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Abstract

This thesis examines how machine learning can be applied in demand forecasting. In par-
ticular, it describes a novel approach toward lumpy and intermittent demand forecasting.
It advocates using a two-fold model for forecasting lumpy (irregular demand occurrence,
strong demand size variability) and intermittent (irregular demand occurrence, little de-
mand size variability) demands when considering fixed forecasting horizons. The two-fold
model comprises a classification model to predict demand occurrence and a regression
model to predict the demand quantity. By dividing the forecasting problem into these two
dimensions, insights into the reasons affecting the forecast quality are exposed by allowing
us to understand to what extent the forecasting model fails to predict demand occurrence
or demand quantity. Furthermore, a new set of metrics is proposed to assess the quality
of the forecasts: ROC AUC to determine the quality of the classifier, variations of the
MASE metric to measure the quality of the regression component, and the SPEC metric
to determine the impact of the forecast on the stock costs.

While an accurate prediction of when the demand event occurs is of utmost impor-
tance, a prediction score alone does not provide an intuitive interpretation to the human.
Furthermore, multiple models produce different predictive score distributions. Therefore,
an additional model (a.k.a. calibrator) can be trained to map the original predictive scores
to probabilities (in our case, the probability of demand occurrence). While much research
has been devoted to measuring the quality of such calibrators, it is assumed that ground
truth is required to measure and calibrate machine learning models. This thesis presents a
novel approach to measuring the quality of the calibration, addressing the shortcomings of
a widely adopted metric. The results show that the newly proposed metrics can estimate
the calibrators’ quality without using ground truth when no concept drift occurs. This
approach could be helpful in at least two scenarios: (i) monitoring the performance of the
calibrator over time without incurring labeling costs and (ii) training a calibrator without
ground truth (human label on whether the event under consideration took place or not).
While some experiments were performed on training a calibrator without ground truth,
the first results were not promising, and more research must be invested in this direction.

Finally, the thesis highlights a use case of demand forecasting where explainable ar-
tificial intelligence was used to determine features that were relevant to a given forecast.
Furthermore, such insights were enriched with expert knowledge from ontologies and in-
sights obtained through text-mining techniques to build high-level explanations leveraging
information retrieved from external sources.
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Povzetek

V doktorski disertaciji smo preu£ili uporabo strojnega u£enja za napoved povpra²evanja.
Predlagali smo novi pristop za napoved ob£asnega povpra²evanja, ki ima redno manj²e ali
ve£je razlike v povpra²evanih koli£inah. Pristop deli napoved ob£asnega povpra²evanja v
dva modela: klasi�kacijski model za napoved samega dogodka povpra²evanja in regresij-
ski model za napoved povpra²evane koli£ine. Delitev napovedi povpra²evanja na dva dela
omogo£a bolj²i vpogled v samo napoved in razumevanje vzrokov neto£nosti: ali napoved
ni to£na zaradi slabe napovedi glede samega dogodka povpra²evanja, ali napoved ni to£na
zaradi napovedi povpra²evane koli£ine. Za primerno ovrednotenje kakovosti napovedi pre-
dlagamo tri metrike: AUC ROC za ovrednotenje natan£nosti klasi�kacijskega modela,
MASE za ovrednotenje natan£nosti regresijskega modela ter SPEC za razumevanje vpliva
napovedi na stro²ke zalog.

