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Summary

In the food industry, Artificial Intelligence (AI) techniques play a fundamental role,
especially in product quality analysis, a field that requires processing large volumes
of heterogeneous data and handling the complexity inherent in the subjective as-
sessment of quality that is often needed in this sector. In response to the need for
reliable Al models, EXplainable Artificial Intelligence (XAI) has emerged, providing
explanations of how models make decisions and improving their transparency and
interpretability. XAI is therefore relevant in the food industry, since it makes Al
technologies more transparent, safer, and applicable even to delicate products such
as food.

This doctoral thesis explores the application of XAI methods to the analysis
of food product quality, proposing innovative solutions that integrate into an XAI
pipeline across the food supply chain. More specifically, tabular data, commonly
used in the food industry to describe the physicochemical properties of food prod-
ucts, are analyzed using tree-based ensemble models, which prove to be effective in
addressing various food engineering challenges.

Additionally, to enhance the interpretability of these models, a new X AT technique
called Decision Predicate Graphs (DPG) is introduced. DPG is a graph structure
that captures relationships among features, logical decisions, and model predictions.
The effectiveness of DPG is demonstrated in three case studies across three fruit
types at different ripeness stages, using physicochemical data to improve Al-based
predictions of food quality parameters.

The thesis examines the development of a complete Al workflow for food quality
analysis. In this context, XAl is necessary not only for understanding the final model
but also for improving data preparation, reducing bias, and boosting performance.
For this reason, an extension of DPG is proposed to explain Isolation Forest, a tree-
based ensemble technique used to identify potential outliers in the preprocessing
stage of an Al workflow. This approach provides a comprehensive view of the
decision process in outlier detection, enabling an end-to-end XAlI-based pipeline.

Finally, the proposed methods are evaluated in real case studies, assessing their
effectiveness in critical operational contexts.

In conclusion, this thesis highlights the effectiveness of XAI methods in improving
the analysis of food product quality, making predictions more accurate and reliable,
reducing bias, and supporting the adoption of advanced Al technologies to ensure
high standards of quality and safety.
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Chapter 1

Introduction

1.1 Motivations and Approach

Artificial Intelligence (Al) is spreading through daily life and industry, reshaping de-
cisions, operations, and quality control. From personal devices and online services
to logistics and large-scale manufacturing, algorithmic systems are becoming part
of the workflow for both citizens and businesses. Driven by competition and cost
pressures, companies adopt Al to deliver more efficient, precise, and cost-effective re-
sults, often faster than human workflows or conventional mechanical systems. Across
many fields, Al supports quality control, demand forecasting, process optimization,
and real-time decision making [23, 121, 203, 266]. Furthermore, the two branches
of AI, Machine Learning (ML) and Deep Learning (DL), are increasingly used to
extract patterns from complex datasets. By allowing computers to learn directly
from data, these techniques support automated decision-making in tasks like classi-
fication, forecasting, and data generation.

The food sector mirrors these trends. Along the supply chain from primary pro-
duction to processing, distribution, and retail, extensive and varied data sets are now
routine [159]. Used well, these streams can enable safer processes, tighter specifica-
tions, and early detection of deviations. AI also supports food quality control with
systematic and fast analysis, and can be deployed to assist non-experts through-
out the supply chain. Farmers can rely on remote sensing, drones, and Internet of
Things sensors to track soil conditions, weather, and crop health. Harvesters can
apply computer vision to detect defects and estimate yield. Retailers can use fore-
casting and outliers detection to improve traceability and reduce waste. These are
only a few areas where Al, and particularly advanced ML and DL techniques, can
play a central role.

The rapid adoption of these models raises important questions about trans-
parency. According to [21], transparency is defined as a characteristic of a model
that makes it understandable on its own. This transparency is characterized by three
properties. First, a human should be able to simulate or think through the model
from start to finish. Second, it should be possible to explain each component of the
model, including the inputs, parameters, and calculations. Finally, there should be
an ability to analyze the mathematical process the model uses to generate its out-
puts. While these properties do not provide an objective, analytically measurable
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definition of model transparency, they do provide a guideline for defining a model
as understandable and thoroughly evaluable. Consequently, it is not surprising that
Al systems, which are developed through automated processes that result in a big
number of interconnected parameters, are often perceived as opaque tools, raising
doubts about their reliability |2, 212.

In the food industry, the stakes for precision are high because errors directly
compromise food safety, regulatory compliance, and public trust. [21, 223| define
trust as the confidence that a model will perform as expected when confronted with
a specific problem. Establishing this trust remains a fundamental hurdle because, as
previously noted, Al models lack transparency. Their inherent opacity, frequently
described as a black box (or opaque box) nature, presents significant risks. These
models can evolve unpredictably over time or inadvertently internalize biases from
historical datasets. Consequently, the outputs they produce are often difficult for
auditors and industry practitioners to interpret. This lack of clarity creates a danger-
ous disconnect between high predictive performance and actual operational safety.

In strictly regulated environments such as the food supply chain, systems must
be both accurate and fully auditable. Quality and safety protocols must adhere to
rigorous legal standards while simultaneously managing the natural variability of
ingredients, equipment performance, and environmental conditions. Consequently,
the opaque nature of these models prevents rigorous evaluation, rendering them un-
reliable and unsuitable for high-risk applications such as those in the food sector. To
address the opacity problems, the European Commission promotes transparency in
Al It leads to regulation to protect ethics and fundamental rights through two main
regulatory frameworks: the General Data Protection Regulation (GDPR) [52] and
the Artificial Intelligence Act (Al Act) [74]. The first includes the right to explana-
tion, allowing individuals to obtain meaningful information about the logic used in
automated decisions. The second defines a risk-based hierarchy of Al systems, with
corresponding transparency, fairness, and accountability requirements.

This doctoral project fits within this industrial and methodological context.
ASAC srl, a technological partner for product development in the food sector, spon-
sored the work and provided sustained oversight, granting access to operational con-
straints, strategic priorities, and production datasets. The collaboration made clear
the need for reliable AI that can be implemented in regulated and risk-sensitive
settings. A promising direction is EXplainable Artificial Intelligence (XAI). XAI
approaches aim to clarify the complex decision-making of Al models, make their
reasoning explicit, and provide evidence that strengthens confidence in both models
and data. By opening the so-called opaque box, they enhance auditability, support
error analysis, and enable safer deployment [145, 274].

Among the many steps in the food supply chain, food quality analysis is both
critical and receptive to innovation. It involves assessing product quality standards,
risk factors, and environmental contamination, nutritional value, and the conditions
of storage and distribution. The work centers on several sensitive points: rigor-
ous specifications, heterogeneous measurements and data, and a direct link between
model outputs and corrective actions, while offering ample opportunities for data-
driven improvement. Yet a review of current practice shows a clear gap between
the promise of transparent Al and its translation into everyday quality workflows.
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Interpretability is widely endorsed in principle, but practical, validated, and easy-to-
adapt tools remain scarce in this domain. XAI can help close this gap by providing
clear explanations of how models make decisions. It links algorithmic outputs to
expert judgment, supports model validation and compliance, and strengthens collab-
oration between people and machines. XAl is not only a guide for model selection,
but also a way to increase the acceptability of a chosen model, understand its out-
puts, check for bias or procedural errors, and build confidence in online deployment.

It is also important to note that food quality work comes with specific con-
straints. Models must handle diverse data formats, run with low latency and limited
resources, and generalize across product lines and product types. Consequently, ex-
planations should be concise and accessible to process engineers, quality managers,
and auditors who are not Al specialists.

Additionally, it is worth noting that many food quality assessment tasks rely
on tabular data such as physicochemical measurements, spectral intensities, sensor
aggregates, time-aligned process variables, and derived indicators. These data are
relatively easy to collect and closely aligned with established quality protocols.

Given the ability to collect tabular data, the possibility of a faster and less com-
putationally intensive training process, and the necessity for clear explanations that
we thoroughly discussed, tree-based ensembles such as Random Forest (RF) are
often a strong choice. They can rival or even surpass DL architectures in specific
setups [158, 171]. Yet they remain underused in modern industrial pipelines, which
often favor deep end-to-end models. Tree-based ensembles offer advantages that
align well with the food supply chain, including robustness to heterogeneous fea-
tures, missing data, and outliers; the ability to estimate uncertainty and metrics;
strong generalization across scenarios; and a wide range of XAl techniques that are
readily available and computationally efficient.

The role of tree-based ensembles extends beyond the final prediction. They are
widely used for data understanding, feature screening, and preprocessing, stages that
strongly influence downstream results. In the preprocessing phase, in particular,
a key step is to remove outliers, i.e., data that significantly deviates from other
instances in the dataset. If these outliers are included during the model training
phase, they can negatively impact the model’s performance or introduce bias. A
commonly used method for outlier detection is the Isolation Forest (iForest), a tree-
based ensemble model that is computationally easy to train [143].

However, tree-based ensemble models are not transparent by default when scaled
up. Large ensembles with hundreds of trees are hard to interpret, and their decision
process remains opaque [125]. Common summaries based on Feature Importance
(FI) can also mislead, especially when features do not have the same scale of mea-
surement or when they are correlated [256]. The central challenge is to extract
explanations that are informative and operationally meaningful from models that
are both accurate and practical under industrial conditions.

The food sector increasingly needs Al applications that accelerate and simplify
quality analysis while improving product quality. These applications must be re-
liable and transparent not only at the point of prediction but across the entire
workflow, from dataset analysis to preprocessing through to the final output. What
the industry needs is an end-to-end explainable Al pipeline.
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1.2 Contributions

In this thesis, we propose a set of techniques to build a fully explainable ML pipeline
based on tree-based ensemble models for tabular data in food engineering.

Working with experts at ASAC srl, we examined the food supply chain. We
identified food quality analysis as the step with both the strongest need and the
best opportunity to introduce transparent Al that improves process performance.
The project began with a review of the literature to assess the state of the art in
explainable Al for food quality analysis and to recognize open issues. This review
work proved extremely complex due to the low number of published works and,
above all, the lack of a comprehensible taxonomy to serve as a key for reading
and organizing scientific articles. Furthermore, since these articles concerned the
applications of algorithms and technologies specific to the field of computer science
to the world of food engineering, the articles mentioned above were not homogeneous
in the presentation of the data, in the discussions of the results, and, in general, in
the nature of the academic contribution. Owur first contribution is a structured
literature review that organizes existing work on explainable Al for food quality
analysis. Within this review, we introduce a taxonomy that classifies studies by
the elements and challenges specific to food quality analysis, for example, safety
parameters or nutritional values assessment. This catalog provides both food quality
specialists and computer scientists with a shared reference point, aiming to narrow
the gap between the fields and encourage further development and deployment of
explainable Al in food quality analysis.

From the literature review, we found that XAl is widely applied to pictorial data,
while its use with tabular data is still in its early stages. Despite this, tabular data is
both valuable and prevalent in food engineering because it is easy to acquire, often
automatically, and has the ability to convey diverse features. Furthermore, tabular
data allows for the use of tree-based ensembles, which, as we previously mentioned,
come with significant advantages.

While numerous explainability methods exist for tree-based ensemble models,
most provide local explanations, i.e., explanations that clarify the model’s decision-
making process for individual samples [69]. While local methods are useful for
understanding how the model arrives at decisions for specific cases, they do not offer
a comprehensive view of the overall decision-making process. That role is fulfilled
by global methods, which aim to provide insights into the model as a whole. In
contexts like food quality analysis, where it is important to establish stable criteria
at the model level for evaluating effectiveness across different batches and product
lines, global explanations can be more beneficial. Additionally, understanding the
model’s overall decision-making is relevant for identifying errors, recognizing biases,
and confirming the reliability of results, regardless of specific cases.

Recent proposals for techniques that provide global explanations, specific to tree-
based ensemble models, focus on simplifying decision structures through graph vi-
sualization and emphasizing key paths. However, while these efforts enhance the
visualization experience, they may either result in a visually complex representation
as the number of tree-based learners increases (89, 182| or compromise the inter-
pretability of the original ensemble model due to the need for pruning or feature
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selection [270, 310].

Consequently, the second and most important contribution of this thesis is the de-
velopment of a new explainability method, called Decision Predicate Graph (DPG),
specifically designed for tree-based ensembles, which provides a global explanation.
DPG represents the ensemble and learned dataset details as a graph that preserves
relationships among features, logical decisions, and predictions, highlighting the
most informative elements. Leveraging well-known graph theory concepts, such as
centrality measures and community structure, DPG offers additional quantitative in-
sights into the model, complementing visualisation techniques, expanding the prob-
lem space descriptions, and offering diverse possibilities for extensions. Empirical
experiments demonstrate the potential of DPG in addressing traditional benchmarks
and complex classification scenarios.

Although DPG has demonstrated its effectiveness in explaining various tree-based
ensemble models during its development, for this doctoral thesis, we study its appli-
cation to one of the most widely used and significant models, namely RF. Therefore,
in the following chapters, we will explore this model in detail.

After developing DPG, we explored its use in a significant and sensitive area of
food quality analysis: ensuring transparency and trust in the fruit supply chain is
necessary to improve food safety, reduce waste, and maintain high-quality standards.
To meet this need, we combined physicochemical descriptors with tree-based ensem-
ble models to predict fruit quality and detect potential problems such as spoilage.
We introduced an approach that uses explainable Al to clarify models. Specifically,
we proposed an application to the analysis of different ripening stages of three dis-
tinct fruits: pitaya (dragon fruit), carambola (star fruit), and papaya, using tabular
physicochemical data. Our goal was to deliver both global and local explanations for
ensemble methods by pairing DPG with Building Explanations through a LocalLy
AccuraTe Rule EXtractor (BELLATREX), a well-established technique in the liter-
ature. Together, these methods form a suite of ensemble-based explainability tools
for the fruit supply chain. By integrating these techniques, we improve transparency
and reliability while deepening understanding of relationships among food quality
parameters. The approach highlights key attributes that influence fruit quality and
helps detect potential fraud in the supply chain, addressing traceability challenges.

Beyond making the model interpretable, careful data preprocessing is equally
necessary. Understanding how transformations affect performance and bias not only
improves results but also builds a robust and reliable pipeline. This is where truly
resilient Al solutions take shape. For this reason, a central part of this doctoral work
was to explain a key preprocessing algorithm as part of a fully explainable Al-based
pipeline.

iForest, which we discussed earlier, is a tree-based ensemble model widely used for
identifying outliers. As with other ensembles, its effectiveness often increases with
the number of learners. However, this enhancement can make it more challenging to
understand how outliers are determined. Existing explainability methods for these
models tend to provide local views and do not clarify the overall decision-making
process.

In this context, while it is sometimes preferable to understand the logic under-
lying the identification of a single case, the ensemble structure of iForest suggested
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an opportunity to design a dedicated method for global insight. We therefore intro-
duced a new explainability approach that extends the DPG to iForest, addressing the
problem of global explainability. It offers a comprehensive view of how the model
detects outliers by indicating which features drive the decision and how they are
used. The method advances the state of the art by illuminating decision boundaries
and revealing the holistic role of features in outlier detection.

The final step of this doctoral project is to demonstrate the effectiveness of
the proposed tools by building a fully explainable end-to-end pipeline based on
Al. For this step, we examined an application outside of food engineering due
to the time constraints involved in generating a dataset that met all experimen-
tal requirements—specifically, one that included relevant outliers, reflected a well-
studied problem, and remained computationally manageable. While food-related
datasets are conceptually easy to obtain, their construction requires sensing equip-
ment and acquisition time. Therefore, to ensure a reliable and interpretable val-
idation of the entire pipeline within the project’s time, another benchmark was
selected.

We developed an end-to-end pipeline for finance, a high-risk domain that requires
finding patterns and insights in complex and heterogeneous data. The scenario is
similar to food quality analysis, as the needs are the same in both situations: the
opacity of many Al models raises concerns about interpretability and reliability,
especially in financial decision-making. Furthermore, real-world financial data is
often vulnerable to outliers due to data entry errors, fraud, or rare but critical
events, which can harm model performance and regulatory compliance.

We therefore proposed a framework that explains the entire ML pipeline in a
financial risk assessment scenario. Specifically, we applied DPG methods to two
key steps in the pipeline: outlier cleansing with iForest during preprocessing, and
the classification for credit scoring with RF. A real-world case study shows that the
approach provides clear insight into both preprocessing and predictive components,
improving reliability and strengthening user confidence. The proposed example can
be extended to more complex applications in food engineering, enabling an end-
to-end explainable pipeline for the food supply chain and supporting food quality
analysis.

To summarize, the main contributions of this thesis are:

e A structured literature review and taxonomy of XAI for food quality analysis,
which bridges the fields of food engineering and computer science, and organizes
sparse, heterogeneous studies into a usable reference for both domains.

e A novel global explainability method for tree-based ensembles, called DPG,
which provides quantitative and visual insights into the model’s decision-making
process.

e A case study in the fruit supply chain using physicochemical tabular data (in-
cluding pitaya, carambola, and papaya) that combines DPG (global) with BEL-
LATREX (local), offering a complementary suite of “glocal” explanations for
quality assessment.
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e An extension of DPG to providing a global explanation of iForest, clarifying
which features influence outliers detection.

e Guidelines for explainable preprocessing that make data transformations inter-
pretable, demonstrating how transparency during the cleaning and detection
stages enhances the overall performances of the pipeline.

e An end-to-end explainable ML pipeline demonstrated in a financial risk as-
sessment setting (iForest for cleansing and RF for credit scoring with DPG
explanations), evidencing improvements in reliability and user trust in a high-
risk domain.

e Actionable pathways for the deployment of transparent, ensemble-based XAl in
the food supply chain, informed by collaboration with domain experts (ASAC
srl) and designed to support real-world quality, safety, and traceability objec-
tives.

1.3 Structure of the Thesis

To facilitate a clear understanding of the thesis and demonstrate how we achieved
the research objectives outlined in Chapter 1, we have organized the content as
follows.

e Chapter 2 provides a comprehensive explanation of the fundamental concepts
and tools utilized throughout this thesis. The Chapter begins by defining the
principles of ML, the learning paradigms relevant to this project, and the eval-
uation metrics used to assess the performance of the developed ML techniques.
The Chapter then explores ensemble methods, focusing on Decision Trees, RF,
and iForest. Finally, we present a taxonomy for identifying and classifying XAl
techniques, including a distinction between different types of explanations, fol-
lowed by an overview of the most commonly used models.

e Chapter 3 first introduces the taxonomy of food quality analysis tasks that
we created to organize scientific publications related to XAI applications in
the field of food quality analysis. It also details how the papers are arranged.
This organization includes, in addition to the taxonomy, the type of data used
and the type of explanations generated by the XAI techniques adopted in each
paper. The Chapter contains over one hundred collected papers and constitutes
an overview of the state of the art. Finally, the Chapter highlights the gap
between food quality analysis and explainability.

e Chapter 4 introduces DPG, a new global and model-specific explanation for
tree-based ensembles. The Chapter formalizes the concept of DPG, presents the
algorithm for its construction along with its complexity, and demonstrates how
graph-theoretic tools can reveal the ensemble’s global decision-making logic.
Additionally, it provides empirical demonstrations, compares DPG to other
graph-based alternatives, and discusses its limitations and potential improve-
ments.
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e Chapter 5 focuses on the food domain, specifically examining XAI in the fruit
supply chain. The Chapter proposes a study that assesses the level of fruit
ripeness using tabular physicochemical characteristics to classify the fruit and
determine its quality. It further describes the proposed methodology and the
datasets used, including star fruit, papaya, and pitaya. The Chapter pays par-
ticular attention to the two XAl methods employed: DPG and BELLATREX.
These methods provide different types of explanations—global and local, re-
spectively. When used together, they provide a comprehensive understanding
of the decision-making process of the AI method, thereby ensuring its trans-
parency.

e Chapter 6 highlights the importance of explaining the preliminary stages of an
Al application, particularly the preprocessing phase. It extends DPG to the
iForest method, which is aimed at providing global explainability for outlier
detection. The Chapter introduces a DPG-based explanation specifically de-
signed for iForest and presents the Inlier-Outlier Propagation Score (IOP-Score)
to assess how various predicates contribute to the isolation process. Finally,
the method is evaluated using both synthetic and benchmark data.

e Chapter 7 composes all the developed and studied techniques into an end-to-end
explainable pipeline in a high-stakes finance setting. This pipeline is validated
through its application in credit-risk assessment, detailing the preprocessing
steps, which include iForest-based outlier cleaning using DPG-extended tec-
nique, and the predictive modeling phase, which employs a RF algorithm with
DPG. Additionally, the Chapter outlines the choices made in dataset selection
and provides experimental details along with the results obtained.

e Chapter 8 concludes with a summary of contributions, limitations, and future
directions. It consolidates how the taxonomy, DPG methods, and pipeline
enhance reliable, global explainability for tree-based ensembles and outlines
future research, including applications to upcoming food datasets.

In Figure 1.1, the timeline structure of the thesis is highlighted, with its central
Chapters shown.

1.4 List of Publications

During my PhD, I produced the following publications that serve as the foundation
for this thesis.

e [10] L. Arrighi, L. Pennella, G. Marques Tavares, and S. Barbon Junior. Deci-
sion predicate graphs: Enhancing interpretability in tree ensembles. In World
Conference on Explainable Artificial Intelligence, pages 311-332. Springer Na-
ture Switzerland, 2024. ISBN 978-3-031-63797-1. doi: 10.1007/978-3-031-63797-1
16

e [39] M. Ceschin, L. Arrighi, L. Longo, and S. Barbon Junior. Extending Deci-
sion Predicate Graphs for Comprehensive Explanation of Isolation Forest. In
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Figure 1.1: Representation of the thesis structure, highlighting the central Chapters
enclosed in circles, with a brief summary of each Chapter provided next to the
corresponding numbers.

R. Guidotti, U. Schmid, and L. Longo, editors, Fxplainable Artificial Intelli-
gence, pages 271-293. Springer Nature Switzerland, 2026. ISBN 978-3-032-
08324-1. doi: 10.1007/978-3-032-08324-1 12

The paper “Extending Decision Predicate Graphs for Comprehensive Explana-
tion of Isolation Forest” won the Best Student Paper award at World Conference
on eXplainable Artificial Intelligence 2025 in Istanbul, Turkey.

e [11] L. Arrighi, M. Camilo Da Silva, and S. Barbon Junior. End-to-End Ex-
plainability of Machine Learning Pipelines with Decision Predicate Graphs: A
Financial Scenario Case Study. In [tal-IA 2025 CINI National Conference on
Artificial Intelligence, 2025

e [12] L. Arrighi, I. A. de Moraes, M. Zullich, M. Simonato, D. F. Barbin, and
S. Barbon Junior. Explainable artificial intelligence techniques for interpreta-
tion of food datasets: A review, 2025. URL https://arxiv.org/abs/2504.
10527. (Under Review)

e [13] L. Arrighi, C. Giaccari, I. A. de Moraes, D. F. Barbin, and S. Barbon Junior.
Enhancing Transparency in the Fruit Supply Chain Using eXplainable Artificial
Intelligence, 2025. (Under Review)

I also created the following publications that are not included in this thesis.

e [9] L. Arrighi, S. Barbon Junior, F. A. Pellegrino, M. Simonato, and M. Zul-
lich. Explainable Automated Anomaly Recognition in Failure Analysis: is Deep
Learning Doing it Correctly? In Explainable Artificial Intelligence, Communi-
cations in Computer and Information Science, pages 420-432. Springer Nature
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Switzerland, 2023. ISBN 978-3-031-44067-0. doi: 10.1007/978-3-031-44067-0
22

e [61] I. A. de Moraes, L. Arrighi, S. Barbon Junior, J. E. L. Villa, R. L. Cunha,
and D. F. Barbin. Explainable artificial intelligence (xAI) applied to deep com-
puter vision of microscopy imaging and spectroscopy for assessment of oleogel
stability over storage. Journal of Food Engineering, 394:112515, 2025. ISSN
0260-8774. doi: 10.1016/j.jfoodeng.2025.112515

e [178] I. A. Moraes, L. Arrighi, S. B. Junior, R. L. Cunha, and D. F. Barbin.
Explainable artificial intelligence (XAI) applied to deep computer vision for
the assessment and classification of oleogels with varying oleogelator types and
concentrations. Microchemical Journal, page 116821, 2026. ISSN 0026-265X.
doi: 10.1016/j.microc.2026.116821

e [14] L. Arrighi, I. A. de Moraes, M. Simonato, and S. Barbon Junior. Discrim-
inating Short-Term Moisture Changes in Stuffed Pasta Using Deep Computer
Vision. In E. Rodola, F. Galasso, and 1. Masi, editors, Image Analysis and Pro-
cessing - ICIAP 2025 Workshops, pages 489-496, Cham, 2026. Springer Nature
Switzerland. ISBN 978-3-032-11381-8. doi: 10.1007/978-3-032-11381-8 40

1.5 Data and Code Availability Statement

All software libraries and datasets used in this thesis are publicly available or can
be provided upon request. Specific links to the libraries are given in footnotes at the
point where they are mentioned. A consolidated list of the resources and analysis
code, including repository links or identifiers, is provided below.

e DPG: https://github.com/LeonardoArrighi/DPG

e Synthetic dataset used for testing DPG: https://github.com/LeonardoArrighi/
DPG/tree/main/datasets

e DPG-extension for iForest: https://github.com/Math0097/DPG-iforest

e Synthetic dataset used for testing the end-to-end explainable framework: https:
//github.com/LeonardoArrighi/DPG-Pipeline
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https://github.com/LeonardoArrighi/DPG-Pipeline
https://github.com/LeonardoArrighi/DPG-Pipeline

Chapter 2

Conceptual Framework

In this Chapter, we introduce the definitions, concepts, and algorithms that ground
the thesis. Section 2.1 presents core ML theory and the evaluation metrics used
to assess the models developed in the subsequent Chapters. Section 2.2 introduces
the tree-based algorithms employed extensively. Finally, Section 2.3 outlines the
key concepts of XAI, along with the classification taxonomy used to describe these
techniques, and provides a general overview of some widely used XAI methods. As
general background, the exposition is informed by [26, 176, 181, 240]|, which serve
as principal references.

2.1 Base of Machine Learning

ML is a branch of AI that discovers patterns or regularities in data and uses them
to make predictions or decisions. Instead of being explicitly programmed for each
task, an ML system learns a mathematical model from experience, transforming
data into a parametric model that makes predictions on new, unseen cases. A good
model can generalize, i.e., it inductively transfers the regularities discovered in the
observed data to new data drawn from the same (or a related) distribution.

Let the dataset be D = {z;}",. A model is a parameterized function f,, with
free parameters w. Training is the process of selecting w by minimizing an objective
(loss) function on D, to promote generalization to unseen data. During training,
overfitting may occur when the model captures noise or incidental structure in D,
achieving low training error but performing poorly on new samples. On the contrary,
underfitting occurs when the model is too limited to represent the underlying signal.

To perform training, a data-splitting procedure is applied to both optimize the
model and assess its performance. The dataset is partitioned into three subsets:
a training set, whose data are used to fit the model; a validation set, whose data
are used to evaluate the fitted model by comparing its predictions to the expected
outputs and to guide model selection and hyperparameter tuning; and a test set,
whose data are used to estimate the model’s generalization performance. The train-
ing and validation sets are used during model development, whereas the test set
remains hidden throughout training and model selection so that the final evaluation
provides an unbiased assessment.

A central consideration is the trade-off between model complexity and available
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data. Model capacity, determined by the richness of the hypothesis class and the
number of parameters, must be commensurate with the size and quality of the
dataset. Excess capacity relative to data increases variance and the risk of overfit-
ting, while insufficient capacity yields bias and underfitting. This balance is managed
by aligning architecture and parameterization with dataset scale and by employing
regularization and rigorous validation.

2.1.1 Supervised Learning and Unsupervised Learning

Supervised and unsupervised are two popular learning paradigms in ML.

