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Abstract

The prediction of specialty coffee quality remains a central challenge for value addition
in the agricultural sector. This study presents a computational approach to model the
complex sensory quality of Arabica coffee (Coffea arabica L.) using synthetic data grounded
in real-world statistics. A synthetic dataset (identical to the real dataset with a number
of samples = 207) was generated using Cholesky decomposition based on the descriptive
statistics and Pearson correlation matrix extracted from the Coffee Quality Institute (CQI)
Arabica 2023 database, comprising 17 numerical variables including sensory attributes,
defect counts, and Total Cup Points. The synthetic dataset achieved a Kolmogorov–Smirnov
similarity of 89.55% with the real data, with the target variable Total Cup Points preserved
with high fidelity (real mean: 83.71; synthetic mean: 83.65). An ordinal classification model
(Random Forest) trained exclusively on the synthetic data and validated against real-world
samples achieved an overall accuracy of 87.92% and a Quadratic Weighted Kappa (QWK)
of 0.9502, indicating excellent agreement and confirming the model’s ability to capture
the ordinal hierarchy of coffee quality. SHAP (SHapley Additive exPlanations) analysis
revealed consistent feature importance rankings between real and synthetic domains, with
Aftertaste, Overall, and Flavor emerging as the top three most influential predictors. This
study validates the use of statistically grounded synthetic data for training robust machine
learning models in agricultural research, demonstrating that synthetic environments can
effectively replicate empirical patterns and enable cross-domain generalizability. The
complete code and datasets are publicly available for reproducibility.

Keywords: predictive modeling; coffee quality; machine learning; precision agriculture;
Random Forest

1. Introduction
The determination of the final quality of high value-added agricultural products, such

as specialty coffee, is a multifactorial problem governed by a complex web of interactions
between genotype, environment, and management practices (G × E × M) [1]. The concept
of terroir encapsulates this complexity, postulating that attributes like sensory profile and
chemical composition do not derive from isolated factors, but from the synergy between
them [2]. Field studies, such as those conducted in coffee-growing regions, have been
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fundamental in identifying key variables, pointing to altitude and the water regime mea-
sured by remote sensing indices like the Plant Senescence Reflectance Index (PSRI) as
factors correlated with sensory quality [3]. However, these studies also highlight a signifi-
cant methodological challenge: the difficulty of mathematically modeling the non-linear
interactions between these variables with traditional statistical tools.

The challenges in building robust predictive models from purely empirical data are
considerable. Field data collection is costly, subject to a high degree of noise and uncon-
trolled variability (edaphic, microclimatic factors, etc.), and generally results in limited
sample sizes. As pointed out by Toci et al. (2018), many aspects of geographic origin and
post-harvest processing remain unelucidated by science [4]. Such conditions compromise
the direct application of Machine Learning (ML) algorithms, which, despite their power in
capturing complex patterns, become susceptible to overfitting and under-generalization
when trained on small and noisy datasets [5]. The data dispersion and the inability to
form clear clusters, often observed in Principal Component Analysis of real field data, is a
classic symptom of these limitations, indicating that the “signal” of important interactions
is partially obscured by the “noise” of the real system.

To circumvent these barriers and create an environment conducive to the investiga-
tion of complex systems, the present work employs a computational modeling approach.
The central methodological contribution is the generation of a statistically grounded syn-
thetic dataset, a technique recognized for its ability to create controlled scenarios for model
development and testing [6,7]. The statistical distributions and, crucially, the inter-variable
relationships of the synthetic data are strictly grounded in empirical findings from the
Coffee Quality Institute (CQI) Arabica 2023 database [8]. By preserving the covariance
structure and marginal distributions of the original data, this approach ensures that the syn-
thetic environment maintains statistical fidelity to the real world while enabling controlled
experimentation and rigorous model validation [9,10].

The use of synthetic data in agricultural and food science research has been increasingly
recognized as a valuable approach for overcoming sample size limitations and enabling
robust model development [11]. Recent advances in synthetic data generation have demon-
strated that statistically grounded synthetic datasets can effectively replicate complex
empirical patterns, facilitating cross-domain generalizability and providing a controlled en-
vironment for model training and validation [12]. This is particularly relevant for specialty
coffee research, where the high cost of sensory evaluation and the variability inherent in
field data collection limit the availability of large, well-characterized datasets [13,14].

In light of the foregoing, the objectives of this study are: (1) to generate a statistically
grounded synthetic dataset that preserves the empirical properties of real Arabica coffee
(Coffea arabica L.) quality data; (2) to evaluate the feasibility of using this synthetic data
to train high-performance ordinal classification models; (3) to validate the cross-domain
generalizability of models trained on synthetic data against real-world samples; and (4) to
identify and interpret key sensory drivers of coffee quality through SHAP (SHapley Ad-
ditive exPlanations) analysis, comparing feature importance between real and synthetic
domains [15]. By demonstrating that synthetic environments can effectively replicate
empirical patterns and enable robust model development, this study contributes to the
growing body of research on the application of synthetic data in agricultural and food sci-
ence domains, offering a reproducible framework for addressing the challenges of limited
sample sizes and data variability.

