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”Remember that all models are wrong; the practical question is how wrong do they have to
be to not be useful. ... all models are approximations. Essentially, all models are wrong, but

some are useful. However, the approximate nature of the model must always be borne in
mind... To find out what happens to a system when you interfere with it you have to interfere

with it (not just passively observe it).”

GEORGE E. P. BOX
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RESUMO

Inteligência Artificial (IA) é um tema na moda atualmente. Machine Learning (ML) é a área mais comum
de aplicação de IA, e como o nome indica, o objetivo é fazer com que a máquina aprenda.

Essa aprendizagem pode ser a simulação de tarefas repetitivas do Homem, para, por exemplo, testar
cenários hipotéticos ou até mesmo substituir a mão de obra humana. Pode inclusivamente, ser uma
simulação a nível físico como a nível mental, ou seja, envolver o deslocamento de algum objeto, ou ainda
o raciocínio ou o resultado deste de um indivíduo.

Estes sistemas inteligentes podem até superar o intelecto do Homem. No entanto, é necessário haver
restrições da sua aplicação em determinados domínios mais sensíveis onde exista um direito à explicação,
como refere o Regulamento Geral sobre a Proteção de Dados 2016/679 (RGPD), em que qualquer decisão
que tenha por base um sistema inteligente tem de ser justificada.

Como refere o Regulamento Europeu para a Inteligência Artificial, principalmente no ponto 3.5,
o uso de IA pode afetar significativamente um elevado número de fatores relacionado com os direitos
fundamentais do ser humano. Existe, portanto, a necessidade de assegurar o direito à dignidade humana,
respeito pela privacidade, não discriminação e igualdade de género. É necessário garantir também que
todos os intervenientes afetados por um sistema de IA tenham as mesmas condições de trabalho e de
segurança.

De facto, grande parte das aplicações de ML têm como intuito auxiliar o ser humano, como, por
exemplo, ajudar o gestor de alguma empresa a tomar uma decisão e/ou explicá-la. O problema é que os
algoritmos conhecidos por oferecerem uma melhor performance, tais como redes neuronais que são uma
abordagem inspirada no funcionamento do sistema nervoso dos mamíferos, são também aqueles cujo
funcionamento ou o porquê de tomarem determinadas previsões é mais difícil de decifrar.

Nesse sentido, motivado pelas novas normas do RGPD e por questões éticas, e com um caso real de
aplicação no domínio de deteção de fraude fiscal, um dos objetivos deste trabalho é explicar o porquê
das previsões elaboradas pelos algoritmos conhecidos por black-box. Não obstante, o trabalho pode ser
aplicado a outros algoritmos em que falte a componente explicativa, e outros domínios que necessitem de
uma decisão apoiada numa explicação.

A solução proposta é o desenvolvimento de raiz de um sistema inteligente na área XAI (Explainable
Artificial Intelligence), que seja incorporado e contribua para um sistema de ML já existente com
justificações plausíveis e transparentes sobre as previsões dadas por outros modelos de ML.

Outro desafio destes sistemas inteligentes é a necessidade de um constante retreino de modelos, dado
que novos dados chegam ao sistema, para não ficarem obsoletos com o tempo por já não conseguirem
eficazmente realizar uma previsão. Contudo, uma maior quantidade de dados não significa necessariamente
novos padrões, correndo-se o risco de se desperdiçar recursos a re-treinar um modelo cuja performance
não é superior à sua anterior versão.

Para abordar este problema, propõe-se o uso de meta-learning para prever a performance de um
modelo de ML com base nas características do dataset (caracterizadas por meta-features). Resumidamente,
será construído um meta-modelo com base nas meta-features de vários datasets, que terá a capacidade de
prever uma métrica de erro de um futuro modelo de ML, e.g. RMSE, MSE, R², MAE, incluindo o tempo
que demora a treinar o modelo, permitindo assim decidir quanto ao re-treino ou não do modelo.

Este conjunto de serviços para ML permitirá desenvolver melhores modelos, quer do ponto de vista
ético, quer do ponto de vista da sua eficiência.

Palavras-chave: Interactive Machine Learning. Meta-Learning. Error Prediction. Explainable
Artificial Intelligence.
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ABSTRACT

Artificial Intelligence (AI) is a fashionable topic these days. Machine Learning is the most common
application of AI, and it’s widely used in many domains in order to give predictions and help a decision
agent to decide. The problem is that the algorithms that are known to offer better performance, such as
neural networks, inspired by the human brain, are also more difficult to understand.

Therefore, it’s necessary to have restrictions of its application in more sensitive areas in which there is
a right to an explanation, as stated in the General Data Protection Regulation 2016/679 (GDPR).

In this sense, motivated by the new rules of the GDPR and by ethical issues, one of the objectives
of this work is to explain why of such algorithms known as black-box make certain predictions. The
proposed approach can be applied to other algorithms that lack the explanatory component, and in domains
that need a decision supported by an explanation.

The proposed solution is the development of an intelligent system from scratch in the field of
Explainable Artificial Intelligence (XAI), which is incorporated into and contributes to an existing ML
system with plausible and transparent justifications about the predictions given by the other ML models.

Another challenge of these intelligent systems is the need for constant re-training of models, given that
new data are always arriving, so that they don’t become obsolete over time. However, a greater amount of
data not necessarily means new patterns, running the risk of wasting resources on re-training a model
whose performance is not better to its previous version.

To address this problem, we propose the use of meta-learning to predict the performance of a ML
model based on dataset characteristics (meta-features). In short, a Meta-model is constructed based on
the meta-features of many datasets, which will have the ability to predict an error metric of a future ML
model, e.g. RMSE, MSE, R², MAE, including the time it takes to train the model, thus making it possible
to decide on re-training or not the model.

This set of services for ML will allow developing better ML systems, from the point of ethical view
and its efficiency.

Keywords: Interactive Machine Learning. Meta-Learning. Error Prediction. Explainable Artificial
Intelligence.
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Chapter 1

Introduction

The recent growth of Machine Learning (ML) on business tasks and value-added operations is undeniable.

Machine Learning algorithms have outpaced human decision performance in many domains, and this has

convinced decision makers to rely increasingly on them [1]. Thus, Machine Learning is nowadays used in

virtually all spheres of our existence, controlling our routines in pervasive and transparent ways, and often

used to take decisions that have a measurable impact in our lives[2, 3].

The increase in the use of ML has been accompanied by the increase in the volume of data used.

Generally, the more complex the problem/domain is and the larger the dataset, the more complex the

models learned are. This poses two main challenges: 1) models are harder to understand and interpret

by human decision-makers; and 2) the training of models becomes more expensive in terms of time and

resources.

The first challenge poses an interpretability problem: a human user obtains a decision/prediction from

a model, but often lacks the necessary information to properly judge and evaluate the outcome. Namely,

"how good is it?", "how good are neighboring decisions?", "what is the rationale behind it?", "how does

the model behave and how can it’s behavior be understood and predicted?". This is especially true when

so-called black box models are used, such as Deep Learning, or ensembles such as Random Forests.

Coincidentally, these are among the most popular models nowadays.

The second challenge is related to efficient resource management in Machine Learning [4]. Indeed, as

the size of datasets increases, so do the necessary resources to train the models and the corresponding costs

[5], both in terms of infrastructure/services, time and energy. These costs are also higher in data streaming

scenarios or in domains with concept drift [6]. In these cases, frequent updates of the model are necessary,

to ensure that it remains up to date with recent data. On the one hand, this encompasses significant costs as

the training of models are computationally intensive tasks. On the other, it may ultimately be impractical,

if the training of the model takes so much time that it is already outdated when it is finished.

In this work, we propose an integrated approach to deal with both these challenges. While the approach

is generic, it is instantiated for a specific case study on tax fraud detection. The key takeaways from this

work are thus:

• We propose a way to build instance-level explanations for any Machine Learning model, using a

proxy explainable model that does not require access to the original data but only to the model

being explained;
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• Explanations are symbolic in the sense that they are based on the concepts of the domain, thus

being easier to understand by Human practitioners;

• We propose an approach for predicting model performance, that is especially useful for deciding

when to update a model in data streaming scenarios.

1.1 Explainability in Machine Learning

Machine Learning problems and algorithms have been growing in complexity in the past years, mostly

due to the increase in the volume and complexity of data. As a consequence, models and their behavior

are increasingly harder to fathom by Humans.

This creates challenges for researchers, regulatory bodies of industry-specific applications and other

decision makers where there is a need to guarantee principles such as non-discrimination, adhering to

regulations, complying with scientific domain, or following certain legislation.

Thus, the ability of human agents to understand the decision process of models or the rationale

behind their predictions is nowadays a common requirement in the field of Machine Learning. It has

been addressed by a relatively recent field known as eXplainable Artificial Intelligence (XAI) [7]. While

XAI is a very broad field that can encompass multiple knowledge domains, in this dissertation we focus

on the aspects more related to Machine Learning models. In this scope, it is important to first make the

distinction between two important terms: explainability and interpretability.

While these concepts are often used interchangeably, they represent different notions according to the

direction in which information flows [8, 9]. Explainability relates to the ability of the model to detail why

and how a given prediction is being made, or how the model behaves internally. Interpretability, on the

other hand, is the ability of the human user to understand the explanations provided. Asides from these,

the research community has put forward other desirable properties such as transparency - the ability to

visualize the inner workings of the model, the ability to use domain-knowledge in the explanation, or its

scientific consistency [9].

Depending on the requirements, there can also be varying degrees of explanation. For instance, it is

possible to explain a decision process without actually understanding the model which generated such

decision, or the intricate relationships between cause and effect in the decision process [1]. An example is

the use of saliency maps to explain the classification of an image: while such an explanation may be used

to understand a prediction, it is not helpful to understand how a Deep Learning model works.

Building explanations is naturally easier in some models, namely those based on statistical or rule-

based algorithms (e.g. Decision Trees). It is much harder and less intuitive in the so-called “black-box”

models (e.g. Deep Learning), that are characterized by high complexity and abstraction levels.

Nonetheless, different approaches are being undertaken in both explainable and black-box models.

These approaches are sometimes specific to a given algorithm, or generic and applicable to a broad range

of them.

One of the most interesting examples is the use of counterfactuals or evidence based on the inter-

pretability of the model. These require a deep understanding of the Machine Learning model being

used and how changes in the input may alter the outcome [10]. These decisions are characterized by the

complete categorization of a specific decision and how the decision would be altered given some changes

in the input.
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This is a generic idea which may have different implementations depending on the algorithm being

studied. In the literature this approach can be found in linear classification algorithms [11], where a linear

Machine Learning algorithm is exploited to find how changes in coefficients or inputs change the final

decision, as well as in black box models such as multilayer perceptrons [12].

Indeed, explanations are often more valuable when it comes to black box models, as there is here,

clearly, a trade-off between interpretability and accuracy [13]: models that are generally more accurate,

such as Deep Learning, are usually also harder to explain. As a consequence, when interpretability and/or

explainability are critical project requirements, other less accurate models are often used.

New explainable methods can, however, allow for these complex models to be explained and thus

allow their use even in domains where explanations are critical. A common strategy is to use an additional

or external algorithm or methodology to provide the necessary explanation, while still using the underlying

original model.

Examples of generic and domain-agnostic approaches that follow this strategy are LIME [14] and

SHAP [15]. LIME approximates inputs to predictions using a local linear explanation model while SHAP

uses metrics represented by SHAP values to denote the expectation of the prediction change in the model

based on a determined feature. LIME and SHAP are not mutually exclusive and can be used together [15].

These approaches have been used to explain algorithms’ decisions in fields such as intrusion detection

[16] or anomaly detection [17].

Other approaches are dependent on the type of black box algorithms being explained. For instance,

in the case of imagery and neural networks, the DeepLIFT [18] approach tries to explain which are the

most relevant pixels in an image through the analysis of the weight activation in a neural network alike

algorithm. Layer-Wise Relevance Propagation [19] is yet another neural networks specific method that

interprets the predictions similarly to DeepLIFT. More detailed examples will be discussed in section 2.2.

There are, however, additional concerns to be taken into consideration especially when it comes

to streaming scenarios, in which ML algorithms must not be stationary in time but be updated. This

creates additional concerns with model deployment and adds the need to monitor models and audit models

throughout their lifecycle. Even more specifically, there is a need to guarantee that local and global

explainability and model trustworthiness is maintained between deployments [20].

Explainable AI will always have to be a two-way road, in which models need to be able to explain

decisions in a way that human users can understand them. While some types of explanation can be generic

and apply to any problem, domain-dependent ones are probably more valuable as they will add insights

that are specific to that problem, and thus more relevant to support decision-making. This is related with

the notion of completeness, which is the extent to which an explanation allows a complete understanding

of all the domains for each attribute in the decision-making process [21].

The general perception is that all models can be explained to some extent. However, some are easier

to explain than others. In any case, explanations should consider the mental model of the user and the

domain of the application, something that is not always considered by existing methods. This is the

approach to explainability followed in this work, which will be further detailed in chapter 4.