Napoved samega dogodka povpra²evanja ne omogo£a verjetnostne interpretacije in po-
sledi£no nima intuitivne razlage za osebo, ki koristi napovedi. Treba je ustvariti dodaten
model za preslikavo vrednosti originalnega modela strojnega u£enja v verjetnostne napo-
vedne rezultate. Mnoge raziskave so posvetile pozornost verjetnostni kalibraciji modelov
strojnega u£enja. V njih se predvideva, da obstajajo neki ozna£eni podatki, na podlagi
katerih lahko poteka kalibracija modela. V doktorski tezi predlagamo nove metrike za
merjenje kakovosti kalibracijskih modelov. Predlagane metrike uspe²no odpravijo nekatere
pomanjkljivosti ene izmed pogosto uporabljenih metrik. Iz rezultatov je tudi razvidno, da
predlagane metrike omogo£ajo ocenjevanje kakovosti kalibracijskega modela brez uporabe
ozna£enih podatkov, ko se distribucija vhodnih podatkov modela strojnega u£enja ne spre-
minja. Predlagane metrike so lahko koristne za ocenjevanje (i) kakovosti kalibracijskega
modela v £asu, ne da bi potrebovali ozna£ene podatke, ter (ii) treniranje kalibracijskega
modela brez ozna£enih podatkov (£love²kih oznak glede na dogodek, ki ga model napo-
veduje). ƒeprav smo opravili nekaj eksperimentov v tej smeri, prvi rezultati niso kazali
kompetitivnih rezultatov. Na²e mnenje je, da je smer vredna raziskav, vendar je treba
vloºiti ve£ £asa vanjo.

Doktorsko disertacijo zaklju£imo z nekaj primeri uporabe razloºljive umetne inteligence
pri napovedi povpra²evanja. Vpoglede razloºljive umetne inteligence smo obogatili z eks-
pertnim znanjem iz ontologij in znanjem, pridobljenim preko besedilnega rudarjenja novic
raznih informacijskih virov na internetu.
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Chapter 1

Introduction

1.1 General Introduction

The world we live in has become increasingly digitalized. The development of new technolo-
gies and their increasing democratization have enabled the digitalization of every aspect of
our lives. Information availability has enabled the development of machine learning models
to address various needs. Digitalization of the Industry is no exception. The Industry 4.0
paradigm, �rst presented at the Hannover Industrial Fair in 2011 [1], [2], envisions us-
ing the latest technologies and paradigms to foster manufacturing innovation and address
challenges related to reducing manufacturing times, enhancing quality, enabling predictive
maintenance, mass customization, and smart product lifecycle management. Many con-
sider the Industry 4.0 paradigm as a new industrial revolution and arti�cial intelligence as
one of the key pillars of this revolution.

While humans have always been fascinated with foreseeing the future, we can think of
this ability in two ways. First, it could be that the future is revealed to us (prophecies).
Second, it could mean the capability to identify speci�c patterns that are not visible to
the majority of the counterparts. This second ability would enable one to tell about the
future with a certain degree of certainty, which may not be perfect but often realized. The
latest is the case of many machine learning forecasting models. Machine learning models
can learn from a wide range of data sources, learn correlations between the information
contained among the features, and issue a prediction. One such case is demand forecasts.
While the demand event occurrence can be forecasted with a prediction score, it is most
intuitive to humans when such a score is probabilistic.

Developing the capability to identify patterns can be considered a learning process.
Therefore, it is important to consider the factors that in�uence such a process. Some
psychologists consider that the learning process in humans has three stages related to the
learning and memory process: encoding (learning of information), storage (maintaining
information over time), and retrieval (accessing the information when needed) [3]. Fur-
thermore, multiple factors in�uence the learning process's speed (or success), such as the
biological, psychometric, and social intelligence [4], and quality of instruction [5], [6]. In the
broader sense, we could consider psychometric intelligence as the processing speed and the
quality of instruction as the capability to correctly frame the problem at hand and follow an
appropriate methodology (employ suitable algorithms). The last abovementioned elements
do not only in�uence human learning but machine learning too. Furthermore, assessing
such learning requires adequate metrics to understand whether key aspects were correctly
learned and to what extent. Finally, the storage and ability to access the knowledge when
needed relate to the machine learning models' predictive capabilities. This research will
recurrently consider how to enhance learning and measure success. We address learning
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and measure successful learning in the context of demand forecasting. Furthermore, we
also consider probability calibration: how to turn predictive scores into real probabilities
of occurrence for the event under consideration. In this direction, we do not develop novel
calibration methods but rather address how the calibration quality can be better measured
and how it can be estimated when no ground truth exists, given certain assumptions and
constraints.