2. Materials and Methods
This study employs a complete computational pipeline, from data generation to

predictive modeling and interpretability analysis. All stages were implemented in the
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Python (v3.12) language, utilizing open-source libraries widely recognized by the scien-
tific community.

2.1. Synthetic Dataset Generation

The empirical basis for this research was the 2023 Arabica coffee (Coffea arabica L.)
Quality dataset, curated by the Coffee Quality Institute (CQI) and hosted on the Kaggle
repository [8]. The original dataset consisted of 207 individual observations and 41 vari-
ables, covering a broad spectrum of information, including geographical origin, farm
metadata, processing methods, and detailed sensory evaluations.

As a preliminary step to ensure compatibility with the statistical modeling and the
generation of synthetic scenarios, a data extraction process was implemented using the
Python programming language. All non-numeric columns, such as Farm Name, Producer,
Bag Weight, and Harvest Year were excluded from the working dataset. This filtering
process reduced the original 41 variables to a refined subset of 17 numerical attributes,
focusing exclusively on sensory scores (e.g., Aroma, Flavor, Acidity) and objective quality
metrics (e.g., Moisture Percentage, Quakers, and Category Two Defects).

The processed numerical dataset maintains all 207 original samples, providing a
consistent statistical foundation for the subsequent stages of model training and calibration.
A representative sample of this numerical dataset is presented in Table 1.

Table 1. Sample of the Arabica coffee (Coffea arabica L.) dataset used in this study.

ID Bags Aroma Flavor Aftertaste Acidity · · · Score Quakers Def. Cat. 2

0 1 8.58 8.50 8.42 8.58 · · · 89.33 0 3
1 1 8.50 8.50 7.92 8.00 · · · 87.58 0 0
2 19 8.33 8.42 8.08 8.17 · · · 87.42 0 2
3 1 8.08 8.17 8.17 8.25 · · · 87.17 0 0
4 2 8.33 8.33 8.08 8.25 · · · 87.08 2 2
5 5 8.33 8.33 8.25 7.83 · · · 87.00 0 2
6 1 8.33 8.17 8.08 8.00 · · · 86.92 0 0
7 1 8.25 8.25 8.17 8.00 · · · 86.75 0 1

...
199 275 7.50 7.25 7.17 7.17 · · · 80.33 6 11
200 1 7.08 7.25 7.08 7.42 · · · 80.33 10 7
201 440 7.25 7.17 7.17 7.08 · · · 80.17 1 2
202 2240 7.17 7.17 6.92 7.17 · · · 80.08 0 4
203 300 7.33 7.08 6.75 7.17 · · · 80.00 2 12
204 343 7.25 7.17 7.08 7.00 · · · 79.67 9 11
205 1 6.50 6.75 6.75 7.17 · · · 78.08 12 13
206 600 7.25 7.08 6.67 6.83 · · · 78.00 0 1

Notes: Only representative columns are shown. The omitted attributes are indicated by “· · · ”. Bags = Number of
Bags; Score = Total Cup Points (max 100); Quakers = Number of Quaker Beans; Def. Cat. 2 = Category Two Defects.
Source: Dataset available at [8].

2.2. Statistical Profiling and Structured Data Storage

Following the extraction of numerical variables, the computational pipeline performed
an exhaustive statistical characterization of the Arabica 2023 dataset [8]. This step was fun-
damental to establish the population parameters that define the study’s “reality boundary.”
Using the describe method from the Pandas library, central and dispersion descriptive statis-
tics were calculated, including mean (µ), standard deviation (σ), minimum and maximum
values, as well as distribution quartiles for each of the 17 numerical attributes.

Additionally, the script performed a Pearson correlation analysis to identify the degree
of association between individual sensory attributes and the dependent variable Total Cup
Points. This statistical mapping allowed discerning which characteristics (such as Flavor

https://doi.org/10.3390/agriengineering8070290

https://doi.org/10.3390/agriengineering8070290


AgriEngineering 2026, 8, 290 4 of 17

and Aftertaste) have greater weight in the composition of final quality, serving as a guide
for calibrating importance weights in the predictive model.

To ensure traceability and information organization, the algorithm consolidated all
outputs into a single structured file in Excel format (.xlsx), organized into specific sheets:

• Numeric_Data: Containing the cleaned and filtered dataset;
• Descriptive_Statistics: With the complete statistical profile of the variables;
• Correlation_Matrix: Presenting the full correlation matrix;
• Top_Correlations: Highlighting the main predictors of sensory quality.

This structured knowledge repository enabled the transition from purely empirical
analysis to the generation of calibrated synthetic data, ensuring that the synthetic data scale
maintained the statistical fidelity observed in the original dataset.

