness evaluation. The integration of OAM, similarity logic, COCO Y0 aggregation, and LLM-based interpretation provides a reproducible and extensible framework for expert-derivation research.
[bookmark: _Toc222161625]Chapter 8. Annexes 
[bookmark: _Toc222161626]8.1. Abbreviations
AI – Artificial Intelligence
BPROF – Business Informatics / Computer Science Programme
COCO Y0 – Concept Comparison and Optimization Evaluation Engine
DSS – Decision Support System
KPI – Key Performance Indicator
LLM – Large Language Model
OAM – Object–Attribute Matrix
[bookmark: _Toc222161627]8.2 Description of Dataset
The dataset used in this thesis originates from the study of Cortez et al. (2009), who investigated wine preferences using physicochemical measurements of Portuguese “Vinho Verde” wines. As stated by the authors, “the goal is to model wine preferences based on physicochemical tests” (Cortez et al., 2009). The dataset includes both red and white wine variants; however, this thesis utilizes the red wine subset exclusively.
Due to privacy and logistical constraints, only physicochemical input variables and sensory evaluation outputs are available. The dataset does not contain information about grape varieties, wine brands, production conditions, or market prices. Therefore, the analysis focuses strictly on measurable chemical properties and expert-assigned quality scores.
The dataset is publicly available through the UCI Machine Learning Repository and has also been distributed via Kaggle for accessibility purposes. The original publication remains:
Cortez, P., Cerdeira, A., Almeida, F., Matos, T., & Reis, J. (2009). Modeling wine preferences by data mining from physicochemical properties. Decision Support Systems, 47(4), 547–553.
[bookmark: _Toc222161628]8.3 Implementation Environment
All analytical procedures were implemented in Microsoft Excel using formula-based deterministic logic. The workflow includes raw data preparation, Object–Attribute Matrix construction, similarity computation, KPI calculation, COCO Y0 aggregation, and structured interpretation.
No external machine learning libraries, automated scripts, or black-box predictive tools were used for numerical computation. All calculations are traceable through Excel formulas and can be independently reproduced using the provided dataset and structured workflow.
This deterministic implementation ensures transparency, auditability, and methodological control.
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[bookmark: _Toc222161630]8.5 Relevant, Complete Conversations with Large Language Models (LLMs)
During the preparation of this thesis, a Large Language Model (LLM) was consulted as a structural and linguistic support tool. The LLM was not used to generate empirical results, compute similarity measures, construct COCO Y0 models, or manipulate dataset outputs. All analytical computations, Excel implementations, and model configurations were designed, executed, and validated independently by the author.
The LLM was used in the following areas:
[bookmark: _Toc222161631]8.5.1 Structural Refinement of Chapter Organization
The author consulted the LLM regarding the proper placement of methodological components (OAM, COCO Y0) within the thesis structure. The discussion focused on ensuring that theoretical definitions appear in Chapter 2 before being applied in Chapter 3.
Excerpt:
Author: “OAM and COCO Y0 are not introduced in my previous chapters. Is this a structural problem?”
LLM: “Yes. Methods must be introduced in Literature before being applied in Own Developments.”
Based on this guidance, the author restructured Chapter 2 to include formal definitions before implementation.
[bookmark: _Toc222161632]8.5.2 Clarification of Concept-Testing Logic (Fact vs Estimation)
The LLM was consulted to clarify the formal positioning of expert ratings and similarity-based outputs within a concept-testing framework.
Excerpt:
Author: “Expert rating = Fact, Similarity-derived score = Estimation, COCO Y0 = Concept evaluation engine. Is this correct?”
LLM: “Yes. That represents a structured Fact vs Estimation concept-testing framework.”
The analytical logic was independently implemented in Excel by the author.
[bookmark: _Toc222161633]8.5.3 Derivation of Numeric Informational Added-Value
The LLM was consulted for guidance on how to express informational added-value in numeric form as required by the supervisor.
Excerpt:
Author: “How can I derive numeric estimation of informational added-value?”
LLM: “Compare benchmark expert cost with AI-supported workflow cost and compute difference.”
The numeric values and economic assumptions were determined and validated by the author.
[bookmark: _Toc222161634]8.5.4 Formatting and Compliance Adjustments
The LLM provided guidance regarding:
· Table of Contents page breaks
· Subchapter structuring
· Citation compliance
· Academic phrasing refinement
No original dataset analysis or KPI calculation was performed by the LLM.
[bookmark: _Toc222161635]8.5.5 AI Usage Boundaries
The LLM was used exclusively for:
· Structural advice
· Academic language refinement
· Clarification of supervisor feedback
The LLM was not used to:
· Generate similarity computations
· Calculate correlation or deviation metrics
· Operate COCO Y0 aggregation
· Modify raw data
All Excel-based analytical procedures remain fully reproducible and independently verifiable.
The author retains full responsibility for all analytical models, computational procedures, interpretations, and conclusions presented in this thesis.
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