In supervised learning the data are labeled, D = {(z;, ;) }/*,, with inputs z; € X
and targets y; € ). The inputs may be represented as feature vectors or as objects,
like pictures. At the same time, the targets define the nature of the task, being
real-valued for regression and categorical for classification. Training minimizes a
loss that measures the discrepancy between predictions and ground-truth labels.
In this thesis, various supervised learning algorithms are discussed. This includes
tree-based methods, such as RFs [31] and gradient-boosted trees like eXtreme Gradi-
ent Boosting algorithm (XGBoost) [47], along with k-Nearest Neighbors algorithm
(kNN) and support vector machines extensively described in [101]. Additionally,
various Neural Network (NN) architectures are covered, with a particular focus on
Convolutional Neural Network (CNN), including prominent architectures such as
Residual Network [103], Visual Geometry Group (VGG) [251], and You Only Look
Once (YOLO) [221].

In unsupervised learning the data are unlabeled, D = {z;}", with x; € X. The
goal is to learn the underlying structure or a model of the data distribution by op-
timizing an objective defined solely on the inputs, without access to target labels.
Training and evaluation, therefore, operate on the same input format, and success
is measured by how well the learned representation or model captures salient regu-
larities in X'. This thesis also mentions unsupervised learning algorithms, including
clustering methods described in [101] and various DL techniques such as Generative
Adversarial Network (GAN) [88], autoencoders [228], and visual transformers [65].

Other learning paradigms lie outside the scope of this manuscript.

2.1.2 Metrics

To evaluate the performance of ML models and enable fair comparisons on a common
dataset, we report a set of standard metrics.

In multiclass setting (with classes {1,...,C}), let the confusion matriz be C €
NE*C where rows index true classes and columns index predicted classes, so that
C;; counts instances with true class ¢ predicted as j.

For a given class ¢, define True Positive (TP), Negative (N), False Positive (FP),
False Negative (FN):

TP.=Ce, FP.=)» Ci, FN.=) Cy, N.=>» > Cy

e j#e i=1 j=1

Hence, we can define the metrics:
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Accuracy. The proportion of correctly classified instances:

¥, Ce

Accuracy = i

Precision. The fraction of predictions for class ¢ that are correct:

TPC . CCC
TP.+FP. Y9 ¢,

Precision, =

Recall. The fraction of true instances of class ¢ that are correctly identified:

TP, C..
Recall, = = .
c c
TP. + FN, S :j:l C.;j

F1-Score. The harmonic mean of precision and recall for class c:

Pl — 2 Precision, Recall,.
“ " Precision, + Recall,.’

Average F1-Score. Per-class Fl-scores can be aggregated as:

1 C
F1-Score = Z F1..
c=1

Ql

2.2 Ensemble Methods

Ensemble models address a common problem in predictive modelling. A single model
can be accurate on average yet fragile on new data. By combining many simple
learners that make different mistakes, an ensemble lets complementary strengths
accumulate while individual errors cancel out. The result is a predictor that is both
accurate and dependable, with reduced variance and stronger generalization.

In the following sections, we outline the tree-based building blocks used through-
out this thesis, namely binary trees and decision trees. In the following sections,
we outline the tree-based building blocks used throughout this thesis, namely bi-
nary trees and decision trees. Additionally, we will introduce the two ensembles
of interest, which are the main models studied in this thesis and are employed to
demonstrate the techniques we have created and developed. A RF averages the
outputs of many randomized trees and stabilizes predictions. An iForest identifies
outliers by measuring how quickly observations become isolated within a collection
of binary trees.

2.2.1 Binary Tree and Decision Tree

A binary tree is a finite collection of nodes connected by directed edges, with each
node having at most two children. The first node of the structure is called the root,
and any node directly below another is a child. A binary tree is defined recursively,
either the structure is empty or it consists of a distinguished root together with a
left and a right subtree, each of which is itself a binary tree. Nodes with no children
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are called leaves, and nodes with at least one child are internal. The depth of a node
is its distance from the root, and the height of a tree is the maximum depth among
its leaves. This recursive form supports divide-and-conquer procedures and traver-
sal algorithms. In statistical learning, binary trees are beneficial for partitioning a
space. Each internal node applies a rule that splits the current set into two parts,
and the leaves summarize the outcomes on the resulting subsets.

A decision tree is a supervised learning model structured as a binary tree. Each
internal node evaluates a feature value test, and each leaf encodes a prediction. In
classification, leaves return either a class label or a vector of class probabilities;
such models are called classification trees. In regression, leaves return a real-valued
prediction.

Training proceeds recursively. At each node, the algorithm searches over candi-
date splits, namely thresholds for numerical features and subset splits for categorical
features, and partitions the current sample into two child nodes. The procedure is
repeated on each child until a stopping condition is met. Stopping criteria include
a maximum tree depth and a minimum sample size required to attempt a split.

Split selection is guided by an impurity criterion that quantifies node hetero-
geneity, interpreted as the probability that a randomly chosen instance would be
incorrectly labeled. Let y denote the labels at a node and C' the set of classes. If
Py.c is the proportion of class ¢ in that node, the Gini impurity (G) is

G(y) = Zpy,c (1 - py,c)a

ceC

which ranges from 0 for a pure node to (|C|—1)/|C| for a uniform class distribution.
A convenient way to compute the proportions is

ly]

Ne = Z 1(y1 = C)7 DPy,c e

= T
— ||

where 1(+) is the indicator function. For a candidate split with left and right children
L and R having sizes ny and ng from a parent of size n, the quality of the split is
measured by the impurity reduction

n n
A = Gtparen) — - Glyr) = —Glyr),

and the algorithm chooses the split that maximizes A.
The overall objective is to choose, at each step, the split that produces the most
significant reduction in impurity.

2.2.2 Random Forest

A RF is a tree-based ensemble learning method that extends the decision tree model
by combining an extensive collection of trees. The central idea, introduced by [31],
is that averaging many weakly correlated predictors reduces variance and leads to a
more accurate and stable model.
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The construction of a RF proceeds in two stages. Given a fixed number of trees,
each tree in the forest is grown on a bootstrap sample, i.e., a sample of the training
observations drawn with replacement and of the same size as the original dataset.
This introduces variability among the trees. In addition, at each node, rather than
considering all available features for candidate splits, only a random subset of fea-
tures is evaluated. This second source of randomness reduces correlation among
trees. Each tree in the forest is trained independently on its own bootstrapped
dataset. RFs are grown to maximum depth, so that individual trees exhibit low
bias and high variance. Averaging across trees reduces variance, and the random-
ization of feature selection reduces correlation, thereby improving generalization.

Formally, let T,(z) denote the prediction of the b-th tree, grown from bootstrap
sample Z, and with feature subsampling at each split. For regression, the RF pre-
dictor is the ensemble average

where B is the total number of trees. For classification, the forest prediction is
obtained by majority vote among trees,

s}

Clw) = argmax Y 1(Ti(x) = o),

where C' is the set of classes and 1(+) is the indicator function. Equivalently, one
can average the estimated class probabilities across trees and choose the class with
the highest average probability.

RF's provide two valuable by-products in addition to accurate predictions. First,
they yield an internal estimate of generalization error, known as the Out-Of-Bag
(OOB) error. Because each tree is built on a bootstrap sample, roughly one-third of
the training observations are not included in that sample. The tree can predict these
excluded observations, and averaging over trees gives an unbiased estimate of test
error without the need for a separate validation set. Second, RF's provide measures
of variable importance. The most common approach is to evaluate the increase in
prediction error when the values of a given feature are permuted across the OOB
samples, thereby breaking the association between that feature and the response.

From a theoretical perspective, RFs reduce variance by averaging across many
deep decision trees while controlling correlation through feature randomization. As
argued by [101], the resulting model is highly flexible, able to capture complex non-
linear relationships and interactions, while remaining robust to noise and overfitting.

2.2.3 Isolation Forest

One of the most widely used algorithms for outliers detection is iForest, a tree-based
method introduced by [143]. iForest is designed to efficiently identify outliers—data
points that deviate significantly from other instances in the dataset—rather than
inliers, which represent most of the data and conform to expected patterns. Among
the various techniques available, iForest stands out for its efficiency and scalability,
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thanks to its linear time complexity and low memory consumption. Another key
advantage is that iForest is an unsupervised learning method that does not require
labelled data for training. Moreover, through an effective subsampling procedure,
iForest mitigates the swamp effect, where regular points are wrongly identified as
outliers, and addresses the masking issue, which occurs when multiple outliers con-
ceal each other. iForest identifies outliers by recursively partitioning the data. Its
core idea is that these irregular data points are rare and distinct from normal in-
stances, requiring fewer random splits to isolate in the problem space. This char-
acteristic enables the algorithm to efficiently separate outliers from the majority of
inliers.

Given a dataset X, where d features characterize each instance, the iForest con-
sists of multiple binary trees, called Isolation Tree (iTree), that form the forest.
Each tree is built by randomly selecting a feature d; and a random value v within
the range [min(vy, ), max(vg, )], where vy, are the values of the samples of X associ-
ated to the feature d;. If an instance’s selected feature value vy, is less than v, the
instance is directed to the left branch; otherwise, it is directed to the right branch
of the iTree. After each split, the dataset is partitioned so each branch contains a
subset of X. This process is recursively applied to the resulting subsets until one of
the following stopping conditions is met:

e The iTree reaches its maximum depth, which is defined as:
[log, (min(256, | X|))1,

where | X| is the number of samples of the dataset. This ensures that the tree
does not grow indefinitely.

e A single instance has been completely isolated in a leaf node.

e Two or more identical instances have been grouped into a single leaf node,
making further splits impossible.

Once an iTree is fully grown, each instance x in X is assigned to a leaf node. Its
path length h(z) is the number of edges traversed from the root to that leaf. This
recursive process is repeated n times to build n trees in the forest. The final step of
the iForest algorithm is the calculation of the anomaly score for each instance in the
dataset. This score allows the model to determine whether a sample is an outlier
(anomaly) or an inlier. The anomaly score is computed as follows:

E(h(2))
s(x,n) =2 "<

where E(h(z)) is the average path length of = across all trees in the forest, and ¢(n)
is a normalization factor that estimates the average path length required to isolate
a data point in a binary search tree containing n instances and is given by:

c(n) = 2H(n — 1) — @
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where H (i) is the harmonic number, and it can be estimated by In(i) + 0.5772
(Euler’s constant). If s(z,n) < 0.5, then x is likely to be a typical instance (inlier).
Conversely, if s(x,n) is close to 1, then x is highly likely to be an outlier. The
core idea behind the iForest algorithm is that outliers require fewer partitions to be
isolated, resulting in shorter path lengths than inliers.

2.3 Explainable Artificial Intelligence

Explainability and interpretability in the context of AI models, although often used
interchangeably, have slightly different meanings, as elucidated by [32|. The authors
argue that interpretability is concerned with understanding the inner workings of a
model. In contrast, explainability is strictly tied to providing post-hoc, approximate
insights on a prediction operated by the model. To clarify, the term post-hoc refers
to the analysis conducted after the model has been trained.

In other words, interpretability is an intrinsic property of a model, while an
explanation is generated on a (non-)interpretable model after a prediction has been
made.

Accuracy vs. interpretability trade-off: Interpretability, as defined above,
has often been depicted as being at odds with accuracy', also termed ezpressivity or
flexibility which we prefer to call, of the model [115]. Flexibility refers to the range
of complicated patterns that the model can learn.

Linear Regression (LR) is often depicted as a very inflexible model because it
can only learn simple linear relationships between predictors; hence, its accuracy
will be fairly limited on more complex problems, such as those involving pictorial
data. However, the linear relationship is interpretable by human standards: a sin-
gle parameter of an LR model indicates the additive effect that a perturbation of
the corresponding predictor has on the response. This makes it straightforward to
analyze, for instance, the importance of each variable within the model.

Conversely, highly expressive models such as Deep NNs are considered complex.
While they achieve high accuracy on very intricate problems, interpreting the rules
these models use to make specific predictions can be quite challenging. A depiction
of this trade-off can be seen in Figure 2.1, where some of the most popular Al models
are positioned accordingly. Despite the trade-off being renowned in the literature,
it is still an approximate rule-of-thumb, which has exceptions, like in the case of
Vision Transformer (ViT)s [66], which, despite being more flexible than CNNs, are
defined as inherently more interpretable due to the ease of visualizing the attention
mechanism [244].

Global vs. local XAI methods: Another axis that defines XAl tools is repre-
sented by the scope of the method. If the tool delves into properties of the model as
a whole, then the scope is said to be global; conversely, when the tool investigates the
model behavior around one data point, then the scope is said to be local. Recently,
[145] introduced the term glocal to describe a method that combines a local XAl
approach with a global one. Concerning the LR example before, the model’s coeffi-
cients can be thought of as global explanations, since they define a global behaviour

In this specific case, we use the term accuracy as a generic stand-in for the performance of the
model in solving the task which it was designed to carry out.
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Figure 2.1: Chart illustrating approximately the trade-off between expressivity or
flexibility and interpretability. Expressive models, such as those based on DL, are
capable of reaching higher task-level performance but are often difficult to interpret.
On the other hand, less complex models, like LR, are inherently interpretable, but
often incapable of attaining high task-level performance.

of the model irrespective of the specific data point considered. On the other hand, as
an example of local explanation, we can consider feature attribution in the context
of image classification using CNNs. For feature attribution, we indicate the action
of identifying which variables contribute the most to producing the prediction. In
the case of image classification, it may be of interest to elicit important pixels that
led a given picture to be classified in a given category; this is an example of a local
explanation since we are gaining knowledge of the behavior of the model only on
the current image, without trying to infer the global properties of the model. In the
case of NN, it is often hard to identify such global rules for explaining predictions;
thus, local explanations are often preferred [287|. Despite being limited in scope,
local explanations can be used to extrapolate global information about the models,
as, for instance, in the works by [287] and [236].

Model-agnostic vs. model-specific XAI methods: A final property of the
XAI tools to be considered is the specificity to limited classes of models. Model-
agnostic tools are XAl methods that, due to how they are constructed, can be
applied to any AI model, while model-specific tools are restricted to limited classes
of models.

2.3.1 Explanation Types

A particularly informative classification considers XAI techniques in terms of how
explanations are provided to the user. Because much of XAI’s value resides in the
explanation format, this perspective helps distinguish models and clarify what they
actually do. Vilone et al. [274]| exemplify this approach by classifying methods
by output modality—numerical, rule-based, textual, visual, or mired—as shown in
Figure 2.2. Selecting among these modalities depends on the use case, as distinct
scenarios require different methods to clarify model behavior.

Numerical explanations: Numerical explanations are defined as the conveying
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Figure 2.2: Representation of the types of explanations provided by XAI techniques,
along with a summary of their key advantages.

of information in a compact format using crisp values, vectors of numbers, matrices,
or tensors to highlight the input attributes or features of a model that have the most
significant effect on the prediction of the output.

Visual explanations: Visual explanations use graphical tools to illustrate in-
formation, often through heatmaps, graphs, or other visualizations that highlight
specific areas of the data that influence the model’s inferential process.

Rule-based explanations: Rule-based explanations use a logical format, typi-
cally in the form of “IF... THEN” statements with AND/OR operators, to express
combinations of input features and their activation values. These rules employ sym-
bolic logic, a formalized system of primitive symbols and their combinations.

Textual explanations: Textual explanations consist of natural language state-
ments that can either be written or orally uttered, providing a human-readable and
intuitive format for explanations.

Mixed explanations: Mixed explanations combine multiple formats, such as
visual, textual, and numerical explanations, to exploit their strengths and overcome
individual weaknesses.

2.3.2 Overview of Popular Explainable Artificial Intelligence
Techniques

In recent years, several explainability techniques have gained importance in re-
sponse to the growing need for transparent AI models. These methods are generally
straightforward to apply and support a range of models and explanation types. To-
gether, they constitute a versatile toolkit that can be adapted to diverse cases and
operational contexts. In this Section, we do not detail every technique because of
space constraints. Instead, we present a concise summary that highlights the key
aspects, indicates the explanation type for each method, and provides a general clas-
sification based on the taxonomy introduced in the preceding section. An overview



20 Chapter 2. Conceptual Framework

Table 2.1: Overview of the most popular XAI methods classified by scope, specificity,
and explanation type.

XAI technique Scope Specificity Explanation type
LIME [223] Local Model-agnostic Numerical / Mixed
SHAP [148] Local Model-agnostic Numerical / Mixed
PDP [81] Global Model-agnostic Visual
LRP [18] Local Model-specific Visual
CAM [308] Local Model-specific Visual
Grad-CAM [234] Local Model-specific Visual

of the methods is reported in Table 2.1.

LIME [223] explains a single prediction by locally imitating the black box of a
model. It involves perturbing the instance, querying the model on these nearby
samples, and weighting them based on their proximity. A simple and interpretable
model, such as a sparse linear model or a small decision tree, is then fitted to this
weighted neighborhood. The coefficients of this model reveal the local factors that
influence the decision. While the explanation generated by LIME is numerical, it is
often represented visually as a bar plot.

SHAP [148] explains a single prediction by attributing to each feature its game-
theoretic contribution to the model’s output. It compares the prediction for the
instance with predictions where features are treated as missing using a background
dataset, then aggregates each feature’s marginal effect across many coalitions to
compute its SHAP value. The explanation is additive, so the sum of feature contri-
butions equals the difference between the model’s expected output and the instance’s
prediction. While the explanation is numerical, it is typically visualized with dedi-
cated attribution plots.

PDP [81] explains model behavior by showing the marginal effect of one or two
features on the predicted outcome. They are computed by varying the selected fea-
ture values over a grid, querying the model at each value while averaging predictions
over the distribution of all other features, and assembling the resulting partial depen-
dence function. This isolates the average relationship between the chosen features
and the prediction, revealing trends such as monotonicity, saturation, or interaction
strength. The explanation consists of a line plot for one feature or a surface plot for
two features.

LRP [18], CAM [308], and Grad-CAM [234] explain a single prediction by tracing
class evidence back to the input. LRP backpropagates the output score through
the network with relevance conservation, redistributing relevance at each layer in
proportion to local contributions to yield a pixel or feature relevance map. CAM
and Grad-CAM compute a class-specific localization map by weighting the final
convolutional feature maps with the learned class weights and aggregating them
to highlight discriminative regions. Both methods generate numerical attributions
that are typically represented as heatmaps over the input. They are model-specific.
Although they can explain a broad range of NN architectures, they are designed
primarily for CNNs.



Chapter 3

Explainable Artificial Intelligence in
Food Quality Analysis

In this Chapter, we present an analysis of XAI applications in food engineering,
with the goal of mapping how explainability enhances transparency in Al-driven
food quality assessment. This analysis considers works published up to December
2024. Section 3.2 introduces the proposed taxonomy, describes the criteria used to
classify the studies, and summarizes the AI methods employed in the corpus. In
Sections 3.3 to 3.7, we analyze the selected works, detailing the XAI techniques
adopted, the associated Al tasks, and the contexts in which they are applied. In
Section 3.8, we provide an analysis of the collected works, highlighting insights and
the current limitations we have detected.
The content of this Chapter has been published in [12].

3.1 Introduction

Rapid technological advances and the amount of data have made Al a necessary tool
in modern industry and research [23, 121, 203, 266]. Food engineering represents a
perfect application for AI technology, as food requires in-depth study, processing,
and analysis. The large volume of data generated in this field makes Al especially
valuable for data analysis. However, the extensive use of Al introduces new questions
about its trustworthiness and reliability.

To ensure trust in the results, it is necessary not only to understand the decision-
making process behind the AT model but also to enhance its transparency, auditabil-
ity, and informativeness [145]. Despite this, interpretable Al methods are still not
widely adopted in the food sector, highlighting the need for greater focus on trans-
parency and model explainability in this field. In response to this need, XAI has
emerged as an important area of research to increase the trustworthiness of AI model
predictions. It encompasses techniques aimed at elucidating the behaviour of these
models by providing insights into their complex operations. In food engineering,
XAT has been applied to allow accurate identification and validation of critical char-
acteristics in tasks such as contaminant detection, nutritional value estimation, and
product authentication, ensuring safety, transparency, and reliability in food quality
control. This enables greater confidence by model users and customers, identifies
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Figure 3.1: Overview scheme, from food quality tasks to XAI techniques. XAI is
applied as an endpoint of a data processing pipeline that takes into consideration
the task, type of data, and the specific AI model employed, such as ML and DL.
According to these factors, one or more specific XAI techniques are employed, which
produce explanations—tokens of information useful for model developers or users
to gain insights into the prediction dynamics. Explanations can be produced in
different types, each conveying a different facet of the information provided.

potential biases to improve accuracy, and supports the development of new, safer,
and better-quality products.

Given the necessary role of food in human life, the food industry is keenly inter-
ested in applying these techniques to ensure the reliability of Al-driven outcomes
[159]. However, we have identified several gaps in the literature linking XAT with
food engineering. Firstly, there is a lack of standardization in the terminology and
keywords used across various publications, creating challenges for data analysts and
food engineers to communicate effectively. For instance, terms like “interpretation”,
“explanation”, and “comprehension” are often used interchangeably for similar tasks,
particularly when leveraging Al models in food quality research. Moreover, there
is no comprehensive overview of the current state of the art that addresses these
differences and provides insights into the advantages and drawbacks, which could be
important for helping non-experts understand the progress and potential of these
disciplines in research.

This literature review provides valuable insights for food industry specialists on
the potential and importance of XAl In particular, it offers an overview of current
XAI applications in the food industry across key quality tasks—such as food safety,
nutritional value determination, sensory attributes, authenticity and traceability,
as well as sustainability and healthiness. We categorize applications by data type
(tabular, pictorial, spectral, and time series) and forms of explanations generated
by the applied XAI methods (numerical, rule-based, textual, visual, and mixed),
highlighting its potential for further development, as depicted in Figure 3.1.

Additionally, our goal is to bridge the gap between the domains of XAI and
food quality by presenting a taxonomy and arranging the current state of XAI
applications in food research into an organized structure. Specific objectives are:

e to make a comprehensive survey and define a classification system to organize
XAI methods applied to food quality;

e to introduce a taxonomy related to food quality to enhance understanding of
the analyzed works;
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e to summarize the XAI techniques used, detailing the types of data and Al
methods employed in these studies;

e to offer an overview of the current state of XAl applications in the food sector,
drawing insights from over a hundred papers;

e to provide comparative insights from the analyzed works, presenting intuitive
connections between food quality tasks, data types, and XAI methods;

Only articles specifically addressing the topic of food quality were considered
for this review. Papers that did not explicitly describe the use of a specific “XAlI
technique” in the field of food quality, even if they covered both food engineering and
XAI, were excluded from our analysis. We performed an exhaustive search on Google
Scholar and Scopus using the following keywords: “explainable artificial intelligence”,
“XAT”, “food”, “food science”, “food quality”, “food control”, and “agriculture”. These
terms were strategically combined to cover relevant literature published over the
past ten years. We examined the reference sections of the articles obtained in the
initial search to identify additional relevant articles and integrated them into our
research base. Lastly, we focused on several widely used XAI techniques, including
LIME, SHAP, CAM, Grad-CAM, PDP, and LRP, introduced in Section 2.3.2. We
investigated papers citing these works to identify any additional relevant articles
and incorporated them into our research base. We did not record the exact number
of papers found by entering the keywords in the mentioned search engines, but all
papers containing these words were read and included if they met the inclusion
requirements for the literature.

3.2 Taxonomy and Categorization Criteria

This Chapter presents the corpus of papers reviewed and analyzed for the literature
review. The works are organized to help the reader locate existing explainabil-
ity techniques, understand their application context, and quickly grasp what each
method entails.

The categorization follows three criteria:

e General taxonomy. Introduced in this thesis and detailed in Section 3.2.1. It
defines application areas within food quality analysis. Each subsequent section
gathers works that fall under a taxonomy topic.

e Type of explanation. Defined using the classification described in Sec-
tion 2.3.1. Each subsection groups works that employ techniques with the
same type of explanation.

e Data type. Drawn from the categories outlined in Section 3.2.2. Each para-
graph within a subsection presents works that use the assigned data type.

To improve readability, the Chapter also offers a brief overview of the primary
AT methods used in the collected papers and their relationship to explainability in
Section 3.2.3. Because of space constraints, this overview is necessarily selective and
does not claim to be exhaustive.
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3.2.1 Overview of the Proposed Taxonomy

For a comprehensive analysis of food quality, we propose a taxonomy encompassing
five main topics: food safety, nutritional composition, sensory attributes, authen-
ticity and traceability across the supply chain, and sustainability and health within
the context of food engineering and nutrition. Each of these topics offers a detailed
understanding of the elements and challenges that comprise food quality, reflecting
consumer needs and expectations [207].

Food Safety: Food safety involves the assurance that food is free from agents
that may pose a health risk. In addition to implementing rigorous hygiene proce-
dures and sanitary practices to minimize contamination risks, controlling pathogens
such as bacteria, viruses, and parasites is fundamental. Furthermore, the presence
of pesticide residues, heavy metals, and harmful chemical additives must also be
strictly controlled. Specific regulations limit the concentration of these contami-
nants in food to ensure consumer safety [95].

Nutritional Value: Nutritional value is directly related to food composition
and how it impacts human health and well-being. Foods rich in vitamins, minerals,
proteins, carbohydrates, and healthy fats are necessary for the proper functioning
of the body and prevent nutritional deficiencies based on their compounds. Besides

nutritional content, the bioavailability of nutrients is an important quality aspect of
food [233].

Sensory Attributes: The sensory requirements of food are directly perceived
by consumers, making them a necessary means of interaction between products and
consumers. Attributes like colour, shape, and taste, along with other appearance
attributes, are key indicators of quality and freshness. Sensory standards are relevant
for denoting fresh food, which usually has higher nutritional value and consumer
acceptability [157].

Authenticity and Traceability: The authenticity and traceability of food en-
sure compliance with legal standards and increase consumer confidence. Identifying
and preventing fraudulent practices, such as food adulteration and counterfeiting,
is necessary to guarantee product authenticity. They not only indicate authenticity
but also verify species variety and monitor environmental conditions during culti-
vation, production, and storage, thereby ensuring food quality and sustainability
[56, 60, 276, 277|.

Sustainability and Health: Sustainability and health are important for the
availability of food with desirable sensory and physicochemical characteristics while
also guaranteeing animal welfare, environmental preservation, and consumer health.
The use of technologies to analyze phenotypic characteristics of plants has promoted
more resilient and nutritious crops. The implementation of automated processes
in food production increases efficiency, reduces waste, and improves food safety
[28, 162|. We differentiate health from nutritional value by defining it more broadly
to include disease prevention, immune support, mental health, and the effects of
food processing, additives, and potential allergens.
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3.2.2 Classification Method Based on Data Types

With the continuous advancement of technology, food quality analysis has signifi-
cantly evolved, leveraging the diversity of sensors, methods, and devices to collect
data into datasets. These datasets encompass various modalities, including tabular
data, images or pictorial data, spectral data, and time series data, each offering
distinct advantages for analysts in evaluating relevant aspects of food quality. The
complexity and volume of these data have necessitated Al to process large datasets
automatically, identify complex patterns, and extract the maximum useful informa-
tion from this diverse data.

Tabular data: Tabular data allow for systematic and clear organization of in-
formation, which can simplify statistical analyses and data management. However,
complexity can arise from integrating interrelated variables. By using Al algorithms,
it is possible to explore these datasets to identify non-obvious correlations and in-
teractions between variables, enabling advanced predictive analyses.

Pictorial data: Pictorial data allows for clear and intuitive visualization of
information, facilitating the communication and understanding of complex data.
They enable the identification of small defects or imperfections in food, such as stains
or deformities. Additionally, the images are the results of several non-destructive
techniques that support sustainable analysis and monitoring without the need for
chemical reagents required in other conversion techniques. Pictorial data include
Hyperspectral Imaging (HSI), X-ray imaging, and multispectral imaging, all of which
are widely applied in the food quality sector.

Spectral data: Spectral data allow for detailed and precise analysis of chemical
interactions through the analysis of electromagnetic radiation emitted, reflected,
or absorbed at different wavelengths. This makes spectral data a highly accurate
tool for detecting small changes in the composition of the analyzed food, providing
insights that conventional methods may not reveal. Like pictorial data, spectral
data are obtained through “green”, non-destructive techniques. Methods such as
Near-InfraRed (NIR) and Raman spectroscopy, along with Proton Nuclear Magnetic
Resonance (‘H NMR), offer high precision comparable to imaging techniques but at
a lower computation cost.