2.3. Synthetic Data Generation from Real Dataset Statistics

The subsequent stage of the computational pipeline consisted of generating a cal-
ibrated synthetic dataset, whose dimensionality (207 samples) was intentionally kept
identical to that of the real database. The main objective of this phase was to create a
controlled data environment that preserved the fundamental statistical properties observed
in the real dataset, thus enabling cross-validations and controlled experiments without the
inherent limitations of empirical data collection [6,9].

The synthetic generation process was grounded in three statistical pillars extracted from
the real database: (i) the arithmetic means (µ) of each attribute, (ii) the standard deviations
(σ), which define data dispersion, and (iii) the Pearson correlation matrix, which captures the
linear interdependencies among variables [16]. From these parameters, a covariance matrix (Σ)
was constructed, calculated according to the relationship Σij = ρij · σi · σj, where ρij represents
the correlation coefficient between variables i and j [17].

For the actual generation, the Cholesky decomposition method was employed. A ma-
trix factorization technique that enables the transformation of a vector of standardized
normal random variables into a dataset with the desired covariance structure [18]. The pro-
cedure can be described by the following steps:

1. Generation of a white noise matrix Z ∈ R207×17, with each element zij ∼ N (0, 1);
2. Factorization of the covariance matrix Σ = LLT , where L is a lower triangular matrix

(Cholesky factor) [19];
3. Application of the linear transformation Xsynthetic = µ + ZLT , where µ is the

mean vector;
4. Clipping of the generated values to the minimum and maximum limits observed in

the real database, ensuring physical consistency of the data [20];
5. Rounding of sensory attributes to two decimal places and conversion of discrete

variables (such as defects) to their original types.

As a statistical fidelity validation mechanism, the script performed a systematic com-
parison between the means and standard deviations of the synthetic and real datasets.
The results demonstrated that all synthetic variable means remained within a 5% range
of the real values, and the standard deviations remained, for the most part, with differ-
ences below 20%. This validation approach is consistent with recommended practices for
synthetic data quality assessment [7,12]. Attributes with low variability in the real dataset,
such as Clean Cup, Sweetness, and Defects (which present constant values of 10, 10, and 0,
respectively), were maintained as constants in the synthetic set, faithfully reproducing their
degenerate behavior.

The generated synthetic dataset was then consolidated into an Excel file, containing
the same 17 numerical variables as the original dataset, plus an identification column
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(ID) and a quality class column (Quality_Class), derived from the Total Cup Points score.
The class distribution in the synthetic set resulted in 47.8% of coffees classified as Excellent,
34.3% as Good, and 17.9% as Specialty, reflecting the high-quality concentration observed in
the real database.

This methodological procedure ensured that the synthetic dataset not only replicated
the statistical structure of the real world but also provided a controlled and traceable
environment for validating predictive models, allowing the isolation of the effect of patterns
learned by the algorithm from the random variability inherent to empirical data [10,21].
The use of synthetic data in agricultural and food science research has been increasingly
recognized as a valuable approach for overcoming sample size limitations and enabling
robust model development [9,11].

2.4. Comparative Analysis Between Real and Synthetic Datasets

Following the generation of the synthetic dataset, a comprehensive comparative
analysis was conducted to validate its statistical fidelity and evaluate its utility for predictive
modeling. This analysis employed a multi-faceted approach combining distributional
similarity tests, correlation matrix comparisons, and predictive performance evaluation.

The methodological framework for this comparison comprised five main components.
First, the Kolmogorov–Smirnov (KS) test was applied to each variable to assess the similarity
between the real and synthetic distributions [22]. The KS statistic quantifies the maximum
distance between the empirical cumulative distribution functions of two samples, providing
a non-parametric measure of distributional equivalence. For each feature, the similarity
score was calculated as (1 − KSstatistic)× 100%, where values approaching 100% indicate
near-identical distributions.

Second, the Jensen-Shannon divergence was computed to complement the KS test,
offering a symmetric measure of the dissimilarity between probability distributions [23].
This metric is particularly valuable for comparing the shape of distributions beyond simple
location and scale parameters.

Third, the Pearson correlation matrices of both datasets were calculated and system-
atically compared. The similarity between correlation structures was quantified using
three complementary metrics: (i) the mean absolute difference between corresponding
correlation coefficients, (ii) the Frobenius norm of the difference matrix, and (iii) an overall
correlation similarity score expressed as a percentage [18]. This multi-metric approach
ensured a robust assessment of whether the synthetic data preserved the interdependencies
among variables observed in the real dataset.

Fourth, a visual analytical framework was implemented, generating: (a) speedometer-
style gauges for intuitive presentation of the KS and correlation similarity scores; (b) side-
by-side correlation matrices with numerical annotations for direct comparison; (c) bar charts
displaying the evolution of KS similarity across variables; and (d) distribution overlay plots
combining kernel density estimates and histograms for the most relevant features [20].

Fifth, and most critically, a predictive validation was performed by training a Random
Forest regression model exclusively on the synthetic data and evaluating its performance
on the real dataset [24]. This cross-domain validation approach directly assessed whether
patterns learned from synthetic data generalize to empirical observations. The model’s
performance was evaluated using R², Root Mean Square Error (RMSE), Mean Absolute
Error (MAE), and hit rates within 5% and 2% error margins [25].