1.2 Measure the Quality of a ML Model

Every Machine Learning model needs data. Thus, this is a fundamental part of the system. More often

than not, the quantity and quality of the data determines the success of an algorithm. In fact, the Machine
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Learning community knows that usually more data beats better algorithms. E.g., in a Netflix challenge,

one team of students, using a very simple algorithm, almost beat the accuracy of Netflix’s proprietary

algorithm by adding more information about the movie genres from IMDB [22]. On the other hand,

more data does not always result in a better model, as more data does not mean more quality data [23].

Especially when it comes with increased costs [24].

Thus, there is a need to know when more data are good to a ML model and when not, as it has a big

effect on the model performance. Also, it can be as good to have some kind of function that for all the data

that we have for a particular problem, what are and how many do we have to incorporate in the training of

a ML model in order to have the best possible model for that problem and provide efficient predictions. In

a time that ML is applied everywhere, this is a crucial point for the success of an application, specially in

sensitive domains, like prognosticate if some patient has or not some disease.

Until this point, we only discussed one problem: the importance and the effect that data has on ML

algorithms. We were assuming that all data was available at once, then only one ML model was needed.

In the literature, having all data available at once is considered full batch learning [25]. Even in this case,

it can be particular useful to know which of the data available can be the best possible model.

However, the problem gets more difficult in Interactive Machine Learning (IML) and online learning

scenarios, like when the data comes from streaming. In this case, it’s even more important to know if new

data will get a better model.

In the last years, IML has met some advances in different domain areas [26]. In contrast to traditional

one-shot batch systems, in which the model is trained only once, in IML and data streaming scenarios,

one common task is to update or re-train models when data change.

A small period between model updates may lead to a system that adapts faster to changes in the data,

like in concept drift scenarios [27], but also one more sensitive to noise. It will also be a more costly

system in the sense that it will require more computational resources and time for the constant re-training

of the models.

On the other hand, a system with a large period between updates, although requiring less computational

resources, may perform worse over time.

Thus, there is a need to understand how well a model would perform if more data were added to it, to

achieve the best possible model with less data in the shortest amount of time, and consequently with less

computational power. For that, we developed a novel approach to predict the error of a future model using

meta-learning.

1.3 Case Study

Sections 1.1 and 1.2 detailed the relevance of the two main problems being addressed in this work: 1) to

predict the performance of a Machine Learning model before its training; and 2) to explain the predictions

of a model in a way that can be understood by a human. However, nowadays, explanations are not only

desirable from a perspective of interpretability but are starting to become a legal requirement. In the

context of the General Data Protection Regulation (GDPR), the European Union (EU) recently regulated

on algorithmic decision-making and, specifically, addressed the issue of a "right to explanation"[28].

There are particularly sensitive domains in which algorithmic decisions significantly affect one’s life, such

as credit scoring, sentencing, or fraud detection.
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This section describes the Case Study that motivates this work, which is inserted in these sensitive

areas of application of Machine Learning. Specifically, this work was developed in the context of the

Neurat funded project (31/SI/2017 - 39900). One of the goals of the Neurat project is to develop a Machine

Learning environment for tax fraud detection. There are however some particular characteristics, namely:

• There are two types of variable in this problem: static variables (which are obtained through the

feature extraction process from the raw data), and dynamic variables (which are proposed by human

users);

• Labeled data is scarce since most of the dynamic variables cannot be extracted from the raw data and

must be provided manually by human users (some of them reflect subjective or abstract concepts);

• Users’ actions change the dataset over time as they validate the models’ predictions (contributing to

the labeled dataset) or provide their own contribution, for example;

• New raw data is added regularly;

• Models must be updated frequently to adapt to new data. However, new data is not necessarily

different from existing data.

The system can thus be described as a cooperative environment in which ML tools and human experts

(auditors) work together to increase the efficiency of tax audits. However, the use of ML, and in particular

of supervised methods, requires vast amounts of labeled data. The problem is that data can only be labeled

by auditors and, it comes at a high cost: auditors must undergo extensive training and their time is very

limited. As a consequence, they are able to review but a small portion of the transactions of a company,

usually by sampling, and thus provide a small amount of labeled data.

Thus, an Active Learning (AL) approach is being followed to implement it [29]. Generally, AL

approaches aim to make Machine Learning less expensive by reducing the need for labeled data. To

achieve this, a so-called Oracle, which may be a human expert or some automated artifact, is included in

an cycle in which a ML model is continuously improved by training on a growing pool of labeled data. In

this case, the Oracle are the auditors.

However, we introduce several major changes to the "traditional" AL scheme (Figure 1.1). First,

we consider a pool of models rather than a single model. In practice, one model is maintained for each

dynamic variable in the problem. This is necessary since dynamic variables, as opposed to static ones,

cannot be extracted from the raw data. Thus, one model is maintained to predict each variable. When

models are updated, so are the predictions for these variables. Predictions are then validated or changed

by the auditors, in what constitutes one way of incorporating human knowledge into the system.

Secondly, we add an additional input to the Oracle. When assessing one instance of data i, the auditor

has also access to a prediction p for each dynamic variable, and a corresponding explanation e. The

former is provided by each model f associated to each dynamic variable, while the latter is provided by

the Explanation Interface as a result of f(i). Now, when the auditor receives the instance to label (that is,

when the auditor performs an audit action), he also receives the labels proposed by the system for the data

not yet validated, as well as an intelligible explanation for it, tailored for this specific domain.

Finally, we also introduce a fork in the typical AL process in the moment of training new models.

While, typically, models are updated at regular intervals or when a certain amount of new labeled data exist,
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we include a module for predicting the performance of a future model if it is trained with a given dataset.

The goal is to avoid training new models if this is not expected to result in a significant performance

improvement.

Figure 1.1: High-level view of the main elements of the proposed system.

1.4 Objectives

Machine Learning is one of the most trending topics nowadays. The reason is that it is so useful to the

human being that it becomes almost impossible to ignore. Mainly for companies looking for a competitive

advantage in the market. Thus, being more and more present in our everyday life, even if we do not notice

it. What goes even more unnoticed is the fact that every Machine Learning model needs computational

power. And of course, it also needs data. But how much data are necessary to build the best Machine

Learning model possible, and how many times do we need to re-train a model so that it does not become

obsolete as data change? This kind of questions are the ones that can reduce unnecessary costs to a

company.

On the other hand, how useful can a prediction be if no explanation is given? It’s possible to apply

some of the best ML models to any domain and still give an explanation? And what kinds of explanation

a specific application need? These are some of the questions that concern the implementation of an ML

system in a company.

The following objectives try to give an answer to the previous questions and are the purpose that

brings this work to life, they are:

• Implementation of an approach for optimizing the speed of learning in online learning systems;

• Avoid unnecessary training of ML models in streaming data scenarios, using meta-learning;

• Explain the predictions of ML models, mainly those known as black-box, because it is not possible

to extract an explanation of its predictions based on the model.

1.5 Research Methodology

The goals of this scientific research were to develop and test a bundle of services to help build better ML

systems, while reducing costs and taking legal requirements seriously.

However, the authors did not know exactly how to achieve these goals or what to do.
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Thus, a methodology was followed that allows for research but also to act in an iterative way, as is the

case of the Action Research (AR) [30]. It is the perfect methodology for tackling challenging problems,

as it does not plan the entire project, but reflects, acts and observes in light of the latest experiences

(figure 1.2).

Figure 1.2: Kemmis and McTaggart’s action research spiral [31]

1.6 Document Organization

The dissertation is divided into 7 chapters. The first chapter presents the problem we are trying to solve,

and the proposed solution. The second chapter provides the background in the area in which this work is

inserted: Machine Learning (ML), starting by a summary of the five tribes of ML [32], going through

different types of learning scenarios and summarizes what already exists to solve the problems addressed

in this work. Afterwards, chapter three shows the architecture developed to the case study that inspires

this work: a tax fraud detection, nonetheless can be applied in any other domain. Chapter four describes

in detail the Explainable Decision Tree (XDT), how it works and how it can be used with other systems

through its API. Chapter five describes in detail how Model Performance Prediction works, as well as how

it can be incorporated into other ML systems. In chapter six, the results obtained are presented. Finally, in

chapter seven, the limitations of this work and future directions are discussed.
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Chapter 2

State of the art

2.1 Machine Learning

2.1.1 The Five Tribes of Machine Learning

In [32] the author introduces five different approaches and ways of thinking about ML in which we already

have decades of research available, they are: symbolists, connectionists, evolutionaries, bayesians and

analogizers.

For symbolists, all learning can be obtained by manipulating symbols, i.e. like mathematicians solves

equations by replacing expressions with other expressions [32]. In that line of thought, it’s required

presenting some initial knowledge to the system, and it’s possible to transform this knowledge into

learning in order to solve new problems.

Connectionists correctly assume that learning is what a human brain does. So, what they try to do is

reverse engineer it in order to have an artificial brain that can, theoretically, learn as a human brain does.

This is done by adjusting the strengths between artificial neurons in order to bring the output closer to

what it should be [32].

Evolutionary approach is that of natural selection. Indeed, they have an irrefutable argument, that

natural selection made us. So, with genetic algorithms they try to resolve problems the same way nature

does, by crossing and mutating the most adaptive chromosomes.

Bayesians think of all learned knowledge is uncertain and the solution for learning is probabilistic

inference. With this in mind, it’s possible to incorporate new evidence into our beliefs as it increases the

probability of learning [32].

Finally, for analogizers, the recognizing similarities between data plays an important rule in the

learning process, and therefore they judge new events with old events rational.

2.1.2 Types of Learning

Interactive Learning

In what regards the relationship between Human specialists and Artificial Intelligent systems, there are

mainly two trends. The most common one is that the interaction between the Human and the System

occurs at the moment of generating the data. The Human may be involved in the process of data labeling
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and thus contributes to the knowledge that the AI system will model. This is thus an ante-hoc interaction,

that is, before the training of the model.

However, the action of the user is sometimes necessary or desirable during the use of the system.

When this happens in an iterative fashion and leads to an improvement of the models over time through

the interaction with the user, it is deemed Interactive Learning [33]. Interactive Learning is interesting

in several different situations. It may happen in scenarios in which not all the data is available at the

beginning of the process. In these cases, new data may arrive that needs to be labeled by the Human

expert while the system is already in use, and the models need to be updated. It may also happen when

the data changes significantly during the use of the system, a phenomenon known as concept drift [34].

Or, it may happen that the problem we are trying to solve is computationally hard, and the involvement of

Human experts may help speed up or simplify the learning process [35]. Interactive Learning may also be

a solution for scenarios of very large datasets which cannot be dealt with in a single run of an algorithm.

In terms of interaction, and as opposed to traditional Machine Learning systems, this is thus a post-hoc

interaction between the Human expert and the system. That is, the interaction occurs after the training,

through the evaluation of the predictions of the model by a Human expert. The general idea of interactive

learning can thus be depicted as in Figure 2.1: the Human expert analyses the prediction of a model

for a given input and provides her/his feedback, which is then incorporated into the model somehow to

iteratively improve it over time.

Figure 2.1: General diagram of an interactive learning system.

Different approaches exist to integrate Human knowledge and skills into Machine Learning models.

For instance, in [35] the authors modify the Ant Colony Optimization algorithm to allow humans to ”guide”

the learning of the algorithm by playing alongside. The authors used a snake-like game to allow Humans to

play and thus point the algorithm towards a more rapid learning gradient. Interactive approaches have also

demonstrated that even users who are not domain experts can often construct good classifiers, without any

help from a learning algorithm, using a simple two-dimensional visual interface [36]. The authors show

that if a few attributes can support good predictions, users generate accurate classifiers, whereas domains

with many high-order attribute interactions favor standard Machine Learning techniques. Healthcare in

particular, in which datasets are often small, can benefit especially from an Human-in-the-loop approach,

by allowing domain experts to provide knowledge and expertise to datasets which are often so small

that they cannot be used by automated Machine Learning algorithms [37]. Specific applications exist,

including in the annotation of medical imaging [38] or in knowledge discovery in bioinformatics [39].

Sections 1.3 and 3 describes one such Interactive Learning system, developed for the domain of financial

fraud detection.
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Active Learning

As ML is a relatively recent field, there are some incongruities with some concepts in the practitioners.

Active Learning (AL) is often considered to be IML and vice versa. However, AL can also be seen as

a technique for IML by some authors [40]. IML aims to enable non ML experts to train a ML model

through “rapid, focused, and incremental model updates” [41]. AL can contribute to that, as the core idea

of AL is to help ML systems learn without the need of Big Data. This is due to the fact that a Human

agent is asked to give knowledge to the system. This is done by iteratively selecting key instances to be

labeled by an oracle, e.g., a human/data annotator, which job is the categorization and labeling of data for

AI applications.

Figure 2.2: Active Learning [42]

Figure 2.2 shows that after the training of a ML model, some outputs with high uncertainty return to

the unlabeled pool. On the other hand, the human annotates some instances of the unlabeled pool and

input those labelled instances for the training set.