Time series data: Time series data enables continuous and dynamic monitor-
ing of various factors over time. These data capture temporal variations in critical
parameters, providing detailed insights into trends and anomalies that may arise
at different stages of the production and distribution chain. Additionally, environ-
mental sensors use sequential measurements to establish reference parameters over
time.

3.2.3 Artificial Intelligence Methods in the Reviewed Studies

With access to a wide array of pre-built libraries and proven techniques, researchers
can adapt various Al methods to address their specific challenges. As access to data
increases, data analysts, including chemometricians, can utilize Al methods and im-
proved resources to apply their techniques more effectively. This capability enables
them to discover more efficient and straightforward solutions that are specifically
tailored to their data and the goals they wish to achieve.
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Figure 3.2: The trade-off between expressivity or flexibility and interpretability of
the AT models exploited in the reviewed studies. Expressive models, such as those
based on DL, are capable of reaching higher task-level performance but are often
difficult to interpret. On the other hand, less complex models, like LR, are inherently
interpretable, but often incapable of attaining high task-level performance.

Among the works analyzed, only a few propose using classic Al algorithms, such
as Fuzzy Logic [230, 268|. While these algorithms offer the advantage of transparency
due to their reliance on well-defined rules, they also demand a deep understanding
of the problem and the precise formulation of logical frameworks.

A significant portion of the analyzed articles focuses on using ML methods. LR
algorithms are commonly employed for their effectiveness, simplicity, and complete
transparency [54, 232]. Similarly, ensemble methods such as RF [249, 273] and
XGBoost [111, 219] are widely favoured for their robustness to outliers and their
ability to capture intricate relationships within the data. Although they are gen-
erally straightforward to explain, their complexity increases as the number of base
learners grows. Some studies utilize unsupervised ML techniques, such as kNN
[57] and Clustering |67, 227|, which offer transparent and relatively interpretable
decision-making processes. Support Vector Machine (SVM) are also commonly used
techniques [262, 311|, although their decision-making process is more complex and
harder to interpret. Extreme Learning Machine (ELM) [173] is also noted for its
fast learning speed, though it can be challenging to interpret.

Most of the analyzed works leverage DL techniques due to their ability to learn
complex patterns and extract valuable information from highly intricate data, such
as images. NNs can achieve outstanding performance even on highly complex prob-
lems; however, this comes at the expense of being extremely difficult to interpret.
CNNs are the most widely used methods for image analysis because of their ef-
fectiveness in generalizing and extracting meaningful features. By modifying their
architecture—such as internal layers or final classifiers—more specialized networks
can be developed, such as VGG or Residual Network (ResNet) for greater robustness
[72|, MobileNet or EfficienNet for lightweight applications [43], or YOLO model for
object detection [20]. Additionally, other DL architectures are employed, including
attention-based models like ViT [166], as well as models that generate or synthesize
data, such as GAN [282] and Autoencoders |271], are also employed. These models,
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when combined with other techniques or used for feature extraction, can significantly
enhance performance. However, while their outputs are often understandable, the
models themselves remain difficult to interpret.

Figure 3.2 presents an overview of the relationship between interpretability and
flexibility, as discussed in Section 2.3, for the AI methods used in the reviewed
studies.

3.3 Explaining Food Safety

We observe that most of the applications of XAI techniques in the field of Food
Safety focus on providing visual explanations, as depicted in Table 3.1. The reason
is the frequent use of pictorial data by researchers to study diseases affecting food
and insects attacking plants. The images are typically processed using CNNs, with
CAM [308] and derived XAI techniques widely applied to explain them.

Table 3.1: Summary of the works introducing applying XAl for food safety surveyed
in Section 3.3, according to their data type and explanation type (labelled as “Expl.

type”).
Works Data type Expl. type

[4, 5, 15, 16, 20, 22, 25, 33, 42, 44, 45, 46, 51,
53, 72, 73, 82, 83, 90, 98, 105, 117, 123, 124,
128, 133, 147, 165, 166, 167, 170, 173, 183, 189,
102, 194, 195, 198, 204, 210, 211, 214, 218, 231,
238, 246, 247, 261, 272, 279, 283, 292, 301, 307,
309)

[284]

[43, 48, 50, 168, 296]

[232]

3.3.1 Visual Explanation

Numerous studies using pictorial data have focused on detecting plant diseases
in staple crops like maize, rice, and wheat, showcasing the importance of accurate
disease identification in the food supply. [42] developed a transfer learning method-
ology enhancing MobileNetV2 with CAM to diagnose plant diseases in maize and
rice. [46] and [98] used CNN models to detect maize and peanut diseases, applying
channel attention and pruning techniques for improved feature extraction. Similarly,
[72] applied CNNs with Grad-CAM to distinguish healthy from infected wheat, ef-
fectively identifying disease-affected areas. [170] introduced C-DenseNet, a modified
CNN model, to grade wheat stripe rust severity, validated using Grad-CAM++ [41].
[82] developed a YOLOv5s-based model with MobileNetV3 and C3Ghost modules
to detect Fusarium Head Blight (FHB) in wheat, using Grad-CAM. In addition, ad-
dressing the complexities of varying disease images, [43] improved MobileNetV2 with
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a Location-wise Soft Attention mechanism and CAM, demonstrating its practical
utility in identifying crop diseases in diverse conditions.

In contrast, some studies explored alternative crops and agricultural sectors. [195]
used high-resolution video data and a CNN-based object detection model to monitor
pecan tree health, focusing on zylella disease, validated by Grad-CAM to highlight
critical canopy features. [307] introduced T-RNet, a Transformer-Embedded ResNet
model, for cassava leaf disease detection, demonstrating focus on relevant areas
through Grad-CAM visualizations.

Other studies have focused on tomato and potato disease detection, employ-
ing diverse models to improve early and accurate identification. [51] developed an
EfficientNet-based model to classify tomato diseases from segmented leaf images,
using ScoreCAM [280] for early detection validation. Similarly, [246] combined In-
ceptionNet and U-Net, two CNNs, for tomato disease detection and segmentation,
validated by ScoreCAM. [194] proposed an ensemble model combining DenseNetMini
with Gradient Product optimization and Grad-CAM to enable interpretable disease
detection in plant leaves, specifically for tomato and apple plants. [124] introduced
DVTXAI, a Deep ViT model integrated with SHAP, for identifying infections in
tomato and potato plants. [5] developed ExE-Net, an Explainable Ensemble Net-
work for potato leaf disease classification, integrating various CNN-based models
with XAI techniques—including LIME, SHAP, and Grad-CAM—to enhance the

accuracy and interpretability of potato disease identification.

Similarly, [90] applied LIME and Grad-CAM to a DenseNet-based model devel-
oped for classifying tomato leaf diseases. Moreover, [117] proposed the use of a
MobileNetV2 model combined with data augmentation and reweighting techniques
for accurate classification of potato leaf diseases on imbalanced datasets, with Grad-
CAM used to explain the model’s predictions. [22] introduced a novel saliency-based
XAI method using perturbation techniques for object detection, which iteratively
refines saliency maps to enhance the interpretability of the applied ResNet model
while maintaining high accuracy in classifying potato diseases. Finally, [214] pre-
sented a tomato health monitoring system that integrates YOLOvS for detection
and MobileNetV3 for real-time counting and classification of diseases, with Grad-
CAM-++ used to explain the model’s predictions. It is important to mention that
CAM-based technology contributed to model verification and highlighted regions
with particular texture and color patterns.

A set of research targeted tree and fruit diseases. [165] applied CNN models
to detect grape diseases using the PlantVillage dataset, validated with Grad-CAM.
[183] introduced GLD-Det, a MobileNet-based model for detecting guava leaf dis-
eases, confirmed by Grad-CAM for real-time mobile applications. This is an impor-
tant example of a CAM-based solution in real-time prediction, improving the sample
prediction explanation. [283| explored the interpretability of CNN models like VGG,
GooglLeNet, and ResNet for fruit leaf classification, demonstrating the superior per-
formance of ResNet with Grad-CAM for feature visualization. In another example,
[301] integrated a novel module into CNN architectures for fine-grained crop disease
classification, with Grad-CAM confirming the model’s focus on relevant features.

In addition to disease detection, several studies shifted attention toward pest
detection and pest management in agriculture. [33] evaluated Faster-RCNN with
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a MobileNetV3 backbone for pest identification, validated with Grad-CAM. [16]
improved pest classification models using genetic algorithms, confirming model effi-
ciency through Grad-CAM visualizations. [309] developed ExquisiteNet, a DL model
for pest identification validated by Grad-CAM. Additionally, [53] used various XAI
techniques to provide detailed visual explanations for a lightweight CNN in crop
health monitoring. [173] utilized LIME with the proposed I-LDD framework, lever-
aging ELM for fast and robust disease classification on the PlantVillage dataset,
accompanied by visual explanations that highlight diseased leaf areas. These two
papers show composite solutions, utilizing multiple XAI techniques to provide more
insightful explanations.

Some studies extended the use of XAl techniques beyond agriculture. [167] ap-
plied Grad-CAM to validate an ML method for classifying mercury exposure in fish,
supporting food safety beyond agriculture. [83| introduced EffiNet-TS, a model
based on EfficientNetV2, incorporating an NN to reconstruct images that highlight
key symptoms, thereby clarifying the decision-making process. [211] proposed a cus-
tomized EfficientNetB4 model for high-precision classification of chill leaf diseases,
validating the model using Grad-CAM. Similarly, [238| evaluated the performance
of four CNN models, with EfficientNetB4 performing best on a dataset of diseased
and healthy plant leaves, confirming the models’ focus on critical disease features
like rust pustules through Grad-CAM. [45] introduced a meta-learning approach for
plant disease detection, interpreted with Task Activation Mapping, a CAM-based
technique specifically developed for this study. [44| developed a convolutional en-
semble network using lightweight CNNs like MobileNetV2, validated by Grad-CAM.
Furthermore, [166] employed a ViT model for plant disease classification, with Grad-
CAM confirming the model’s focus on relevant disease features.

Recent research has significantly advanced the use of DL models for mobile de-
vice deployment in agricultural disease detection. [20] adapted a YOLOv8n model
for real-time wheat ear detection, optimized for mobile devices. [4] utilized Mo-
bileNetV2 in detecting tomato leaf diseases, emphasizing its suitability for low-end
devices in real-world applications. [25] proposed the CD-MobileNetV3 model for
identifying corn leaf diseases, demonstrating its efficiency for mobile use. Likewise,
[147] applied the lightweight ShuffleNetV2 model to detect corn seed diseases. These
studies validate their models using Grad-CAM for real-time deployment on mobile
platforms, highlighting the increasing role of mobile-optimized models in advancing
agricultural monitoring and management.

There are numerous applications of Al in the field of fruit quality, particularly
those involving the use of XAl to enhance trust in model predictions. An important
case is presented by [198], who proposed an ensemble learning framework for fruit
plant disease detection using multiple DL models, incorporating LIME across all
models as an additional tool for result evaluation. [15] proposed a method for clas-
sifying various banana diseases—including Cordana, Black Sigatoka, Pestalotiopsis,
and Fusarium Wilt—by analyzing leaf images using EfficientNetB0 and employing
Grad-CAM to enhance classification accuracy and interpretability. [105] introduced
an interpretable Al-based method for localizing mildew symptoms in grapevine using
EfficientNetV2S and Grad-CAM. [210] presented LEVIT, a ViT model for tree leaf
disease classification, incorporating Grad-CAM to ensure reliable and interpretable



30 Chapter 3. Explainable Artificial Intelligence in Food Quality Analysis

results. An example highlighting the need to apply multiple XAI techniques for
reliable results is [128|, who developed an Al-based system for date palm classifica-
tion—capable of identifying diseases and assessing fruit ripeness—using VGG16 in
combination with SHAP, LIME, Grad-CAM, and Grad-CAM++. [247] proposed a
modified MobileNetV2-based model to enhance the classification of cucumber leaf
diseases, ensuring result explainability through the integration of LIME. [189] aimed
to improve the explainability of DL models—specifically a ResNet50 model—used
in citrus disease detection, by introducing a novel model-agnostic, local explainer for
image-based classification called the Multi-objective Genetic Algorithm Explainer.
[231] introduced a CNN-based approach for detecting mulberry leaf diseases, utiliz-
ing the MobileNetV3Small model and Grad-CAM to align model predictions with
expert assessments.

More recent applications focus on crops, the primary source of human suste-
nance, highlighting the growing role of Al and XAI in ensuring food security [133]
developed MaizeNet, a CNN framework combining clustering for maize crop im-
age segmentation and classification. Grad-CAM was applied to explain the model,
providing severity assessments and crop loss estimation. [279] employed CNNs to
quantify rice grain chalkiness caused by high nighttime temperatures, using Grad-
CAM to localize affected areas. |[292| proposed a convolution-based method for
rice disease detection, with Grad-CAM highlighting the model’s effectiveness even
in complex scenarios. [73| proposed a novel DL model that combines DenseNet
for feature extraction with an SVM for classifying healthy and diseased sugarcane
plants, incorporating LIME to enhance trust and usability. [261] and [204] applied
LRP to enhance VGG16 models for identifying crop leaf diseases, aiming to im-
prove performance. [218] developed a deep transfer learning-based framework for
diagnosing rice leaf diseases, leveraging various DL models and integrating Grad-
CAM to enhance the system’s reliability for farmers. [192] incorporated LIME into
an EfficientNet-based model to address trust issues in plant disease classification.
Since Maize Streak Disease poses a serious threat to maize crops, [123] introduced
a CNN-based framework for its diagnosis, incorporating SHAP and LIME. Finally,
[272| proposed a comparative framework integrating Bayesian optimization for hy-
perparameter tuning across CNN-based models—InceptionNet, MobileNet, ResNet,
and RegNet—to diagnose rice plant diseases, leveraging LIME to enhance the inter-
pretability of model behaviour.

Considering spectral data, [284] developed a method using HSI and DL to assess
FHB infection levels in wheat kernels, extracting reflectance spectra and selecting
optimal wavelengths. A residual attention CNN classified infection degrees, dis-
tinguishing features across infection levels, as confirmed by Grad-CAM. Although
spectral data is key for food safety, it does not significantly use visual explanations.

3.3.2 Mixed Explanation

Several studies have proposed DL methods to address food safety issues using pic-
torial data. However, they applied different XAl techniques than those previously
discussed, resulting in distinct explanation types.

Recent advancements in DL have focused on enhancing food safety by employing
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various XAl techniques to provide insights into model decisions. [58| explored the
application of CNNs for plant disease diagnosis, utilizing XAI methods like LIME;,
Grad-CAM, and SHAP to offer both visual and mixed explanations. [296] introduced
a novel workflow using ResNet18 for pest recognition, which involved segmenting
images into meaningful concepts and explaining decisions through weighted directed
graphs and concept importance, improving transparency but noting the complexity
of explanation generation. [48| combined DL with semantic web technologies for
cassava disease detection, utilizing a ViT and a semantic model that integrates
environmental data. This approach achieved high accuracy and introduced a unique
explainability method using knowledge graphs tailored for end users. [50] proposed
using both visual and numerical explanations from LIME to provide localized FI,
enhancing the transparency of a CNN-based model for classifying rice crop diseases.
[168] presented PLD-Det, an improved YOLOvT7-based real-time plant leaf disease
detection model, incorporating SHAP explanations to enhance transparency and
make predictions more interpretable for farmers.

Regarding tabular data, [232] introduces a novel model for classifying pistachio
species by combining feature selection, XAl-based interpretation with LIME, and
classification with LR with 90.0%.

3.4 Explaining Authenticity and Traceability

By addressing the authenticity and traceability of the food supply chain, we identi-
fied a wider application of XAI techniques. This area emerged as the second most
significant food-related task application of XAI. Table 3.2 summarizes the works
surveyed in this section.

Table 3.2: Summary of the works introducing applying XAI for authenticity and
traceability surveyed in Section 3.4, according to their data type and explanation
type (labelled as “Expl. type”).

Works Data type Expl. type

[110, 130, 146, 191, 193, 220, 264, 290, 291,
295, 305]

[299]

[118]

[286, 289]

3, 19, 24, 40, 71, 78, 104, 111, 131, 132, 139,
153, 156, 164, 175, 184, 213, 235, 241, 267, 294,
208, 311]

[268]

[34, 38, 70, 109, 137, 208, 219, 229, 249, 273]
[282]

[108]
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3.4.1 Visual Explanation

Recent studies using pictorial data have advanced the variety traceability and
authenticity verification of agricultural products. [305] developed a CNN model
for herb variability identification, using Grad-CAM to highlight relevant herb parts
while ignoring background noise. [290] focused on maize seed classification with a
ResNet model, while [295] applied HSI and DL to classify hybrid okra variability
seeds. More recently, [220] proposed the application of various CNN models to
classify fungal species, followed by the use of Grad-CAM to interpret the model
predictions

Beyond traceability, several studies addressed the identification of damaged and
adulterated products. [146] used a ResNetl8 model to detect cocoa beans with
bad fermentation, with Grad-CAM providing interpretability. [110] developed a
lightweight CNN, the Soybean Network, to classify damaged soybean seeds, en-
hancing quality inspection through Grad-CAM visualizations. Meanwhile, [191]
introduced CondimentNet, an optimized ResNet18 model, leveraging Grad-CAM to
detect adulteration in various condiments.

[264] and [130] emphasized improving agricultural and food production processes
for quality and sustainability. [264] developed BraeNet, a modified ResNet classifier
using 2D and 3D X-ray imaging to detect internal browning in Braeburn apples,
demonstrating the practical application of radiography in inline quality sorting.
Similarly, [130] explored food supply chain optimization, covering plant growth pre-
diction, energy-efficient refrigeration, and expiry date recognition, reinforcing the
role of process improvements in maintaining food quality and safety.

[193] and [291] proposed the use of Unmanned Aerial Vehicle (UAV) aerial im-
agery as the primary pictorial data source for two similar Al-based applications.
[193] explores an interpretable Al-based approach for identifying and mapping weeds
and crops using UAV imagery, applying U-Net for segmentation to filter noise and
extract key regions, followed by ViT for classification. XAI techniques such as
LRP and Pixel Density Analysis are employed in the classification process to en-
hance transparency. [291] investigated optimal input image conditions for rice yield
prediction using CNN models applied to UAV aerial images captured after the mid-
ripening stage, assessing the results with XAI techniques such as Gradient-Based
Feature Importance Analysis.

[118] proposed using spectral data to address a traceability problem by devel-
oping a rapid, non-destructive method for identifying counterfeited beef adulterated
with colourants and curing agents. Applying Grad-CAM to spectral data improved
the method by generating visual explanations that highlighted key wavelengths in-
fluencing the model’s decisions.

Using tabular data, [286] highlighted the importance of accurate crop yield
forecasting in addressing food quality challenges arising from climate change, pop-
ulation growth, soil erosion, and decreasing water resources. The regression model
achieved good performance with activation maps to visualize and analyze the fea-
tures driving the yield predictions, demonstrating that the length of the growing
season and conditions such as temperature and sunlight were critical factors. Sim-
ilarly, [289] presented an ML framework for agricultural drought prediction in the
Tapieh Mountains, China, including SHAP analysis to visually highlight the most
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influential meteorological factors contributing to drought severity.

3.4.2 Numerical Explanation

Several studies have applied advanced ML techniques using tabular data for crop
yield prediction, integrating multiple data sources and employing SHAP for inter-
pretability. [267] demonstrated the effectiveness of using SHAP with an Al model
for tabular data analysis in aeroponics through data fusion from multiple sensors.
Similarly, 3] used XGBoost and SVM to analyze factors affecting rice production,
validating model decisions with LIME. [111] applied XGBoost for soybean yield
prediction, with SHAP highlighting key factors such as near-infrared light and tem-
perature. [139] further explored soybean yield estimation, emphasizing the role of
the vegetation index using SHAP.

Some studies incorporated satellite and meteorological data for improved pre-
dictions. [164] utilized LSTM trained on multisource data, applying Integrated
Gradients and SHAP to identify critical factors like enhanced vegetation index and
temperature. [104] examined the impact of extreme weather on crop yields, revealing
sensitivity differences among crops and regions.

Soil water content has also been a focus of ML models in agricultural manage-
ment. [294] introduced Tree-structured Parzen Estimator (TPE)-Categorical Boost-
ing algorithm (CATBoost), incorporating soil moisture and environmental factors,
with SHAP demonstrating model sensitivity to environmental changes. [298] used
TPE-GBDT to map soil water content across the Yellow River Delta, identifying
key variables such as soil texture and vegetation. [311] applied SVMs and SHAP to
highlight necessary factors in digital soil mapping, reinforcing the integration of ter-
rain and geological data for effective agricultural management. The idea of selecting
the most suitable soil has also been explored by [24], who aimed to improve crop
quality by classifying different soil types using an ML model, and applied SHAP to
highlight the most important features influencing the model’s decisions. Similarly,
[40] presented an RF model for predicting soil fertility, using SHAP to highlight
various physicochemical soil properties that determine fertility levels.

There is also a substantial body of work focused on the traceability and analysis
of environmental conditions to enhance the production and quality of crops such as
rice, wheat, and maize, leveraging SHAP or LIME to identify the most influential
features utilized by the models in performing the given tasks. [153] proposed an
ML model for crop prediction, integrating Genetic Algorithms for hyperparameter
optimization and RF for classification, while applying XAl techniques such as LIME
and SHAP to enhance classifier interpretability—ultimately supporting farmers in
optimizing agricultural planning, reducing crop losses, and improving productivity.
[19] presented ML models for crop classification and yield prediction, leveraging XAl
techniques such as LIME and FI to enhance model interpretability. Similarly, [156]
aimed to provide accurate crop yield predictions by using generative algorithms
to optimize a Deep Neural Network (DNN), and employed LIME to explain the
model’s outputs. [184| proposed a method for selecting optimal crops based on
environmental and soil conditions, utilizing Radial Basis Functions and SHAP. [241]
introduced XAI-CROP, an ML-based crop recommendation system improved by
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including LIME to explain predictions, designed to assist farmers in selecting optimal
crops by analyzing soil characteristics, historical crop performance, and weather
patterns. A similar tool was developed by [132], who employed various ML models to
recommend optimal crops for specific regions, analyzing the results using LIME and
SHAP. [131] aimed to enhance the interpretability of Al-driven crop yield predictions
by integrating saliency maps and SHAP analysis into kNN models. 78] leveraged an
XGBoost model combined with SHAP values to map and understand the influence
of weather and soil variables on wheat yield in Eastern Australia. [175] introduced
ML-based regression methods along with XAI techniques—SHAP and LIME—to
predict crop yields and assess the impact of climate change on agriculture.

Finally, several studies propose applications similar to those previously discussed,
but adapted to different food products. In particular, [213] applied ML models—
specifically tree-based ensemble methods—and LIME to classify blackcurrant pow-
ders based on image texture features. [235] proposed using MIL-based models, such
as RF and SHAP, to enhance coffee quality assessment—traditionally reliant on
subjective evaluation—Dby contributing to the standardization of coffee grading. [71]
examined the integration of ANN and XAI techniques, such as FI, to enhance qual-
ity control strategies in the agri-food industry, with a specific focus on milk quality
classification.

3.4.3 Rule-based Explanation

Authenticity and traceability have not been deeply explored in rule-based explana-
tions. [268] highlighted the need to monitor low-cost, automated, and interpretable
irrigation systems using time series data. To address this, they proposed a new
system called Vital, which integrates Internet of Things (IoT) sensors, a data man-
agement platform, and a fuzzy rule-based decision support system to automate irri-
gation. The system was evaluated through pilot cases and effectively automated the
irrigation process, monitoring and managing open-field installations that provided
water.

3.4.4 Mixed Explanation

In [299], various XAl techniques were applied to enhance the authenticity verification
of honey products using HSI, addressing challenges related to high dimensionality
and noise through the use of pictorial data. By integrating multiple XAI algo-
rithms with CNNs, they developed a wavelength selection method to identify the
most informative spectral bands, effectively reducing data dimensionality, particu-
larly in classifying honey by botanical origins.

Tabular data was explored by [273] and [229] applied various XAl techniques to
enhance the interpretability of ML models in agricultural analysis. [273] developed
an RF model to assess the influence of biophysical, bioclimatic, and socioeconomic
factors on land use for wheat, maize, and olive groves, with FI, PDP, and LIME
identifying key variables such as drainage density, slope, and soil type. Similarly,
[229] investigated the effects of no-tillage on maize yield using ML and XAI methods,
pinpointing critical biophysical and climatic factors. [219] and [137] demonstrated
how XAI techniques, when integrated with ML, provide insights into agricultural



Chapter 3. Explainable Artificial Intelligence in Food Quality Analysis 35

expansion and product quality assessment. [219] applied XGBoost and SHAP to
analyze avocado frontier expansion, visualizing key environmental and accessibility
factors. [137] used XGBoost with SHAP and PDP to evaluate liquor quality in the
Vinho Verde region, identifying key chemical attributes influencing product quality.
[249] utilized an RF model with LIME to examine the long-term impact of climate
variables and soil properties on crop yields in the Coterminous United States. The
study identified critical environmental factors affecting yields, demonstrating the
value of XAI for understanding complex agricultural data and supporting climate
adaptation strategies for stakeholders. [70] employed XGBoost and SHAP to predict
annual palm oil yield in Indonesia by analyzing fifteen agrometeorological variables,
including rainfall rates, number of rainy days, and soil properties. [109] proposed
a Bayesian ensemble model to analyze the impact of climate on crop yields, ef-
fectively separating climate and technological influences while capturing nonlinear
climate effects, resulting in high accuracy and interpretable outcomes. [208] explored
the application of XAI techniques—specifically LIME and SHAP—to enhance the
transparency and user understanding of ML-based models applied to agricultural
tabular data, focusing on two case studies: wheat yield prediction and grape yield
prediction for wine production. [34] demonstrated that XAl techniques can enhance
transparency in food fraud detection by applying LIME, SHAP, and the What-If
Tool [285] to DL models. Finally, [38] proposed the application of various ML-based
models, including LR, CATBoost, kNN, and RF, for automated rice classification in
Cammeo and Osmancik rice species. To ensure transparency, SHAP and Individual
Conditional Expectation plots [85] were employed.

Conversely, using spectral data, [108] investigated 'H NMR spectra to deter-
mine the geographical origins of Asian red pepper powders, employing ML, SVM,
and CNN models with dimensionality reduction techniques. Grad-CAM and SHAP
provided insights into the decision-making processes, highlighting metabolite distri-
bution variations as key classification factors. This study demonstrated the potential
of these models for broader applications in food authenticity verification.

Time series data was also explored; for example, [282] introduced DeepFarm,
a DL framework for managing and predicting agricultural production under uncer-
tainties such as natural disasters and cyber-attacks. Using DL and causal inference,
DeepFarm accurately predicted crop yields across U.S. regions, with precipitation
anomalies notably impacting corn yields.

3.5 Explaining Nutritional Value

Studies on nutritional property explanations reveal a predominant reliance on vi-
sual explanations using pictorial data, with minimal use of rule-based methods and
occasional mixed explanation types. Table 3.3 summarizes the studies surveyed in
the present section.

3.5.1 Visual Explanation

Several studies, using pictorial data, have leveraged DL models and XAI tech-
niques to enhance food classification and nutrient estimation. [281] applied a weakly
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Table 3.3: Summary of the works introducing applying XAI for nutritional value
surveyed in Section 3.5, according to their data type and explanation type (labelled
as “Expl. type”).

Works Data type Expl. type

97, 114, 116, 140, 141, 149, 150, 151, 161, 169,
174, 197, 199, 242, 243, 257, 258, 281, 303
[122]

57, 64, 67, 92, 127]

[227]

94]

[54]

supervised VGG16-based CNN for food image segmentation, using Instance Activa-
tion Maps to highlight relevant regions. [161] introduced the Wide-Slice Residual
Network, incorporating slice convolution blocks for improved nutritional evaluation
through Grad-CAM visualizations. [174] estimated vegetable mass using CNNs and
monocular RGB images, while [197] utilized attention mechanisms for classifying
unlabeled food images from social media.