All analytical procedures were implemented in Python using the Pandas (v2.3.0),
NumPy (v2.3.0), SciPy (v1.15.0), Scikit-learn (v1.7.0), Matplotlib (v3.10.1), and Seaborn
(v0.13.2) libraries, ensuring reproducibility and computational efficiency [26,27]. The com-
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plete analysis pipeline was structured to generate both numerical outputs and publication-
ready visualizations, facilitating the interpretation and communication of results.

This comparative framework not only validated the statistical fidelity of the synthetic
dataset but also provided empirical evidence of its utility for training machine learning
models capable of generalizing to real-world data. The methodological approach aligns
with best practices in synthetic data validation, which emphasize the importance of both
statistical similarity and downstream task performance as criteria for assessing synthetic
data quality [6,7,12].

2.5. Ordinal Classification Modeling for Coffee Quality Prediction

The predictive modeling phase was designed to evaluate the practical utility of the
synthetic dataset for training machine learning models capable of generalizing to real-
world data. This stage employed an ordinal classification approach, recognizing that
coffee quality scores represent an ordered categorical variable rather than a purely nominal
one [14]. The methodological framework encompassed data preprocessing, model training,
performance evaluation, and interpretability analysis using SHAP (SHapley Additive
exPlanations) values [15].

The target variable, Total Cup Points, was transformed into four ordinal classes based
on the Specialty Coffee Association (SCA) quality scale: Standard (<80), Good (80–83),
Excellent (83–85), and Specialty (>85). To ensure consistent categorization across datasets,
the class boundaries were defined using the quartiles of the real dataset’s score distribution,
guaranteeing that the ordinal structure reflected the empirical quality distribution. This
approach aligns with established practices in sensory science, where quality grades are
treated as ordered categories [13,14].

The predictive model was trained exclusively on the synthetic dataset and subse-
quently evaluated on the real dataset. This experimental design represents a stringent
test of the synthetic data’s validity: if patterns learned from synthetic data generalize to
real observations, the synthetic generation process can be considered statistically faithful
and practically useful [5,6]. A Random Forest classifier was selected as the modeling
algorithm due to its robustness to high-dimensional data, ability to capture non-linear rela-
tionships, and inherent feature importance capabilities [24]. The model was configured with
100 decision trees and optimized for computational efficiency using parallel processing.

Model performance was assessed using multiple metrics appropriate for ordinal clas-
sification: (i) overall accuracy, (ii) macro-averaged F1-score, and (iii) Quadratic Weighted
Kappa (QWK), which is particularly well-suited for ordinal tasks as it penalizes disagree-
ments based on their distance along the ordinal scale [28,29]. A QWK value above 0.80 is
generally considered indicative of excellent agreement [30].

Following model evaluation, SHAP analysis was performed to enhance the inter-
pretability of the model’s predictions. SHAP values provide a unified framework for
explaining individual predictions by attributing the contribution of each feature to the
final output [15]. For this study, SHAP analysis was applied to both the real and syn-
thetic datasets, allowing for a comparative assessment of feature importance and pat-
tern consistency between the two data sources. This dual analysis served two purposes:
(i) validating that the synthetic dataset preserved the same underlying feature relation-
ships as the real data, and (ii) identifying which sensory attributes most strongly influence
quality classification.

The SHAP analysis generated several visualization types: (a) summary bar plots
displaying global feature importance rankings; (b) side-by-side comparisons of feature
importance between real and synthetic data; and (c) beeswarm plots illustrating the distri-
bution of SHAP values for each feature, revealing whether high or low values of a given
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attribute drive predictions in particular directions [31]. Additionally, the model’s internal
feature importance scores were extracted and compared to the SHAP-based importance
rankings, providing a comprehensive view of feature contributions.

All computational procedures were implemented using the Scikit-learn library for
machine learning and the SHAP library for model interpretability [27,32]. The complete
pipeline was designed to be reproducible, with all analysis steps documented and output
files systematically saved for subsequent reporting and visualization.

This methodological approach trained on synthetic data and testing on real data
provided a rigorous framework for validating the utility of synthetic data in agricultural
research. By demonstrating that models trained on synthetic data can effectively classify
real-world coffee samples, the study provides empirical evidence for the practical value of
synthetic data generation in domains where real data collection is costly or limited [21,33].

3. Results
The statistical characterization of the Arabica coffee dataset provided the foundational

parameters for subsequent synthetic data generation. The descriptive analysis encompassed
207 samples and 17 numerical variables, including sensory attributes, defect counts, and the
target variable Total Cup Points. This section presents the key statistical findings that
defined the “reality boundary” for the synthetic generation process.

3.1. Descriptive Statistics of the Real Arabica coffee (Coffea arabica L.) Dataset

The statistical characterization of the Arabica coffee (Coffea arabica L.) dataset provided
the foundational parameters for subsequent synthetic data generation and model devel-
opment. The descriptive analysis encompassed 207 samples and 17 numerical variables,
including sensory attributes, defect counts, and the target variable Total Cup Points. This
section presents the key statistical findings that defined the empirical baseline for the study.