The point of this approach is that the job of a data annotator is reduced to only label the instances that

are highly uncertain by the ML model, thus, avoid classifying those samples with high certainty predicted

by the ML model. Consequently, save effort and cost of a data annotator at the same time that builds a

better ML system with less available data.

Online Learning: Learning in Streaming Scenarios

Current ML algorithms face several issues that stem from the new nature of data (e.g., volume, complexity,

velocity, variety) [43]. One of the most significant is to learn from high-speed streaming data. In these

scenarios, learning becomes continuous, and models are often initially trained with small amounts of data,

and are later updated or re-trained when new data are available.

There are, however, additional issues. Namely, there is the need to decide which data will be used to

train future models or when will future models be trained or updated. There is here clearly a trade-off

between the use of computational resources and how outdated a model is.
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A small period between model updates or re-trains may lead to a system that adapts faster to changes

in the data, but also to one more sensitive to noise. It will also be a more costly system in the sense that it

will require more computational resources and time for the constant re-training of the models. Ultimately,

depending on the complexity of the model and the velocity at which time changes, it may be impossible

to update models in due time.

On the other hand, a system with a large period between updates will require less computational

resources, but may perform worse over time as models become obsolete and no longer reflect the patterns

in the data.

When learning from streaming data, a key assumption from traditional batch ML systems is violated:

that the training and test data are drawn from the same feature space and have the same distribution.

One of the recently proposed techniques for dealing with this is Transfer Learning: the goal is to

extract knowledge from a task and use it to improve learning on a different task. Different elements can be

transferred, including instances, feature representation or parameters. Various approaches exist, including

inductive, transductive and unsupervised transfer learning [44].

These challenges are more significant when there is concept drift [34]. That is, when data, concepts,

variables, or patterns change over time. In these scenarios, algorithms must learn and forget concepts

incrementally, and the act of forgetting becomes as relevant as the act of learning new concepts.

To deal with these scenarios, the notion of Evolving Ensemble has been proposed [45]. This denotes

an Ensemble whose weights are fine-tuned using some optimization mechanism, generally of biological

inspiration (e.g. genetic algorithm) [46]. However, when concept drift is too significant, models eventually

have to be replaced. Adaptive Random Forests address this issue by training a new model in the background

when concept drift is detected, which later replaces the original model [47].

We propose an approach that differs from the previous ones in the sense that our main goal is to

predict the performance of a given model when trained on a given set of data. Thus, rather than updating

models at regular intervals or when a certain amount of new data exist, we provide an additional decision

layer, that is the predicted performance of the future model. The main goal is to avoid re-training a model

if it is not expected to perform better than the previous one, thus more efficiently managing resources.

The following subsection describes the most important concept to predict the performance of a future

ML model: meta-learning.

2.1.3 Meta-Learning

Meta-learning [48] is a rich field, that can be applied to distinct domain areas [49]. For example, in [50]

Meta-Learning was used to give advice about which classification method is appropriate for a particular

dataset.

Many researchers hold different perspectives of what the word “meta-learning” exactly means, but one

of them can be explained as the ability to learn how to learn [48]. In short, meta-learning is an umbrella

term for a system that uses meta-data with the aim to learn more about the data itself.

Other types of learning can be viewed as a type of meta-learning too, such as Ensemble Learning,

that combines several base models in order to produce one optimal predictive model. E.g., the stacking

generalization method [51] works by combining several base-level learning algorithms and using a

meta-level learner to learn a linear function of the models produced by the base-level algorithms.
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Figure 2.3: Meta-learning concepts.

Figure 2.3 presents the concepts that are most related to meta-learning. The list is eclectic and by no

means exhaustive. Therefore, in this section, we describe these concepts with an emphasis on the degree

of relevance to the present work.

Meta-Data

Meta-data is data about data which characterize the original data source. It is widely used for building,

maintaining, and managing data warehouses [52]. In the Data Warehouse Architecture, meta-data plays

an important role as it specifies the source, usage, values, and features of data warehouse data. It also

defines how data can be changed and processed [53].

To understand the importance of this subject and the extents of analyzing together many data from

different sources and domains, one can look at an example by Matt Blaze, an encryption expert who

directs the Distributed Systems Lab at the University of Pennsylvania. Concerning the power and peril of

the meta-data that NSA collects, Blaze states that:

“On a massive scale, when you look at everyone’s metadata, it becomes even more powerful, more

revealing, perhaps, than content. Why? Because unlike with content, there is no real limitation on how

much of it can be effectively processed. . . And the more metadata there is, the more revealing it is.” [54].

Meta-Features

One important concept in meta-learning are meta-features, which are like hyperparameters: parameters

whose values are used to control the learning process. Meta-features are the attributes that bring the

meta-dataset to life.
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The meta-features characterize a dataset and the relation between the available knowledge and the

needed knowledge to build the best ML model in the shortest time possible. Meta-features can be clustered

in categories, namely: (i) features that describe the attributes, (ii) relationships between attributes, and (iii)

relationships between attributes and the target.

Those features can be very simple measures, such as the number of classes or targets, to more complex

ones, such as statistical information (e.g., mean kurtosis of attributes, mean skewness of attributes, etc.) or

information-theoretic characteristics (e.g., noise signal ratio, class entropy, etc.).

Meta-Dataset

Meta-features are used to build the so-called meta-dataset. The meta-dataset is like any other dataset used

to create a ML model, that is composed by the meta-features, that represent the independent variables,

and meta-labels, which represent the dependent variables in the different ML problems.

# meta-feature 1 meta-feature 2 meta-feature 3 meta-label
meta-example 1 0.5 0.7 0.4 1
meta-example 2 0.7 0.6 0.5 0
meta-example 3 0.6 0.5 0.8 1

Table 2.1: Example of a meta-dataset with three rows and columns

The typical structure of a meta-dataset seen in table 2.1 has instances (from now on called meta-

examples) with two types of data. The meta-features characterize a dataset (ML problem), or a part of

one, in terms of the quality and distribution of its data. The meta-labels, on the other hand, contain the

performance metrics of a model trained for that particular ML problem. This makes the correspondence

between data characteristics and resulting model performance, which will then be learned by the meta-

model.

2.2 Explainability

Explanation has been a central feature of AI systems for legal reasoning since their inception [55].

Paradigms underlying this problem fall within the so-called XAI field, which is widely acknowledged as

a crucial feature for the practical deployment of AI models [56]. AI researchers and practitioners have

focused their attention on XAI to help them better trust and understand models at scale [57].

In a legal dispute, there will be two parties and one will win and one will lose. Losers have a right

to an explanation of why their case was unsuccessfull [55]. Given such an explanation, the losers may

be satisfied and accept the decision, or may consider if there are grounds to appeal [55]. Explanation is

essential for any legal application that is to be used in a practical setting [55].

Explainability is a prerequisite for building trust and adoption of AI systems in high stakes domains

requiring reliability and safety such as healthcare and automated transportation, and critical industrial

applications with significant economic implications such as predictive maintenance, exploration of natural

resources, and climate change modeling [57]. The challenges for the research community include [57]:

(i) defining model explainability; (ii) formulating explainability tasks; and (iii) designing measures for

evaluating the performance of models in explainability tasks.
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The right to explanation is viewed as a promising mechanism in the broader pursuit by government

and industry for accountability and transparency in algorithms, artificial intelligence, robotics, and other

automated systems [58]. GDPR does not, in its current form, implement a right to explanation, but rather

what is termed a limited "right to be informed" [58].

The requirement for an explanation can be of two types in what regards their temporal relation with

the training of the model. They can be ante-hoc, when the explanation is a requirement at the beginning

of the project, and an explainable model is used. Or, they can be post-hoc, when the requirement is

established after the training of the model and a black-box model was used.

Explanations can also be model-agnostic, when they are general and ignore the internal structure of

the model, or model-specific, when they depend on the structure of the model. Finally, explanations can

also be categorized according to heir scope: they are deemed local when they explain a single instance of

data or prediction, or global when they explain the behavior of the model [59].

For every type of explanation, there are nowadays techniques or approaches that can be used to

implement them. When explainability is an initial requirement, inherently explainable models can be used

such as Decision Trees [60], Linear Models [61] or Case-based Reasoning [62]. When explanations must

be implemented after the training of the model, several approaches can be used.

Indeed, one common source of ethical problems is the use of complex models, that are difficult to

understand, otherwise known as black-box models. Unfortunately, more accurate models such as deep

learning or ensembles are generally harder to explain [63]. In this regard, deep learning systems are

probably the best examples of black-boxes in the sense that they are the most complex models. Still, as

with any other model, deep learning models can be explained in the sense that it is possible, for instance,

to detail the whole process of training of the model, or to explain a particular prediction in terms of all

the calculations involved. The problem is that the number of calculations is so large and so devoid of

meaning concerning the overall picture, that this kind of explanation is really not helpful for a human.

A distinction should thus also be made between explainability and interpretability: the former being the

ability of the model to explain itself, and the latter the ability of the human to understand the explanation.

For model agnostic explanations [64], techniques such as Partial Dependency Plots [65], Feature

Relevance [66] or Feature Interaction [67] can be used. Another well-known post-hoc model agnostic

methods include LIME (Local Surrogate) and SHAP (SHapley Additive exPlanations) [68]. Both methods

also still use a black-box model for predictions, but they perform minor changes in the input to evaluate

changes in prediction, and thus understand how one relates to the other. For instance, if a change in a

variable does not result in a change in the prediction, that variable is probably not a very relevant one.

Changes are, however, small enough for the new data point still be in the vicinity of the original one.

Specific methods also exist for connectionist algorithms, such as Artificial Neural Network (ANN)

or deep learning, mostly focused on image classification tasks. These include different versions of

Saliency Maps, which are similar to SHAP and LIME, but for pixel data, such as Vanilla Gradient or

SmoothGrad [69].

”Gathering information, and above all developing trust, have become the key source of
sustainable competitive advantage.”

HEIL, BENNIS AND STEPHENS (2000)

Specifically, the main objective off all these techniques is to develop trust in a ML system. Trust is
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Figure 2.4: Explaining individual predictions. A model predicts that a patient has the flu, and LIME
highlights the symptoms in the patient’s history that led to the prediction. Sneeze and headache are
portrayed as contributing to the “flu” prediction, while “no fatigue” is evidence against it. With these, a
doctor can make an informed decision about whether to trust the model’s prediction. [71]

Figure 2.5: Explaining individual predictions of competing classifiers trying to determine if a document is
about “Christianity” or “Atheism”. The bar chart represents the importance given to the most relevant
words, also highlighted in the text. Color indicates which class the word contributes to (green for
“Christianity”, magenta for “Atheism”). [71]

the main ingredient to effectively transfer knowledge in organizations [70]. Interpersonal trust makes

knowledge exchanges less costly and increases the likelihood that newly acquired knowledge is sufficiently

absorbed so as to be useful to the recipient [70]. The same happens in a decision support agent that uses a

ML system to help take decisions or to give advise to someone, if the agent trust in the model, then he can

take or help someone take better decisions in a more efficient way.

In [71] the autors present Local Interpretable Model-Agnostic Explanations (LIME) to explain the

behavior of the system without accessing to its internal parameters, thus transform a black-box model

into a white-box one. LIME gives local explanations as he acts on the neighborhood of its input values.

Therefore, is possible to build trust or not in the model and in his predictions, given the reason why the

model behaves (figures 2.4-2.7).

In figure 2.4 is given an explanation for a classification model that predicts that a patient has flu. In

figure 2.5 are highlighted in magenta the words that contribute to the prediction of two Support Vector
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Figure 2.6: Explaining an image classification prediction made by Google’s Inception neural network.
The top 3 classes predicted are “Electric Guitar” (p = 0.32), “Acoustic guitar” (p = 0.24) and “Labrador”
(p = 0.21). [71]

Figure 2.7: Raw data and explanation of a bad model’s prediction in the “Husky vs Wolf” task. [71]

Machine (SVM) models to text classification. In figures 2.6 and 2.7 is shown the explanation for the

classification of images using deep learning.

Using LIME, the authors show that even non-experts are able to identify irregularities when explana-

tions are present [71]. Further, LIME can complement existing systems, and allow users to assess trust

even when a prediction seems “correct” but is made for the wrong reasons (figures 2.4-2.7) [71].
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Chapter 3

Architecture

This chapter describes the autonomous learning system approach proposed by the Neurat Project [72]

for financial fraud detection. Figure 3.1 provides a general overview of the system, from a data flow

perspective.

This problem involves the concept of Knowledge Management and Decision Support Systems

(KMDSS), in the sense that there is a huge amount of data that arrives frequently and needs to be

transformed and processed in order to create valuable information so decision-makers can explain the

reasons behind their decisions. In this case study, the goal is to support the decision-making process by an

Auditor in the fraud detection task.

It also involves the concept of Human Centered Computing (HCC) in the sense that it focuses on

an intelligent learning environment with human interaction, sometimes called “human-in-the-loop” [73].