Some works focused on user-centric approaches for food recommendation and
recognition. [303| introduced JDNet, a CNN-based model for mobile food recogni-
tion, validated through Instance Activation Maps. [116] used Grad-CAM to enhance
ingredient recognition in a few-shot learning framework, while [169] developed PiNet,
a multi-task learning framework improving food recommendation by integrating vi-
sual and semantic features.

Optimizing food recognition for edge devices has also been explored. [257] devel-
oped a MobileNetV3-based system, incorporating a user-centered XAl framework
with Grad-CAM-++ for dietary assessments. [151]| proposed a big data-driven ap-
proach for nutrient estimation, visualizing critical regions with Grad-CAM. [199]
applied ResNet34 to predict the mechanical properties of Granny Smith apples,
using Grad-CAM saliency mappings to reveal biophysical tissue changes.

[150], [141], and [258] contributed to dietary assessment and food image recog-
nition. [150] introduced the ChinaFood-100 database, evaluating multiple DL ar-
chitectures and using Grad-CAM to validate nutrient predictions. [141] explored
oriental food recognition with VGG16 and InceptionNet, revealing model inconsis-
tencies through LIME and Grad-CAM. [258| developed a dietary assessment system
combining ELM with a SHAP-guided feature selection strategy.

Beyond classification, some studies integrated advanced DL architectures for food
analysis. [242], [114], and [149] developed non-destructive evaluation and ingredient
prediction models. [242] proposed the Swin-Nutrition model, a transformer-based
framework validated with Grad-CAM. [114] used EfficientNetV1 for allergy predic-
tion and food classification, highlighting critical features with Grad-CAM. [149] in-
troduced CACLNet, improving ingredient prediction by addressing class imbalance
and background noise through Grad-CAM visualizations.

A multi-modal approach has also been explored to enhance nutrition estima-
tion and food recognition. [140], [97], and [243]| combined diverse data types and
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learning techniques. [243| improved nutrition estimation using ResNet101, integrat-
ing multiscale image and depth data features. [97| introduced DPF-Nutrition, a
transformer-based approach that generates depth maps for enhanced nutrient esti-
mation. [140] developed MVANet, a multi-view attention-based CNN incorporating
ingredient and recipe semantics, validated with Grad-CAM for food recognition in
healthcare applications.

3.5.2 Numerical Explanation

Spectral data was explored in [122]. The authors employed visible NIR point spec-
troscopy to estimate sugar content in grape varieties at different maturity stages.
Regression ML algorithms and a CNN were applied, with XAI techniques such as
Variable Importance in Projection and Gini Importance validating the models and
identifying key spectral features. On the other hand, tabular data, was discussed
in [57], [92], [67], and [127] apply ML techniques to various food-related challenges.
[57] used XGBoost to estimate added sugar content in foods, with SHAP enhancing
model transparency for consumer awareness in regions without mandatory label-
ing. [92] developed the Flavonoid Astringency Prediction Database, employing ML
models like RF to explore the relationship between molecular structures and flavor
properties. Similarly, [67] applied ML to differentiate pepper spices during storage,
using SHAP to identify key organic compounds. [127] developed an XGBoost-based
model for predicting drug-food interactions using molecular fingerprint similarities,
with SHAP providing insights into influential features relevant to clinical applica-
tions and dietary planning. [64| proposed a graph-based ML approach to predict
the outcomes of formulation trials, aiming to reduce laboratory experiments, mate-
rial waste, and development time in food design. To enhance interpretability, they
applied GNNExplainer [293], a global explanation method tailored for graph NNs.

3.5.3 Rule-based Explanation

Only two significant studies employed XAI techniques to generate rule-based ex-
planations in the context of Nutritional Values. [227] exploited pictorial data to
propose a similarity score based on user community preferences, enhancing recom-
mendation quality. The rule-based explainability method assigned each image to an
appropriate food diet based on user profiles, supporting personalized dietary recom-
mendations. [94] presented a novel no-code methodology for developing predictive
models to classify the antioxidant activity of phenolic compounds, leveraging De-
cision Tree-based algorithms and Conceptual Density Functional Theory (CDFT)
descriptors. The resulting models achieved high accuracy and full explainability
through explicit, interpretable if-then rules derived from molecular features.

3.5.4 Mixed Explanation

Tabular data was explored in [54], introducing the Taste Peptide Docking Machine,
a computational framework for predicting umami and bitter tastes in peptides. The
framework integrates ML algorithms with molecular representation schemes, includ-
ing docking analysis, molecular descriptors, and molecular fingerprints. SHAP and
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LIME were applied to enhance interpretability, providing insights into key molecular
features influencing taste prediction.

3.6 Explaining Sensory Characteristics

Sensory characteristics are extremely important for quality control, leading to the
widespread use of sensors designed to mimic human senses. Among these, spectral
devices—commonly used and established in the industry—offer rich information,
suggesting potential applications for XAl techniques. However, it was observed that
most studies focus on pictorial data and visual explanations, with only two
works to date addressing spectral data for explainability. In Table 3.4 we summarize
the studies surveyed in the present section.

Table 3.4: Summary of the works introducing applying XAI for sensory character-
istics surveyed in Section 3.6, according to their data type and explanation type
(labeled as “Expl. type”).

Works Data type Expl. type

36, 84, 100, 134, 136, 152, 179, 239, 260, 263,
271, 288, 302]

[222, 245|

[6, 68, 154]

3.6.1 Visual Explanation

The studies highlight advancements in fruit integrity assessment using DL mod-
els and XAI techniques over pictorial data. [271| employed X-ray radiography
and DL methods, including autoencoders and CNNs, for deep anomaly detection
of internal defects such as browning and cavities, with heatmaps enhancing inter-
pretability. [136] introduced MBNet, a CNN-based model utilizing sensory data
from multiple cameras for pear evaluation. [263] applied UNet with synthetic data
for internal pear defect segmentation, validated through Grad-CAM heatmaps. [179]
used DenseNet201 for fruit quality classification, with Grad-CAM confirming its fo-
cus on relevant features. |36] investigated bruise detection in plums using HSI and
CNNs, with Grad-CAM visualizations validating model predictions.

Food freshness assessment has also benefited from DL and HSI. [302] developed
a VGG16-based model to classify shrimp freshness from smartphone images, using
Grad-CAM to confirm inference regions. Similarly, [152] employed a colourimetric
sensor and RGB images to monitor salmon freshness, with Grad-CAM revealing
that the CNN prioritized sensor data over visual texture, emphasizing odor’s role in
freshness detection.

Beyond fruit, cereal integrity has been explored using XAI methods. [134] ap-
plied Grad-CAM in an EfficientNet-B3-DAN model to detect rice germ integrity,
confirming the model’s focus on relevant features. [288| addressed crop yield esti-
mation by developing an Inception-ResNet-based regression model for leaf counting,
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handling occlusions in monocots. Grad-CAM analysis confirmed its focus on leaf
tips, validating effectiveness across sorghum and maize datasets. [239] enhanced
crop classification by employing a MobileNetV2 model validated with Grad-CAM
to assess the visual standard quality of tomatoes, classifying them as damaged, old,
ripe, and unripe. The theme of product freshness is also explored in [260], [100],
[84]. [260] introduced a DL-based model to classify meat freshness into fresh, half-
fresh, and spoiled categories, incorporating Grad-CAM-++ to support transparent
decision-making. [100] presented an InceptionV3 model combined with LIME for
efficient and transparent classification of chicken meat freshness, which, when inte-
grated with a robotic arm, enhances automation and food safety in poultry process-
ing. [84] utilized CNN-based models to predict the quality of seabream—categorized
as fresh, moderate, or spoiled—based on eye and gill images taken under refrigerated
conditions, incorporating LIME and Grad-CAM for model interpretability.

Unlike the previous study, two studies used XAl techniques to analyze spectral
data to address sensory characteristic problems. [245] developed a CNN model to
classify beef freshness using myoglobin data and reflectance spectra, achieving high
F1l-scores. Grad-CAM highlighted key wavelength regions, confirming myoglobin’s
importance in freshness classification. The method demonstrated robustness against
environmental factors, indicating strong industrial potential. Similarly, [222] used
surface-enhanced Raman spectroscopy and a CNN-based model, the Dual-Branch
Wide Kernel Network, to classify bacterial signals.

3.6.2 Numerical Explanation

Three works address Sensory Characteristics with the goal of explaining model out-
puts through numeric explanations, despite their differing approaches and applica-
tions based on tabular data. [154| focused on predicting boar taint, an undesirable
taste and odor found in the meat of male pigs. Using CATBoost, a tree-based en-
semble model, the authors achieved peak performance. SHAP analysis identified
key factors correlated with boar taint, including feed type, ventilation system, phar-
maceutical treatment, and lairage waiting time.|68] developed DL models to classify
sweet, bitter, and umami molecules, employing a DNN with molecular descriptors
and a graph NN, achieving similar accuracies. SHAP analysis was applied to in-
terpret DNN predictions, revealing key molecular binding properties. [6] developed
an ML-based method using various regression models, including XGBoost and RF,
alongside FI analysis, to predict aroma partitioning in dairy matrices and support
food reformulation efforts.

3.7 Explaining Sustainability and Healthiness

A balanced use of data types and explanation methods is observed in sustainability
and healthiness studies, with equal representation of pictorial and tabular data,
along with one study utilizing time series data. Table 3.5 summarizes the studies
surveyed in the present section.
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Table 3.5: Summary of the works introducing applying XAI for sustainability and
healthiness surveyed in Section 3.7, according to their data type and explanation
type (labelled as “Expl. type”).

Works Data type Expl. type

37, 76, 96, 160, 172, 225]

[75, 112, 119, 120, 196, 252, 265, 300]
[262]

[230]

[245]

3.7.1 Visual Explanation

The works in this section used Grad-CAM as an XAI technique, confirming its
widespread application in explaining solutions to sustainability and healthiness prob-
lems using pictorial data. [160] used a CNN combined with a feature-based cascade
classifier to achieve 83% accuracy in pig face recognition. They employed Grad-CAM
to verify that the model focuses on key facial features, offering a cost-effective al-
ternative for animal identification in intensive farming. The paper contributes to
the field of animal identification, improving welfare and non-invasive animal man-
agement practices. [37] utilized a CNN model, AlexNet, with UAV-based RGB
imagery to predict forage biomass, achieving a Mean Absolute Error of 12.98%,
with Grad-CAM confirming that the model accurately identified relevant regions
for biomass prediction. [96] proposed a CNN model to detect rice phenology stages
using smartphone images, reaching 91.30% accuracy. Grad-CAM showed that the
model effectively recognized developmental stages, demonstrating the potential of
using low-cost tools for real-time agricultural monitoring. [172| introduced MSANet,
a model combining multiscale attention and CNN layers for fruit recognition. Grad-
CAM was used to interpret the model’s decisions, ensuring effective feature identi-
fication for robust fruit classification across applications. This work advances waste
reduction through automated fruit detection, promoting environmental sustainabil-
ity. Similarly, [76] applied a ViT model for plant seedling classification and used
attention heatmaps to provide insights into the model’s decision-making process.
Lastly, [225] developed a CNN-based system as an automated method for evaluat-
ing the precision of agricultural sprayers by detecting spray deposits, eliminating
the need for manual tracers or water-sensitive papers. The study also employed an
XAI pipeline—specifically Grad-CAM and Grad-CAM-++—to interpret the CNN’s
decision-making process, revealing key spatial filtering methods used for classifica-
tion.

3.7.2 Numerical Explanations

The studies explored the application of ML and XAI techniques in health, food,
and agriculture using tabular data. [75] employed an RF model, using SHAP
values to assess the impact of phenol-enriched olive oils on cardiometabolic health
in hypercholesterolemic individuals. The study found that phenol-enriched oils sig-
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nificantly reduced serum metabolites associated with cardiovascular risk, indicating
their potential as a treatment for cardiometabolic diseases. [300]| predicted Oral
Food Challenge (OFC) outcomes for diagnosing food allergies, with RF and Learn-
ing Using Concave and Convex Kernels models achieving high accuracy in identifying
egg, peanut, and milk allergies. SHAP analysis highlighted key clinical factors, such
as Immunoglobulin E levels, as important predictors of OFC outcomes. [120] com-
bined genomic and environmental data to predict wheat yield using advanced DL
frameworks.

DeepLift [248| analysis revealed that environmental factors were more influential
than genetics, highlighting the importance of integrating both data types for crop
variety development. [119] integrated ML and DL models—including SVM, RF,
and NNs—with LIME and SHAP to provide a transparent and efficient solution
for crop yield prediction, focusing on automating agricultural processes and pro-
moting sustainability. [112] exploited ML-based techniques integrated with LIME
and SHAP to predict cattle behavior using sensor data collected from eighteen cows
via accelerometers and pressure sensors, classifying behaviors into Other behavior,
Ruminating, and Drinking/Eating. [196] applied an RF model to predict almond
shelling fraction using genotype data, with SHAP analysis offering insights into the
genetic markers influencing shelling fraction, thereby supporting informed breed-
ing strategies. [265] proposed the use of a sensing agricultural robot that collects
data such as temperature, humidity, and UV index to automatically forecast mul-
berry plant diseases by monitoring environmental conditions over time, leveraging
Light GBM for prediction and SHAP for interpretability. Finally, [252] introduced
a real-time irrigation management system for paddy fields, utilizing a hybrid and
ensemble feature extraction approach combined with a Federated Learning-based
framework, enabling decentralized learning for localized decision-making while pre-
serving data privacy; SHAP was employed to enhance model interpretability.

Considering time series, [262| proposed several ML models to predict individ-
ual pig growth trajectories from group-level weight data, reducing reliance on tra-
ditional, costly Radio Frequency Identification tracking. The RF model performed
best, with an average Root Mean Square Error of 2.26 kg per pig. SHAP analy-
sis highlighted weight and time differences as key predictors, supporting ML as a
cost-effective alternative for growth estimation.

3.7.3 Rule-based Explanation

Tabular data was explored in [230], where the authors proposed a system utilizing
[oT data, encompassing crop types, soil characteristics, and weather conditions—to
monitor the agricultural environment and alert farmers about necessary actions to
maintain optimal crop conditions. This method, based on fuzzy logic and integrated
with ML algorithms, detects anomalous data resulting from security breaches or
hardware malfunctions.

Results indicated that the system effectively increased crop yields through real-
time monitoring and decision-making based on IoT insights. The fuzzy logic frame-
work enhanced system interpretability, making it user-friendly for farmers. Tested
on maize, the system demonstrated high interpretability, accurate anomaly detec-
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Figure 3.3: Distribution of works surveyed. While the distribution across topics
is rather uniform, most of the works we survey concentrate on pictorial data and
visual explanations, while a smaller portion of research deals with tabular data and
numerical explanations.

tion, and reliability in triggering appropriate actions.

3.7.4 Mixed Explanation

In the field of Sustainability and Healthiness, only one study applies XAI techniques
in conjunction with tabular data. [209] introduced AgriUXE, a digital platform
that integrates XAI with multimodal data to enhance decision-making in smart
farming, bridging the gap between Al-based agricultural solutions and farmers’ un-
derstanding by providing tailored explanations based on IoT sensor data, remote
sensing, and predictive models. The authors presented an effective case study in
viticulture by integrating various Al-based methods with multiple XAl techniques,
including LIME and SHAP.

3.8 Conclusion

In compiling this literature, we observed that only a small fraction of studies that
employ Al also integrate XAI methods. This can be attributed to researchers’ focus
on developing highly efficient and accurate models to solve the proposed problems.
Current food research aims to identify new applications and refine existing models
to enhance accuracy. The need for model interpretability becomes less urgent once
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Figure 3.4: Distribution of surveyed papers that utilize global XAI techniques versus
local XAI techniques (a), and the percentages of papers that apply model-agnostic
XATI techniques compared to model-specific XAI techniques (b). In both charts,
the Both sector indicates that there are works employing multiple techniques of
different types. Observing the first graph, it becomes evident that most of the studies
reviewed employ local XAI) techniques, such as the widely recognized SHAP and
Grad-CAM. In contrast, global techniques appear to be less commonly used. The
second graph confirms this observation, since SHAP is model-agnostic, while Grad-
CAM is model-specific, highlighting an even distribution of the two most popular
techniques across the various works.

satisfactory performance levels are achieved.

The papers expose that pictorial data are the most frequently used data type,
followed closely by tabular data, which is also widely utilized, as shown in Figure 3.3.
It is important to note that time series and spectral data, which are widely used in
physicochemical analysis, have not been extensively explored with XAI techniques.
The prevalence of pictorial data can be attributed to several factors, which can be
detected by observing the second half of the plot. XAI techniques that provide
visual explanations, such as CAM-based methods, are widely employed in the liter-
ature, as noted by [274]. These techniques are highly popular because they provide
readily interpretable visual explanations, often as heatmaps, making them ideal for
users with limited experience in the analyzed data who still need an intuitive, imme-
diate understanding of the decision-making processes of the image analysis model.
This utility justifies why a significant portion of the surveyed papers rely on them,
consequently requiring pictorial data. In contrast, techniques that offer numerical
explanations, though popular, are not as easily interpretable and are therefore pri-
marily used for analyzing tabular data. Rule-based explanation techniques, on the
other hand, are less common and thus less frequently exploited.

Figure 3.4a highlights a clear preference for local methods over global ones. This
preference is driven by the popularity of techniques like LIME, SHAP, and Grad-
CAM in the reviewed works, all of which are local methods. These methods are
simple to apply, offer easily interpretable explanations, and are particularly useful
for understanding the model’s decision-making in individual cases. In contrast,
global methods, which are more suited for gaining an overall view of the model’s
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decision-making process, are less frequently used due to their complexity, especially
when applied to highly intricate models.

The prominence of model-specific techniques, as shown in the Figure 3.4b, is
largely due to the widespread use of CAM-based methods. The analysis of the
papers suggests that CNNs are the most commonly used approach for pictorial data,
while CAM-based techniques are the most straightforward choice for explaining these
models. In contrast, LIME and SHAP, the other two most commonly used methods,
are model-agnostic. In this case, there is no clear preference between the two types
of XAI; instead, the focus tends to be on certain specific techniques.

Lastly, it is worth noting that few papers employ more than one XAl technique,
which limits the understanding of the model’s decision-making process to a partial
view. This is especially true when using local techniques, which provide explanations
for individual samples without offering insight into the model’s broader decision-
making patterns.



Chapter 4

Decision Predicate Graphs:
Enhancing Interpretability in Tree
Ensembles

In this Chapter, we introduce the DPG, a novel model-specific XAl technique that
provides a global explanation of tree-based ensemble models.

The literature review of the previous Chapter shows that, within food quality
analysis, applications that integrate explainability are limited and rarely exploit
tabular data, despite its value for representing the physicochemical properties of
food products. Tabular data also enables the use of tree-based ensembles, which
are efficient and high-performing. Moreover, among current explainability methods,
approaches that deliver global explanations are comparatively scarce. Global expla-
nations are preferable in contexts like food quality analysis because they establish
stable criteria at the model level for evaluating effectiveness across different batches
and product lines. Having an overview of the model’s entire decision-making process
is essential for identifying errors in model learning, recognizing potential biases, or
confirming the reliability of results, regardless of specific cases. In contrast, local
explanations, while useful for individual predictions, may be inconsistent across sim-
ilar samples, making them less reliable for guiding interventions at the process level.
For these reasons, the technique proposed in this Chapter advances the state of the
art in XAIL

Section 4.2 surveys existing methods that provide global explanations for tree-
based ensembles. In Section 4.3, we formalize DPG, detailing its construction and
the insights available from the resulting explanation. Section 4.4 demonstrates the
method on two case studies to illustrate its functioning, benefits, limitations, and
possible improvements.

The content of this Chapter has been published in [10]

4.1 Introduction
Artificial intelligence, although still under strong development, is now a consoli-

dated and widely used tool. This is thanks to the continuous growth of computing
power, which allows the use of increasingly complex and computationally expensive
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ML methods. The challenges presented by modern-world problems are growing in
complexity as well as the proposed solutions.

Dealing with large quantities of data and frequently encountering unbalanced
datasets are still significant obstacles in addressing many real-world issues; how-
ever, tree-based ensemble algorithms offer several advantages in overcoming these
challenges, including robustness to noise and outliers, scalability to large datasets,
automatic handling of missing values, and the ability to capture complex relation-
ships and interactions within the data [158, 171].

As described in Section 2.2, the process of learning tree-based ensemble models
involves training multiple decision trees and aggregating their predictions to enhance
performance and generalization across a wide range of tasks. This advantage comes
with a corresponding increase in the difficulty of interpreting the decision process,
which grows with the number of trees (see Section 2.3). This well known black
box property poses a challenge for developers and users alike. In this setting, we
introduce the DPG as a method for providing a global explanation of ensemble
behavior.

Drawing inspiration from the expanding theme of XAI, we designed a graph
structure to tackle transparency and explainability challenges inherent in tree-based
ensemble models. This facilitates a better understanding of the intricate choices
underlying these ML models. DPG is created with inspiration from the concept of
aggregating RF [31, 106], as introduced by Gossen and Steffen [89]. The approach
proposed in [89] suggests visualising the decisions within the RF by combining the
branches of the tree base learners into a single and compact decision diagram. The
concept behind DPG is to convert a generic tree-based ensemble model for classifi-
cation into a graph, a defined and studied structure with known properties. In this
graph, nodes represent predicates, i.e., the feature-value associations present in each
node of every tree, while edges denote the frequency with which these predicates
are satisfied during the model training phase by the samples of the dataset. The
DPG structure enables comprehending the choices made by the model, enhancing
transparency and understandability. Moreover, it allows the exploitation of graph
properties to develop metrics and algorithms facilitating the analysis of the ensemble
model. This, in turn, aids in understanding the decisions it makes, easing the task
of visualising the graph which can be vast and complicated for larger models with
numerous tree base learners.

DPG serves as a model-specific tool offering a comprehensive interpretation of
tree-based ensemble models. It provides descriptive metrics that enhance the un-
derstanding of the decisions inherent in the model, offering valuable insights. This
tool proves particularly useful for models that are a priori considered satisfactory
in terms of performance.

Our work contributes in the following ways:

e we introduce DPG, a novel interpretability structure that transforms an opaque-
box tree-based ensemble model into an enriched graph;

e we present the algorithm used to create DPG, accompanied by pseudo-code to
enhance understanding and facilitate replication, complete with its asymptotic
complexity;
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e we provide the interpretation of three metrics from graph theory, enriching the
model comprehension and gaining insights;

e we demonstrate the use of the proposed method through two case studies: the
application of DPG to two RF models, respectively, on the Iris dataset [79] and
a challenging dataset.

It is important to highlight that these results are achieved in a generic fashion,
utilising a standard classifier on well-established datasets. Significantly, we inten-
tionally avoided incorporating scenario-specific heuristics. Therefore, we posit that
our aggregation approach has the potential for widespread application across a di-
verse range of related scenarios.

4.2 Literature Review

As we introduced in Section 2.3, XAI tools, especially those providing global in-
terpretations, become valuable instruments for understanding tree-based ensemble
models. These models are widely used in addressing diverse problem domains, as
highlighted in several surveys [8, 49, 93|. As a result, the number of studies exploring
model-specific techniques designed for ensembles of trees has also increased. Below,
we outline the key contributions that represent the current state of the art in which
our technique is situated. We analyze the main differences to highlight the novelty
of our approach compared to existing ones, noting that an analytical comparison
can be challenging due to the diversity of explanations offered in the literature.

The first significant study is proposed by Mashayekhi and Gras [163]. The authors
introduced RF-+HC, an approach that employs a hill climbing algorithm in RF to
search for a decision set. This rule set reduces the number of decisions dramatically,
which significantly improves the comprehensibility of the underlying model built by
RF.

Similarly, Hara and Hayashi [99] exploit Bayesian model selection to extract the
decision set. These approaches share similarities with our method; however, our
proposal extends beyond the extraction of decisions from the RF. Visualising the
decisions of tree-based ensemble models and simultaneously complementing them
with metrics developed by graph theory makes DPG more adaptable and holistic.
This approach allows for obtaining insights into the model beyond just decision
information.

Zhao et al. [304] proposed iforest!, a visual analysis system specifically designed
to interpret RF models and their predictions. They built a feature view to illustrate
the relationships between input features and outcome predictions and proposed a
design that summarises multiple decision paths based on feature occurrences and
ranges, allowing users to explore and understand the partitioning logic of these
paths. The iforest, like numerous visualisation systems, faces significant challenges
related to scalability and interpretability when dealing with large ensembles. To

Tn the referenced work, the author refers to this technique as “iforest,” and we will use that
term only in this section. It should not be confused with Isolation Forest, which is also commonly
shortened to “iForest” and is used throughout the thesis.
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overcome this challenge, our approach does not solely rely on visualizing the model
as a graph, but provides metrics within the explanation that enhance understanding
of the decision-making process.

Hatwell et al. [102] contributed with Collection of High Importance Random Path
Snippets (CHIRPS), a method that incorporates the explanation of RF classification
for each data instance and extracts a decision path from each tree in the forest,
resulting in a set of decisions that elucidate the classification process. However, this
method is limited to rules extraction and lacks insight into the model’s structure.
Additionally, it does not incorporate metrics to explain the logic of the tree-based
ensemble model.

Another technique focused on visualising decisions underlying RF models is in-
troduced by Neto and Paulovich [190]. Ezplainable Matriz (ExMatrix) employs a
matrix-like visual metaphor, where rows represent decisions, columns denote fea-
tures, and cells encapsulate decision predicates, thereby facilitating the scrutiny of
models and the audit of classification outcomes. The visualisation capability of Ex-
Matrix for global visualisation has limitations in terms of scalability because the
number of decisions increases significantly with the number of trees in large ensem-
bles. Moreover, ExMatrix layouts can rapidly become challenging to explore, while
the complexity of the model increases. As mentioned earlier, our approach enables
us to retrieve information without relying solely on visualisation.

Dedja et al. [62] introduced an approach denoted as BELLATREX, which is
designed to explain the forest predictions for a given test instance by a set of logical
rules based on the features of the dataset. However, a potential limitation lies in
the computational complexity of the approach. While explaining a single prediction
is quick, applying the method to a complete dataset becomes computationally ex-
pensive. Furthermore, BELLATREX focuses on instance-level explanations rather
than providing a global perspective. In addition, BELLATREX uses clustering tech-
niques to simplify the representation and decision logic, whereas our approach uses
graphs to avoid simplifications that can lead to loss of information.

Various studies [63, 91, 270, 310] proposed several tree similarity metrics through
the process of clustering based on tree representations. However, these approaches,
while beneficial for interpretability, require simplifying the model through techniques
such as selection, pruning, and frequency analysis, which can result in information
loss.

A number of works [89, 182, 186, 250] established a connection between tree-based
ensemble models and graph theory. The foundational concept of these techniques
has been explored by [80, 113, 188, 201, 259, 278, 312]. These works established the
theory that introduces the transformation of decision trees into graphs, aiming for
more efficient and non-redundant tree structures. Nakahara et al. [186] and Silva
et al. [250] works focus on performance optimisation, with Gossen and Steffen [89]
and Murtovi et al. [182] being the sole contributors that employed these techniques
for interpretability purposes.

In particular, Gossen and Steffen [89] introduced the Algebraic Decision Diagram
(ADD), aiming to transform tree-based ensemble models into bipartite graphs. The
ADD serves as an alternative construction to RF, providing an additional predictive
model that functions as a surrogate. ADD proves valuable for specific aspects of
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interpretability, such as outcome explanation, logic of majority vote, and visualising
the path. Acting as a surrogate model, their primary contributions lie in providing
a simple, optimised model. In comparison, our objective is to extend their ideas by
utilizing metrics derived from graph theory. This goes beyond the transposition of
tree-based ensemble models into a graph; rather, it involves using graph theory and
its associated tools to gain insights into the functionality of the models.