Table 2 presents the complete descriptive statistics for all numerical variables in the
dataset. The analysis reveals several important characteristics of the coffee quality dataset.

Table 2. Descriptive statistics of the Arabica coffee (Coffea arabica L.) dataset (207 samples).

Variable Mean Std Min 25% 50% 75% Max

Number of Bags 155.45 244.48 1.00 1.00 14.00 275.00 2240.00
Aroma 7.72 0.29 6.50 7.58 7.67 7.92 8.58
Flavor 7.74 0.28 6.75 7.58 7.75 7.92 8.50

Aftertaste 7.60 0.28 6.67 7.42 7.58 7.75 8.42
Acidity 7.69 0.26 6.83 7.50 7.67 7.88 8.58
Body 7.64 0.23 6.83 7.50 7.67 7.75 8.25

Balance 7.64 0.26 6.67 7.50 7.67 7.79 8.42
Uniformity 9.99 0.10 8.67 10.00 10.00 10.00 10.00
Clean Cup 10.00 0.00 10.00 10.00 10.00 10.00 10.00
Sweetness 10.00 0.00 10.00 10.00 10.00 10.00 10.00

Overall 7.68 0.31 6.67 7.50 7.67 7.92 8.58
Defects 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Total Cup Points 83.71 1.73 78.00 82.58 83.75 84.83 89.33
Moisture Percentage 10.74 1.25 0.00 10.10 10.80 11.50 13.50

Category One Defects 0.14 0.59 0.00 0.00 0.00 0.00 5.00
Quakers 0.69 1.69 0.00 0.00 0.00 1.00 12.00

Category Two Defects 2.25 2.95 0.00 0.00 1.00 3.00 16.00
Notes: Sensory attributes are evaluated on a 0–10 scale according to SCA protocols. Total Cup Points represents
the final sensory score (max 100). Std = Standard Deviation.

3.2. Correlation Analysis of Sensory Attributes

The Pearson correlation matrix was computed to quantify the linear relationships
among the 17 numerical variables in the dataset. This analysis was fundamental for under-
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standing the interdependencies between sensory attributes and the target variable Total
Cup Points, as well as for guiding feature selection in predictive modeling. The correlation
matrix revealed several important patterns that inform both the interpretation of coffee
quality determinants and the design of predictive models. The complete sheet is publicly
available for reproducibility purposes at https://github.com/zolpy/scientific_article_0020
(accessed on 6 July 2026).

3.2.1. Correlations with Total Cup Points

The strongest correlations with the final quality score were observed for sensory
attributes that capture the holistic perception of coffee quality (Table 3). Overall (r = 0.947)
exhibited the highest correlation, followed closely by Flavor (r = 0.939), Aftertaste (r = 0.935),
and Balance (r = 0.930). These strong positive correlations indicate that coffees scoring higher
on these individual attributes consistently received higher total quality scores, confirming
their importance in the cupping evaluation process [13,14].

Table 3. Top 10 correlations with Total Cup Points.

Rank Feature Correlation

1 Overall 0.947
2 Flavor 0.939
3 Aftertaste 0.935
4 Balance 0.930
5 Acidity 0.897
6 Aroma 0.869
7 Body 0.847
8 Uniformity 0.004
9 Moisture Percentage −0.046
10 Category One Defects −0.058

Acidity (r = 0.897), Aroma (r = 0.869), and Body (r = 0.847) also showed strong positive
correlations, reinforcing their established roles as key quality determinants in specialty
coffee evaluation [34]. Interestingly, Uniformity exhibited a near-zero correlation (r = 0.004)
with the final score, likely due to its near-constant values (mean 9.99, std 0.10) across the
dataset, which renders it non-discriminative for quality differentiation within this specialty
coffee sample set.

Defect-related variables showed weak negative correlations with quality: Category
One Defects (r = −0.058), Category Two Defects (r = −0.314), and Quakers (r = −0.320). While
these associations are weak, they align with the expectation that the presence of defects
negatively impacts sensory quality [14]. The Number of Bags also showed a weak negative
correlation (r = −0.244), suggesting that larger lots may be associated with slightly lower
quality, possibly due to challenges in maintaining uniformity across larger batches.

3.2.2. Inter-Correlations Among Sensory Attributes

The correlation matrix revealed strong inter-correlations among the sensory attributes,
indicating that these variables capture overlapping aspects of coffee quality perception
(Table 4). The strongest inter-correlations were observed between Flavor and Aftertaste
(r = 0.877), Flavor and Overall (r = 0.878), Balance and Overall (r = 0.884), and Balance and
Aftertaste (r = 0.862).

https://doi.org/10.3390/agriengineering8070290

https://github.com/zolpy/scientific_article_0020
https://doi.org/10.3390/agriengineering8070290


AgriEngineering 2026, 8, 290 9 of 17

Table 4. Selected inter-correlations among sensory attributes (|r| > 0.80).