Thus, this is an Interactive Machine Learning scenario in which the user also needs to introduce knowledge

in the framework by adding more information, e.g., suggest more features, and by validating previous

knowledge, as depicted in Figure 3.1.

The system has as main data input SAF-T (Standard Audit Files for Tax) files [74]. The SAF-T file is

an XML file describing accounting data from organizations, that is sent to national tax authorities and/or

external auditors for audit and compliance purposes. These files go through a feature extraction process

that creates some relevant features for audit, and through a Rule-based System whose main goal is to

further enrich the data based on a set of rules. At the end of this process data is stored in the so-called

unlabeled dataset.

From this point on resides the interactive nature of the system. The auditor picks instances from the

unlabeled data, analyzes them, provides her/his own structured feedback, and saves the changes. Auditor

feedback may include changing the values in the database and/or providing details and a justification

about the rationale followed. Cases that have been processed by the auditor are regarded as having been

validated by an expert and are then added to the labeled dataset. This dataset constitutes the input for the

training of models that can predict, for instance, the likeliness of fraud of a given instance.

The auditor can also suggest new features and new values for existing features (when they are

enumerations) which will, if approved, be added to the feature extraction process. These user-defined

features have however a particularity: they may not result from the feature extraction process. When it is

not possible to calculate them in the feature extraction phase (because they do not depend directly on the

input data, for instance) they can be "guessed" by specifically trained models. That is, once there is enough
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Figure 3.1: Overview of the main functionalities that constitute the developed system.

labeled data, models can be trained to predict the value of each of these user-defined variables. These

predictions are later validated by the auditors. This means that in any given time there are multiple models

in the so-called model-pool: one for predicting the main dependent variable (likeliness of fraud) and

others for predicting the values of specific user-defined variables. The system also includes an explanatory

interface, for creating human-friendly justifications for the predictions, based on the XDT developed,

explained in chapter 4.

One key aspect about this system is thus that the labeled dataset changes over time, as auditors

provide their feedback. This has as main implications that models run the risk of becoming outdated. One

solution to this problem would be to frequently re-train these models, in order to keep them up-to-date.

However, given the potential number of models and the increasing amount of data, this operation becomes

computationally very expensive with time. Moreover, most of the times it can happen that the new data

is not significantly different from the existing one, and the new models are also similar to the previous

ones in terms of performance. Training new models in this situation is thus a waste of resources. The

approach followed for addressing this issue consists in trying to predict the key performance indicators

of a new model before its training, so that it is only trained if the statistical properties of the new data

promise to result in a potentially better model. This approach was developed in this work and is described

in chapter 5.
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Chapter 4

eXplainable Decision Tree

The main goal of the XDT is to generate elements that can be used to create different types of intelligible

explanations for human users. This means that explanations should be domain-dependent and in-line with

the users’ conceptual models.

To achieve this, we are using a modified version of the CART algorithm[75], an algorithm of the

Decision Tree category. A Decision Tree is, in itself, an explainable model: it can be analyzed visually to

understand which variables and values are used at each level to take a decision. However, this may be

difficult, for example, if the tree is too large. There is also additional information that can be provided

that is not explicitly in the tree’s structure. In this section, we detail the explainable elements that are

generated by the system, to support the Human auditor in decision-making.

This algorithm allows building a Decision Tree from a group of observations. Each node of the tree

contains boolean rules about the observations (e.g. value of variable x is greater than y) and each leaf

contains the result of the prediction for a given path in the tree. While the tree is being built, the training

set is increasingly split at each node, leading to smaller sub-sets of the data. This splitting process ends

when one or more stopping criteria are met, which may include a minimum size of the split or a minimum

degree of variance/purity.

Variance denotes how much the values for the dependent variable of a split are spread around their

mean value (in regression tasks), while purity considers the relative frequency of classes: if all classes

have roughly the same frequency, the node is deemed "impure". The Gini index is used in the CART

algorithm to measure impurity [76].

Formula 4.1, as proposed by [77], describes the relationship between the outcome y and features x.

Each instance of the training set is attributed to a single leaf node (subset Rm). I{x ∈ Rm} is a function

that returns 1 if x is in the subset Rm or 0 otherwise. In a regression problem, the predicted outcome

ŷ = cl of a leaf node R1 is given by the average value of the instances in that same node. The algorithm

can be used for both classification and regression tasks.

ŷ = f̂(x) =
M∑

m=1

cmI{x ∈ Rm} (4.1)

The core of the Explanatory Interface is thus a tree-based model, the so-called explanatory model. A

different explanatory model is trained to explain the predictions of each model in the pool.
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If there is access to the original dataset, the explanatory model can be trained with the original data or

with a subset of it.

However, if there is no access to the original dataset as in cases of proprietary models, the explanatory

interface is able to generate a synthetic dataset given some basic meta-data about the original dataset

(e.g. minimum and maximum value for each variable). First, the data corresponding to the independent

variables are generated, at random. The main goal is to cover the search space as much as possible.

However, it may also happen that data instances that are unrealistic, in the sense that they would not

happen in real life, are generated. While this may lead to an increased complexity of the explainable

model, there are no other disadvantages in the sense that, if those instances never happen in real life, no

explanations will ever be requested for them either. If they were, these would eventually be nonsensical.

These random dataset is then fed to the original model, so that it can predict on each of its instances. The

resulting synthetic dataset is then used to train the explainable model. Figure 4.1 details the process of

training an explainable model when there is no access to the original dataset by the explanation interface.

When this access exists, the original dataset is used directly to train the explainable model.

Whether the explainable model was trained with or without access to the original data, its goal is to

be used in parallel with the original model. That is, whenever a new prediction is issued by the original

model, its corresponding explainable model does a prediction as well, in order to generate the elements

that are used to create explanations.

Figure 4.1: Process for generating explanations when there is no access to the original dataset.

The algorithm to create the explainable models works as follows. When the tree is being built and

each split generated, additional information is stored in the node which includes: the boolean rule that

generates the split (mentioning the variable and the value interval), the prediction ŷ based on that split (i.e.

the average or most frequent value, depending on the problem), measures of dispersion or purity (variance,

standard deviation and Gini index), and the indexes of the instances in the split.

These values are then used to provide a notion of confidence and support to the decision-maker.

Confidence is given by dispersion and purity measures: the lower the dispersion or the higher the purity,

the higher the confidence on the decision is. Support is given by the number of instances in the split: the

higher the number of instances, the higher the support is.

This information on the nodes allows to incorporate a group of explainable elements in the user

interface. Figure 4.2 shows a prototype of the graphical user interface that is used to provide explanations.
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When an auditor wants to analyze a specific instance, she/he selects that instance and is redirected to this

interface, which receives the data of the instance, the prediction, and an explanation. The user interface

has three main areas, marked in the Figure as (a) - Explore, (b) - Decision path and (c) - Last results.

Figure 4.2: Prototype of the main screen of the application, with some explainable elements created, and
three main areas highlighted: Explore (a), Decision Path (b) and Last Results (c).

Area (a) allows the user to explore the search space and analyze each feature according to their

relative importance. Features and values are collected from the internal nodes when traversing the tree to

make a prediction. In this context, feature relevance is based on how much that split/feature decreases

dispersion/purity. For each feature that the interface shows the following elements (depending on whether

the variable is numeric or nominal): the domain of the feature (range/enumeration of possible values), the

interval/values for which the prediction holds (blue bar or values highlighted in blue), and the value of the

feature in the instance being audited (gray dot).

This allows the auditor to gain a sense of how risky the decision is. If the value of a given feature

is very close to the upper or lower limits of the blue bar, it indicates that a slight change of this feature

towards the limit would significantly alter the prediction of the tree. Likewise, the size of the blue bar is

also related to this sense of risk: the shorter the bar the more risky the decision is. In the case of a nominal

feature, multiple values can be highlighted to show for which values of the enumeration the prediction

holds. The risk of the decision grows with fewer highlighted values.

In Figure 4.2, the graphical interface is shown in "Edit Mode". This means that the user may change

the values of the variables to perform a counterfactual analysis. That is, what would be the prediction if

the value of a feature had been v2 instead of v1. These "what-if" scenarios allow the auditor to interact

with the tree and to understand how predictions would change under different scenarios. This contributes

significantly to the interpretability and interactivity of the explanation. The user does this by changing the
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value of the features by means of a slider, or by selecting a value from a list. The scenarios created by the

user can be added to area (c), to be compared. The user can also reset area (a), returning all the values and

the associated prediction to the initial state of the instance being audited.

There is also a pagination mechanism that controls the amount of information provided to the user, to

avoid overload. Indeed, depending on the training set, the number of levels/nodes/features on a tree may

be too large to be efficiently analyzed by a Human. In that sense, in this interface we show only the n most

relevant features. The user can then choose to request additional features (and the associated prediction) by

clicking on the "More variables" button. These are gradually added upon request by decreasing relevance.

In the left side of the interface there is the area marked as (b). This area shows the path followed

through the tree to make the prediction. Like in (a), this area may not show the whole path as it implements

the same pagination mechanism: when features are added to (a) they are also added to (b). This element

allows the user to understand (part of) the reasons for a given prediction: "because feature f1 is smaller or

equal than v1 and feature f2 equals v2".

In this area the user may also click on a specific node to see its details (Figure 4.3). The details

show, in the left side, the information for the feature that is also visible on (a). On the center and right,

the "details" modal provides information regrading the confidence and support of the prediction. The

graphical representation shows the prediction (blue dot) and the interval given by the standard deviation.

A smaller interval indicates an increased confidence as instances in this split are more closely distributed

around the mean, and vice-versa.

Figure 4.3: Details of a split node, with confidence and support measures.

The central part of the modal shows values which include the support (number of instances in this

split) and a button that allows the user to access the instances that fall into this split. The user may thus
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visualize the instances, which are shown sorted by similarity to the current instance in descending order.

Similarity is calculated based on a weighted sum of differences, given by the euclidean distance for

numerical variables and by the cosine similarity for the vector of nominal data (if any). While visualizing

specific instances the user may add them to a list for comparison (area (c)).

As the user moves down the path, splits become smaller but confidence increases. It is up to the user

to decide how far down to travel: an early stop may lead to a more general decision (with high support and

potential low confidence), while going further down will lead to low support but high confidence. Finally,

in area (c) the user has access to a list of previous prediction results (the scenarios that were simulated)

and/or to actual instances that were visualized by the user and added for comparison. This allows to more

easily compare a group of scenarios or real cases and their results.

4.1 REST API

The purpose of this section is to help developers that want to use the XDT through the interaction with a

well documented Representational State Transfer (REST) Application Programming Interface (API) via

the open-source Swagger framework.

First things first, to start the execution of the API, one is advised to create a virtual environment to

install all the dependencies needed, e.g. with the following commands:

For Windows systems:

pip install virtualenv

virtualenv venv

venv/scripts/activate

pip install -r requirements.txt

For Linux based systems:

pip3 install virtualenv

virtualenv venv

source venv/bin/activate

pip3 install -r requirements.txt

After the execution of the previous steps, with the dependencies listed in appendix F, one should see

the word "venv" on the left side of the command line, meaning that the virtual environment is activated,

and now it’s possible to run the API with:

python rest_plus.py (on Windows)

python3 rest_plus.py (on Linux)

The last command will start the execution of the RESP API that allow the developers to see and test

the endpoints provided through the Swagger UI (figures 4.4-4.5 and appendix B.1-B.5).

In figure 4.5 the models to deal with the API are shown, used to send POST requests, and the responses

given by the endpoints. E.g. the dataset model (figure B.3) not only characterize a dataset, representing

the type of dataset, features and instances, but also can indicate if it’s ready to use (in that case one should
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Figure 4.4: XDT API endpoints

upload a dataset to API and send this kind of information in a POST request). More information about a

specific model can be seen as a user interacts with the Swagger interface and open the associated links.

In short, it’s possible to train a dataset in three different sources and formats: CSV files, PostgreSQL

and MySQL databases (figure 4.4). The stop criteria and other configurations related to the training of the

decision tree can be changed (figure B.4). Finally, the trained tree can be shown in two different formats:

the one used in the training, and one util transformation to be possible to see a visual representation of the

tree using the D3 React library (figure E.1).

To initiate the XDT frontend, it’s needed to have the NodeJs installed and the package manager NPM,

and run the following commands:

npm install

npm start

With this frontend, one can see and interact with the trained trees given the name of the dataset, with

different types of visualizations provided by the D3 library, e.g. changing the type of connections between

the nodes, open and collapse nodes, vertical or horizontal orientation, etc.

Others endpoints provided by API are for predictions, test, and for dataset services (for download and

upload datasets), shown in appendix B.

In appendix C is shown an example of a tree and in D examples of predictions and explanations

given by the decision tree. In short, the JSON attribute "human_counterfactual_explanation" compiles all

the given reasons for the prediction done by the decision tree, detailed in the previous JSON attributes
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Figure 4.5: XDT API models

and explains to the final user why the prediction is what it is and why is not another one exploring the

counterfactual analysis definition.