1.2 Motivation

Business originates from the �t of four interrelated components: people (who participate in
the venture), context (elements in�uencing success or failure that the entrepreneur cannot
control), deal (who satis�es the needs (something essential to human survival) or wants
(something desired by the human person), to whom and when the deliveries and receipt
take place), and opportunity (investment performed hoping a future return) [7]. The de-
mand for such needs and wants is determined by the price of the good or service, the
buyer's income, the prices of related goods or services (complementary or substitutes),
the consumers' preferences, expectations regarding future prices, and the market size. To
e�ciently organize production, companies create demand forecasts, which guide multiple
business activities (e.g., �nancial planning and risk assessment) and drive supply chain pro-
cesses (e.g., raw material planning and purchases, inventory optimization). Such demand
forecasts are created by examining past demand data and plan outlooks. Additional data
sources can provide valuable information regarding factors a�ecting demand. Accurate de-
mand forecasts reduce ine�ciencies and can a�ect customer satisfaction. To enhance the
accuracy of such forecasts, multiple improvements have been introduced. One is the Elec-
tronic Data Interchange software, whose implementation aimed to increase transparency
between related parties by timely sharing manufacturing processes' data. The use of ma-
chine learning has been another step forward. Some bene�ts of machine learning models
are that they are not prone to many biases the humans are, provide means for identify-
ing patterns, and integrate a wide range of sources of information related to forecasting
processes.

Multiple schemas to characterize demand have been proposed in the literature. Among
them, we �nd a quadrant proposed by Syntetos et al. [8], which divides demand based on
the frequency of demand events and the demand size. They name the demand patterns
as smooth (regular demand occurrence, little demand size variability), erratic (regular
demand occurrence, substantial demand size variability),intermittent (irregular demand
occurrence, little demand size variability), andlumpy (irregular demand occurrence, strong
demand size variability). In the literature, the four kinds of demand have been addressed as
time series problems. Consequently, the models' performance has been measured through
regression metrics. For cases where demand was sparse, much e�ort was invested into (a)
mitigating such sparsity (e.g., through aggregation) or (b) devising metrics that would
be less sensitive to such sparseness. This thesis agrees that demand forecasting with
frequent demand events should be addressed as a time series problem. When demand is
frequent, we assume demand events will always occur, and we must only learn to forecast
the demand quantity. On the other hand, we do not consider it the right way to frame
a demand forecasting problem when demand events are infrequent. In such cases, an
additional learning goal must be considered: to learn to predict whether demand will
occur. Consequently, the metrics required to measure learning success must be changed so
that we understand to what extent both learning goals (determine whether demand will
take place and the quantity of such demand) are satis�ed.

Whenever we consider the occurrence of an event, we may be interested in thinking
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about it in terms of probabilities. While machine learning models issue predictive scores,
such scores can be calibrated into probability scores using a calibrator. The calibrator
learns a mapping between the predictive scores and actual outcomes. A good calibrator
will map the predictive scores to probability scores, ensuring that for the mean predicted
probability for a class, the fraction of positive events for that class will be equal or close
to the mean predicted probability value. Expected Calibration Error (ECE) is one of the
most widely adopted metrics to measure calibrator quality. The metric is calculated as a
weighted average of the accuracy and prediction error across the bins. It is weighted on
the relative number of samples in each bin. Nevertheless, some shortcomings have been
observed. Among them, we mention that only bins with some prediction are considered and
that the metric does not inherently support multiclass scenarios. Furthermore, calibration
techniques and metrics assume ground truth data is available to perform the calibration.
In this thesis, we advocate that calibration measurements can be performed when no
ground truth (human-labeled information regarding the occurrence of the event under
consideration) is available. Therefore, we enable research on probability calibration when
no ground truth is available.

In the following subsections, we introduce the problem of demand forecasting and
probability calibration in greater detail.