Attribute Pair Correlation

Flavor–Overall 0.878
Flavor–Aftertaste 0.877
Balance–Overall 0.884

Balance–Aftertaste 0.862
Balance–Flavor 0.852
Flavor–Balance 0.852

Aftertaste–Balance 0.862
Aftertaste–Flavor 0.877

Acidity–Flavor 0.811
Acidity–Aftertaste 0.814
Acidity–Balance 0.805

These high inter-correlations reflect the holistic nature of coffee cupping, where in-
dividual sensory attributes are not independently assessed but rather represent different
dimensions of a unified sensory experience [13,14]. From a modeling perspective, this
multicollinearity suggests that using all sensory attributes as predictors may lead to redun-
dancy, and that feature selection or dimensionality reduction techniques could be beneficial
for developing parsimonious predictive models [20].

3.2.3. Relationships with Defect-Related Variables

Defect-related variables exhibited interesting correlation patterns. Quakers showed
moderate positive correlations with Category Two Defects (r = 0.462) and with Number of
Bags (r = 0.082), suggesting that larger lots and the presence of secondary defects tend to
co-occur. Both Quakers and Category Two Defects showed consistent negative correlations
with sensory attributes, particularly with Balance (r = −0.316 and −0.318, respectively),
Overall (r = −0.307 and −0.312), and Flavor (r = −0.310 and −0.330). This pattern indicates
that defects, even when present in small quantities, can negatively impact the sensory
perception of coffee quality across multiple attributes.

3.2.4. Correlations with Moisture Content

Moisture Percentage exhibited weak correlations with most variables, with the strongest
associations being positive but modest correlations with Category Two Defects (r = 0.131),
Quakers (r = 0.170), and Category One Defects (r = 0.093). The near-zero correlation with Total
Cup Points (r = −0.046) suggests that within the observed moisture range, moisture content
did not substantially impact sensory quality. This is consistent with industry standards,
which specify an optimal moisture range for green coffee (10–12%) within which quality is
not significantly affected [14].

The correlation matrix analysis was systematically stored in the Correlation_Matrix
sheet of the structured Excel file, ensuring that the complete correlation structure was
preserved for subsequent analyses and for the calibration of the synthetic data generation
process. The strong correlations identified between specific sensory attributes and the final
quality score provided empirical guidance for feature selection and model development in
the predictive modeling phase of this study.

3.3. Synthetic Dataset Generation from Real Statistics

Leveraging the descriptive statistics and correlation structure extracted from the
real Arabica coffee (Coffea arabica L.) dataset, a synthetic dataset was generated to create
a controlled, statistically consistent environment for model development and validation.
The generation process aimed to produce a synthetic dataset with the same dimensional-
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ity (207 samples × 17 variables) as the real dataset, preserving the fundamental statistical
properties while enabling controlled experimentation.

The synthetic generation algorithm was implemented in Python using the Cholesky
decomposition method, which transforms a matrix of standardized normal random vari-
ables into a dataset with a specified covariance structure [18,19]. The procedure employed
the following steps: (i) extraction of means, standard deviations, and the Pearson corre-
lation matrix from the real dataset; (ii) construction of the covariance matrix according
to Σij = ρij · σi · σj; (iii) Cholesky factorization of the covariance matrix; (iv) generation
of a white noise matrix Z ∈ R207×17 with elements zij ∼ N (0, 1); (v) application of the
linear transformation Xsynthetic = µ + ZLT ; and (vi) clipping and rounding to ensure values
remained within the observed real data ranges.

The synthetic dataset successfully preserved the key statistical properties of the real
dataset, as shown in the validation comparison. All variable means remained within 5%
of their real counterparts, with the exception of Number of Bags which showed a larger
deviation (33.5) due to its high variability and skewed distribution. Crucially, the Total
Cup Points mean was preserved with high fidelity (real: 83.71, synthetic: 83.65, difference:
0.06). Standard deviations were maintained within 20% of real values for the majority of
variables, with only Number of Bags, Uniformity, Quakers, and Category Two Defects exceeding
this threshold.

The class distribution derived from the synthetic dataset based on the Total Cup Points,
resulting in 47.8% Excellent, 34.3% Good, and 17.9% Specialty classifications. This distribution
reflects the concentration of high-quality coffees observed in the real dataset, where all
samples scored above 80 points.

The correlation structure of the real dataset was preserved in the synthetic dataset,
ensuring that the interdependencies among sensory attributes and the target variable
remained intact. This preservation is critical for the intended use of the synthetic dataset as a
training ground for predictive models that will ultimately be applied to real-world data [12].

The synthetic dataset was saved as an Excel file containing the 17 numerical variables
plus an identification column and a quality class column, providing a complete, ready-
to-use resource for subsequent modeling and validation tasks. The validation results
confirmed that the synthetic dataset faithfully reproduces the statistical properties of the
real data, making it suitable for training machine learning models and for conducting
controlled experiments in which the “truth” is known and the effects of data variability can
be systematically investigated [33].