Moreover, one can integrate the XDT in existing ML systems, e.g. to explain the predictions given by

a black-box model like a deep learning one.
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Chapter 5

Model Performance Prediction

Every ML model needs computational power. And of course, it also needs data. But how much data are

necessary to build the best ML model possible, and how many times do we need to re-train a model so

that it does not become obsolete as data change? This kind of questions are the ones that can reduce

unnecessary costs for a company.

The main goal of the Performance Prediction module is to predict one or more performance metrics of

a future model, if it is trained from a dataset with given statistical properties. The underlying assumption

is that certain features of a dataset can be associated to the quality of the resulting dataset. For instance,

it is generally accepted that a dataset in which there is a significant amount of missing data leads to

a poorer model. Likewise, a larger number of variables and instances tends to result in better models.

Other examples could be given, related for instance with the complexity of the data, its distribution, the

relationship between its variables, or numerous statistical and information-theoretic features that described

the characteristics of a dataset.

This chapter describes the approach implemented for predicting the performance metrics of a future

model. The process by which the approach was implemented and its results validated is detailed in Figure

5.1.

The process starts by consuming a large amount of datasets, called the training datasets. These datasets

are first pre-processed, namely to normalize the values of the dependent variable of each one. Then, these

datasets go through a process of meta-feature extraction. Meta-features describe important statistical and

information-theoretic characteristics of the dataset, that are expected to be related in some degree to the

quality of a model trained with the dataset.

In the beginning of the project, the meta-features were calculated using the Python language, simple

ones, like number of instances and features of the datasets, percentage of missing values and features bad

represented (i.e. imbalanced classed, e.g. 90% of one category and only 10% of another). But one recent

Python library was found to be particularly useful for the meta-feature extraction, the pymfe library [78].

With the help of this library, it’s possible to extract more than 100 meta-features, but only a subset of 59

were used in this work because not all datasets can extract the same meta-features. In [79] a complete list

and description of all meta-features is available, and in [80] the API documentation.

The meta-features used in the present work are of three types: (i) simple measures such as the number

of instances and columns; (ii) statistics-based, such as the sparsity of the attributes and the number of

outliers; and (iii) information-theoretic features such as the information gain of attributes. In (i), those
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Figure 5.1: Methodology followed to validate the proposed approach for model performance prediction.

measures are also advantageously combined to give other measures more appropriate for specific tasks,

for example by taking products, ratios, or logarithms.

Once the meta-features are extracted, an actual model is trained with the dataset, and its performance

metrics are extracted (e.g. RMSE, mae, r2) and the time (as a measure of complexity) needed to train

each of those models. Models were trained using the H2O library [81]. A Random Forest Algorithm was

trained using 20 trees with a maximum depth of 20 levels.

The meta-features of all the datasets are then combined with the performance metrics of the corre-

sponding models, to generate what we call the meta-dataset. In this meta-dataset, meta-features are the

independent variables while performance metrics and the model training time are the dependent variables.

Typically, the meta-dataset has one line for each dataset/model combination, although we followed a

different approach for validation purposes, as detailed in Section 6.2.

Once the dataset has a large enough dimension, the so-called meta-model is trained. This meta-model

is trained from the meta-dataset by selecting all the independent variables and one of the dependent

variables, corresponding to the performance metric that one intends to predict. The performance of the

meta-model itself is obtained through cross-validation.

The previously described approach considers the training of a number of models that can be relatively

large. However, once the meta-model is trained, it can be used to predict the performance metric of future

models. Given that the models in the pool will only be re-trained if the meta-model predicts a performance

improvement, the number of models trained in the long-term is expected to be smaller than if the models

in the pool were updated on a regular basis. Moreover, if the meta-model is robust enough, it can be used

to predict the performance on any kind of problem.

The goal is, indeed, that it can be used in any Machine Learning problem, independently of the nature

of the problem. This can be done by simply extracting the same meta-features of the dataset of the new

problem, and using the meta-model for predicting the intended performance metrics. This is detailed in

the lower part of Figure 5.1, in which a group of datasets that were not used for training, deemed test
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datasets, are used to assess the performance of the meta-model.

The difference, in this case, is that the models are actually trained so that the predictions of the

meta-model can be compared against the actual performance metrics of the models. In a real use of the

system, such as that described in the previous section, the meta-model would be used for predicting the

performance of a model when trained on a specific set of data, and the model would only be trained if

the prediction was for better performance metrics than that of the current model. Thus a reduction in

the number of models trained, and consequently in the amount of necessary computational resources, is

achieved. Section 6.2 details the process through which this approach was validated.

This process was followed to train a meta-model for each relevant performance metric, the only

change is to select the respective dependent variable, (e.g. RMSE, MAE, r2, RMSLE, training time).

Thus, the process results in multiple meta-models, which can be used to predict the different performance

metrics of a future model for a given ML problem.

5.1 Find the Best Meta-Model

There are two ways of thinking to solve the problem of predicting the error of a future ML model based on

previous data that describes the relationship between the meta-features extracted for a particular dataset

and the error metrics for the model trained. The first, more achievable one, is to simply analyze the

previous data of one particular domain, build the meta-model based on this data alone, and therefore, we

can only try to predict the error of future ML models of the same domain.

Because, if we try to predict the error of some other domain, we will fail badly, as the correlation

between the meta-features and the error metrics may be completely different from the other domain, and

we don’t have training data that also describes the influence of the meta-features on the error metrics of

this particular domain. Also, the error metrics could be in a completely different range (e.g. 0 to 1 against

0 to 1,000,000), and the model built for only a particular range will not give predictions with different

ranges. This goes against the rationale of a ML model, predicting unusual possibilities.

However, this still is a valid approach and can be useful in batch scenarios (e.g. to know how many

and which data can build the best possible model) as so in streaming data scenarios, in which new data of

the same domain arrive at the ML system, and we need to find if it will be useful to spend resources to

train a new model.

Howsoever, the other way of thinking and the one followed in this work, was to build a meta-model

that can, theoretically, predict the future error of every ML model training with a dataset that only a subset

was used in the training of the meta-model, but also, try to predict datasets that the meta-model never

“seen” before.

To this end, several meta-datasets with different configurations and approaches were built and therefore,

several meta-models were created and object of inference. More precisely, of the 47 datasets used, several

train-test splits were performed in order to find the best possible meta-model.

Besides that, mainly two approaches were tested, namely: (i) each dataset was only extracted meta-

features with all instances once, and (ii) a streaming scenario was simulated in which, for each dataset,

data were considered at 200-instances intervals. Multiple instances of each dataset were added to the

meta-dataset (one for each new 200 instances of the original dataset), with the goal of having a larger

meta-dataset.
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# RMSE R2 MRD RMSLE
meta-model 1 0.017450 0.980312 0.000304 0.014650
meta-model 2 0.096803 0.297332 0.009371 0.081110
meta-model 3 0.016280 0.983094 0.000265 0.013624
meta-model 4 0.007925 0.908762 0.000063 0.007467

Table 5.1: 10-fold cross validation metrics for four different meta-models

Table 5.1 describes the 10-fold cross validation metrics obtained by the meta-models built with

different configurations. The “meta-data-1” refers to a meta-dataset with 974 meta-examples using

43 datasets and the simulated streaming scenario previously described, with meta-instances added at

200-instances intervals. The other 4 datasets were used to test.

The “meta-data-2” used only one meta-example from each of the 43 datasets, considering all the

instances once, as the opposite approach followed by “meta-data-1”, previously described.

The “meta-data-3” was created following the same methodology as “meta-data-1” but using only 37

datasets. It resulted in 959 meta-examples. As previously mentioned, the other datasets were used to test,

in this case 10.

Finally, “meta-data-4” used only one meta-example from each 46 datasets, considering all the data of

each. The purpose of this meta-dataset is to use as many data sources as possible in the training of the

meta-model to simulate the arrival of more data sources to the meta-feature extraction module. Thus, only

was left to train-test split validation the tax fraud detection problem to compare the same case study with

other train-test splits.

In short, two approaches were tested between all meta-datasets: (i) a 10-fold cross-validation aimed

at test the proposed approach to different problems and understand what meta-dataset-built approach

performs better, and (ii) a train-test split validation to the case study of tax fraud detection.

Figure 5.2: Evolution of observed vs. predict RMSE over time in an IML setting for fraud detection with
“meta-data-1”.

In Figures 5.2 - 5.4, one can see the predictions and the observed RMSE error metric for the tax fraud

detection case study for each meta-model trained, in which the approach that perform better was the
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Figure 5.3: Evolution of observed vs. predict RMSE over time in an IML setting for fraud detection with
“meta-data-3”.

Figure 5.4: Evolution of observed vs. predict RMSE over time in an IML setting for fraud detection with
“meta-data-4”.

meta-model 4, that uses only one meta-example for each dataset, created based on all the instances of

each dataset, using 46 distinct datasets (figure 5.4).

In this study, one can conclude that with the increase of the datasets in which meta-features are

extracted, the meta-model performs better when only the last meta-example was used for each input

dataset. This result encourages future works to continue pursuing this approach and investigate more

datasets to be added to the meta-feature extraction module.
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”Measure what can be measured, and make measurable what cannot be measured.”

GALILEO GALILEI
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Chapter 6

Validation and Results

6.1 eXplainable Decision Tree

In appendix E one can see different types of visualization of trees to different datasets with the help of D3

library to React. E.g, In order to explain the traffic prediction in New York City center, represented by one

or more datasets uploaded to the REST API and consequently trained a decision trees to each dataset, one

can visualize and interact with the decision tree in many ways. In figure E.2 a horizontal orientation of the

tree is viewed, opposed to a vertical orientation in figure E.3. Other view settings can be seen in E.1, or

with the execution of the frontend with the commands show in section 4.1.

A shaded node represent a node that has more nodes or leafs, and therefore it is possible to expand to

see the children or collapse to a better overall picture. On the other hand, a white node represent a leaf, that

is, a node that unique represent a prediction, and is no longer divided due to stopping criteria. Regardless

of the type of the node, each node gives a prediction next to a dozen useful attributes to understand the

distribution of data, and of course, an explanation to that prediction based on the path from the root of

the tree until the present node, and other explanation techniques (as discussed in chapter 4 and shown in

appendix C and D).

Visualizing the tree, a user can understand why the model behave the way it behaves, and how

predictions are given and why. E.g. in figure 6.1, in addition to the forecast, XDT explains that the number

of people (or census) is approximately 19 (see the attribute “predict” in the leaf node represented by the

white circle) because the clouds are approximately below 270. It also issues an alert on the response given

by the API: if the value of clouds was 7 units lower, the new forecast would be 12, which in this case

remained the same (for this split point in the first level of the tree). Continuing the explanation, the census

of the New York City center is approximately 11 in the second level of the tree for this particular path to

get to the leaf node, because the “tempnormal” feature exceeds 260.38 units. The explanation continues

until the pressure attribute, which is below 263.92 units and the prediction given by the leaf node is 18.33,

which means approximately 19 people, supported by three past cases and this leaf node does not have any

outliers. Also, with this visualization it is easy to see the other possible paths of the tree, which is useful

to know this kind of extra information about the forecast.
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Figure 6.1: XDT to traffic prediction for New York City center

6.2 Meta-Learning

The methodology proposed for creating a meta-dataset for predicting model performance, detailed in

Chapter 5, was instantiated to assess its suitability to solve the proposed challenge. This section details

the results obtained.

A total of 50 datasets, detailed in Table A.2 (in Appendix A), were used in the process, covering

both regression and classification problems, as well as streaming and batch scenarios. Of these, 44 were

used for training the meta-model and 6 were used for testing it. Concerning the test datasets, 3 are batch

datasets while the other 3 are streaming datasets. Given that streaming and batch ML problems are

fundamentally different, the meta-model was evaluated differently for each case.

We also acknowledge that 44 datasets for training is a relatively small number, as it would result in a

meta-dataset with only 44 instances. In order to increase the number of instances, the following approach

was followed. Each dataset was streamed in blocks of 200 instances. A first model is trained with the first

200 instances, and additional models are trained by adding 200 instances to the previous dataset. That is,

for a dataset with 650 instances, 4 models are trained: the first with 200 lines, the second with 400, the

third with 600, and the last one with the whole 650.

Given the number and size of the datasets used for training and the approach described, the resulting
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meta-dataset contains a total of 673 instances.

The meta-dataset is composed of 111 columns. Of these, 105 correspond to the meta-features extracted

from the datasets, while the remaining six correspond to relevant performance metrics: training time,

RMSE, MAE, MSE, RMSLE and r2. This means that the meta-dataset can be used to train six different

models, one to predict each of these individual metrics.

Table 6.1 describes some of the meta-features considered. The criteria for selecting a sample of the

meta-features was based on the relative importance of each one during the training of the meta-model.

Table 6.1: Ten most relevant meta-features, out of 105 used to build the meta-model.