ForestGUMP, an online tool developed by Murtovi et al. [182], is designed for
generating ADDs. This tool provides valuable information such as graph visuali-
sation, hypothetical sample path display, and logic of majority vote. However, it
has some limitations in terms of the number of usable trees (only 20) and in vi-
sualising problems that involve multiple features and classification choices, making
graph navigation complex. In our work, while we enable visualisation, our focus is
on utilising graph-related metrics, and we do not incorporate the simplification of
the analysed models.

4.3 Decision Predicate Graphs

DPG converts complex ensemble models into a graph structure, where nodes repre-
sent predicates made by the model and edges denote the occurrence of these predi-
cates during model training.

In this section, we present the formalisation of DPG, elucidate the algorithm em-
ployed in its development through pseudo-code and its asymptotic complexity, and
provide an exposition of metrics and properties for comprehending the tree-based
ensemble model. Moreover, we outline the advantages of metrics and articulate
why they can serve as a complementary aid to graph visualisation, particularly in
overcoming its inherent limitations.

As previously mentioned in Section 4.1, DPG is tailored for tree-based ensemble
models designed specifically for classification tasks.

4.3.1 Definition

Let M., be the tree-based ensemble model consisting of n tree base learners T'(x; ©y),
where x is a generic sample, and O, characterizes the bth learner in terms of split
variables, cutpoints at each node, and terminal-node values. More specifically, O,
includes:

e all the splitting conditions associated with each jth internal node n;; based on
a specific feature f;; and a threshold (for numerical features) or a set of possible
values (for categorical features) t;;

e the values assigned to leaf nodes ¢.

Let D be the training set on which M,, is trained. Every base learner is trained on a
dataset Dy, where D, is a subset of D. We define O as the set of logical operations:
O ={<,> =#}

The predicate set P(M,,), for an ensemble method M,, is the set obtained by
the union of the set of all the triples p = (fy;, 0, ), where 0 € O, and fy;, ty; € Oy,
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and the set of all leaf nodes ¢, for all n tree base learners of M,,. The triples p are
called decisions, while the elements of P(M,,) are called predicates.
A DPG (DPG(M,,)) for a model M,, is a directed weighted graph (P, E') where:

e P is the set of nodes, which corresponds to the predicate set P(M,,);

e F is the set of edges, where each directed edge connects two predicates if and
only if there exists an element in the training set D that satisfies both conditions
specified by the predicates in an immediately consecutive manner. The weight
of the edge corresponds to the number of training set elements satisfying these
consecutive conditions.

For conciseness, from this point onward, we will use the acronym DPG to refer to
the graph, indicating that it is constructed based on a model.

4.3.2 From Ensemble to a DPG

We introduce an algorithm, outlined in Algorithm 1, for constructing the DPG based
on a tree-based ensemble model, by traversing all tree base learners with the training
samples.
Algorithm 1: Construct DPG from Ensemble Tree Model
Input: Ensemble tree model M,,, Training set D
Output: DPG(M,,)
1 Initialise empty set DPG(M,,);
2 foreach T (learner) in M,, do
3 Initialise empty predicate set P and edge set F;
4
5

foreach z (sample) in D do
Initialise empty predicate set P, and edge set F,;
// To obtain the predicates path for z on the tree T
(P, E,) + TRAVERSING(T z);
Add (P, E.) to P and E;

N O

8 D¥PG(MH) < AGGREGATING (P, ED;
9 return DPG(M,,);

The algorithm iterates over each base learner in the ensemble tree model M,
and each training sample x in the training set D.

To clarify, the TRAVERSING function follows the predicate path of a particular
input sample x through the decision tree T', starting from the root node and navi-
gating to the appropriate leaf node based on the feature values of x. Meanwhile, the
AGGREGATING function processes the predicates and edges obtained from TRAVERSING
the decision trees for all samples into a single graph representation, DPG(M,,), by
taking the union of P and computing the frequency of elements of F.

The algorithm presents a systematic methodology for constructing DPG. The
overall asymptotic complexity can be formally expressed as follows:

O(bx s x (k+k*)=0(bx s x k)

where:
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e b is the number of learners in the ensemble,
e s is the number of samples in the training set, |D|, and

e k represents the size of the (P,, E,) processed by the TRAVERSING and AGGREGATING
functions.

This analysis takes into account the linear time complexity O(k) for the TRAVERSING
function and the quadratic time complexity O(k?) for the AGGREGATING function.
Our Python 3.10 implementation is accessible here?.

4.3.3 DPG interpretability

In this section, we enumerate and elucidate some of the advantages that DPG can
offer. The graph-based nature of DPG provides significant enhancements in the di-
rection of a complete mapping of the ensemble structure. Weighted directed graphs,
such as DPGs, are studied structures with well-established properties that enable
the identification or construction of useful metrics and algorithms. It is crucial to
emphasise that all the observations presented in this section are valuable for com-
prehending and analysing the obtained model.

Visualisation.

DPG provides an immediate advantage by allowing the visualisation of the entire
tree-based ensemble models through a single comprehensive graph. Similar to the
idea proposed by Gossen and Steffen [89], consolidating all individual basic learn-
ers within the model into a unified graph provides a holistic representation of the
decision-making process. This visualisation not only elucidates the decisions made
by the learners but also reveals the intricate relationships between them. Conse-
quently, it facilitates a comprehensive understanding of the utilised features and,
more importantly, the associations between features and their values that enable
the model to accurately classify a sample into a specific class.

Another noteworthy aspect of DPG lies in the representation of weights for pair-
wise nodes. This feature enables a discerning analysis of the most significant path
through predicates, shedding light on decisions consistently employed by numerous
learners or across multiple samples. This insight not only highlights the prevalence
of certain decisions but also opens avenues for targeted enhancement strategies,
focusing on those influential aspects within the model.

Moreover, by traversing all the possible paths between predicates in reverse, start-
ing from one of the classes, we can discern the essential characteristics that a sample
must possess to be classified into a specific class. This capability facilitates the a pri-
ort elimination of certain elements from the dataset when considering the particular
class.

Nevertheless, we acknowledge that while visualisation is a valuable tool, its effec-
tiveness diminishes with an increasing number of tree base learners. A multitude of
tree base learners implies an increase in decisions and, consequently, an abundance

’https://github.com/LeonardoArrighi/DPG
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of predicates. As a result, the size of the graph, in terms of nodes, grows pro-
portionally with the model’s scale. This expansion can render the graph illegible or
impractical to visualise due to its intricate complexity. To address this challenge, we
provide additional tools that complement the visualisation, aiding in the extraction
of model properties and facilitating a more comprehensible understanding.

One approach is based on the desire and feasibility of determining the specific
characteristics a sample must exhibit to be assigned to a particular class. Taking
inspiration from the outcome explanation problem introduced by Gossen and Stef-
fen [89], to enhance the immediacy and effectiveness of this analysis, we provide an
aggregation of predicates, referred to as constraint, which represent intervals asso-
ciated with the features of each class. The constraints are defined as follows: for a
given class identified in the DPG, we list all nodes connected by a path originat-
ing from the node itself and culminating in the class. For each feature within the
node predicates, we delineate the most extensive possible interval using the values
associated with the features. This interval is defined by two endpoints. The minor
endpoint is the smallest value within the set of values less than the feature, while the
major endpoint is the largest value within the set of values greater than the feature.
If either of these two sets is empty, the interval is deemed infinite. Each class has
its constraints for every feature contributing to the classification of the samples.

It is important to note that constraints are not a substitute for visualisation;
instead, they offer insights resembling those promoted by it. It is anticipated that
additional graph measures could complement insights from constraints, providing
similar interpretations as visualisation.

Centrality.

The centrality of a node is defined as a number or rank corresponding to the node
position within the network. By observing centrality, we can make considerations
that allow us to better understand the process hidden in the ensemble method. The
notion of centrality encompasses a wide range of metrics. In this section, we explore
those metrics that offer the most insightful information.

According to Brandes [30], we define the Betweenness Centrality (BC) of a node as
the fraction of all the shortest paths between every pair of nodes of the graph passing
through the considered node. Let DPG = (P, E) be the graph and s,¢,v € P three
vertexes of DPG, we can denote with o(s,¢) the number of shortest paths between
s and t and with o(s,t|v) the number of shortest paths between s and ¢ passing
through v. Then, the BC of the node v € P is defined as:

Bow) = Y 7Y

s,teP O-(S’ t)

All details and observations about BC can be read in [30]. BC serves as a rele-
vant metric for gaining a deeper insight into the significance of decisions within the
ensemble model. We can observe that a node with a higher BC value has a more
significant influence on the flow of information within the graph; nodes with high
BC can be considered potential bottleneck nodes because they play a crucial role
in facilitating interactions between different parts of the DPG. For this reason, we
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can assert that these nodes are meaningful to understanding the tree-based ensem-
ble models: in all tree base learners, the decision contained in the node is essential
to classify the elements of the dataset. We highlight that the significance extends
beyond the characteristic itself; it encompasses the value associated with it.

According to Mones et al. [177], we define the Local Reaching Centrality (LRC)
of a node v of the DPG as the proportion of other nodes reachable from node v
via outgoing edges. LRC can be generalised to weighted graphs by measuring the
average weight of a given directed path starting from node v (more details are avail-
able on [177]). The LRC serves as a metric for assessing the importance of DPG’s
nodes. It gauges the extent to which decisions contained in these nodes are em-
ployed by diverse tree base learners for classifying samples in the training set. This,
in turn, reflects the importance of these decisions in the classification of new samples.
The LRC offers a comprehensive perspective on the concept of FI by extending its
definition to encompass the values associated with features across various decisions.
Additionally, the prominence of paths between highlighted predicates indicates their
frequent utilisation, providing insights into how new samples can be classified with
fewer decisions.

Community.

While there is no single definition of a community, we can observe structures similar
to communities in the DPG. According to Radicchi et al. [216], we define a com-
munity as a subset of nodes of the DPG characterised by dense interconnections
between its elements and sparse connections with the other nodes of the DPG that
do not belong to the community. Based on the properties of DPG, we employed
asynchronous label propagation algorithm, proposed by Raghavan et al. [217], to
detect communities within the graph. The core concept of the algorithm involves
each graph node determining its community membership based on the majority of
its neighbours. The algorithm comprises a series of steps: each node initially pos-
sesses a unique label. As these labels diffuse through the graph, closely connected
groups of nodes converge on a common label. These consensus groups then expand
outward until further expansion becomes impractical. After this label propagation
process, nodes sharing the same labels are identified as belonging to the same com-
munity. This process is iterated until each node in the network aligns its label with
the community that includes the maximum number of its neighbouring nodes. The
algorithm is defined asynchronous, as each node receives updates without waiting
for updates on the remaining nodes. Identifying communities in the DPG provides
insights into the ensemble model: visualising them allows us to discover groups of
nodes that similarly contribute to the classification of samples.

By employing the asynchronous label propagation algorithm, we observe that
each formed community is associated with a class. Within these communities, the
features utilised by the ensemble model to classify samples belonging to the com-
munity’s class are emphasised. Once again, the association between features and
values plays a key role, highlighting the specific decisions made by the learners. To
quote Raghavan et al. [217]:

Communities in social networks can provide insights about common char-
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acteristics or beliefs among people that make them different from other
communities.

Similarly, we observe that communities within the DPG offer a valuable under-
standing of the characteristics for samples to be assigned to a particular community
class. This intuition extends to identifying predominant features and those that
play a marginal role in the classification process. Moreover, it is noteworthy that
communities also provide insights into the entire dataset and the complexity of the
problem. A community comprising a substantial number of nodes, each associated
with different predicates often involving distinct features, indicates that the model
makes diverse decisions to assign samples to the community class. This implies that
the model encounters challenges in classifying samples for this particular class, and
data from different classes are not easily distinguishable within the dataset.

Finally, communities, functioning as sub-graphs, can be used to visualise the
decisions made in the ensemble model, enabling the identification of a specific class.
This replaces the complex illustration of the DPG, especially when we are focused on
visualising a single class and dealing with many tree base learners. We summarised
the utility of discussed properties and metrics in Table 4.1.

4.4 Empirical Results and Discussion

In this section, we demonstrate the effectiveness of DPG to the well-known Iris
dataset [79] and a synthetic multiclass dataset®. Each experiment in this section
was conducted using the RF classifier, with variations limited to the number of tree
base learners. The implementation is available here?. Finally, we discuss potential
enhancements to DPG and explore further development opportunities.

4.4.1 DPG: Iris insights

The first case study concerns the classification of the Iris dataset [79]. The simplicity,
manageability, versatility, and relevance of this dataset make it an interesting and
relevant resource for discussions and demonstrations of interpretability in ML. The
dataset comprises measurements of sepals and petals for iris flowers encompassing
three distinct species with a total of four features and three classes. The RF was
selected as the tree-based ensemble model due to its well-established reputation
and high-performance capabilities. To conduct the classification, we partitioned the
dataset into training and test sets, following a 80-20% proportion, respectively. A
seed value of 42 was established for randomness control, and the number of base
tree learners was set to 5. The RF performances, evaluated on the test set, are
summarised in the confusion matrix in Table 4.2. The model demonstrates 100%
accuracy.

After training the model, we applied the algorithm outlined in Section 4.3.2 to
obtain the DPG, which can be visualised in Figure 4.1. Then, we can analyse the
obtained graph using the metrics and algorithms proposed in Section 4.3.3. It is

3https://github.com/LeonardoArrighi/DPG/tree/main/datasets
‘https://github.com/LeonardoArrighi/DPG
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Table 4.1: Summary of DPG properties and metrics, and their utility in offering

insights into tree-based ensemble models.

Property ‘ Definition ‘ Utility

Constraints | The intervals of values | Calculate the classification
for each feature obtained | boundary values of each
from all predicates con- | feature associated with each
nected by a path that cul- | class.
minates in a given class.

BC Quantifies the fraction of | Identify potential bottleneck
all the shortest paths | nodes that correspond to cru-
between every pair of | cial decisions.
nodes of the graph pass-
ing through the consid-
ered node.

LRC Quantifies the proportion | Assess the importance of nodes
of other mnodes reach- | similarly to FI, but enrich the
able from the local node | information by encompassing
through its  outgoing | the values associated with fea-
edges. tures across all decisions.

Community | A subset of nodes of the | Understanding the characteris-
DPG which is charac- | tics of nodes to be assigned to
terised by dense intercon- | a particular community class,
nections between its ele- | identifying predominant pred-
ments and sparse connec- | icates, and those that play a
tions with the other nodes | marginal role in the classifica-
of the DPG that do not | tion process.
belong to the community:.

Table 4.2: Confusion matrix depicting the performance evaluation of the RF model

with 5 base tree learners on the test set.

Prediction
Ground truth | Class 0 Class 1 Class 2
Class 0 19 0 0
Class 1 0 13 0
Class 2 0 0 13

important to note that the DPG leads to the calculation of both global metrics,
referring to the overall graph, and metrics at the level of individual nodes.

To illustrate the effectiveness and one of the advantages of employing DPG,
we highlight the constraints for the different classes in the Table 4.3. The class-
specific constraints delineate the necessary characteristics a sample must exhibit to
be assigned to that particular class by the tree-based ensemble model. This insight
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Figure 4.1: DPG of the RF composed of 5 tree base learners trained on Iris dataset.

Table 4.3: Constraints for each class based on the DPG for an RF model within 5
tree base learners.

Class ‘ Constraints

0 petal width (cm) < 1.65
petal length (cm) < 2.50
5.25 < sepal length (cm)
1 < 6.05
0.80 < petal width (cm)
< 1.75
2.45 < petal length (cm)
<5.35
2.75 < sepal width (cm)
< 2.90
5.75 < sepal length (cm)
9 < 6.05
0.80 < petal width (cm)
< 1.75
2.45 < petal length (cm)
< 5.35
2.75 < sepal width (cm)
< 3.10

contributes to a better understanding of how the model utilises features for effective
classification.

The first metric under discussion is the BC of the nodes, as depicted in Table 4.4,
where we identify potential bottleneck nodes. These nodes encapsulate significant
information, particularly representing decisions made by numerous tree base learn-
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Table 4.4: Top eight predicates by evaluating their BC obtained from the DPG
based on an RF model consisting of 5 tree base learners.

Predicate ‘ BC

petal length (cm) > 4.85 | 0.053
petal length (cm) <= 4.85 | 0.036
petal width (cm) > 1.55 0.034
sepal length (cm) <= 6.05 | 0.032
petal length (cm) > 4.95 | 0.028
petal length (cm) > 4.65 | 0.022
petal width (cm) <= 1.75 | 0.022
petal width (cm) <= 1.55 | 0.021

Table 4.5: Comparison of the top eight predicates by evaluating their LRC obtained
from the DPG based on an RF model consisting of 5 tree base learners (Table 4.5a),
alongside the FI of the same model (Table 4.5b) calculated exploiting MDI algo-
rithm.

(a) LRC evaluation (b) FI evaluation
Predicate ‘ LRC Feature ‘ FI
petal width (cm) <= 1.65 | 1.531 petal length (cm) | 0.550
petal length (cm) > 2.45 | 0.919 petal width (cm) | 0.373
petal width (cm) > 0.80 0.874 sepal length (cm) | 0.054
petal length (cm) > 2.50 | 0.699 sepal width (cm) | 0.023

petal width (cm) > 1.65 0.618
petal length (cm) <= 5.20 | 0.565
petal width (cm) > 1.55 0.540
sepal length (cm) > 5.75 | 0.332

ers. We quickly discern that the decision associated with petal length (cm) and
the value 4.85 is pivotal, as it is frequently relied upon by multiple basic learners
and is essential for successful classification.

Furthermore, the LRC metric provides additional information. Examining Ta-
ble 4.5a, we can emphasise the most crucial predicates influencing the decision-
making process of the tree-based ensemble model. This includes not only identify-
ing the most frequently used features but also recognising the associated values that
lead to significant and divisive splits in the dataset across various basic learners.
As observed in Table 4.5, a comparison between the LRC of the nodes and the FI,
calculated on the same model on which DPG is based, suggests that the metric may
rank the predicates similarly. FI is calculated using the Mean Decrease in Impurity
(MDI) algorithm introduced by Breiman [31]. This comparison also provides addi-
tional information about the values used in the decisions and the frequency of paths
extending the concept of FI.

By employing the global metric community, we identified the presence of three
distinct communities. Table 4.6 illustrates the association between each community
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Table 4.6: Communities obtained from the DPG based on an RF model composed
of 5 tree base learners. The table shows the number of predicates belonging to each
community, the number of features in the community nodes, and the class involved
in each community.

Community ‘ 7# Predicates ‘ # Features ‘ Class

Community 1 | 23 | 4 |1
Community 2 | 18 | 4 |2
Community 3 | 4 | 2 0

and a distinct class obtained by applying the asynchronous label propagation al-
gorithm to the DPG. We can affirm that each node within a community contains
decisions that significantly contribute to the accurate classification of samples be-
longing to a specific class. For instance, when applying the predicates of Community
3 (comprising two features and two predicates) to the test set and traversing from
the root node, it achieved 100% accuracy for Class 0, the class delineated in the
mentioned community:.

Finally, upon comparing the Table 4.6 and the Figure 4.2, we can state that the
communities facilitate the comprehension of how the model addresses the classifi-
cation problem. Examining the number of decisions and features utilised in each
community reveals that differentiating between Class 1 (Community 1) and Class 2
(Community 2) poses a greater challenge for the model. This indicates the difficulty
in effectively separating samples within the dataset into their respective classes.
This difficulty becomes apparent when visualising the dataset across the features,
as in Figure 4.2. Conversely, the community encompassing Class 0 (Community
3) consists of fewer predicates, signifying that it is more distinguishable from other
classes, as confirmed in the Figure 4.2.

4.4.2 Comparing to the Graph-based Solutions

As outlined in the Section 4.2, Gossen and Steffen [89] and Murtovi et al. [182]
conducted studies on the interpretability of tree-based ensemble models exploiting
graph structures. We compared DPG with their proposed method by examining
their outcomes and potential insights. Using the same tree-based ensemble model
we studied in Section 4.4.1 as input, we generated the ADD displayed in Figure 4.3.
The first noticeable distinction from DPG lies in the ADD structure, as it forms a
bipartite graph. We can observe that the ADD is generated from the trained model,
albeit without fully leveraging the training dataset. Consequently, the evaluation
of connections between nodes and the assessment of the significance of decisions
made by different tree base learners are not fully exploited. This implies that each
branch carries equal weight and impact in the diagram, and a classification error
significantly influences the structure by introducing an incorrect path. Another
crucial difference is that ADD does not provide graph metrics, leaving the user the
interpretation of the diagram and potentially missing out on relevant information.
Moreover, an additional limitation, as indicated in the studies by [89, 182], involves
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Figure 4.2: Two-dimensional depiction of the Iris dataset, employing feature pairs
in each graph for visual representation.
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Figure 4.3: ADD of an RF model with 5 tree base learners induced for Iris dataset.

the challenge that emerges when generating ADDs and dealing with large ensembles.
Visualisation becomes intricate, even with a modest count of 20 tree base learners.
In contrast, DPG allows the computation of both global and local metrics, even with
a higher number of tree base learners.

To further examine these aspects, we use two RF models, one with 20 tree
learners and the other with 100, to analyse a complex multiclass problem with a

dataset comprising 4 classes, 1000 samples, and 16 features.

This introduces a

four-class problem that was randomly generated. The dataset was created using
the make_classification® function from scikit-learn. The following setup has
been maintained for training both models. We divided the dataset into training

Shttps://scikit-learn.org/stable/modules/generated/sklearn.datasets.make_
classification.ht\gls{ml}


https://scikit-learn.org/stable/modules/generated/sklearn.datasets.make_classification.ht\gls {ml}
https://scikit-learn.org/stable/modules/generated/sklearn.datasets.make_classification.ht\gls {ml}
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Table 4.7: Confusion matrices of the RF models with 20 tree base learners (RF
20) and with 100 tree base learners (RF 100) tested on the synthetic dataset. To

enhance clarity in representation, we abbreviate “Class” as “Cl.”

Ground truth

Prediction (RF 20)

Prediction (RF 100)

CLo CL1 ClL2 CI.B‘CI.O CL.1 CL2 CL3

CL 0O 38 4 12 6 38 4 14 4
ClL 1 5 31 3 ) 4 32 2 6
ClL 2 11 2 29 2 d 2 33 4
ClL 3 10 13 10 19 9 9 ) 29

Table 4.8: Constraints for each class based on the DPG for an RF model within 100

tree base learners.

Class 0

Class 1

Class 2

Class 3

—5.87T <F1<5.74
—2.64 < F2 <2.63
—5.24 <F3<L3.75
—4.80 < F4 <4.37
—2.61 <F5 <244
—2.29 < F6 < 2.58
—2.82 <F7 <247
—4.62 <F8<4.74
—2.40 < F9 £ 2.59
—4.71 <F10 <4.32
—2.87T <F11 < 2.77
—2.42 <F12 <237
—4.28 <F13 <5.01
—7.31 <F14 <8.33
—4.46 < F15 <4.19
—4.70 <F16 <4.21

—5.79 <F1 <£5.72
—2.61 <F2<2.61
—5.38 <F3<L3.75
—5.15 < F4 <4.37
—2.61 <F5 <2.71
—2.29 < F6 < 2.58
—2.82 < F7 <247
—4.62 <F8<4.74
—2.40 < F9 <£2.59
—4.71 < F10 < 4.32
—2.87T <F11 < 2.77
—2.42 <F12 <237
—4.28 <F13 <5.01
—7.31 <F14 <8.33
—4.46 < F15 < 4.19
—4.70 < F16 <4.21

—5.76 <F1 <5.72
—2.61 <F2<2.61
—5.24 <F3<3.75
—4.80 < F4 < 4.37
—2.61 <F5<2.44
—2.29 < F6 < 2.58
—2.82 < F7 <247
—4.62 < F8 < 4.74
—2.40 < F9 <2.71
—4.71 <F10 < 5.43
—2.87 < F11 < 2.86
—2.42 < F12 <237
—4.28 <F13 <5.01
—7.31 <F14 <8.33
—4.46 < F15 < 4.19
—4.70 < F16 < 4.52

—5.76 <F1 <5.72
—2.61 <F2<2.63
—5.24 <F3<L3.75
—4.80 < F4 <4.37
—2.61 <F5<244
—2.29 < F6 < 2.58
—2.82 < F7 <286
—4.62 <F8<4.74
—2.40 < F9 <£2.59
—4.71 < F10 < 4.32
—2.87 < F11 < 2.77
—2.42 <F12 <237
—4.28 < F13 <5.01
—7.31 <F14 < 8.33
—4.97 <F156 < 4.5
—4.70 <F16 <4.21

and test sets, with an 80-20% ratio. We fixed a seed value of 42 for randomness
control to ensure reproducibility. The RF performances, assessed on the test set, are
summarised in the confusion matrices presented in Table 4.7. The model with 100
tree base learners shows better performance in every parameter, reaching an overall
accuracy of 66%, outperforming the model with 20 tree base learners, which barely
reaches 58%.

We emphasise that even in this context, DPG is a useful tool. Both DPG and
ADD present intricate visualisations with 20 tree base learners. However, DPG
overcomes this obstacle by providing metrics that can still offer valid insights into
the model. The first insight is displayed in Table 4.8, where we provide constraints
for the four classes of the dataset. Constraints, even in this complex scenario, allow
the visualisation of intervals where sample features should be situated for precise
classification into their respective classes.

The BC metric helps identifying potential bottleneck nodes. Upon observing
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Table 4.9: Top eight predicates by evaluating their BC (Table 4.9a), and top eight
predicates by evaluating their LRC (Table 4.9b), both obtained from the DPG based
on an RF model consisting of 100 tree base learners.

(a) BC evaluation (b) LRC evaluation
Predicate ‘ BC Predicate ‘ LRC
F15 > 1.17 | 0.018 F7 <= 1.62 15.812
F15 <= 1.61 | 0.015 F1 <= 3.10 14.475
F12 > 0.20 | 0.015 F14 > -1.78 | 13.313
F12 > 0.41 0.014 F4a > -2.97 13.158
F4 <= 0.33 | 0.014 F5 > -1.92 | 13.065
F8 > 0.36 0.014 F4 > -1.36 | 12.989
F1 <= -1.10 | 0.013 F1 <= 2.49 12.986
F11 <= 1.16 | 0.013 F13 > 1.98 12.920

Table 4.10: Communities obtained from an RF model composed of 100 tree base
learners. The table shows the number of predicates belonging to each community;,
the number of features in the community nodes, and the class involved in each
community.

Community ‘ # Predicates ‘ # Features ‘ Class

Community 1 | 7767 | 16 |2
Community 2 ‘ 2149 ‘ 16 ‘ 0
Community 3 | 2351 | 16 |3
Community 3 | 2100 | 16 1

Table 4.9a, we can see that there is not a large difference between the BC values as-
sociated with the predicates. Therefore, we can assume that there are no bottleneck
nodes.

Examining the information provided in Table 4.9b, the LRC underscores which
predicates significantly impact the decision-making process of the ensemble model.

Another insight can be obtained by employing the global metric community. In
this scenario, we identified the presence of four distinct communities, displayed in
Table 4.10. We note that each community contains a distinct class. Furthermore,
upon observing the table, we can conclude that each community exhibits a high
number of involved features and predicates, confirming the complexity of the clas-
sification problem.

4.4.3 Potential Improvements

Several avenues await exploration in the future. The primary aim is to reduce the
computational cost of DPG, as many real-world problems involve large datasets
that do not scale well with the current implementation of DPG. Expanding the
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application scope of DPG is another key goal, including its utility in explaining
models relevant to regression-type problems. Given DPG’s applicability to any
model and dataset, we aim to introduce new tests and use cases to delve deeper into
the method. This includes proposing applications to novel datasets and exploring
their compatibility with other tree-based ensemble models. Furthermore, while this
paper introduces certain metrics and algorithms derived from graph theory, the
field offers extensive possibilities for future exploration. In the future, we plan to
introduce new tools associated with DPG to enhance the interpretation of tree-based
ensemble models.