1.3 Demand Forecasting Approaches and Metrics

Demand is a principle of economics that captures the consumer's desire to buy a certain
good. Multiple demand categorizations have been proposed in the literature to deter-
mine material planning strategies, organize the production of such goods, and support
stock management. Furthermore, such categorizations have been useful in deciding which
forecasting technique to use in each case based on speci�c demand characteristics. Many
authors proposed categorizing the demand types into three categories. Flores et al. [9]
determined three categories based on the products' cost-volume share (ABC categoriza-
tion): A for items with a large cost-volume share,B for items with a moderate cost-volume
share, andC for items with a low cost-volume share. [10], on the other hand, proposed
dividing the products according to their demand velocity from an inventory perspective
(FSN categorization), establishing three categories:F (fast-moving), S (slow-moving),
and N (non-moving). Scholz et al. [11] focused on the uncertainty of demand occurrence,
and established the XYZ categorization. Such classi�cation considers items with stable
demand (X ), items with volatile demand occurrence (Z ), and items with a demand that
falls in between X and Z demands (Y ). Finally, Botter et al. [12] considered dividing
products into three categories, based on how strong a disruption they could cause to the
manufacturing process if not in stock (VED categorization): V (vital parts - expected to
cause strong disruptions if not present in stock),E (essential parts - expected to cause
moderate disruptions if not available in stock), andD (desirable parts - expected to cause
minor disruptions if not present in stock). Some of the abovementioned categorizations
were combined. For example, Scholz et al. [11] combined the ABC and XYZ analyses,
while Nallusamy [13] combined the ABC and FSN analyses. Further categorizations were
proposed considering the similar demand characteristics as considered by the XYZ analysis.
Croston [14] proposed determining demand types based on demand size and inter-demand
intervals. Williams [15] established �ve categories, considering the demand variance in
the size and number of orders given a particular lead time. Eaves et al. [16] evolved this
approach and suggested classifying demand considering the lead time variability, trans-
action rate variability, and demand size variability. Finally, Syntetos et al. [8] proposed
classifying demand into four quadrants based on the frequency of the demand events and
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the �uctuation of the demand quantities. They named the demand patterns assmooth
(regular demand occurrence, little demand size variability),erratic (regular demand oc-
currence, substantial demand size variability),intermittent (irregular demand occurrence,
little demand size variability), and lumpy (irregular demand occurrence, strong demand
size variability).

While the research presented in this thesis involved machine learning models addressing
the four types of demand as characterized by Syntetos et al. [8], the most important
contributions relate to the approach addressing lumpy and intermittent demand. Multiple
authors investigated the causes behind demand sparsity. Verganti [17] and Bartezzaghi [18]
considered it a consequence of market characteristics (e.g., numerousness and heterogeneity
of customers, the variety of customer requests, or the frequency at which customers place
the orders). Furthermore, demand sparsity is related to the granularity level at which
the demand is considered and mitigated by some authors by decreasing the granularity
level (Nikolopoulos et al. [19]). Lumpy and intermittent demand is considered a relevant
problem in demand forecasting, given a considerable proportion of any organization's stock
value behaves according to such a demand (Babai et al. [20]). In particular, Johnston et
al. [21] describe a use case where 75% of items had a lumpy demand and accounted for
40% of the company's revenue and 60% of stock investment. Furthermore, Amin-Naseri
et al. [22] described multiple authors who found lumpy demand patterns are widespread,
especially among the aviation, automotive, and telecommunication industries.

Both abovementioned demand types are considered among the most challenging de-
mand forecasting problems given they both present sparse demand events and, therefore,
represent an additional challenge to accurately estimating demand quantity (Amin-Naseri
et al. [22] and Mukhopadhyay et al. [23]). Lumpy and intermittent demand have a char-
acteristic in common: many periods have no demand. Therefore, many time series models
get distorted, failing to provide an accurate prediction. Furthermore, such distortion is also
seen in the regression metrics, making it di�cult to determine the quality of the forecasts
where zero forecasts dominate along the time series. This thesis presents a novel approach
toward lumpy and intermittent demand forecasting. We advocate that for a �xed forecast-
ing horizon, such demand is best forecasted using a two-fold model: a classi�cation model
to predict demand occurrence, and a regression model, to predict the demand quantity.
By dividing the forecasting problem into these two dimensions, we also provide insights
into the reasons a�ecting the forecast quality: whether we are failing to forecast demand
occurrence or the demand quantity. Based on this approach, we propose a set of metrics
to assess the quality of the forecast: ROC AUC to determine the quality of the classi�er,
variations of the MASE metric to measure the quality of the regression component, and
the SPEC metric to determine the impact of the forecast on the stock costs.