Meta-feature Scaled Importance Description
linear_discr 100 Linear Discriminant classifier
mut_inf.sd 48.38 Standard deviation of mutual information
sparsity.sd 29.87 Standard deviation of sparsity metric
eq_num_attr 20.21 Attributes equivalent for a predictive task
one_itemset.sd 14.15 Standard deviation of one itemset
elite_nn.sd.relative 10.21 Performance of Elite Nearest Neighbor
one_itemset.mean 10.05 Mean of one itemset
ns_ratio 9.73 Noisiness of attributes
attr_ent.mean 8.29 Mean of Shannon’s entropy
mut_inf.mean 7.25 Mean of mutual information

To assess the quality of the meta-model during the training phase, a 10-fold cross-validation approach

was followed. Metrics were computed for each holdout prediction, and averaged at the end, resulting in

the following values: RMSE = 0.000355, R2 = 0.98 and MAE = 0.007.

Next, the performance of the meta-model was assessed on the test datasets. To this end, a different

approach was followed depending on whether it was being evaluated on a batch or streaming dataset. In

any case, the same meta-model already trained was used as the basis for evaluation.

For batch datasets, its meta-features were extracted and the performance of a model (RMSE) was

predicted by the meta-model. An actual Random Forest was then trained with each batch dataset, and

its actual RMSE value was obtained. Table 6.2 shows, for each dataset, the RMSE predicted by the

meta-model and the actual RMSE of the trained Random Forest, which are relatively similar, showing

that the meta-model does a good job predicting the error.

Table 6.2: Observed vs. predicted RMSE for the three test batch datasets.

Dataset Observed RMSE Predicted RMSE
Wine quality 0.102 0.111
Diabetes 0.400 0.321
Breast Cancer 0.161 0.093

Streaming datasets were tested differently, to simulate a realistic streaming scenario. Specifically,

for each dataset, data were streamed in blocks of 200 instances. For each block, its meta-features were

extracted, and the meta-model was used to predict the performance of a model trained on that block. Then,

a Random Forest was actually trained with the block. The RMSE of the resulting model was compared

with the RMSE predicted by the meta-model (Figure 6.2), to assess the quality of the meta-model. For each

model trained, a new instance was added to the meta-dataset, as previously described. The meta-model

was updated at 10 block intervals (2000 instances of streamed data).
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So, the main difference between the batch and the streaming scenarios is that in the latter the meta-

model is updated as new data are received.

Given the size of the Wine Quality dataset, it was tested following both the batch and the streaming

approach.

Figure 6.2 shows the observed vs. the predicted RMSE for the 3 streaming datasets and the Wine

Quality one. The data points are generally close to the diagonal, which indicates a relatively good

predictive performance. However, in the AWS dataset there are some instances in which the prediction is

slightly off, and in the Wine Quality dataset there seems to be a tendency to overestimate the value of the

RMSE. Nonetheless, the values are close to the diagonal.

Figure 6.2: Observed vs. predicted RMSE for the 3 streaming datasets and the wine quality dataset, with
models trained at 200-instance intervals. The solid line represents the diagonal.

Table 6.3 shows how the performance of the meta-model evolved over time, as new versions of it

were trained, including the streaming data received so far. It can be seen that, even for streaming data,

the performance of the meta-model is maintained or improves over time, as new data arrives and is

incorporated into the meta-model.

Figure 6.3, on one hand, shows the evolution of RMSE for the Wine Quality dataset over time, as
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Table 6.3: Evolution of the RMSE of the meta-model as more instances of data are incorporated.

Dataset N=2000 N=4000 N=6000 N=8000 N=10000
Airlines 0.018 0.005 0.020 0.0105 0.006
AWS Prices 0.0103 0.001 0.001 0.003 0.0003
Electricity 0.013 0.008 0.003 0.003 0.001

each new model was trained using 200 additional instances of data. It shows a tendency of the RMSE of

the models to decrease as more instances of data are included. The RMSE predicted by the model tends to

follow this decrease, albeit with a positive bias, as described previously. The predictions are, nonetheless,

in line and close to the observed values.

Figure 6.3: Evolution of the predicted and observed RMSE for the wine quality dataset, with models
trained at 200-instance intervals.

Figure 6.4, on the other hand, shows the evolution of a selected group of meta-features of each

consecutive subset of data, and how it relates to the evolution of the RMSE. While the RMSE data is the

same of Figure 6.3, the different scale makes it more difficult to observe its descent over time.

6.2.1 Minimize Model Training

Finally, to see how this approach avoids the training of models over time, a new model is only trained if

the meta-model predicts changes by at least a given threshold, otherwise no model is trained. Nonetheless,

for validation purposes, all the models are still trained, to ascertain the accuracy of the meta-models.

Specifically, considering two different thresholds (5% and 10%), a new model is only trained if the

meta-model predicts a change of 5% or more in RMSE, and in other test case scenario, a new model is

trained only if the meta-model predicts a change of 10% or more.

The performance of each experiment is measured through several indicators: the difference between

the predicted and observed RMSE (also calculated through the RMSE), the accuracy (measured as the

percentage of times in which the meta-model predicted that the RMSE would decrease by at least the
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Figure 6.4: Evolution of the values of several meta-features and corresponding RMSE for the wine quality
dataset, with models trained at 200-instances intervals.

corresponding threshold and it actually did), and the number of models whose training would have been

avoided if the proposed approach was being used. The results are detailed in table 6.4.

One can summarize that with the meta-learning approach described in this dissertation, the percentage

of avoided models in a streaming scenario varies between from 63.27% to 95.92%, depending on the

selected threshold to re-train the model (see table 6.4).

Also, figure 6.5 shows the observed and predicted RMSE for the case study of Tax Fraud Detection

with models trained at 200-instance intervals for validation purposes, along with the model training

points suggested by the meta-model. The green points are barely visible because the line of prediction

overlaps the observed RMSE. These green points mark the time in which the meta-model predicted an

error decrease of 10% and the red points mark moments in which the model was re-trained given the

meta-model predictions indicated by the green points.

As figure 6.5 shows, the system only suggests training a new model by approximately 2000 instances.

After that point, as the error will never be as good with that number of instances, no other models will be

trained.

Nevertheless, a small error does not always mean a better model, as in the case of an overfitted model.

In that case, one can simply re-train a model following two different criteria: the time the last model was

trained (e.g. ensuring that at least one model is trained every month) or by the number of instances added

(e.g. ensuring that at least one model is trained every 5000 instances), even if the error is worse than the

previous available model.
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Figure 6.5: Predicted and observed RMSE for the case study of Tax Fraud Detection trained at 200-
instance intervals, highlighting the model training points suggested by the meta-model.

Table 6.4: Summary of the performance indicators with the percentage of avoided models for the three
streaming test datasets.

Dataset Threshold (%) RMSE Accuracy #Avoided Models
Airlines 5 0.012 100% (49/49) 95.92% (47/49)
Airlines 10 0.012 97.96% (48/49) 97.96% (48/49)
AWS 5 0.004 81.63% (40/49) 63.27% (31/49)
AWS 10 0.004 95.92% (47/49) 87.76% (43/49)
Electricity 5 0.005 100% (49/49) 95.92% (47/49)
Electricity 10 0.005 100% (49/49) 95.92% (47/49)
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”Knowing what to measure and how to measure it makes a complicated world much less so.
If you learn to look at data in the right way, you can explain riddles that otherwise might

have seemed impossible. Because there is nothing like the sheer power of numbers to scrub
away layers of confusion and contradiction.”

LEVITT AND DUBNER
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Chapter 7

Conclusions and Future Work

7.1 Conclusion

Machine Learning (ML) has emerged in the last years as the main solution to many of nowadays’

data-based decision problems. However, while new and more powerful algorithms and the increasing

availability of computational resources contributed to a widespread use of ML, significant challenges

still remain. Two of the most significant nowadays are the need to explain a model’s predictions, and

the significant costs of training and re-training models, especially with large datasets or in streaming

scenarios.

With that in mind, in this work we developed a bundle of services to help build better ML systems,

with a greater trust in the models and with reduced costs.

First, to help a decision support agent trust in the models’ prediction, an eXplainable Decision Tree

(XDT) was developed from scratch that contain state-of-the-art techniques to help understand the value of

some prediction and how confident the model is. In addition, it is possible to explore neighbor predictions

using what is known as counterfactual-analysis, e.g. exploring what-if scenarios. Also, it is possible to

understand whether certain AI models are racist, sexist, or with other types of discrimination. As well as

making more sensible decisions, wise and well-informed.

Second, for reducing costs in these systems, a novel approach to predict the error of a ML model was

developed, using what is known as meta-learning. The developed solution can be applied in any domain,

as the meta-dataset was created based on different datasets, thus covering a wide range of problems. The

datasets are from a broad range of domain problems and objectives, to experiment if it was possible to

predict with same performance the error of different problems.

Essentially, it is a two-step process. First, a meta-dataset is built that details the relationship between

the characteristics of datasets and the performance of the models trained with those datasets. Then, a

meta-model is trained with this meta-dataset, which is used to predict the performance of a given model,

if it is trained with data containing certain characteristics (i.e., meta-features).

Results show that it is possible to accurately predict the performance of a model in a given ML

problem, thus leading to the decrease of resources and time spent in re-training unnecessary models.
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7.2 Discussion and Limitations

In the last years, ML has seen a tremendous growth in its capabilities and applications. However,

significant challenges still remain. These challenges stem mostly from the new characteristics of data: they

are in unprecedented volume, and they are generated faster than ever. The resources to handle these data

and to train models with them, for example, must thus also be greater. This is especially so in streaming

scenarios, in which new data, with potentially different statistical properties, is added frequently, rendering

the models potentially outdated.

At the same time, organizations rely increasingly on data and data-based techniques for decision

support. While many decision problems are well structured and can be fully automatized, others require

human decision capabilities and accountability. In these cases, ML models play a role of decision-

support rather than decision-maker. In these cases, especially, it is important that human decision-makers

understand how models work and how and why a given prediction is being made by a model, or what is

the risk or certainty associated to that decision. This is especially so in domains that affect people’s lives,

such as in credit concession or in courtrooms. However, as current problems become more complex, so

do ML models. Consequently, models and their predictions are also harder to explain.

In this work we addressed these two main problems. One the one hand we propose an approach for

minimizing the necessary resources to manage ML models in data streaming scenarios, by predicting

the performance metrics of models before they are trained. Using this information, a model will only be

re-trained if the statistical properties of the new data indicate that it will lead to a better model.

On the other hand, we propose an approach for generating explanations for the predictions of a model,

in the form of a so-called explanatory interface. The key element is a tree algorithm, that is able to

generate elements during training that can be used to create intelligible explanations. These explanations

are symbolic and domain dependent, based on features, their relevance, and their statistical properties.

They are, therefore, easier to be understood by domain experts.

One of the key aspects of both approaches is that they are independent of the domain of application.

That is, while we present a case study in the field of tax fraud detection, which is the domain of the

problem that inspired this work, the proposed approaches can be applied in any problem. This is because

the approach is based on properties of the dataset (the meta-features) and not the dataset itself. And the

meta-features can be obtained from any dataset.

Nonetheless, it must also be stated that performance may vary significantly from one problem to the

next, namely if the dataset of a new problem has very different properties. Nonetheless, once the new

dataset is incorporated into the meta-dataset, it will contribute to improve the meta-model. Thus, the

meta-model becomes increasingly better and more generalized as more datasets are added.

The number of datasets used to create the meta-dataset is indeed the main limitation of this work.

This means that there is the risk of the meta-dataset not being representative enough to have a good

performance on every problem that it is used on. A relatively small number of test datasets was also

used. In order to overcome this limitation, the data in each dataset was divided into multiple subsets of

increasing size, to allow for the training of more models and thus increasing the size of the dataset. To

some extent this is, however, also a limiting factor as these sub-sets share many of the statistical properties

of the entire dataset.

In principle, this would be more problematic in streaming scenarios, in which data and its patterns

change over time. Nonetheless, we have shown that when the meta-model is updated at regular intervals
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with new data, it can adapt and maintain or even improve its performance.

Parallel and distributed processing was not the subject of this work, nor was the capacity of the scalar

system with the amount of data that can increase linearly in a given business or area of activity, and in this

way, it can easily become an inexplicable model for a new reality. Therefore, the project is not ready to be

applied in the constantly evolving real world, but fulfills its purpose in a stable segment. It is also not

ready to be put into production, since the API is not scalable and it would be advisable to use the Python

Gunicorn web server as it was used in API deployment, or other, but through a proxy server such as Nginx

as recommended by the Gunicorn documentation [82] in case it is used for production [83]. In a business

scenario, it is unthinkable for the API not to be able to handle all the requests that receives at the same

time, or takes too long to respond.

Another limitation of this work, for the meta-learning approach, is that only regression problems

were considered. Indeed, regression and classification problems must be implemented differently. Given

that this is an early validation of the proposed approach and a first step towards its full implementation,

the decision was to start with regression problems. While some binomial classification problems were

included, these were transformed into regression as well.