4.5 Conclusion

In this paper, we introduced DPG as a novel model-specific tool for tree-based
ensemble interpretability. DPG is obtained from a trained model and data, ensur-
ing the maintenance of its performance. The concept behind DPG is to convert
an opaque-box tree-based ensemble model into an enriched graph. DPG enables
graph-based evaluations and the identification of model decisions towards facilitat-
ing comparisons between features and their associated values while offering insights
into the entire model. In particular, we introduced Betweenness Centrality, Local
Reaching Centrality, Community and Constraints as useful metrics and properties
towards improving and extending the X AT interpretability approaches. While DPG
is still considered an evolving work, its potential is substantial, given the robust
underlying theory and the versatility of the tool. Furthermore, the effervescent re-
search on graphs, knowledge graphs, and complex networks might strengthen the
possibilities grounded in DPG. As the next step of our current research, we expect
to apply DPG to improve global interpretability and to enhance the scalability of
the current implementation.



Chapter 5

Enhancing Transparency in the Fruit
Supply Chain

In this Chapter, we apply two explainability methods, including the DPG, to a real-
world problem and show their effectiveness in improving the interpretability of an
Al system for food quality analysis.

A central task in food quality assessment is determining fruit ripeness and de-
tecting possible degradation. This task is often addressed with Al because ripeness
relates to physical properties, such as color, and to chemical properties, such as pH.
As widely noted, these applications are challenging to interpret, particularly when
explanations are limited to a single instance. A global method, such as the DPG, can
therefore clarify the overall decision-making process, especially when paired with a
local method that explains specific predictions.

Section 5.1 introduces the topic and reviews prior applications of Al and explain-
ability in fruit quality analysis. Section 5.2 describes the datasets and the local
method BELLATREX [62], used together with the DPG to explain an RF trained
on physicochemical data. Section 5.3 presents the RF results and the explanations
produced with both methods, and discusses the insights they provide.

5.1 Introduction

The food supply chain, and particularly the fruit sector, represents an important
component of the global economy [202|. Monitoring fruit quality is mandatory to
ensure that products available in the market are not only safe and nutritious but also
sensorially appealing [180]. Fruit quality has a direct impact on public health, so-
cial well-being, and environmental sustainability, influencing responsible production
and consumption practices. Meeting consumer expectations is therefore essential to
ensure product acceptance, foster brand loyalty, and promote healthy food choices,
thereby driving commercial success and supporting long-term sustainability [291].

The fruit industry supply chain is a complex and dynamic network that encom-
passes production, post-harvest handling, storage, transportation, processing, dis-
tribution, and retail. Each stage plays a critical role in ensuring the quality, safety,
and sustainability of fruits delivered to consumers, as shown in Figure 5.1, which
has been adapted from [180, 269, 291].
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Plantation Storage Distribution

Post-Harvest Handling Transportation

Figure 5.1: Overview of the Fruit Supply Chain as in [180, 269, 291|. Food begins
its transformation into a product during cultivation. It is then harvested, processed,
stored, and transported to distribution centers for consumer sale.

This supply chain begins with the plantation, where fruits are cultivated on farms
or orchards using agricultural practices tailored to local climate and soil conditions.
Advanced technologies, such as precision agriculture, optimize resources like wa-
ter and fertilizer to improve yield and quality [180]. Following harvest, the fruits
enter the post-harvest handling stage, where they are sorted, cleaned, and graded
based on attributes like size, colour, and ripeness, often assessed using physico-
chemical and sensory characteristics [306]. The storage phase involves maintaining
optimal conditions of temperature, humidity, and gas composition to preserve fresh-
ness and extend shelf life. Techniques such as cold storage and modified atmosphere
packaging are commonly employed to minimize deterioration [269|. Fruits are then
transported to processing facilities or directly to distribution hubs. During trans-
portation, real-time monitoring systems track environmental parameters, ensuring
that fruits remain fresh until they reach their destination [200]. At the processing
stage, some fruits are transformed into value-added products such as juices, dried
fruits, or jams, which involve operations like slicing, peeling, and packaging [291].
The distribution phase moves fruits from wholesalers or producers to retail outlets,
including supermarkets, local markets, and online platforms [180].Finally, in the re-
tail and consumer stage, fruits are presented to customers who evaluate them based
on appearance, freshness, and nutritional value. Consumer feedback at this stage
often informs upstream decisions, closing the loop on the supply chain [291].

Each stage of the fruit supply chain presents opportunities for traceability, op-
timization, and waste reduction, with emerging technologies like Al and the IoT
playing a critical role in enhancing efficiency and transparency. Monitoring the
physicochemical parameters of fruits, such as colour, texture, acidity, sugar content,
and bioactive compound levels, is essential for maintaining quality, extending shelf
life, and meeting consumer expectations. These parameters are critical indicators
of ripeness, freshness, and overall quality, and they are influenced by environmental
factors like temperature, humidity, and gas composition. Continuous evaluation of
these factors during storage and transportation is necessary to detect early signs
of physiological changes, such as enzymatic degradation or Moisture Content loss,
which can lead to deterioration if unmanaged [237, 306]. Understanding the re-
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lationships among these parameters throughout the ripening process and shelf life
offers substantial benefits for optimizing storage conditions, ensuring food safety,
and preserving both sensory and nutritional qualities. However, transparency in the
fruit supply chain remains a major challenge due to the complexity of processes,
perishability, and growing consumer demands for quality and sustainability. The
lack of standardized systems for monitoring and sharing data on storage conditions,
safety, and traceability undermines accountability and efficiency.

Al can tackle challenges in the fruit supply chain by improving monitoring through
predictive capabilities [200]. Concrete examples include Al-powered IoT sensors
that can track critical parameters, such as temperature and humidity, in real-time,
enabling early detection of issues like Moisture Content loss or enzymatic degrada-
tion. Furthermore, ML models can analyze data to predict quality changes (e.g.,
[75, 232|) and recommend optimal storage conditions (e.g., [67]). At the same time,
computer vision systems and DL methods assess visual quality indicators to detect
spoilage (e.g., [77, 122, 264]). Due to their versatility, ease of interpretation, and
the wide range of XAI techniques available to analyze their decision-making pro-
cesses, tree-based ensemble learning models are highly effective. When integrated
with XAI, these models enhance both robustness and interpretability by leverag-
ing the strengths of multiple models and providing valuable, actionable insights.
This combined approach not only helps identify biases or errors in the data and
models but also supports more accurate, reliable, and informed decision-making,
which is especially important in critical areas such as public health and food safety
[76]. However, in many studies, the potential to combine different explanations for
a more comprehensive and effective solution—such as integrating local and global
approaches into a “glocal” method—is not fully explored.

In this project, we explore integrating tree-based ensemble learning and XAI into
the fruit industry supply chain. By leveraging the physicochemical properties of
fruits, we use the RF algorithm to predict quality and identify key factors affecting
sensory characteristics. We apply XAl methods—DPG and BELLATREX—to pro-
vide both global and local explanations for three real-world case studies: carambola,
pitaya, and papaya. These approaches enhance interpretability, offering valuable in-
sights into the decision-making process across the supply chain.

DPG, a global technique, provides a visual representation of the decision-making
process by modeling decision predicates and their relationships, helping users un-
derstand how inputs lead to outcomes in complex models. BELLATREX, a local
technique, generates accurate, human-readable rules for individual predictions, en-
hancing the interpretability of tree-based ensemble models.

Our primary contribution is demonstrating the benefits of combining tree-based
ensemble methods with XAl techniques, highlighting how they can be integrated into
a glocal approach. This combination improves supply chain interpretability, offering
distinct advantages. The findings are particularly relevant for post-harvest quality
assessment, where evaluating ripeness, nutritional quality, and sensory appeal is
essential for optimizing storage, transportation, and market readiness.
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Table 5.1: Physicochemical features used in the Carambola, Pitaya, and Papaya
Datasets. These attributes were measured to characterize fruit condition and sup-
port the prediction of post-harvest quality levels.

Feature Definition

Ascorbic Acidity Refers to the vitamin C content in fruit.

pH Indicates the acidity or alkalinity of the fruit.
Titratable Acidity Represents the total acidity, primarily due to organic

acids like citric, malic, and Ascorbic Acidity.
Soluble Solids (Soluble Typically measured in °Brix, this indicates sugar con-
Solids Concentration)  tent and is linked to sweetness.

Moisture Content Reflects the water content of the fruit.

Phenolic Content Relates to antioxidant compounds in the fruit.

Pulp Firmness A measure of texture and ripeness.

Carotenoids Pigments that contribute to yellow-orange coloration
and have antioxidant properties.

L* A colorimetric parameter representing lightness (rang-

ing from 0 (black) to 100 (white)).

a* Measures red-green color axis with positive values rep-
resenting red and negative values representing green.

b* Represents the blue-yellow axis with positive values rep-
resenting yellow and negative values representing blue.

C (Chroma) Calculated from a* and b*, it reflects color saturation
or intensity.

Hue (Hue Angle) The angle in the a-b color space that corresponds to the

perceived color tone.

5.2 Materials and Methods

5.2.1 Fruit Quality Studies

To demonstrate the benefits of using Al to improve the fruit supply chain, we em-
ployed three publicly available datasets previously studied in the literature. These
datasets consist of numerical features and are suitable for predicting the post-harvest
quality level of various fruits. Specifically, the work by [59] focuses on a dataset de-
scribing the characteristics of carambola; [206] utilizes a dataset related to papaya;
and [55] presents a study on the characteristics of pitaya. As reported by the respec-
tive authors, the fruits were acquired from local markets and producers in Campinas,
Sao Paulo, Brazil, and sampled across different batches and seasons to ensure a wide
range of variability. Moreover, multiple measurements were collected for each sam-
ple, resulting in datasets containing a variety of both physical and chemical features.
These were designed to characterize the condition of the fruits and to associate them
with a quality level that typically degrades over time. The physicochemical features
evaluated are listed in the Table 5.1.

In this subsection, we provide a detailed description of the datasets and the
various features collected from the fruit samples. Table 5.2 summarizes the specific
attributes measured in each dataset, which were used to characterize the samples.
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Table 5.2: Presence of each physicochemical feature in the Carambola, Pitaya, and
Papaya Datasets. The table indicates which attributes were measured and included
in the respective datasets used for fruit quality analysis.

Attribute Carambola [59] Pitaya [55] Papaya [206]

Ascorbic Acidity X X
pH

Titratable Acidity
Soluble Solids
Moisture Content
Phenolic Content

Pulp Firmness

Mo X
e I I I
>

Carotenoids
L*

a*

b*
C
Hue

Mo s
e IR I B B B

Carambola Dataset

A total of 177 fruit samples from the B17 and B10 varieties—the most commercially
cultivated types—were collected from the Centrais de Abastecimento (CEASA) Sup-
ply Center on multiple dates. B17 fruits are typically sweeter, less acidic, and possess
superior edible quality compared to B10, although they have a shorter shelf life [1].
All samples were disinfected using a chlorine-based solution (0.2gL™") and stored
at 23°C under controlled conditions prior to analysis. Additional physicochemical
properties—ascorbic acididity, pH, titratable acidity, soluble solids concentration,
and moisture content—were also measured and incorporated into the dataset. To
evaluate ripening, samples were classified into four Maturity Stage (MS) based on
the hue angle measured with a colorimeter. The first stage (MS1) corresponded to
green fruits with hue > 100°; MS2 to green/yellow fruits with 92° < hue < 100°;
MS3 to yellow fruits with 83° < hue < 92°; and MS4 to yellow/orange fruits with
hue < 83°. The dataset exhibits class balance, containing approximately 45 samples
in each category.

Papaya Dataset

The dataset consisted of 57 papaya samples sourced from a retail market. For each
fruit, two color images, one for each side, were acquired to document external char-
acteristics. In addition, several physicochemical attributes were measured, including
pulp firmness, pH, soluble solids content, total carotenoids, and ascorbic acid con-
centration. Based on pulp firmness, samples were classified into three maturity
stages, following the criteria established by [206]. The first stage (MS1) included
fruits with pulp firmness greater than 33 N; the second stage (MS2) included those
with pulp firmness between 20 N and 33 N; and the last stage (MS3) comprised fruits
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with pulp firmness below 20 N. Pulp firmness is considered a critical indicator of
ripeness, as papayas with pulp firmness below 20 N are typically regarded as fully
edible [27, 129, 206]. Differences in the number of samples across maturity stages
were a result of the initial visual classification used during sample selection. Class
distribution in the dataset is uniform, with each class represented by approximately
20 samples.

Pitaya Dataset

A total of 140 red-fleshed pitaya fruits were collected immediately after harvest from
a local producer and divided into several batches. Thirty samples were analyzed on
the day of harvest to establish baseline quality parameters. The remaining 110
fruits were stored under two temperature conditions (15°C and 25°C) and analyzed
after 7, 14, 21, and 25 days to monitor changes in quality over time. The analyses
included measurements of total phenolic content, soluble solids concentration, pH,
titratable acidity, and moisture content. It is important to note that, unlike the
other two datasets, fruit maturity in this case is directly linked to the passage of
time. Consequently, the traditional maturity stages are replaced by a temporal
indicator: the number of days elapsed since harvest, which serves as the defining
criterion for maturity level in this context. Each class in the dataset is represented
by approximately 30 samples, resulting in a balanced distribution.

5.2.2 Machine Learning Methods

An RF classifier was trained on each of the three datasets to perform a classification
task aimed at predicting fruit maturity levels. Each RF model was composed of 100
tree-based learners and was trained on 70% of the data, with the remaining 30%
reserved for testing.

Model performance was evaluated using three key metrics. Accuracy measured
the proportion of correctly classified instances relative to the total number of in-
stances in the test set. Fl-score was used to provide a balanced assessment by
incorporating both precision and recall. Furthermore, confusion matrices were ex-
amined to offer a detailed understanding of classification performance by identifying
the nature and frequency of the model’s misclassifications.

5.2.3 Explainable Artificial Intelligence Methods

Our work takes advantage of two recent XAI methods, DPG [10], introduced in
Chapter 4, and BELLATREX [62], to provide a comprehensive understanding of
the decision-making processes of the RF models. The combination of these methods
not only reveals FI but also uncovers additional insights that contribute to a more
transparent interpretation of the models’ behavior.

BELLATREX

BELLATREX is a local, model-specific method designed to explain predictions made
by a RF model. It condenses the decisions of individual tree learners into a coherent
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Table 5.3: Confusion matrix showing the classification performance of the RF model
on the Carambola Dataset using four stages (MS1 to MS4).

Prediction
Ground truth MS1 MS2 MS3 MS4
MS1 16 0 0 0
MS2 1 9 0 0
MS3 0 0 14 0
MS4 0 0 0 14

explanation for how the model classifies a specific instance. The process consists
of four key steps. First, for each input, a set of rules is extracted from the RF,
capturing the decision paths of the trees that contribute to the model’s output.
These rules are then transformed into high-dimensional vector representations that
encode both the structural conditions of each rule and their relevance to the specific
classification. Next, dimensionality reduction is applied which projects the vectors
into a lower-dimensional space while preserving their relative similarities. In this
simplified space, similar rules are grouped into clusters, each reflecting a consistent
reasoning pattern used by the model. From each cluster, BELLATREX selects a
representative set of rules—usually the one nearest to the cluster’s centroid—which
serves as a prototype summarizing that group’s rationale. These prototype rules
form a concise and interpretable explanation of the RF’s decision, highlighting the
key features and logic that influenced the classification outcome for the specific
instance.

5.3 Results

5.3.1 Carambola Dataset

The RF model with 100 trees, trained on the Carambola dataset, achieved excellent
results, with an accuracy of 98.15% and an F1-score of 98.13%, correctly classifying
53 out of 54 test samples, as shown in Table 5.3. The result confirmed the effec-
tiveness of RF in assigning ripeness level to carambola samples based on various
physicochemical characteristics.

Table 5.4 illustrates the explanation provided by BELLATREX when applied to
two randomly selected samples from the Carambola test set. In the first example,
BELLATREX classifies the sample as belonging to the MS2 class, aligning with the
prediction made by the RF model. This classification is based on three features:
the characteristics L*, a*, and hue. Specificallyy, BELLATREX projects the vector
representations of selected rules into two dimensions, grouping them into a single
cluster. The rule closest to the cluster’s centre is then chosen as the final represen-
tative. The prediction for the second example follows a similar process, with both
BELLATREX and RF classifying it as part of the MS3 class. However, in this case,
BELLATREX incorporates additional chemical features, namely titratable acidity
and ascorbic acidity, alongside the physical characteristics.

Table 5.5 presents the most important predicates of the DPG ranked by their
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Table 5.4: Explanation provided by BELLATREX technique applied over two ran-
domly selected samples of the Carambola test set. The first belongs to class MS2
and the second belongs to class MS3.

Extracted rule sample 67 weight=1.00 Initial estimate =
(0.27, 0.24, 0.24, 0.26)
Instance Split test Prediction
L* = 43.80 L* > 39.22 (0.29, 0.34, 0.34, 0.03)
Hue = 98.97 Hue > 91.77 (0.46, 0.55, 0.00, 0.00)
a* = -5.27 a* > -6.11 (0.00, 1.00, 0.00, 0.00)
Extracted rule sample 119 weight=1.00 Initial estimate =
(0.29, 0.16, 0.31, 0.24)
Instance Split test Prediction
Titratable Acidity = 0.30 Titratable Acidity < 0.44  (0.07, 0.19, 0.43, 0.31)
b* = 39.68 b* > 32.42 (0.03, 0.07, 0.51, 0.39)
Ascorbic Acidity = 0.51 Ascorbic Acidity > 0.28 (0.00, 0.09, 0.30, 0.61)
Hue = 86.31 Hue > 83.15 (0.00, 0.24, 0.77, 0.00)
L* = 47.70 L* < 48.40 (0.00, 0.08, 0.92, 0.00)
a* = 2.56 a* > -0.92 (0.00, 0.00, 1.00, 0.00)

Table 5.5: BC for DPG predicates of the Table 5.6: LRC for DPG predicates of

RF trained on Carambola Dataset. the RF trained on Carambola Dataset.
Predicate BC Predicate LRC
a* <-1.13 0.0487 a* > -1.03 1.1615
Hue < 91.94 0.0421 pH > 3.07 1.1497
Hue > 83.16 0.0381 Hue < 91.94 1.1248
Hue > 91.94 0.0365 Hue > 83.0 1.1042
a* >-1.13 0.0334 a* > -5.93 1.0936
Titratable Acidity < 0.44 0.0303 a* > -5.84 1.0916
b* > 34.19 0.0276 Hue < 100.53 1.0890
Hue < 99.94 0.0246 Titratable Acidity < 0.51 1.0728
Hue > 83.0 0.0238 a* < 3.76 1.0686
a* < 4.26 0.0236 Soluble Solids > 9.39 1.0676

BC values. Several predicates emerge as particularly noteworthy. Notably, the
predicates with the highest indices correspond to the physical features a* and hue,
associated with values of —1.13 and 91.94, respectively. These predicates reflect
critical decisions made by a significant number of tree-based learners. Table 5.6
highlights the ten most significant predicates based on LRC: in addition to the
previously mentioned physical features (a* and hue), the predicate involving the
chemical feature pH is identified as particularly influential.

The comparison between the local explanations provided by BELLATREX and
the global insights derived from the DPG underscores the relevant role of physi-
cal characteristics in classifying carambola fruits. Notably, parameters related to
colour are particularly informative, as they reflect the natural progression of ripen-
ing. The colour change observed during ripening is closely linked to underlying
physicochemical transformations. As the fruit matures, chlorophyll, the pigment
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Table 5.7: Confusion matrix depicting the RF model’s performance in classifying
three maturity stages (MS1 to MS3) of the Papaya Dataset.

Prediction
Ground truth MS1 MS2 MS3
MS1 16 0 0
MS2 1 9 0
MS3 0 0 14

responsible for its green hue, degrades, revealing other pigments such as carotenoids
and anthocyanins. The synthesis of carotenoids during this stage contributes to the
development of the yellow and orange tones characteristic of ripe carambola. The
identification of the hue as the most influential feature is consistent with its role in
defining the ripeness levels of carambola fruits within the dataset. This alignment
confirms that the RF model effectively based its classification on the most relevant
attribute, thereby reinforcing the validity of its decision-making process.

5.3.2 Papaya Dataset

With a configuration of 100 trees, the proposed RF model demonstrated strong
performance on the Papaya dataset. It achieved an accuracy of 97.50% and an F1-
score of 97.53%. As shown in the confusion matrix (Table 5.7), the model correctly
classified 39 out of 40 test samples, confirming its ability to accurately assign ripeness
levels based on physicochemical attributes.

Table 5.8: Explanation provided by BELLATREX technique applied over two ran-
domly selected samples of the Papaya test set. The first belongs to class MS3 and
the second belongs to class MS1.

Extracted rule sample 54 weight=1.00 Initial estimate =
(0.457, 0.261, 0.283)

Instance Split test Prediction

Ascorbic Acidity = 131.09 Ascorbic Acidity > 121.23  (0.375, 0.000, 0.625)

Hue = 88.60 Hue < 93.74 (0.000, 0.000, 1.000)

Extracted rule sample 5 weight=1.00 Initial estimate =

(0.500, 0.283, 0.217)

Instance Split test Prediction

pH = 5.90 pH > 5.69 (0.605, 0.263, 0.132)
b* = 38.41 b* < 47.24 (0.821, 0.179, 0.000)
L* = 57.06 L* < 60.23 (0.920, 0.080, 0.000)
pH = 5.90 pH > 5.81 (1.000, 0.000, 0.000)

The application of BELLATREX to two randomly selected examples, the first
one belonging to the MS3 class and the second to the MS1 class highlights two
different behaviours (Table 5.8). Even in these instances, the vector representations
of the selected rules were projected onto two dimensions and grouped into a single
cluster. However, we can observe some differences in the exploited characteristics
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Table 5.9: BC for DPG predicates of the  Table 5.10: LRC for DPG predicates of

RF trained on Papaya Dataset. the RF trained on Papaya Dataset.
Predicate BC Predicate LRC
Ascorbic Acidity < 119.12 0.0787 Hue > 92.21 0.7892
b* < 46.01 0.0705 a* < -0.66 0.7732
Hue < 92.21 0.0636 L* < 59.94 0.7664
L* < 60.1 0.0556 a* < -0.86 0.7614
Hue < 90.21 0.0501 L* <60.23 0.7452
Ascorbic Acidity < inf 0.0419 pH > 5.69 0.7426
Hue < 93.24 0.0412 C<44.14 0.7419
Hue > 93.06 0.0364 a* < -0.72 0.7401
Pulp Firmness > 3.14 0.0265 Hue > 92.39 0.7298
C <4945 0.0254 L* < 58.2 0.7251

for the two examples. In particular, the first instance is classified based on ascorbic
acidity and hue, utilizing both physical and chemical characteristics. In contrast,
the second instance relies on different features, specifically pH, and the b* and L*
values. This highlights that entirely distinct features are employed for different
instances. Moreover, it is noteworthy that the use of ascorbic acidity as a feature
appears peculiar, as there is no evident correlation between this feature and the
classes. Additionally, certain samples exhibit missing values for this feature.

In Table 5.9 we can observe the most important predicates concerning their BC
values. Predicates involving ascorbic acidity are extensively utilized by the tree-
based learners in the model. Contrary to the explanation provided by BELLATREX,
the prominence of this feature can be attributed to the presence of missing values,
leading to a feature-value association, specifically ascorbic acidity with 119.12, which
becomes predominant. The remaining predicates presented in the table primarily
involve physical characteristics associated with colour. In the Table 5.10, which
ranks the best predicates based on LRC values, it is evident that apart from pH and
C, the predicates predominantly include physical characteristics.

As with the Carambola dataset, the application of XAI techniques reveals that
papaya colour undergoes significant changes during ripening, primarily due to chloro-
phyll degradation and increased carotenoid accumulation. XAl analysis also high-
lights the role of pH and ascorbic acidity in influencing colour stability and intensity.
During ripening, the pH of papaya may shift due to a reduction in organic acids and
an increase in sugar content. These chemical changes not only enhance flavour but
also affect colour perception, contributing to the characteristic yellow appearance
of ripe papaya. However, these findings highlight an important consideration. In
the dataset, ripeness levels were defined based on pulp firmness; nevertheless, this
feature did not rank among the most influential in the RF model’s classification
process. While the model’s decision-making is grounded in physiologically relevant
attributes such as colour, it does not fully align with the expert-defined criteria,
which identified pulp firmness as the primary indicator of ripeness.
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Table 5.11: Confusion matrix of the RF model applied to the Pitaya Dataset, eval-
uated across five postharvest time points (0, 7, 14, 21, and 25 days).

Prediction
Ground truth 0days 7 days 14 days 21 days 25 days
0 days 9 2 0 0 0
7 days 1 6 0 0 0
14 days 0 0 9 1 0
21 days 0 0 4 5 0
25 days 0 0 0 0 5

Table 5.12: Explanation provided by BELLATREX technique applied over two ran-
domly selected samples of the Pitaya test set. The first belongs to the class of
samples analyzed after 21 days and the second belongs to the samples analyzed af-
ter 14 days.

Extracted rule sample weight=1.00 Initial estimate =
119 (0.22, 0.21, 0.25, 0.17, 0.14)
Instance Split test Prediction
pH = 5.10 pH > 4.85 0.00, 0.00, 0.44, 0.31, 0.26

Titratable Acidity = 0.14
Soluble Solids = 10.80
Titratable Acidity = 0.14
Soluble Solids = 10.80
Moisture Content = 87.50

Titratable Acidity > 0.12
Soluble Solids < 12.70
Titratable Acidity < 0.15
Soluble Solids > 9.10
Moisture Content > 84.66

( )
(0.00, 0.00, 0.56, 0.42, 0.02)
(0.00, 0.00, 0.47, 0.50, 0.03)
(0.00, 0.00, 0.20, 0.73, 0.07)
(0.00, 0.00, 0.00, 0.92, 0.08)
(0.00, 0.00, 0.00, 1.00, 0.00)

Extracted rule sample weight=1.00 Initial estimate =
31 (0.21, 0.19, 0.33, 0.14, 0.12)
Instance Split test Prediction
pH = 4.50 pH > 4.25 0.00, 0.24, 0.42, 0.18, 0.16

Moisture Content = 89.70

Phenolic Content = 0.69

Titratable Acidity = 0.22
pH = 4.50

Moisture Content < 89.71

Phenolic Content > 0.62

Titratable Acidity > 0.19
pH < 4.75

( )
(0.00, 0.18, 0.47, 0.21, 0.15)
(0.00, 0.20, 0.53, 0.23, 0.05)
(0.00, 0.83, 0.17, 0.00, 0.00)
(0.00, 1.00, 0.00, 0.00, 0.00)

5.3.3 Pitaya Dataset

On the Pitaya dataset, the RF model with 100 trees achieved an accuracy of 80.95%
and an Fl-score of 80.61%. As reported in the confusion matrix (Table 5.11), the
model correctly classified 34 out of 42 test samples, demonstrating reasonable effec-
tiveness in predicting ripeness levels based on the available chemical features.

In Table 5.12, the application of BELLATREX is demonstrated on two randomly
selected examples: the first belonging to the 21-day class and the second to the
14-day class. Unlike the studies on the Carambola and Papaya Datasets, the Pitaya
Dataset consists solely of chemical features. As in previous cases, the vector rep-
resentations of the selected rules were projected onto two dimensions and grouped
into a single cluster. The two rules presented in the table exhibit similar charac-
teristics for each example. For instance, pH emerges as a particularly significant
classification feature in the first case, as it effectively eliminates certain classes when
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Table 5.13: BC for DPG predicates of Table 5.14: LRC for DPG predicates of

the RF trained on Pitaya Dataset. the RF trained on Pitaya Dataset.
Predicate BC Predicate LRC
Phenolic Content > 0.72 0.1646 pH < 4.85 2.1466
Titratable Acidity < 0.18 0.1042 Soluble Solids > 9.47 2.0335
Titratable Acidity > 0.11 0.0993 pH > 4.75 1.9887
Phenolic Content > 0.62 0.0868 pH > 4.85 1.9483
pH > 4.85 0.0854 Moisture Content > 84.77 1.9477
Phenolic Content > 0.6 0.0849 Soluble Solids < 13.18 1.9368
pH < 4.85 0.0686 Soluble Solids > 10.42 1.9336
pH <5.35 0.0660 Moisture Content > 85.33 1.8730
pH > 5.16 0.0605 Moisture Content > 82.4 1.8596
Phenolic Content < 0.72 0.0565 Phenolic Content > 0.62 1.8556

involved in models’ decisions.