To obtain superior results when forecasting demand, we trained global models. Global
models are built with all experimental data available (in our case, with demand data cor-
responding to multiple products), in contrast to local models, which only consider data
of a single product. While global models have been used in the past, there has recently
been a renewed interest in them (Petropoulos et al. [24] and Makridakis et al. [25], [26])
following the results obtained by deep learning approaches and competition results (e.g.,
in M4 and M5 time series competitions). Furthermore, research has shown that global
models can be trained for any dataset, and their performance should be equal to or better
than that achieved by local models (Montero-Manso et al. [27]). In demand forecasting,
global models can learn patterns shared across multiple products, enhancing performance.
Furthermore, global time series models reduce the number of models to be deployed into
production, therefore reducing e�orts regarding human supervision, deployment, monitor-
ing, and maintenance (Montero-Manso et al. [27]).
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While an accurate prediction of when the demand event occurs is of utmost importance,
a prediction score alone does not provide an intuitive interpretation to the human. Fur-
thermore, multiple models produce di�erent predictive score distributions. Therefore, an
additional model (calibrator) can be trained to map the original predictive scores to prob-
abilities (in our case, probability of demand occurrence for sparse demands). While much
research has been devoted to measuring the quality of such calibrators, it is assumed that
ground truth is required to measure and calibrate machine learning models. This thesis
presents a novel approach to measuring calibration quality, addressing the shortcomings of
some widely adopted metrics. Furthermore, we show that the newly proposed metrics can
estimate the calibrators' quality without using ground truth. We consider this of utmost
importance, given no additional data labeling is required to assess the calibrators' qual-
ity. We envision this �nding could be helpful in at least two scenarios: (i) monitoring the
performance of the calibrator over time without incurring labeling costs and (ii) training
a calibrator without ground truth. While we performed some experiments on training a
calibrator without ground truth, the �rst results were not promising, and more research
must be invested in this direction.

1.4 Probability Calibration of Machine Learning Models

Probability calibration is the process of calibrating a model to return the true likelihood of
an event. Such calibration is achieved by training a calibrator model that maps the classi-
�er's predictive scores into probability scores (Song et al. [28]). By predicting probability
scores, the decision rules created on top of the calibrator remain stable regardless of the
underlying classi�cation model. Such stability is achieved by abstracting the decision rules
from the particular predictive scores of each classi�cation model through a calibrator. The
decision rules can account for di�erent class priors or misclassi�cation costs. While on the
optimal decision boundary for hypothetical Bayes-optimal probabilities, the expected costs
of true positives and true negatives are equal, the decision boundary can be altered based
on speci�c circumstances (e.g., di�erent costs of false positives and false negatives or class
imbalance).

Miscalibration can occur due to undercon�dence (the classi�er better separates the
classes than what would be expected from the probability scores) or overcon�dence (the
classi�er does not separate the classes as well as it is expected from the probability scores).
While many calibration methods have been developed, most do not inherently address the
multi-class problem. Furthermore, at least three de�nitions exist on what is considered
to be a multi-class calibrated model: (a) con�dence calibration (considers the highest
predicted probability only (Guo et al. [29])), (b) class-wise calibration (takes into account
only the marginal probabilities (Zadrozny et al. [30])), and (c) multi-class calibration
(takes into account all of the predicted probabilities in a vector).