3.4. Comparative Analysis of Real vs. Synthetic Fidelity

To validate the robustness of the data generation logic, a “statistical twin” of the em-
pirical dataset was created, consisting of a synthetic population with the same dimensions
as the original CQI Arabica 2023 dataset (207 samples and 17 numerical variables). This
approach allows for a direct 1:1 comparison, ensuring that the synthetic environment faith-
fully mirrors the stochastic properties and the multi-dimensional structure of real-world
coffee quality data.

As shown in Figure 1, the synthetic dataset achieved a high degree of distributional
alignment, with a Kolmogorov–Smirnov (KS) Similarity Score of 89.55%. Notably, 7 out
of the 8 core sensory features analyzed passed the KS test null hypothesis (p > 0.05),
indicating that the synthetic distributions are statistically consistent with the empirical
observations. The target variable, Total Cup Points, demonstrated a similarity of 91.79%,
maintaining a mean of 83.65 points, which is nearly identical to the real-world mean of
83.71 points.
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Figure 1. Similarity metrics between the real Arabica dataset and its synthetic twin: (a) KS distribu-
tional similarity and (b) correlation matrix structural congruence.

3.5. Distributional Alignment and Stochastic Fidelity

A granular assessment of the distributional alignment between the real Arabica dataset
and its synthetic twin was performed using Kernel Density Estimate (KDE) and histogram
overlays. This visual validation, presented in Figure 2, is critical to confirm that the
synthetic generation process captured not only the central tendencies (means) but also the
variance, skewness, and the “shape” of the empirical coffee quality data.

The analysis of the target variable, Total Cup Points, reveals a near-perfect overlap
between the empirical and synthetic density curves. The Kolmogorov–Smirnov (KS) test
yielded a similarity of 91.8% (p = 0.4886), indicating that there is no statistically significant
difference between the two distributions. The synthetic mean (µ = 83.65) and standard
deviation (σ = 1.51) closely follow the real-world parameters (µ = 83.71, σ = 1.73),
demonstrating that the baseline quality was successfully reconstructed.

Regarding the individual sensory attributes, the attributes Acidity, Overall, and Bal-
ance showed the highest alignment, each exceeding 90% KS similarity. These results
are particularly important as these features are highly correlated with the final quality
score in Arabica coffees. Even for attributes with slightly lower p-values, such as Body
(KS Similarity = 86.5%, p = 0.0452), the histograms demonstrate that the synthetic data
accurately occupies the same range and frequency bins as the real data, capturing the
inherent “noise” and variability of sensory evaluation.

Furthermore, the KDE plots confirm that the synthetic twin avoids the common pitfall
of “over-smoothing,” maintaining the slightly irregular, multi-modal characteristics often
found in real-world cupping scores. This high degree of stochastic fidelity ensures that any
Machine Learning model trained on this synthetic environment is exposed to a realistic
variety of samples, making the resulting predictive insights ecologically valid for real-world
specialty coffee scenarios.
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Figure 2. Distribution overlays (KDE and histograms) comparing real (blue) and synthetic (red)
datasets for the target variable (Total Cup Points) and core sensory attributes.
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3.6. Ordinal Quality Classification and Cross-Domain Transferability

The classification results, summarized in the confusion matrix (Figure 3) and detailed
in Table 5, demonstrate robust predictive performance. The model achieved an Overall
Accuracy of 87.92%, correctly classifying 182 out of 207 real samples. However, for ordinal
quality data, the most critical metric is the Quadratic Weighted Kappa (QWK), which penal-
izes severe misclassifications (e.g., predicting Specialty for a Standard sample) more heavily
than minor errors between adjacent classes. The model achieved a QWK of 0.9502, which is
considered an “Excellent” agreement in the literature [30]. This high score confirms that
the model successfully captured the ordinal hierarchy of coffee quality, effectively distin-
guishing the subtle sensory boundaries between commercial and specialty-grade coffees.

Table 5. Classification performance of the Random Forest model trained on synthetic data and
evaluated on real data.

Class Precision Recall F1-Score Support

Standard 0.96 0.81 0.88 54
Good 0.76 0.88 0.81 50

Excellent 0.87 0.89 0.88 53
Specialty 0.96 0.94 0.95 50

Macro Avg 0.89 0.88 0.88 207
Weighted Avg 0.89 0.88 0.88 207

Notes: Model trained on synthetic data (Number of samples = 207) and tested on real data (Number of samples = 207).
Overall Accuracy: 87.92%. Quadratic Weighted Kappa: 0.9502. Classes are defined according to SCA quality
standards: Standard (<80), Good (80–83), Excellent (83–85), Specialty (>85).

Figure 3. Confusion Matrix: Real-world ground truth vs. predictions from the model trained on
synthetic data. Rows represent actual classes; columns represent predicted classes.