Table 5.13 presents the most important predicates of the DPG, ranked by their
BC values. The predicates with the highest indices correspond to the features titrat-
able acidity, phenolic content, and pH. Conversely, Table 5.14, which highlights the
most significant predicates based on LRC, identifies pH, soluble solids, and moisture
content as the most prominent features. A comparison of the two XAI methods re-
veals that certain features play a predominant role in classifying the ripeness levels
of pitaya. While many features are identified as more or less relevant, pH clearly
emerges as the most influential variable in the model’s final classification. In par-
ticular, the pH value of 4.85 is consistently highlighted by both DPG and BELLA-
TREX, marking it as a critical feature—value pair for classifying a large portion of
the dataset samples. The pH of pitaya changes during its shelf life due to biochem-
ical, microbiological, and physiological processes, making it a reliable indicator of
quality. Enzymes within the fruit contribute to the degradation of organic acids over
time, leading to a reduction in acidity, especially as the fruit ripens. The central role
of pH, both as the most frequently used and most influential feature in the model,
confirms the effective functioning of the RF model in accurately classifying pitaya
fruit based on meaningful indicators.

5.4 Conclusion

This study applied two XAI techniques, namely DPG and the BELLATREX, to
improve the interpretability of Al models for fruit ripeness classification. Using real-
world datasets (Carambola, Pitaya, and Papaya), we demonstrated the effectiveness
of these methods in providing both global and local (glocal) explanations.

The proposed RF models successfully classified the maturity stages of all three
fruits based on physicochemical features, achieving near-perfect accuracy for Caram-
bola and Papaya, and solid performance for Pitaya. The use of XAI techniques
confirmed model reliability by offering clear and interpretable insights into FI and
decision logic.

By embedding explainability into Al-driven decisions, this approach supports
critical supply chain functions, including quality control, traceability, and compli-
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ance with food safety standards. For example, in the Papaya dataset, the model’s
reliance on visual features such as hue and physical attributes like pulp firmness
may direct stakeholders to actionable decisions related to packaging and logistics.

Moreover, understanding ripeness stages enables more efficient fruit utilization.
For instance, ripe fruits can be prioritized for immediate distribution, while less
mature ones are suitable for processing. Interpretable models enable stakeholders to
make informed and proactive choices, supporting transparency and accountability.

In sum, this work highlights the value of combining AI with “glocal” XAI methods
to promote interpretability, reliability, and ethical decision-making in high-stakes
domains such as food safety and public health.

Future work could extend this framework to integrate loT-enabled real-time mon-
itoring systems, enabling more proactive and dynamic quality control. Additionally,
the methodology could be generalized to other perishable goods, broadening its
impact on global food supply chains.






Chapter 6

Extending Decision Predicate
Graphs for Isolation Forest

In this Chapter, we extend DPG to introduce a novel, model-specific XAl technique
that provides a global explanation of iForest.

An ML pipeline encompasses the entire process from raw data to model deploy-
ment and final outputs. These pipelines consist of several interconnected stages.
The initial stages focus on understanding the dataset and enhancing data quality,
as the integrity of the inputs significantly impacts the model’s performance in later
stages. This preliminary work is referred to as preprocessing and includes various
techniques, such as cleaning duplicate records, correcting inconsistent labels or units,
and handling missing data and outliers. Thorough preprocessing minimizes noise
and bias, leading to more stable model performance. This phase often utilizes Al
methods that may not be entirely transparent. For example, the iForest algorithm is
commonly used to identify outliers in a dataset. As a tree-based ensemble method,
its decision-making process can be clarified through DPG, which helps explain how
outliers are detected.

Section 6.1 introduces the need for transparency in predictive models and pre-
processing methods such as outlier detection with iForest. In Section 6.2, we review
existing methods that provide explanations for the iForest algorithm. Section 6.3
formalizes our new technique, detailing its construction and the insights that can
be derived from the resulting explanation. Section 6.4 presents the method through
three case studies, illustrating its functionality and benefits. In Section 6.5 we dis-
cuss the limitations of the approach and outline possible improvements.

The content of this Chapter has been published in [39]

6.1 Introduction

Most current XAl techniques primarily focus on elucidating predictive models, of-
ten overlooking the need to address the entire data processing pipeline. This partial
focus can result in incomplete explanations of the context, potentially obscuring crit-
ical aspects of data handling and preprocessing. As Lipton [142] argues, a holistic
approach to explainability is essential for the credibility and utility of ML solutions.
Similarly, authors advocate for a shift towards transparent ML ecosystems, where ev-
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ery pipeline component, from data preprocessing to model decision-making, is made
transparent [107, 275]. More robust, trustworthy explanations can be constructed by
ensuring XAl techniques encompass the entire pipeline. Data preparation and trans-
formation models before training a predictive model demand clarity equal to the last
one for several reasons, including transparency, reliability, and regulatory require-
ments [253]. Firstly, transparency in preprocessing enhances the understandability
of the data manipulations that occur before model training [255]. By understanding
how data is cleaned, normalized, and selected during preprocessing, users can iden-
tify potential sources of bias or errors that might affect the model’s performance.
Furthermore, this process enables the detection and mitigation of data-acquisition
issues, such as systematic errors and noise, and supports enhancements to the over-
all system pipeline. Finally, clear documentation and explanation of all stages of
data handling, including preprocessing, ensure compliance with these regulations
and promote trust and reliability [297].

Among many preprocessing algorithms, iForest [143] stands out for its straightfor-
ward approach and its effectiveness in swiftly handling outliers in high-dimensional
data. However, the core mechanism of iForest, which relies on random selection
of features and split points to isolate outliers, introduces stochasticity that can
sometimes yield ambiguous or non-intuitive results [125]. Consequently, providing
explanations for iForest’s decisions is essential, as it allows users to understand and
trust the logic behind outlier identification, particularly when dealing with complex
datasets. These explanations not only help validate the outliers detected by iForest
but also aid in fine-tuning the model by revealing potential biases or errors intro-
duced by the randomness in the selection process [187]. SHAP [148] is currently
used to explain the behaviour of the iForest model by providing insights into how
features influence its predictions. In contrast, the Depth-based Isolation Forest Fea-
ture Importance (DIFFI) [35] method employs a tailored approach that leverages
iForest’s internal structure to compute FI. However, both methods provide local
explanations that use a FI vector to illustrate the model’s decision-making process
for identifying individual samples. While effective, these approaches primarily focus
on feature-level contributions, neglecting the structural and logical complexities of
the iForest ensemble.

To overcome the limitation of providing only a vector of FI, we propose a novel
DPG-based method to elucidate the logic and intrinsic properties of the iForest
ensemble. Building on the principles of the DPG technique, our method converts
the iForest model into a graph, enabling us to exploit its structural properties and
leverage established mathematical theories to elucidate the outlier-detection process.
The proposed method is global, as it explains the entire decision-making process of
the iForest model, revealing general patterns and the feature interactions that drive
the whole model’s logic. This approach provides a mixed-type explanation, as done
in other research [155, 224], by integrating a visual representation of the model’s
decision-making process with a new quantitative metric, the IOP-Score, which as-
sesses each feature’s contribution to outlier detection. By extracting relationships
and decision paths within the ensemble, our method enhances model interpretability
and delivers actionable insights into its internal mechanisms, surpassing traditional
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explanation techniques. This work contributes in the following ways:

e Comprehensive global explanation of iForest: we propose a method to explain
the iForest model, including details on feature boundaries for both inlier and
outlier samples.

e The IOP-Score: a novel metric that quantifies a node’s tendency to propagate
toward either the inliers or outliers to enhance interpretability by distinguishing
discriminative from neutral predicates in the iForest.

e Graph-based interpretability: by integrating DPG, we introduce a graph-based
structure that models the isolation logic, such as feature influence on isolation
depth and decision paths, enabling a detailed understanding of the detection
process.

The results are derived from synthetic and well-established datasets to demon-
strate the method’s potential. However, we emphasize that the approach is gener-
alizable, indicating its broad applicability across various related scenarios.

6.2 Literature Review

The literature presents several post-hoc XAI methods designed to interpret the
iForest model. Post-hoc XAI methods are applied after training to provide inter-
pretability without altering the model’s internal structure, thereby preserving its
performance. According to Speith [254], we can distinguish the model-agnostic XAI
methods, such as SHAP [148], which can be applied independently of the underlying
model, from the model-specific method, tailored for specific models or model classes.

Considering proposals using SHAP, Rachwat et al. [215] proposed an improved
iForest algorithm that dynamically excludes attributes based on SHAP indices, re-
sulting in enhanced prediction accuracy and better feature selection. In their ap-
proach, SHAP values are used to quantify the importance of each feature, and models
are iteratively trained with one feature excluded at a time. The final anomaly score
of iForest is computed as a weighted average of these models’ anomaly scores, where
the weights are derived from the absolute SHAP values, prioritizing features with
higher SHAP values and reducing the influence of less relevant ones.

Liu and Aldrich [144] introduced the iForest-RF-SHAP framework, a novel ap-
proach for anomaly detection and explanation in coal data, which combines iForest,
RF, and SHAP. This framework outperformed traditional methods, such as principal
component analysis, while offering detailed insights into variable contributions.

Finally, there are some XAI methods that are model-specific for iForest and are
introduced in |7, 35, 125].

Kartha et al. [125] developed a method specifically designed to explain iForest
outliers predictions by assigning a vector of FI weights to each attribute, indicating
its contribution to the anomaly detection process. These weights are computed
by analyzing how much each attribute contributes to isolating a data point within
the iForest trees, with higher weights associated with shorter path lengths. The
result is an explanation vector that reflects the relative importance of each feature
in determining the anomaly score.
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Arcudi et al. [7] introduced Extended Isolation Forest Feature Importance (Ex-
IFFT), a method designed to deliver global and local explanations for iForest. ExIFFI
uses FI metrics to explain outliers detection comprehensively, offering a detailed per-
spective on how individual features contribute to the model’s predictions. The FI
metrics are computed by analyzing the projections of the hyperplane’s normal vec-
tor at each node in the isolation trees and weighting them based on the degree of
imbalance in the data split, favoring nodes where the sample falls into the smaller
partition, thus attributing greater importance to features that isolate outliers more
effectively.

Carletti et al. [35] presented DIFFI, a method tailored for iForest. DIFFI pro-
vides global and local interpretability by analyzing how features influence the depth
at which outliers are isolated in the decision trees. This method explains the anomaly
detection process and enables unsupervised feature selection, a valuable tool for han-
dling high-dimensional data in outliers detection problems.

Despite the advancements in explaining iForest models using methods like SHAP,
ExIFFI, and DIFFI, a significant gap remains in providing detailed interpretability
regarding the values, intervals, and specific characteristics of inliers alongside out-
liers. This lack of explanation motivates the development of the DPG-based method,
which aims to address these limitations.

6.3 DPG-based explanation for Isolation Forest

We propose a novel post-hoc method based on DPG, a model-specific XAI tech-
nique designed to understand the decision-making process of the iForest model. An
overview of our proposed approach can be seen in Figure 6.1. Subsection 6.3.1
provides an in-depth explanation of each step.
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iForest Algorithm

Outliers

(o2}
£ o))
» C c
model > S =
S g
o E 3
el
!l 000 : :
@ = ®
Dataset 0 ] %) 2
[ =
“ (2] ey
| OOO g g
=
[
D > ' s
S =
<

M

Figure 6.1: Overview of the proposed approach: iForest DPG representation. Predi-
cates are represented as triples (f, o, v) and are color-coded (green, blue, and pink).
The output is the DPG showing the decision-making process of the iForest model,
highlighting the two classes into which the data is classified: “Inliers” or “Outliers”.

DPG converts the tree-based ensemble model into a graph and uses that structure
to provide a global explanation grounded in graph metrics while also visualizing the
decision process. We extend this idea to iForest by transforming the model to
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examine how the dataset is processed and how outliers are identified. In contrast to
FI methods that produce vector rankings, the proposed approach exploits the graph
to reveal decision paths, feature interactions, and hierarchical dependencies. This
approach improves interpretability by capturing the inner workings of the iForest
model, highlighting the key decisions and the most frequently used features for
outlier identification. It provides a comprehensive global mixed-type explanation
by combining a visual representation of the model’s entire decision-making process
with a metric that quantifies the relevance of each feature.

In this section, we detail the construction of our technique and present an in-
depth explanation of its components. Additionally, we discuss the necessity of this
technique, its advantages, and the key insights it offers into the model’s behavior.

6.3.1 Proposed Global Explainability

Applying iForest: To construct the explanation, we begin with the iForest model
trained on the dataset. The objective is to comprehend the model’s decision-making
process and identify features differentiating inliers from outliers. The model’s output
consists of the observations classified as outliers. These observations are assigned
labels: “Outlier” if the model classifies them as such, and “Inlier” otherwise.

DPG-based strategy: Following the DPG proposal, we examine the internal
nodes of each tree-based learner in iForest, which contain the dataset’s split rules
used to construct the predicates defined in DPG. These predicates are represented
as triples (f, o, v), where the sign (o) can be either > or <. Subsequently, each
training sample traverses each tree. We identify all predicate lists satisfied by the
samples in each tree-based learner. Each list is then extended by appending the
label previously assigned to the observations: “Outlier” if the list results from an
outlier’s traversal of the tree, and “Inlier” otherwise. As a result, each observation
is associated with a set of predicate lists.

Adapting to an iForest DPG: To align with the principles of iForest, which
classifies observations that reach the maximum tree depth as inliers, we eliminate
all predicate lists that exceed the trees’ maximum depth from the outlier sets. This
step is crucial because iForest identifies outliers based on their early isolation, i.e.,
when an observation becomes separated in a leaf before reaching the maximum
depth. Since observations that reach this depth may not be truly isolated or may
not exhibit outlier characteristics, their removal prevents ambiguity that could lead
to their misclassification as inliers.

After generating the predicate lists, we further refine them by removing the values
(v) from each predicate triple, resulting in pairs of the form (f, ). From now on,
we will refer to these pairs as predicates.

This abstraction is necessary because iForest selects the split value (v) randomly
at each node and for each tree. As a result, the exact triples (f, o, v) are typically
unique to individual trees and are not shared or reused across trees. Aggregating
predicates at the level of (f, o, v) would therefore hinder cross-tree analysis and
reduce the generalizability of the method. By focusing on the feature and direction of
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the split only, we retain a meaningful and aggregable representation of the isolation
patterns across trees.

Weighting iForest DPG: Using the predicate lists, we construct a weighted di-
rected graph that represents the entire model. The predicates serve as the nodes
of the graph. A node is connected to another if, within the predicate lists, the
predicate in the first node is immediately followed by the predicate in the second
node. This ensures that the connection represents the sequential order in which the
predicates are satisfied during a decision tree’s traversal. The graph’s edges repre-
sent the frequency with which the pair of predicates stored in the connected nodes
appears consecutively in the predicate lists, with the order preserved. The result-
ing graph shows two classes: “Outlier” and “Inlier”, with their respective predicates
distinguished by their frequency and position within the model logic.

Cleaning iForest DPG: We can observe that when there is a significant imbal-
ance between the number of outliers and inliers, adjusting the frequency calculation
becomes necessary to ensure a fair comparison between the two classes. Predi-
cates satisfied by outliers appear considerably less frequently than those satisfied by
inliers. Consequently, identifying the distinctive predicates of each class becomes
particularly challenging due to the low frequency of those associated with outliers.
We, therefore, introduce a weighting system for the frequencies. For each dataset
instance that traverses the model, the transition between two consecutive predicates
contributes differently depending on the class assigned to the data point. If the in-
stance is classified as an outlier, its contribution to the frequency is multiplied by
a weight w,. Otherwise, its contribution is multiplied by a weight w;. The weights

are defined as:
o No_'_Ni o N0+Ni

W; e —
No 9 1 N,L Y

where N, and N; denote the number of outliers and inliers in the dataset, respec-
tively. We can, therefore, state that the transition between two consecutive predi-
cates satisfied by an outlier has a weighted frequency equal to w,, while that satisfied
by an inlier has a weighted frequency equal to w;. The weight of an edge is calcu-
lated as the sum of these weighted frequencies; for brevity, we refer to this sum as
the weighted frequency of the edge.

(6.1)

Wo

Towards Explanation. Once the graph is constructed, we define a new metric
called the IOP-Score, quantifying a node’s tendency to lead toward either the “Out-
lier” or “Inlier” class. This score is calculated as the difference between the frequency
of data transitions from a node toward the “Inlier” class and those toward the “Out-
lier” class, normalized by the total frequency of data transitions entering the node.
This normalization ensures the score accounts for the node’s overall context, pro-
viding a balanced measure of its tendency to propagate toward either class. So, the
IOP-Score for a generic node v is defined as:

IOP-Score(v) = W, (6.2)
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where f;(v) is the frequency of the edge connecting node v to the “Inlier” class, f,(v)
is the frequency of the edge connecting node to the “Outlier” class, and f;,(v) is the
sum of the frequencies of all edges entering node v.

e If IOP-Score(v) = 1, the node is fully associated with the “Inlier” class, meaning
its frequency results exclusively from transitions toward the “Inlier” class. In
other words, the predicate appears only in predicate lists generated by inliers
traversing the model.

e If IOP-Score(v) = —1, the node is entirely associated with the “Outlier” class,
with its frequency stemming solely from transitions toward the “Outlier” class,
indicating that the predicate appears only in predicate lists generated by out-
liers.

e If IOP-Score(v) = 0, the node is considered neutral, as there is an equal fre-
quency of transitions toward both the “Inlier” and “Outlier” classes.

In summary, an IOP-Score close to 0 indicates that the node is non-discriminative,
while values near 1 or —1 signify predicates that strongly characterize one of the
two classes.

Outlined in Algorithm 2, the proposed approach is presented in pseudocode to
enhance clarity and understanding.

Algorithm 2: iForest as a graph for DPG-based Explanation.

Input: Trained iForest model I F', Dataset D, maximum depth of trees
dmazx

Output: iForest DPG

1 Initialize empty graph G;

2 foreach base learner iTree (iT) in I1F do

Extract split rules defining predicates (f, o, v);

foreach training sample s traversing iT do

Record satisfied predicate lists;

if s classified as outlier then

L Label list as “Outlier”;

else
9 L Label list as “Inlier”;

4 0 oA w

0]

10 Remove paths of predicates exceeding tree dmax for outliers;
11 Transform predicate lists to pairs (f,0);

12 foreach predicate pair (p;,p;) appearing consecutively do

13 L Create directed edge (p; — p;) with frequency weight;

14 Apply class-based frequency weighting using ComputeFrequencyWeights();
15 return G;

6.3.2 Understanding the Explanation Process

The proposed technique is designed to capture the key concept underlying iForest.
In iForest, outliers are isolated more rapidly than inliers, requiring fewer splits to
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Table 6.1: DPG and their Implications for Outlier /Inlier interpretation.

Component Implication for Outlier /Inlier Detection

Node (Predicate) Represent a decision made to identify a sample
as an inlier or outlier pathway based on feature
and condition.

Weighted Edge Indicates how frequently a decision path is
used. Thicker edges leading to outliers high-
light important anomaly detection features.

Node (Terminal) Base on classified samples as inliers or outliers,
helping identify critical predicates for outliers
separation.

IOP-Score Predicates with negative IOP-Scores corre-

spond to features that play a major role in iso-
lating outliers, while positive values indicate
features that help define inlier boundaries.

separate them from the rest of the dataset. Although selecting features and associ-
ated values at each split is random, outliers differ from inliers for certain features.
These key features play a role in the splits that lead to the isolation of outliers.
Our XAI method’s purpose is to identify the features that differentiate outliers from
inliers and understand their role in IF’s decision-making process. Representing the
process as a graph enables visualization of predicate sequences leading to each class,
highlighting the typical paths of outliers. By incorporating information about the
sign of the predicates, the method enables the interpretation of the direction of the
constraints imposed by the model—that is, whether a feature contributes to the
isolation of outliers by surpassing a certain threshold. Moreover, using the IOP-
Score—calculated for each node of the graph—quantifies the relative contribution
of features in distinguishing between the two classes. A low value of this metric indi-
cates that the corresponding predicate is essential for isolating outliers, emphasizing
that the outlier nature of observations depends on specific features. This aspect un-
derscores the importance of correctly interpreting these features within the context
of the application domain and the need to consider potential data errors that may
affect the identification of outliers. Furthermore, the weight of the edges connecting
the nodes—proportional to frequencies—indicates whether the predicates are imme-
diately effective at distinguishing outliers, such as when outliers are easily separated
along a feature, or whether they contribute indirectly by forming decision paths that
require additional splits to isolate an outlier. By combining the graph structure with
IOP-Score, the proposed technique provides a global and interpretable explanation
of the model. It illustrates not only which features are used but also how and with
what frequency they contribute to isolating outliers.

Table 6.1 summarizes how to interpret the DPG structure to understand its
implications for outlier and inlier classification.
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6.4 Experiments

This section demonstrates the novelty and contributions of our DPG-based approach
to explaining the iForest. We utilized a synthetic dataset to construct challenging
outliers featuring multiple attributes across various scales. Additionally, we em-
ployed a benchmark dataset to facilitate a fair comparison with other techniques.
This benchmark dataset was also used in the original iForest study. We conducted
a comprehensive analysis, utilizing both visualizations and interpretations provided
by our method.

Our implementation was developed in Python, leveraging a suite of libraries to
facilitate outliers detection, visualization, and data processing. The scikit-learn
library [205] was utilized for the implementation of the iForest algorithm, while
Graphviz enabled the visualization of the DPG! | enhancing the interpretability
of the decision-making process. To promote reproducibility and facilitate further
research, the complete source code is publicly available on GitHub?.

6.4.1 Synthetic datasets

To analyze our XAl methods, we generated two synthetic datasets. Each dataset
contains 200 data points characterized by six numerical features (denoted as Fj,
where i ranges from 1 to 6), all forming a single-cluster distribution. We introduced
outliers by randomly selecting samples and modifying specific feature values accord-
ing to predefined rules. Each outlier is generated by altering two and four feature
values from a randomly selected sample among the available ones. Each alteration
is performed by rescaling the original value by a factor of 4 or 5 times the standard
deviation of that feature computed over the entire dataset. The resulting dataset
exhibits clearly defined outliers, distinct feature variations, and a balanced level of
complexity, making it well-suited for assessing explanation techniques in outliers de-
tection. We trained an iForest model with 200 trees for each study case to identify
outliers. Since our focus is on XAl-—where the primary objective is to explain the
model’s decisions rather than optimize predictive accuracy—the exact number of
trees is not relevant to our scope. Therefore, we chose 200 trees to ensure robust
and stable predictions.

Synthetic dataset with one outlier.

The first dataset was generated by modifying four features of one sample, as reported
in the Table 6.2, thereby producing a single outlier among 200 samples. In Figure 6.2,
we present a pair plot of the first synthetic dataset, where we can observe that the
single outline stands apart from the clustered inliers.

The modified sample was correctly identified as an outlier by the iForest model.
Then, applying our technique, we obtained iForest DPG, as shown in Figure 6.3,
where the classes outliers and inliers are distinguished by different colors. For each
node, the IOP-Score was computed and represented by its color—these scores are
summarized in Table 6.3.

Tmplementation available at: https://github.com/LeonardoArrighi/DPG
2Implementation available at: https://github.com/Math0097/DPG-\gls{iforest}


https://github.com/LeonardoArrighi/DPG
https://github.com/Math0097/DPG-\gls {iforest}

86 Chapter 6. Decision Predicate Graphs for Isolation Forest

Table 6.2: Sample 0 is the outlier in the first synthetic dataset. The table presents
both the initial and final values of the modified features for this sample, along with
the specific modifications applied to introduce the outlier.

Outliers  Feature Initial Value Final Value Alteration

F, ~2.12 2.29 +4.41
F 4.05 ~0.76 —4.81
F, —6.01 —0.93 +5.08
jol —7.21 ~1.88 +5.33
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Figure 6.2: Two-dimensional representation of the first synthetic dataset. The
dataset comprises 200 samples with six numerical features and one outlier.

By examining an in-depth view of the iForest model’s internal process, we can
observe that some nodes exhibit IOP-Score values below 0, indicating an associ-
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Figure 6.3: Global representation of the iForest model as a DPG for the first syn-
thetic dataset. Fy >, F5 >, and F{ > have low IOP-Score, and the edges connecting
them with “Outlier” class are thicker, highlighting the model’s use of these features
to isolate the outlier present in the dataset.

Table 6.3: IOP-Score values assigned to each predicate (node) extracted from the
DPG graph of the iForest model for the first synthetic dataset. The scores quantify a
node’s propensity to distinguish data toward the inliers (positive values) or outliers
(negative values) class.

Predicate IOP-Score

Fy <= 0.1427
Fy <= 0.1406
F5 <= 0.1336
F5 > 0.1304
> 0.1129
Fy <= 0.0985
Fy > 0.0807
F <= 0.0426
Fy <= 0.0091
Fy > —0.1202
F5 > —0.1362
Fy > —0.1580

ation with the “Outliers” class. The nodes with the lowest scores contain partic-
ularly meaningful predicates—mnamely, Fy >, F5 >, and Fy >—which correspond
to the features altered to create the outliers. The > sign indicates that, for the
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Table 6.4: The first column lists the outliers in the second synthetic dataset. The
table shows the initial and final values of the modified features for these samples,
along with the specific modifications applied to introduce the outliers.

Outliers  Feature Initial Value Final Value Alteration

Sume 0 —1.86 1.67 +3.53
amplie F 8.92 12.84 +3.93
Soole 1 Fy —2.19 1.34 +3.53
P £ 4.74 0.78 —3.95

£, 212 92.99 +4.41

F 4.05 —0.76 —4.81

Sample 2 F —7.91 —~1.88 +5.33
F, —6.01 ~0.93 +5.08

cunes B 9.21 13.13 +3.93
P F 0.95 —2.90 —3.84

outlier, these feature values exceed those of inliers, a fact further supported by the
Figure 6.2. Moreover, the edges connecting these nodes to the “Outlier” class are
thicker, reflecting higher weighted frequencies; this suggests that the model consis-
tently employs splits based on these predicates as final decision points to isolate
outliers. In contrast, nodes involving predicates on Fj, despite it being one of the
modified features, do not have low IOP-Score values and are not closely associated
with the “Outlier” class. This indicates that F5 does not consistently separate the
irregular sample from inliers, though it does contribute to the isolation process on
several occasions. Finally, the remaining nodes with IOP-Score values above 0 are
predominantly involved in splits that classify points as inliers.

Synthetic dataset with four outliers.

The second dataset is created by modifying four randomly selected samples accord-
ing to the previously described rule, as detailed in Table 6.4. Figure 6.4 presents
an overview of the entire dataset, highlighting four outliers. Unlike the previous
dataset, this one is more complex because each outlier is generated by modifying
different features. As a result, each outlier can be individually distinguished by a
specific set of features, meaning that no single split can separate all outliers from
the inliers.

The trained iForest model successfully distinguished the modified samples as out-
liers. Moreover, features exhibiting consistent directional changes, such as increases
in Fy and Fj or decreases in F3, are more readily distinguishable than others. Sim-
ilarly, as for the previous dataset, we applied our technique to explain the iForest
process. The model is converted into the DPG shown in Figure 6.5, where the classes
“Outlier” and “Inlier” are distinguished by different colors. For each node, the IOP-
Score is computed and represented by its color—these scores are summarized in
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Figure 6.4: Pairplot of the second synthetic dataset. The dataset comprises 200
samples with six numerical features, and four samples have been modified by altering
between two to four.

Table 6.5.