For probability calibration, two sources of error are considered: (a) re�nement error
(likelihood of di�erent classes receiving the same probability forecast) and (b) calibration
error (deviation of given forecasts from the line denoting the expected outcomes for a
perfectly calibrated model) (Song et al. [28]).

The calibration quality can be best assessed visually through calibration plots (a.k.a
reliability diagrams). Nevertheless, multiple metrics have been devised to assess calibration
quality. The Expected Calibration Error (ECE) is one of the most widespread calibration
quality metrics (Possoco et al. [31]). While de�ned for a binary classi�cation problem,
many variations have been developed to address the multi-class scenarios. For binary clas-
si�cation, it is de�ned as the weighted average gap across all bins in a reliability diagram.
The weighted average is computed considering the number of instances in each bin. For
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multi-class scenarios, con�dence-ECE is computed considering the highest predicted scores
for each instance and then binarizing the ground truth by checking whether the highest
score was correct regarding the target class. Classwise ECE, on the other hand, is de�ned
as the average gap across all classwise reliability diagrams. Among the ECE shortcomings,
we must mention its sensitivity to the number of bins considered, the fact that bins with
zero predictions are not considered in the metric, and a truly multi-class ECE has not been
proposed yet. Evaluating multi-class calibration is considered to still be an open research
problem. Among other metrics, we �nd Adaptive Calibration Error (ACE), Maximum
Calibration Error (MCE), and negative log-likelihood. The Negative Log-Likelihood is
considered a standard measure of a calibrator's quality and is minimized if and only if the
prediction matches the ground truth conditional distribution. The ACE evolves from the
ECE metric, and instead of �xed-sized intervals, it uses bin intervals of di�erent sizes to
ensure that each bin contains an equal number of samples (Nixon et al. [32]). Finally, the
MCE aims to minimize the worst-case deviation between con�dence and accuracy and is
best suited where reliable con�dence measures must be given (Naeini et al. [33]).

While much research was invested into probabilities calibration, to the extent of our
knowledge, almost no research addressed the measurement of the calibration quality, given
a lack of ground truth. We consider this approach to be feasible, at least under certain
assumptions: (i) there is no concept drift, (ii) the feature values do not shift towards unseen
regions of the input space, and (iii) the standard deviation of the noise observed around the
predicted target depends on the input features. We propose a new set of calibration metrics,
which better capture the quality of a calibrator when compared to the widespread ECE
metric. The proposed metrics address some of the ECE metric shortcomings. Furthermore,
we show they can be used to assess the quality of a calibrator in production environments
considering the abovementioned constraints.

1.5 Aims and Hypotheses

Several studies have previously explored mechanisms for forecasting demand for lumpy
and intermittent demand. Nevertheless, that research mainly considered lumpy and inter-
mittent demand to be framed as a regular time series problem, focusing on attenuating
the in�uence of zero forecasts on the forecasting models or the metrics used to assess the
forecast performance. One of the primary goals of the research presented in this thesis
was to reframe demand forecasting for lumpy and intermittent demands, showing that it
could be more e�ectively addressed if considered a two-fold problem: demand occurrence
prediction and demand quantity prediction. To address these two sub-problems, we de-
velop a classi�cation and regression model. Furthermore, we propose a set of metrics that
assess the quality of each model and the forecast impact on inventory when joined into a
single forecast. Another important goal of the research presented in this thesis concerns
model probability calibration. We argue that calibration quality can be measured even
when no ground truth is available. We develop a set of metrics and show a correlation
between metrics measured with and without ground truth. Furthermore, we show that the
proposed metrics solve shortcomings of widely adopted metrics used to measure calibration
quality.

Hypothesis 1 : Using a two-fold model, predicting demand occurrence and demand
quantity separately, could achieve better demand forecasts for lumpy and intermittent de-
mand than current state-of-the-art models described in the scienti�c literature.

Prior state of the art : It was known that a large number of zero-demand intervals
a�ected the forecasting models and metrics used to assess their quality. Additionally,
while features were devised to describe either demand occurrence or demand quantity, the
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demand forecasting models were optimized for regression metrics. By doing so, the lack
of predictive performance could not be attributed to whether it failed to predict demand
occurrence or failed to predict demand quantity.