As shown in Table 5, the model demonstrated strong performance across all four
quality classes. The Specialty class achieved the highest F1-score (0.95), with precision of
0.96 and recall of 0.94, indicating that the model effectively identified the highest-quality
coffees with minimal false positives. The Standard class also showed excellent precision
(0.96), though its recall was slightly lower (0.81), suggesting that some Standard coffees
were misclassified as higher grades, an expected outcome given the continuum nature
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of sensory evaluation. The Good and Excellent classes maintained balanced F1-scores of
0.81 and 0.88, respectively, demonstrating consistent performance across intermediate
quality tiers.

The confusion matrix reveals that all classification errors were confined to adjacent
quality classes, with zero occurrences of extreme misclassifications (e.g., Standard predicted
as Specialty or vice versa). This pattern is particularly significant for sensory applications,
where the transition between quality categories often represents a continuum rather than
discrete jumps. The 10 Standard samples misclassified as Good, the 4 Good samples mis-
classified as Excellent, and the 4 Excellent samples misclassified as Good reflect the inherent
subjectivity and variability in sensory evaluation, further validating that the synthetic-
trained model has learned realistic, rather than artificially rigid, decision boundaries.

3.7. XAI Pattern Recovery: Comparing SHAP Feature Importance in Real and Synthetic Domains

To ensure that the predictive performance was rooted in agronomically and sensorially
valid patterns rather than statistical artifacts, an interpretability analysis was conducted
using SHAP (SHapley Additive exPlanations). By comparing the feature importance
rankings extracted from the real-world CQI dataset (Figure 4) and the synthetic twin
(Figure 5), we can validate the model’s decision-making consistency across both domains.

Figure 4. SHAP Feature Importance (Real Data): Mean absolute impact of sensory attributes on the
classification of the four quality tiers.

Figure 5. SHAP Feature Importance (Synthetic Data): Consistency check showing the attributes
prioritized by the model during training in the simulated environment.
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A high degree of congruence was observed between the two importance profiles.
In both scenarios, Aftertaste, Overall, and Flavor emerged as the top three most influential
predictors. In the real dataset, Aftertaste showed the highest average impact on model
output magnitude, followed closely by Overall. In the synthetic dataset, these two attributes
swapped positions but maintained nearly identical SHAP values (approximately 0.28). This
consistency is a definitive proof that the synthetic generation process successfully captured
the core sensory drivers of coffee quality.

Furthermore, the contribution of each class (Specialty, Excellent, Good, and Standard)
to the total feature importance follows a balanced distribution in both plots. For instance,
the “Specialty” class (red/green bars in the legends) is consistently associated with high val-
ues in Flavor and Balance in both datasets. Attributes like Body and Aroma were consistently
ranked as lower-impact refining factors.

4. Conclusions
This study demonstrated the efficacy of using synthetic data, grounded in empirical

statistics and the Pearson correlation structure of a real Arabica coffee (Coffea arabica L.)
dataset, to train high-performance ordinal classification models. By employing a compre-
hensive computational pipeline from statistical profiling and Cholesky-based synthetic data
generation to SHAP-driven interpretability analysis, it was established that the synthetic
environment faithfully replicates the stochastic properties, interdependencies, and sensory
drivers of real-world coffee quality.

The synthetic dataset, comprising 207 samples identical in dimensionality to the
original CQI Arabica 2023 dataset, achieved a Kolmogorov–Smirnov similarity of 89.55%
with the real data, with 7 out of 8 core sensory features passing the KS test null hypothesis
(p > 0.05). The target variable, Total Cup Points, was preserved with high fidelity (real mean:
83.71; synthetic mean: 83.65), confirming that the synthetic generation process captured
not only central tendencies but also the variance, skewness, and distributional shape of the
empirical data.

The ordinal classification model, trained exclusively on the synthetic dataset and vali-
dated against real-world samples, achieved an overall accuracy of 87.92% and a Quadratic
Weighted Kappa (QWK) of 0.9502, indicating excellent agreement and confirming the
model’s ability to capture the ordinal hierarchy of coffee quality. Significantly, all classifi-
cation errors were confined to adjacent quality classes, with zero occurrences of extreme
misclassifications, reflecting the continuum nature of sensory evaluation.

The SHAP (SHapley Additive exPlanations) analysis further validated the consistency
of the synthetic environment by revealing near-identical feature importance rankings
between the real and synthetic domains. In both scenarios, Aftertaste, Overall, and Flavor
emerged as the top three most influential predictors, with nearly identical SHAP values
(approximately 0.28). This congruence confirms that the synthetic generation process
successfully preserved the core sensory drivers of coffee quality, validating the ecological
validity of the simulated environment.

The methodological framework presented used synthetic data generation grounded
in empirical statistics, cross-domain validation, and interpretability analysis provided a
robust template for addressing the challenges of limited sample sizes and data variability in
agricultural and food science research. By demonstrating that models trained on synthetic
data can generalize effectively to real-world observations, this study provides empirical
evidence for the practical utility of synthetic data in domains where empirical data collection
is costly, time-consuming, or subject to high noise levels.
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Future work should extend this approach to other coffee varieties and growing regions,
incorporate additional sensory attributes, and explore the integration of environmental and
processing variables.
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