All in all, we believe that this meta-learning based approach can prove interesting towards a more

efficient and intelligent management of the processes associated to model training and scoring, especially

in scenarios in which there are large volumes of streaming data.

7.3 Future Work

In order to complement the project, one can try to perceive the similarity of the predictions made between

XDT and other algorithms not addressed in this project and maybe find a model even more similar to

XDT, although apparently it doesn’t look like it.

Regarding the developed API, more services could be developed to deal with more file types and

data structures. However, the author did not find it necessary because the datasets in Comma-separated

values (CSV) format and the data structure in JavaScript Object Notation (JSON) to communication

between the API and the other components is the most usual, especially since the theme ”Big Data”,

eXtensible Markup Language (XML) can already be considered obsolete compared to JSON, due to the

speed of processing [84].

As future works, already mentioned in this work, the author hopes to be able to follow the same

approach of this project and apply it in the Distributed Random Forests model, as it is an identical to

Decision Tree and generally presents better results. With this new objective in mind, it is expected to be

able to explain even more models considered to be black-box, to explain and convey the information that

they cannot, or that the human being cannot. it does not have the capacity to understand, and to transform

the information in a way that it is possible to perceive.

The work in the area of XAI, like XDT and others, such as, Neural-Backed Decision Trees (NBDT) [85],

which aim for explainability without giving up the performance of the models show promising results.

Allied to studies on the ease of implementation of these systems in real context [59], promises to be an

area of future study and increasingly being adopted by companies. Likewise, in a real-case scenario,

knowing when to re-train a model for every kind of problem shows to be a good issue to be addressed and

dealt by the companies that maintain a ML system in its core to make predictions, as it is expected to have

the best ML model in any point of time.
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Finally, in future work, we will also use this approach while including multiple algorithms rather

than Random Forest alone. This allows the use of the meta-model for predicting the best algorithm to

use, asides from the expected training time and performance metrics. Also, we propose to validate this

approach for classification problems too, in which we expect a similar degree of success.
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learning problem, and another built based on many different problems, meant to be a generic

meta-model, applicable to virtually any problem. In this paper, we focus only on the prediction of
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significant challenges still remain. Two of the most significant nowadays are the need to explain a

model’s predictions, and the significant costs of training and re-training models, especially with

large datasets or in streaming scenarios. In this paper we address both issues by proposing an

approach we deem predictive and user-centric. It is predictive in the sense that it estimates the

benefit of re-training a model with new data, and it is user-centric in the sense that it implements

an explainable interface that produces interpretable explanations that accompany predictions. The
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former allows to reduce necessary resources (e.g. time, costs) spent on re-training models when no

improvements are expected, while the latter allows for human users to have additional information

to support decision-making. We validate the proposed approach with a group of public datasets and

present a real application scenario.
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In this paper we present a system for supporting auditors in the task of financial fraud detection.

The system is interactive in the sense that the auditors can provide feedback regarding the instances

of the data they use, or even suggest new variables. This feedback is incorporated into newly
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trained Machine Learning models which improve over time. In this paper we show that the order

by which instances are evaluated by the auditors, and their feedback incorporated, influences the

evolution of the performance of the system over time. The goal of this paper is to study of different
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Abstract Artificial Intelligence is a hot topic and Machine Learning is one of the most fluent

approaches and practices. The problem with many AI models is that they can be useful for

predicting but they are bad at explaining why they behave a certain way. In some contexts, the

explanation may even be more important than the prediction itself, mainly in systems in which

decisions are made based on their predictions. Therefore, it is increasingly necessary to provide
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a forecast accompanied by an explanation, when decisions are made automatically. This paper

aims to contribute to the solution of problem based on human mobility research, or at least, to be a

starting point for its solution.

Keywords Explainable Artificial Intelligence, Machine Learning, Smart Cities, Smart Human

Mobility.

2. A. Borges, M. Carvalho, M. Maia, M. Guimarães and D. Carneiro, “Predicting and Explaining

Absenteeism Risk in Hospital Patients Before and During COVID-19”, not published yet, 2022.

Abstract In order to address one of the most challenging problems in hospital management -

patients absenteeism without prior notice - this study analyses the risk factors associated with

this event. To this end, through real data from a hospital located in the North of Portugal, a

prediction model previously validated in the literature is used to infer on absenteeism risk factors,

and an explainable model is proposed, based on a modified CART algorithm. The latter intends

to generate human-interpretable explanation for patient absenteeism, and its implementation is

described in detail. Furthermore, given the significant impact the COVID-19 pandemic had on

hospitals management, a comparison between patients profile upon absenteeism before and during

COVID-19 pandemic situation is performed. Results obtained differ between hospital specialty and

time periods meaning that patient profile on absenteeism changes during pandemic periods and

within specialty.

Keywords Patients absenteeism, risk factors, logistic model, explainable model, CART algorithm,

COVID-19.

1. G. Palumbo, M. Guimarães, D. Carneiro, P. Novais and V. Alves, “Real-time algorithm recommen-

dation using meta-learning”, not published yet, 2022.

Abstract As the field of Machine Learning evolves, the number of available learning algorithms

and their parameters continues to grow. On the one hand, this is positive as it allows for the finding

of potentially more accurate models. On the other hand, however, it also makes the process of

finding the right model more complex, given the number of possible configurations. Traditionally,

data scientists rely on trial-and-error or brute force procedures, which are costly, or on their own

intuition or expertise, which is hard to acquire. In this paper we propose an approach for algorithm

recommendation based on meta-learning. The approach can be used in real-time to predict the

best n algorithms (based on a selected performance metric) and their configuration, for a given

ML problem. We evaluate it through cross-validation, and by comparing it against an Auto ML

approach, in terms of accuracy and time. Results show that the proposed approach recommends

algorithms that are similar to those of traditional approaches, in terms of performance, in just a

fraction of the time.

Keywords Machine Learning, Meta-Learning, Algorithm Recommendation.
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Appendix A

Datasets

Table A.1: Characterization of the datasets used for training the meta-model

Dataset Source Type Lines Cols.
Credit Fraud Detection https://www.kaggle.com/mlg-ulb/creditcardfraud B 30000 31
German Credit Card https://www.kaggle.com/agsam23/german-credit?select=german_credit_data.

csv
B 1000 21

Bank Marketing http://archive.ics.uci.edu/ml/datasets/Bank+Marketing B 30000 21
House Price https://kaggle.com/harlfoxem/housesalesprediction R 4600 19
House prediction https://www.kaggle.com/abhisheikreddy646/house-prediction-for-zipcod

e?select=80111.csv
R 67 6

California house prediction https://www.kaggle.com/camnugent/california-housing-prices R 546 12
Boston house prediction https://www.kaggle.com/vikrishnan/boston-house-prices R 506 14
Real estate https://www.kaggle.com/quantbruce/real-estate-price-prediction R 414 8
Concrete Data https://www.kaggle.com/maajdl/yeh-concret-data R 1030 9
Suicides per 100k https://www.kaggle.com/russellyates88/suicide-rates-overview-1985-to-2

016
R 10189 10

Heart Disease https://www.kaggle.com/amanajmera1/framingham-heart-study-dataset B 4238 16
HR Attrition https://www.kaggle.com/vjchoudhary7/hr-analytics-case-study?select=ge

neral_data.csv
B 4410 22

Fictional HR Attrition https://www.kaggle.com/pavansubhasht/ibm-hr-analytics-attrition-datase
t

R 1470 33

HR Salary https://www.kaggle.com/rhuebner/human-resources-data-set R 311 30
School grades https://www.mldata.io/dataset-details/school_grades/ R 649 33
Cardiovascular diseases https://kaggle.com/aiaiaidavid/cardio-data-dv13032020 B 10000 12
Killed or Seriously Injured https://kaggle.com/jrmistry/killed-or-seriously-injured-ksi-toronto-cl

ean
B 12557 56

Contains Aditives https://kaggle.com/jadeblue/openfoodfactsclean B 774 13
Starbucks proteins https://kaggle.com/jadeblue/openfoodfactsclean R 243 7
McDonalds proteins https://kaggle.com/jadeblue/openfoodfactsclean R 260 6
Medical Cost https://kaggle.com/mirichoi0218/insurance R 1338 7
Car Price Prediction https://kaggle.com/hellbuoy/car-price-prediction R 205 24
Social Network Ads https://kaggle.com/dragonheir/logistic-regression B 400 4
Abalone https://www.mldata.io/dataset-details/abalone/ R 4177 9
Auto mpg https://www.mldata.io/dataset-details/auto_mpg/ R 398 9
Exercise Calories https://kaggle.com/fmendes/fmendesdat263xdemos R 9000 8
Fraud Detection Proprietary R 22225 13
Computer Hardware https://www.mldata.io/dataset-details/computer_hardware/ R 209 10
Forbes Billionaires https://www.mldata.io/dataset-details/forbes_billionaire/ R 2043 6
Meta data error https://archive.ics.uci.edu/ml/machine-learning-databases/meta-data/ R 528 22
Drug spend https://datahub.io/core/pharmaceutical-drug-spending R 1036 6
Servo https://archive.ics.uci.edu/ml/machine-learning-databases/servo/ R 167 5
TV Shows https://www.kaggle.com/javagarm/tv-shows-on-ott-platforms R 5602 8
Predict number of suicides https://www.kaggle.com/szamil/who-suicide-statistics R 43776 6
World Happiness 2015 https://www.kaggle.com/mathurinache/world-happiness-report R 158 10
World Happiness 2016 https://www.kaggle.com/mathurinache/world-happiness-report R 157 11
World Happiness 2017 https://www.kaggle.com/mathurinache/world-happiness-report R 155 10
World Happiness 2018 https://www.kaggle.com/mathurinache/world-happiness-report R 156 8
World Happiness 2019 https://www.kaggle.com/mathurinache/world-happiness-report R 156 7
Happiness up to 2017 https://worldhappiness.report/ed/2017/ R 1420 16
Happiness up to 2020 https://worldhappiness.report/ed/2020/ R 1848 19
Diagnostic breast cancer https://archive.ics.uci.edu/ml/machine-learning-databases/breast-cance

r-wisconsin/
B 569 32

Prognostic breast cancer https://archive.ics.uci.edu/ml/machine-learning-databases/breast-cance
r-wisconsin/

B 198 34

Wine quality (red) https://kaggle.com/uciml/red-wine-quality-cortez-et-al-2009 R 1599 12
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https://kaggle.com/jadeblue/openfoodfactsclean
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https://datahub.io/core/pharmaceutical-drug-spending
https://archive.ics.uci.edu/ml/machine-learning-databases/servo/
https://www.kaggle.com/javagarm/tv-shows-on-ott-platforms
https://www.kaggle.com/szamil/who-suicide-statistics
https://www.kaggle.com/mathurinache/world-happiness-report
https://www.kaggle.com/mathurinache/world-happiness-report
https://www.kaggle.com/mathurinache/world-happiness-report
https://www.kaggle.com/mathurinache/world-happiness-report
https://www.kaggle.com/mathurinache/world-happiness-report
https://worldhappiness.report/ed/2017/
https://worldhappiness.report/ed/2020/
https://archive.ics.uci.edu/ml/machine-learning-databases/breast-cancer-wisconsin/
https://archive.ics.uci.edu/ml/machine-learning-databases/breast-cancer-wisconsin/
https://archive.ics.uci.edu/ml/machine-learning-databases/breast-cancer-wisconsin/
https://archive.ics.uci.edu/ml/machine-learning-databases/breast-cancer-wisconsin/
https://kaggle.com/uciml/red-wine-quality-cortez-et-al-2009


Table A.2: Characterization of the datasets used for the validation of the proposed approach. The first
3 are for batch scenarios, while the last 3 are for streaming data scenarios). (R: Regression, B: Binary
Classification)

Dataset Source Type Lines Cols.
Wine quality (white) https://data.world/uci/wine-quality/workspace/data-dictionary R 4500 12
Diabetes https://kaggle.com/kandij/diabetes-dataset B 768 9
Breast Cancer https://archive.ics.uci.edu/ml/machine-learning-databases/breast-cance

r-wisconsin/
B 699 10

Airlines https://moa.cms.waikato.ac.nz/datasets/ B 10000 8
AWS Prices https://moa.cms.waikato.ac.nz/datasets/ R 10000 8
Electricity https://moa.cms.waikato.ac.nz/datasets/ B 10000 9
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Appendix B

XDT API Endpoints

Figure B.1: XDT API endpoints of examples and predict services

63



Figure B.2: XDT API endpoints of test and files services

Figure B.3: XDT API dataset model

64



Figure B.4: XDT API configurations model
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Figure B.5: XDT API test model
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Appendix C