Our technique helps interpret the inner logical process of the iForest model. In
this scenario, outliers are less distinct from inliers and require the combined influence
of multiple features to be isolated, making the model’s structure more challenging to
interpret than the previous case. Nevertheless, our representation and the IOP-Score
provide valuable insights. We can observe that some predicates have an IOP-Score
below 0, so they are strongly connected with the “Outlier” class. In particular, the
nodes with the lowest IOP-Score are F'O0 >, F3 <=, and F'1 >, which comprehend
the features deliberately altered to create the outliers; these predicates are critical
for the model to distinguish outliers. The thicker edges connecting these nodes to the
“Outlier” class further underscore their frequent use in splits that isolate irregular
data points. Moreover, the directional signs in these predicates reveal how the model
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Figure 6.5: The global representation of the iForest model as a DPG for the second
synthetic dataset shows that, while the contribution of specific features in identifying
outliers is not very clear in this case, we can observe that Fy >, F} >, and F3 <=
have low IOP-Score. This confirms the model’s effectiveness in isolating outliers.

Table 6.5: IOP-Score assigned to each predicate (node) extracted from the DPG
graph of the iForest model for the second synthetic dataset. The scores quantify
a node’s propensity to channel data toward the inliers (positive values) or outliers
(negative values) class.

Predicate IOP-Score

F <= 0.0884
Fy > 0.0881
Fy <= 0.0872
Fy <= 0.0710
Fy <= 0.0553
B> 0.0542
s> 0.0112
Fy <= 0.0112
Fy > 0.0084
> —0.0257
[y <= —0.0316
Fy > —0.0494

leverages the features—Figure 6.4 clearly shows that multiple outliers are isolated
using these key splits. In addition, although Fj, F5, and Fj are also modified, their
IOP-Scores are slightly above 0, indicating that splits involving these features do not
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consistently lead to outlier isolation. Finally, the remaining nodes, with IOP-Score
values above 0, are primarily involved in splits that classify points as inliers.

6.4.2 Annthyroid dataset

To evaluate the performance of our XAI methods in a real-world scenario, we used
the Annthyroid dataset, which is widely adopted in the literature on outlier detection
as a benchmark [86, 87]. The dataset represents thyroid function measurements,
including hormone levels, biochemical indicators, and patient demographics. Each
row corresponds to a patient sample, with multiple attributes capturing relevant
physiological parameters. It consists of six numerical features (excluding the binary
features) and 6916 samples. The features explored include Age, which provides
demographic context; Thyroid-Stimulating Hormone (TSH), a critical regulator of
thyroid function; T8, TT/4 (Total Thyroxine), and Free Thyroxine Index (FTT),
which measure hormone concentrations in the blood; Thyroxine Uptake (74U),
which helps assess hormone-binding activity. The dataset consists of two classes:
normal (inliers) and anomalous (outliers), where the latter correspond to thyroid
disorders. The class distribution is highly imbalanced, with normal cases forming the
majority and anomalous instances accounting for only 3.61 % of the total samples.
The Annthyroid dataset is available in the UCI ML repository in the medical domain
[126].

We applied our proposal to obtain an iForest model (using 200 iTrees) into a
DPG and obtained results similar to the literature [87]. The explanation can be
appreciated in Figure 6.6, where nodes represent predicate-based decision points
while edges indicate the flow of decisions through these conditions. Thicker, darker
edges correspond to frequently used decision paths, highlighting influential features,
whereas lighter edges represent less significant decisions. TSH feature serves as a
strong predicate point, with a high TSH value (TSH >) directing the flow toward
the outlier node (red box). This indicates that high T'SH levels are a significant
factor in identifying thyroid anomalies with a superior limit. Similarly, a low T'SH
value (TSH <=) redirects the flow through additional feature-based decisions before
reaching a final classification. The thin edges entering the T'SH > node also imply
that this feature alone is usually sufficient to separate outliers from the rest of the
dataset. In contrast, the T8 > feature necessitates further subdivision.

The IOP-Score, in Figure 6.6, represented by the color scale at the bottom,
provides further insight into how strongly each predicate affects outlier and inlier
identification. Red-shaded paths and nodes indicate a high probability of leading to
an outlier classification, while blue-shaded paths and nodes suggest a strong inlier
association. T'SH > is once again revealed as a highly important factor in outliers
detection. The other predicates make a slight contribution, primarily serving to
delineate the boundaries of inlier behavior. More details about the obtained 10P-
Score is available in Table 6.6.

Notably, as observed in Table 6.6, the node with the lowest score corresponds
to the predicate TSH >. This is particularly significant, as its highly negative
score, along with the thick edge connecting it to the “Outliers” class, suggests that
the model frequently relies on this feature to isolate outliers. Similarly, the node
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Figure 6.6: Global representation of the iForest model as a DPG structure for the
Annthyroid dataset. The predicate with the lowest IOP-Score is TSH >, which
also has the thickest incoming edge in the “Outliers” class. This indicates that the
model frequently uses this feature to isolate outliers.

Table 6.6: IOP-Score assigned to each predicate (node) extracted from the DPG
of the iForest model for the Annthyroid dataset. The scores quantify a node’s
propensity to channel data toward the “Inlier” (positive values) or “Outlier” (negative
values) class.

Predicate IOP-Score

TSH <= 0.0965
T3 <= 0.0846
TT4 <= 0.0776
Age > 0.0683
T4U <= 0.0573
FTI <= 0.0556
T4U > 0.0551
Age <= 0.0515
TT4 > 0.0354
FTI > 0.0323
T3 > —0.0282
TSH > —0.2429

containing the predicate 7'3 > also has a negative score, though closer to zero,
indicating that while it contributes to outlier detection, it often requires additional
splits to effectively isolate outliers. Finally, the remaining nodes, with IOP-Score
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values above 0, are primarily involved in splits that classify data points as inliers.

6.5 Limitations and Extensions

While the proposed approach comprehensively explains the iForest model using
DPG, some limitations must be acknowledged. The transformation of iForest into a
graph structure introduces additional computational complexity, mainly when deal-
ing with high-dimensional datasets containing many trees. This complexity also
leads to scalability issues, as constructing and analyzing the DPG for large-scale
iForest models can be memory-intensive, necessitating optimization techniques for
practical deployment. Furthermore, although DPG provides a structured represen-
tation of the model, interpreting the graph structure in highly complex datasets
requires complementary visualization techniques to enhance clarity. Additionally,
while existing XAI methods, such as SHAP and DIFFI provide alternative explana-
tions for iForest, a more in-depth comparison with these techniques is necessary to
establish the specific advantages and trade-offs of DPG. Another important consid-
eration is that the method relies on predicates extracted from iForest’s split rules,
which may not always capture subtle feature interactions.

To address these challenges, future work will focus on optimizing graph construc-
tion techniques, improving scalability, and integrating additional interpretability
metrics to enhance the usability of DPG-based explanations. The method aims to
identify key features that differentiate outliers from inliers by visualizing decision
paths in a graph. The incorporation of predicate signs allows for an interpretation of
whether a feature contributes to outlier isolation by surpassing a threshold. Com-
bining the graph structure with the IOP-Score enables a global understanding of
the model’s decision-making process, shedding light on important features and their
role in detecting outliers.

6.6 Conclusion

In this work, we introduced a novel approach for explaining the iForest model using
DPG. The DPG-based explanation provides a structured and interpretable represen-
tation of the outlier detection process. It offers a global perspective on the model’s
behavior and logic. Our approach addresses a gap in the explainability of tree-based
ensemble models by extending the capabilities of traditional FI methods, such as
SHAP and DIFFI, which primarily focus on local or vector-based explanations. The
DPG allows for comprehensive visualization of decision paths, enabling users to in-
terpret the isolation logic of iForest with greater clarity. Additionally, introducing
the IOP-Score ensures that critical predicates contributing to outlier detection are
effectively distinguished from those relevant to inliers. This paper contributes to the
field of XAI by providing a transparent and interpretable method for understand-
ing outliers detection models, offering a highly extensible approach for accurately
identifying outlier behavior.






Chapter 7

End-to-End Explainability with
Decision Predicate Graphs

In this Chapter, we illustrate the practicality of a complete end-to-end ML pipeline
that is fully explainable through the application of the XAl techniques developed in
this thesis.

The knowledge gained from this thesis project has highlighted the importance of
creating a transparent pipeline. The techniques we developed, including DPG and
the new method for explaining iForest, are valuable for implementing two funda-
mental Al-based steps that we have already addressed in this project: preprocessing
and final prediction. These techniques enhance the reliability and interpretability
of both processes.

However, we did not conduct the final analysis on a problem related to food
quality assessment. To enhance the reliability of our results and tackle issues related
to the availability of a dataset that accurately represents a real-world scenario, we
chose to focus on a well-known and proven problem in a field where we recognized
the need for XAl measures, specifically in finance.

Section 7.1 outlines the role of explainability in finance and reviews applications
of existing techniques, setting them in relation to our proposal. In Section 7.2 we
describe the proposed method and the stages of the pipeline. Section 7.3 presents the
experimental study on the financial dataset, including an initial data examination.
Section 7.4 reports the results and discusses the main insights obtained through
explainability methods.

The content of this Chapter has been published in [11].

7.1 Introduction

Al is increasingly applied across diverse fields, with finance emerging as a prominent
domain due to AD’s versatility, risk-management capabilities, and its power to detect
patterns in heterogeneous data sources [138, 185]. Despite their remarkable perfor-
mance, many Al models operate as “black boxes”, making their internal decision
processes opaque. Understanding these processes in finance and other high-stakes
industries is essential for ensuring trust, compliance, and reliability. XAI techniques
are more used to reveal how complex models make decisions. Recent work has begun
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to address this need in loan default prediction. Bracke et al. [29] applied Quantita-
tive Input Influence with SHAP [148] to quantify feature impacts and identify key
drivers of mortgage defaults. Babaei et al. [17] integrated a SHAP-based feature
selection into RF models [31], yielding accurate and interpretable predictions for
small and medium enterprises lending. More recently, Li and Wu [135] combined
RF with SHAP to enhance predictive performance and highlight the most influential
risk factors.

To avoid repeating the earlier discussion, we summarize the key point clearly.
XAT should encompass the entire ML pipeline, starting from data preparation and
continuing through to evaluation, rather than focusing solely on the final predictions.
Decisions made during preprocessing—such as how to handle outliers, mitigate bias,
and correct errors—can significantly impact the outcomes of the model. Therefore, it
is essential to adopt a transparent approach that documents and justifies every stage
of the process, from the raw data to the final predictions. This transparency is crucial
for enhancing regulatory compliance and building user confidence {107, 142, 297|.

In this study, we used DPG to explain both the preprocessing stage—specifically,
outlier detection and removal via iForest in the DPG-based extension—and the final
RF classifier. Our objective is to leverage the two DPG-based techniques to under-
stand how each feature impacts outlier detection in the financial dataset through
iForest, while also identifying potential biases in the preprocessing stage. Addition-
ally, we analyze the RF classifier by highlighting its most informative DPG metrics.
Together, these capabilities create a modular framework that employs DPG-based
XALI techniques across these two critical phases of the pipeline. In a financial set-
ting, this approach not only clarifies why a credit-scoring model flags an applicant
as high risk but also traces how upstream cleaning steps influence the final outcome.
This transparency enhances trust, especially in environments governed by regula-
tory frameworks such as the European Union’s GDPR, which mandates the right
to explanation in automated decision-making [226]. Furthermore, DPG provides in-
terpretable, logic-based representations that compliance officers and domain experts
can readily review without deep technical expertise, ensuring our framework delivers
true end-to-end explainability. The main contributions of this proposal are:

e QOutlier Detection and Explanation: We use iForest to detect and remove out-
liers, then apply DPG-extended to iForest to produce a global, feature-level
explanation of their detection, clarifying each feature’s impact and uncovering
potential biases during data cleaning.

e Model Training and Explanation: We train an RF model on the cleaned data
and then apply DPG to generate a unified, ensemble-level explanation that
visualises each tree’s combined decision pathways.

7.2 Proposed Approach

Figure 7.1 illustrates the proposed framework’s workflow, from data preprocessing
to model prediction, using DPG in our financial case study context. The pipeline
begins with a raw dataset, which is first processed by an outlier detection algorithm,
specifically, iForest. As seen, iForest is an unsupervised algorithm that recursively
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partitions the feature space, exploiting the fact that outliers, being both rare and
distinct, require fewer random splits to be isolated and thus identified. During this
preprocessing phase, a DPG-based explanation for iForest is generated to provide
interpretable insights into the logic behind the removal of irregular data points,
ensuring interpretability in the early stages of data handling. The resulting clean
dataset is then passed to a model training phase, where an RF classifier is employed
to perform credit risk assessment. Moreover, with the IOP-Score it is possible to
compute the tendency of a predicate to lead toward the isolation of an outlier,
thereby providing a nuanced view of how specific features influence the model’s
outlier identifications.

> Machine Learning Pipeline >

Clean
Dataset

Preprocessing

Model Training

Random Forest

Explainable
Decision-making
Model

Raw

Dataset Isolation Forest

'
* “Explaining Outlier Cleaning Logic======================-=cccccc--------l

Figure 7.1: Overview of framework using DPG within an ML pipeline. DPGs are
applied at both the preprocessing stage (iForest) and the model training stage (RF).

A second DPG is used to capture and explain the model’s internal decision logic,
highlighting the contribution of different features and their combinations to the
final predictions. In fact, DPG leverages graph-theoretic metrics to provide insights
into the tree-based ensemble model. It uses BC and LRC: BC identifies bottleneck
nodes at critical decision points, while LRC assesses the influence of each node by
measuring how its effects spread through the graph.

It is worth remembering that both techniques are represented as weighted directed
graphs, where each node corresponds to a predicate and each edge is weighted by
the frequency with which training samples satisfy the two predicates in sequence.

By composing predicates into graph structures, our framework captures the log-
ical flow of decisions across the entire pipeline while also enabling graph-theoretic
insights. The aim of the proposed approach is to addresses a key limitation of con-
ventional XAI methods, which typically focus only on local explanations of model
predictions, by offering a global and stepwise explanation that spans the entire ML
pipeline.

7.3 Methods

Due to the privacy and accessibility constraints commonly associated with real-world
financial datasets, we synthesised a dataset that simulates realistic consumer loan
application scenarios while preserving reproducibility. The dataset contains n = 400
samples, each characterised by four features and a binary ApprovedLoan label. The
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generation procedure was designed to reflect plausible demographic and financial
distributions observed in credit risk assessment contexts':

e Income (Income): Modelled using a log-normal distribution with a log-mean
corresponding to $60 000, and a moderate dispersion (¢ = 0.4). This choice
reflects the heavy-tailed nature of income in the population. Generated values
were clipped to lie within the $20 000-$150 000 range to avoid extreme outliers.

e Credit Score (CreditScore): Sampled from a Gaussian distribution centered at
680 (standard deviation of 70) and truncated between the typical credit scoring
bounds of 300 and 850. This ensures a realistic spread of creditworthiness
scores.

e Marital Status (MaritalStatus): A categorical variable drawn from a discrete
distribution with the following probabilities: Single (0.4), Married (0.5), and
Divorced (0.1). These proportions are consistent with general demographic
statistics in adult populations.

e Number of Dependent Children (NumChildren): Modelled using a Poisson dis-
tribution, with the expected number of children conditioned on marital status—
lower for single applicants (A = 0.5), higher for married (A = 1.2), and moderate
for divorced (A = 1.0). Values were clipped to the [0, 5] range to reflect typical
household sizes.

A latent loan approval score was computed as a weighted sum of the input vari-
ables:

Score = 0.00001 Income + 0.005 CreditScore + 0.3 Wntarried
+ 0.2¥pivorced — 0.15 NumChildren + €

where € ~ N (0,0.1) is an additive noise term. The approval probability for each
application was then computed using the logistic sigmoid function, centred around
the number of samples to calibrate approval rates:

1
1+ exp (—(Score — 4.5))

The binary ApprovedLoan label was computed from a Bernoulli distribution using
Probgpprovai- After synthesising the dataset, we introduced 20 controlled outliers by
randomly selecting observations and increasing only their credit-score values beyond
the normal range, while leaving all other features unchanged to simulate a system
error. The dataset is available here.? The iForest model is ran with 100 trees. The
RF model is trained using 100 trees. To evaluate the impact of outlier removal, we
trained two RF models on different datasets: one on the full training set (including
iForest-identified outliers) and one on the training set after excluding those outliers.
We had split the data so that 20% of the inliers served as a common test set, and
we trained both models on the remaining 80%. We then evaluated both models on
the same test set to compare their performance.

PTObapproval =

!The features appear in brackets as they were coded in the dataset and are then used in
subsequent steps to improve readability.
’https://github.com/LeonardoArrighi/DPG-Pipeline
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7.4 Results and Discussion

Global representation of the Isolation Forest as a Graph
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Figure 7.2: The global representation of the iForest model as DPG shows that the
predicate most commonly used by the model to identify outliers is CreditScore >.
This predicate has the lowest IOP-Score value and the highest frequency of edges
leading to the “Outliers” class. This finding is expected, considering that this feature
is specifically modified to generate outliers in a controlled manner.

Following the described pipeline, we first ran iForest, obtaining a set of data
points identified as outliers. Applying the DPG-based technique to explain the
iForest model (Figure 7.2) reveals that CreditScore and Income are the most deci-
sive features: thicker, darker edges correspond to frequently traversed paths that
highlight influential features, while thinner, lighter edges indicate less significant
splits. The IOP-Score, shown on the colour scale below Figure 7.2, quantifies each
predicate’s impact on outlier detection. Paths and nodes shaded in red denote a
high likelihood of outliers classification, whereas blue shading indicates strong as-
sociation with the inlier class. Predicates such as CreditScore >, NumChildren >,
and MaritalStatus > exhibit slightly negative IOP scores (—0.0475, —0.0204, and
—0.0018, respectively), indicating a mild inclination toward directing observations
to the Qutlier class. In contrast, the remaining predicates—MaritalStatus <=
(0.0238), Income > (0.0510), NumChildren <= (0.0545), Income <= (0.0673), and
CreditScore <= (0.0958)—present positive IOP scores, suggesting they predomi-
nantly govern splits that classify observations as inliers.

We classified the dataset as Approved or Not Approved using the RF models, as
described in Section 7.3. We then evaluated both models on the same test set and
presented their performance in the confusion matrices of Table 7.2.

The model trained without outliers achieved a modest but significant accuracy
improvement—reaching 90.79%—which confirmed that removing outliers could en-
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Table 7.1: IOP-Score assigned to each predicate (node) extracted from the DPG
of the iForest model for the Annthyroid dataset. The scores quantify a node’s
propensity to channel data toward the “Inlier” (positive values) or “Outlier” (negative
values) class.

Predicate IOP-Score
CreditScore > —0.0475
NumChildren > —0.0204
MaritalStatus > —0.0018
MaritalStatus <= 0.0238
Income > 0.0510
NumChildren <= 0.0545
Income <= 0.0673
CreditScore <= 0.0958

Table 7.2: Confusion matrices that depicted the performance evaluations of the RF
models with 100 base tree learners, trained on the dataset with outliers (a) and on
the cleaned dataset (b).

(a) With outliers: accuracy 88.16% (b) Cleaned dataset: accuracy 90.79%
Prediction Prediction
Ground truth | Approved Not Approved Ground truth | Approved Not Approved

Approved 25 6 Approved 27 4
Not Approved 3 42 Not Approved 3 42

Table 7.3: Top ten predicates ranked by their DPG metrics for a 100-tree RF model:
(a) sorted by BC on the left; (b) sorted by LRC on the right.

(a) BC evaluation (b) LRC evaluation
Predicate ‘ BC Predicate ‘ LRC
MaritalStatus <= 0.5 | 0.166 Income <= 76830.5 9.122
NumChildren > 0.5 0.134 Income <= 99761.5 9.116
NumChildren <= 0.5 0.106 Income <= 103462.5 9.032
MaritalStatus > 0.5 0.090 Income <= 75031.5 8.864
MaritalStatus > 1.5 0.076 Income <= 72786.5 8.531
NumChildren <= 1.5 0.069 Income <= 77720.5 8.524
MaritalStatus <= 1.5 | 0.066 NumChildren <= 0.5 8.504
CreditScore > 640.5 0.058 Income > 48467.0 8.490
NumChildren > 1.5 0.055 Income > 50170.0 8.439
NumChildren > 2.0 0.043 CreditScore <= 627.0 | 8.188

hance predictive performance. Given RF’s inherent robustness to outliers, the gain
was small yet consistent.

After training the RF model, we explained it using DPG. As noted in [10], visu-
alising complex ensembles with many tree-based learners is difficult, yet the derived
metrics offer valuable insights into the model’s decision mechanism.
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The BC metric highlights potential bottleneck nodes, i.e., splits shared by many
trees. As shown in Table 7.3a, the top features by BC are MaritalStatus and Num-
Children. This result is expected, as both variables take on only a handful of dis-
crete values, making them natural split points across the ensemble. In particular,
the model relies mainly on splits at low values of these variables, underscoring that
having children and being single strongly influence decisions. The third most cen-
tral feature is CreditScore, whose split occurs near the data median; this threshold
almost bisects the dataset into the two classes.

The LRC metric identifies the predicates that drive the RF’s decision flow most
critically. Table 7.3b ranks high-income splits on Income at the top, indicating that
many model decisions depend on this feature. Unlike BC, MaritalStatus and Num-
Children do not appear among the top LRC predicates—except for NumChildren
<= 0.5, which still emerges as a key boundary—reflecting their lesser direct impact
on the final classification.

7.5 Conclusion

This work introduced a framework for end-to-end explainability in ML pipelines,
tailored to the financial domain. By integrating DPG with both outlier detection
via iForest and classification using RF, we demonstrated how interpretable logic-
based representations can clarify the influence of data preprocessing decisions and
model predictions alike.






Chapter 8

Conclusion

In this final Chapter, we present the concluding thoughts of the thesis. We sum-
marize the contributions of the doctoral work in Section 8.1, outline its limitations,
and highlight open research directions that offer opportunities for future develop-
ment and complementary solutions in Section 8.2.

8.1 Contributions

In this thesis, we recognized the importance of explainability in Al applications to
make the decision-making of algorithms understandable in high-risk settings. This
need reflects growing expectations for reliability and transparency, as shown by
European regulation through the GDPR and the AI Act. These qualities are be-
coming prerequisites for deploying Al systems, especially where safety, compliance,
and public trust are involved. The food supply chain is one area where Al is in-
creasingly adopted. In this context, quality and safety decisions must be accurate
and interpretable end-to-end, from data preparation to model output.

As the first step of this thesis, we conducted an analysis of the existing literature
on XAI applications in one of the most critical stages of the food supply chain: food
quality analysis. Our structured review revealed a fragmented body of literature and
a distinct gap between food engineering practices and XAI methods. To address this
gap, we proposed a domain-aware taxonomy that categorizes applications based on
food quality tasks and data modalities. This taxonomy provides a common language
for food scientists and data scientists. Our synthesis clarifies where explainability
is currently adding value and where it is still lacking, establishing a foundation for
ongoing progress in the field.

The analysis revealed that tabular data encoding physicochemical measurements
are rarely utilized in XAl and food quality analysis. However, this type of data is
relatively easy to collect in large quantities and can be effectively processed using
tree-based ensemble models, such as RF or XGBoost. These models are particularly
valuable due to their robustness and low computational cost during the training
phase. Therefore, tabular data combined with tree-based ensemble models provides
a solid foundation for developing a reliable pipeline in the field of food quality
analysis.

From the literature review, we also found that techniques that offer a global ex-



104 Chapter 8. Conclusion

planation for tree-based ensemble methods are few and nonspecific, although this
type of explanation offers a complete overview of the model’s decision-making pro-
cess, thus indicating potential biases, errors in the learning process, or potentially
useful insights. Building on these premises, we introduced the DPG, a novel, global,
model-specific technique for tree-based ensembles. DPG converts an ensemble into
a directed, weighted graph of predicates, enabling graph-theoretic analyses such as
centrality and community detection. DPG overcomes a core limitation of local meth-
ods by exposing, at the ensemble level, which feature threshold combinations drive
decisions. We demonstrated these benefits empirically and outlined possibilities for
scaling and extension.

We then applied the method in a real-world scenario: fruit quality analysis. Using
tabular physicochemical features, RF achieved strong performance on ripeness clas-
sification across three different fruit datasets (carambola, pitaya, and papaya), while
DPG (global) and BELLATREX (local) together delivered “glocal” interpretability.
In addition to performance, the explanations showed the method’s validity, high-
lighting, for instance, the importance of pH and related factors in pitaya maturation.
This establishes a connection between the model’s logic and the mechanisms in the
domain, as well as operational decisions in the supply chain.

We discussed that end-to-end Al explainability must also include transparent pre-
processing. To achieve this, we extended DPG to iForest algorithm, providing the
first global explanation—using DPG with an IOP-Score—of how outliers are identi-
fied, and distinguishing predicates that drive isolation from those that characterize
inliers. This approach addresses a common oversight: while models are often ex-
plained, the data-cleaning processes that shape them remain opaque. Our extension
makes the early stages of the pipeline as interpretable as the final predictor.

Finally, because suitable food-quality datasets were not accessible during this
work, we validated the approach in another high-stakes setting: finance. We assem-
bled a fully explainable pipeline, applying DPG both to iForest-based outlier cleans-
ing and to RF credit scoring. The case study shows how the XAI techniques clarify
cleaning decisions and classifications, supporting compliance, model-risk manage-
ment, and stakeholder trust. As food datasets become available, the pipeline is
ready to be transferred back to food engineering with appropriate adaptation.

8.2 Limitations and Open Research Directions

In this study, we found that DPG is an effective method for providing a global
interpretation of tree-based ensemble models. However, we also identified several
limitations that could guide future research. The current implementation of DPG
can be computationally intensive, especially when dealing with large forests and
extensive datasets. As the size of the ensembles increases and the complexity of
the predictions grows, both the construction of the graphical representations and
subsequent analyses become more complicated. Therefore, enhancing scalability is
a top priority. Optimizing the code and developing a comprehensive library would
make it possible to implement DPG on an industrial scale.

In situations like the ones described, another practical limitation often occurs
when models are trained on high-dimensional datasets. In this scenarios, the graph
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becomes overly dense, which limits its usability. Our focus will be on creating an
interaction-based visualization and arranging the graph nodes differently to enhance
clarity and readability. The objective is to develop a tool that remains navigable and
informative, even when dealing with large feature spaces and numerous predicates.

Another important point to consider is that the DPG was developed and validated
specifically for classification tasks. Extending its application to regression would
broaden its scope significantly, allowing for end-to-end explanations in scenarios
where continuous quality attributes need to be predicted.

The DPG structure is a complex object that can be used to explore deeper
metrics. In addition to the centrality and community measures already examined,
we plan to develop new metrics that can enhance the model’s explanatory power
and provide further insights.

The thesis presented specific use cases to support the discussion and validate
the methods: classification of fruit ripeness using tabular physicochemical data and
an end-to-end pipeline for financial risk assessment. With the knowledge gained
from the literature review, we plan to apply the developed techniques to other case
studies, such as novel food products, as well as to other food quality analysis tasks,
including traceability and food safety.

Due to the unavailability of suitable food quality datasets during this work, the
end-to-end pipeline was completed and validated in the financial domain. The next
immediate step is to transfer the entire pipeline—DPG for preprocessing with iFor-
est and DPG for the predictive model—from the financial domain to the food do-
main. This process involves reproducing the outlier cleaning explanations and global
classifier-level explanations using real production data, as well as stress-testing the
approach against the regulatory and operational constraints typically found in food
processing plants.

To facilitate this, the next step is to implement the pipeline within a certified food
supply chain. We plan to deploy the pipeline in compliance with established stan-
dards, ensuring that DPG explanations are integrated with existing documentation,
traceability systems, and workflows for managing non-compliance. This will require
alignment with new regulations promoted by the European Commission, transform-
ing the explanations into evidence that is suitable for auditors and regulators.

Finally, to encourage adoption, we plan to release reference implementations
along with benchmarks, evaluations using various XAI metrics, and clear defaults
for large-scale environments.
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