Example of a Decision Tree

{

" i d " : 1 ,

" t y p e " : " node " ,

" i n d e x " : 1 ,

" v a r _ o f _ d i v i s i o n " : " o u t l o o k " ,

" t y p e _ o f _ v a r " : " s t r i n g " ,

" v a l u e _ s t r i n g " : " o v e r c a s t " ,

" va lue_number " : 0 ,

" min_va lue " : 0 ,

" max_value " : 0 ,

" mean_value " : 0 ,

" IQR " : 0 ,

" o u t l i e r _ l i m i t _ l o w " : 0 ,

" o u t l i e r _ l i m i t _ h i g h " : 0 ,

" o u t l i e r s " : 0 ,

" o u t l i e r s _ i d s _ l o w " : 0 ,

" o u t l i e r s _ i d s _ h i g h " : 0 ,

" d i s p e r s i o n " : 0 .17857142857142858 ,

" p r e d i c t " : 0 .6428571428571429 ,

" p r e d i c t _ m e s s a g e " : " Not Fraud wi th 84% of p r o b a b i l i t y . " ,

" v a r " : 0 .22959183673469388 ,

" s t d " : 0 .47915742374995496 ,

" n u m _ i n s t a n c e s " : 14 ,

" i n s t a n c e s " : [ 0 , 4 , 7 , 11 , 1 3 ] ,

" l e f t " : {

" i d " : 2 ,

" t y p e " : " l e a f " ,

" min_va lue " : 1 ,

" max_value " : 1 ,

" mean_value " : 1 ,
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" IQR " : 0 ,

" o u t l i e r _ l i m i t _ l o w " : 1 ,

" o u t l i e r _ l i m i t _ h i g h " : 1 ,

" o u t l i e r s " : 0 ,

" o u t l i e r s _ i d s _ l o w " : [ ] ,

" o u t l i e r s _ i d s _ h i g h " : [ ] ,

" p r e d i c t " : 1 ,

" p r e d i c t _ m e s s a g e " : " Not Fraud wi th 80% of p r o b a b i l i t y . " ,

" v a r " : 0 ,

" s t d " : 0 ,

" n u m _ i n s t a n c e s " : 4 ,

" i n s t a n c e s " : [ 0 , 1 , 2 , 3 ]

} ,

" r i g h t " : {

" i d " : 3 ,

" t y p e " : " node " ,

" i n d e x " : 4 ,

" v a r _ o f _ d i v i s i o n " : " h u m i d i t y " ,

" t y p e _ o f _ v a r " : " number " ,

" v a l u e _ s t r i n g " : " " ,

" va lue_number " : 85 ,

" min_va lue " : 70 ,

" max_value " : 96 ,

" mean_value " : 8 2 . 7 ,

" IQR " : 1 5 . 5 ,

" o u t l i e r _ l i m i t _ l o w " : 5 1 . 7 5 ,

" o u t l i e r _ l i m i t _ h i g h " : 1 1 3 . 7 5 ,

" o u t l i e r s " : 0 ,

" o u t l i e r s _ i d s _ l o w " : [ ] ,

" o u t l i e r s _ i d s _ h i g h " : [ ] ,

" d i s p e r s i o n " : 0 .16000000000000003 ,

" p r e d i c t " : 0 . 5 ,

" p r e d i c t _ m e s s a g e " : " Not Fraud wi th 85% of p r o b a b i l i t y . " ,

" v a r " : 0 . 2 5 ,

" s t d " : 0 . 5 ,

" n u m _ i n s t a n c e s " : 10 ,

" i n s t a n c e s " : [ 6 , 12 , 5 , 8 , 4 ] ,

" l e f t " : {

" i d " : 4 ,

" t y p e " : " l e a f " ,

" min_va lue " : 0 ,

" max_value " : 1 ,
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" mean_value " : 0 . 8 ,

" IQR " : 0 ,

" o u t l i e r _ l i m i t _ l o w " : 1 ,

" o u t l i e r _ l i m i t _ h i g h " : 1 ,

" o u t l i e r s " : 1 ,

" o u t l i e r s _ i d s _ l o w " : [ 6 ] ,

" o u t l i e r s _ i d s _ h i g h " : [ ] ,

" p r e d i c t " : 0 . 8 ,

" p r e d i c t _ m e s s a g e " : " Not Fraud wi th 82% of p r o b a b i l i t y . " ,

" v a r " : 0 . 1 6 ,

" s t d " : 0 . 4 ,

" n u m _ i n s t a n c e s " : 5 ,

" i n s t a n c e s " : [ 6 , 5 , 7 , 12 , 13]

} ,

" r i g h t " : {

" i d " : 5 ,

" t y p e " : " l e a f " ,

" min_va lue " : 0 ,

" max_value " : 1 ,

" mean_value " : 0 . 2 ,

" IQR " : 0 ,

" o u t l i e r _ l i m i t _ l o w " : 0 ,

" o u t l i e r _ l i m i t _ h i g h " : 0 ,

" o u t l i e r s " : 1 ,

" o u t l i e r s _ i d s _ l o w " : [ ] ,

" o u t l i e r s _ i d s _ h i g h " : [ 4 ] ,

" p r e d i c t " : 0 . 2 ,

" p r e d i c t _ m e s s a g e " : " Not Fraud wi th 88% of p r o b a b i l i t y . " ,

" v a r " : 0 .16000000000000003 ,

" s t d " : 0 . 4 ,

" n u m _ i n s t a n c e s " : 5 ,

" i n s t a n c e s " : [ 8 , 9 , 10 , 11 , 4 ]

}

}

}
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Appendix D

Example of an Explanation

{

" l e a f " : {

" i d " : 24 ,

" t y p e " : " l e a f " ,

" min_va lue " : 6 ,

" max_value " : 7 ,

" mean_value " : 6 . 7 6 ,

" IQR " : 0 ,

" o u t l i e r _ l i m i t _ l o w " : 7 ,

" o u t l i e r _ l i m i t _ h i g h " : 7 ,

" o u t l i e r s " : 4 ,

" o u t l i e r s _ i d s _ l o w " : [

0 ,

69 ,

134 ,

307

] ,

" o u t l i e r s _ i d s _ h i g h " : [ ] ,

" p r e d i c t " : 6 . 7 6 ,

" p r e d i c t _ m e s s a g e " : " 6 . 7 6 more o r l e s s 0 . 4 2 " ,

" v a r " : 0 .17993079584775087 ,

" s t d " : 0 .42418250299576343 ,

" n u m _ i n s t a n c e s " : 17 ,

" i n s t a n c e s " : [

0 ,

131 ,

146 ,

154 ,

155

]
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} ,

" e x p l a n a t i o n " : [

{

" v a r i a b l e " : " a l c o h o l " ,

" d i r e c t i o n " : " below " ,

" v a l u e " : 1 1 . 6

} ,

{

" v a r i a b l e " : " v o l a t i l e a c i d i t y " ,

" d i r e c t i o n " : " below " ,

" v a l u e " : 0 . 3

} ,

{

" v a r i a b l e " : " f r e e s u l f u r d i o x i d e " ,

" d i r e c t i o n " : " below " ,

" v a l u e " : 75

} ,

{

" v a r i a b l e " : " f r e e s u l f u r d i o x i d e " ,

" d i r e c t i o n " : " above " ,

" v a l u e " : 17

} ,

{

" v a r i a b l e " : "pH " ,

" d i r e c t i o n " : " below " ,

" v a l u e " : 3 . 6 6

} ,

{

" v a r i a b l e " : " s u l p h a t e s " ,

" d i r e c t i o n " : " e q u a l " ,

" v a l u e " : 0 . 5 5

} ,

{

" v a r i a b l e " : " s u l p h a t e s " ,

" d i r e c t i o n " : " below " ,

" v a l u e " : 0 . 6 2

} ,

{

" v a r i a b l e " : " c i t r i c a c i d " ,

" d i r e c t i o n " : " above " ,

" v a l u e " : 0 . 2 8

}

72



] ,

" c o u n t e r f a c t u a l _ a n a l y s i s " : [

{

" v a r i a b l e " : " a l c o h o l " ,

" d i r e c t i o n " : " above " ,

" v a l u e " : 0 . 6 ,

" n e w _ p r e d i c t i o n " : " 5 . 8 6 " ,

" p r e d i c t i o n _ m e s s a g e " : " 5 . 8 5 more o r l e s s 0 . 3 4 " ,

" v a r " : 0 .12244897959183673 ,

" s t d " : 0 .3499271061118826 ,

" n u m _ i n s t a n c e s " : 7 ,

" i d " : 85

} ,

{

" v a r i a b l e " : " v o l a t i l e a c i d i t y " ,

" d i r e c t i o n " : " above " ,

" v a l u e " : 0 . 0 3 ,

" n e w _ p r e d i c t i o n " : " 5 . 8 3 " ,

" p r e d i c t i o n _ m e s s a g e " : " 5 . 8 3 more o r l e s s 0 . 3 7 " ,

" v a r " : 0 .1388888888888889 ,

" s t d " : 0 .37267799624996495 ,

" n u m _ i n s t a n c e s " : 6 ,

" i d " : 62

} ,

{

" v a r i a b l e " : "pH " ,

" d i r e c t i o n " : " above " ,

" v a l u e " : 0 . 4 6 ,

" n e w _ p r e d i c t i o n " : " 5 . 0 0 " ,

" p r e d i c t i o n _ m e s s a g e " : " 5 . 0 more o r l e s s 0 . 0 " ,

" v a r " : 0 ,

" s t d " : 0 ,

" n u m _ i n s t a n c e s " : 3 ,

" i d " : 28

} ,

{

" v a r i a b l e " : " s u l p h a t e s " ,

" d i r e c t i o n " : " below " ,

" v a l u e " : 0 . 1 ,

" n e w _ p r e d i c t i o n " : " 5 . 9 0 " ,

" p r e d i c t i o n _ m e s s a g e " : " 5 . 9 0 more o r l e s s 0 . 4 2 " ,

" v a r " : 0 .18140589569160998 ,
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" s t d " : 0 .4259177099999599 ,

" n u m _ i n s t a n c e s " : 84 ,

" i d " : 16

} ,

{

" v a r i a b l e " : " s u l p h a t e s " ,

" d i r e c t i o n " : " above " ,

" v a l u e " : 0 . 0 7 ,

" n e w _ p r e d i c t i o n " : " 6 . 0 0 " ,

" p r e d i c t i o n _ m e s s a g e " : " 6 . 0 more o r l e s s 0 . 0 " ,

" v a r " : 0 ,

" s t d " : 0 ,

" n u m _ i n s t a n c e s " : 10 ,

" i d " : 27

}

] ,

" h u m a n _ c o n t e r f a c t u a l _ e x p l a n a t i o n " : " ’ a l c o h o l ’ i s below 1 1 . 6 u n i t s .

’ v o l a t i l e a c i d i t y ’ i s below 0 . 3 u n i t s . ’ f r e e s u l f u r d i o x i d e ’ i s

below 7 5 . 0 u n i t s . ’ f r e e s u l f u r d i o x i d e ’ i s above 1 7 . 0 u n i t s . ’pH’

i s below 3 . 6 6 u n i t s . ’ s u l p h a t e s ’ i s 0 . 5 5 . ’ s u l p h a t e s ’ i s below

0 . 6 2 u n i t s . ’ c i t r i c ac id ’ i s above 0 . 2 8 u n i t s . However : I f

’ a l c o h o l ’ was above 0 . 6 u n i t s , t h e p r e d i c t i o n would be 5 . 8 6 . I f

’ v o l a t i l e a c i d i t y ’ was above 0 . 0 3 u n i t s , t h e p r e d i c t i o n would be

5 . 8 3 . I f ’pH’ was above 0 . 4 6 u n i t s , t h e p r e d i c t i o n would be 5 . 0 0 .

I f ’ s u l p h a t e s ’ was below 0 . 1 u n i t s , t h e p r e d i c t i o n would be 5 . 9 0 .

I f ’ s u l p h a t e s ’ was above 0 . 0 7 u n i t s , t h e p r e d i c t i o n would be 6 . 0 0 . "

}
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Appendix E

XDT Frontend

Figure E.1: XDT Frontend with some visualization options in left side panel
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Figure E.2: XDT frontend with horizontal orientation
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Figure E.3: XDT frontend with vertical orientation
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Appendix F

Requirements

aniso8601==9.0.1

attrs==21.2.0

click==8.0.3

colorama==0.4.4

csvalidate==1.1.1

Flask==2.0.2

Flask-Cors==3.0.10

Flask-CSV==1.2.0

flask-restx==0.5.1

greenlet==1.1.2

itsdangerous==2.0.1

Jinja2==3.0.3

joblib==1.1.0

jsonschema==4.3.2

MarkupSafe==2.0.1

marshmallow==3.14.1

numpy==1.21.5

pandas==1.3.5

prettytable==2.5.0

pyrsistent==0.18.0

python-dateutil==2.8.2

pytz==2021.3

scikit-learn==1.0.1

scipy==1.7.3

six==1.16.0

sklearn==0.0

SQLAlchemy==1.4.28

threadpoolctl==3.0.0

wcwidth==0.2.5

Werkzeug==2.0.2
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