Aim : We have taken a novel perspective on lumpy and intermittent demand fore-
casting. We aimed to show that the lumpy and intermittent demand can be predicted using
a two-fold approach, predicting demand occurrence and demand quantity separately. To
test our approach, we perform experiments on real-world data and compare our approach
against models described in the scienti�c literature across multiple metrics.

Hypothesis 2 : Forecasting models' performance for intermittent and lumpy demand is
better assessed (when compared to current approaches) using three separate metrics: AUC
ROC for event occurrence, Mean Absolute Scaled Error (MASE) to assess how accurate
the demand quantities were predicted, and Stock-keeping-oriented Prediction Error Costs
(SPEC) to assess how prediction errors impact stock over time.

Prior state of the art : While many metrics have been devised to measure the
quality of forecasts for lumpy and intermittent demands, they treated the demand fore-
casting problem as a regression problem. Therefore, metrics were developed to mitigate
the in�uence of zero demand while achieving this to a greater or lesser extent. By using
a single regression metric to assess the models' performance, it was not clear whether the
models' lack of performance was related to a failure to predict the demand event occurrence
or the demand size.

Aim : We have proposed a new set of metrics to evaluate the quality of demand
forecasts. First, we measure how accurately the demand occurrence is predicted. Second,
we measure how accurately the demand quantity is predicted. Finally, we measure the
expected cost of a given forecast on inventories.

Hypothesis 3 : The quality of a probabilistic calibration on a classi�cation model can
be measured without ground truth.

Prior state of the art : While many metrics have been proposed to measure the
calibration quality, all assume ground truth exists.

Aim : We have proposed a new set of metrics that can determine the calibration
quality when no ground truth exists. We do so by leveraging information regarding the
predictions' distribution and the expected distribution for a perfect calibrator.

1.6 Scienti�c Contributions

The major scienti�c contributions of this thesis can be grouped based on their relation
to the three hypotheses we have outlined in Section 1.5. These correspond to lumpy and
intermittent demand forecasting (a novel forecasting approach, a set of metrics to measure
performance) and probability calibration.

SC 1. Development of a novel approach to forecasting intermittent and
lumpy demand. We did so in our work addressing demand forecasting for lumpy and
intermittent demand (Roºanec et al. [34]).

We have shown that the abovementioned approach achieves state-of-the-art perfor-
mance for lumpy and intermittent demand. It was determined that the proposed method
improves primarily by enhancing the quality of forecasts regarding the demand event oc-
currence. This is a signi�cant novelty, as previous works considered features related to
demand occurrence but did not address the forecasting problem as two separate problems:
forecasting demand occurrence and demand size. We achieve state-of-the-art performance
by creating a classi�cation model for forecasting demand occurrence and a regression model
for forecasting demand size when demand occurs.
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SC 2. De�nition of a novel set of metrics for assessing the quality of fore-
casting intermittent and lumpy demands. We did so in our work addressing demand
forecasting for lumpy and intermittent demand (Roºanec et al. [34]).

The quality of demand forecasts for lumpy and intermittent demands can be better
assessed if the following dimensions are measured: (a) how accurately the demand events
are predicted, (b) how accurately the demand sizes are predicted, and (c) the cost of
demand forecasts on inventory. The results show that the proposed set of metrics has
shown that most demand forecasting models for lumpy and intermittent demand fail to
predict demand occurrence (they do so at a chance level - the classi�er is not able to rank a
random positive sample higher than a random negative one: the model cannot distinguish
between positive and negative classes). Furthermore, it was shown that (in)ability to
predict demand occurrence was key to the �nal forecast performance.

SC 3. Development of novel metrics to assess the quality of probability
calibration of classi�cation models without using ground truth. We did so in our
work addressing model calibration in the context of automated visual defect inspection
(Roºanec et al. [35]).

The results show that the metrics could better assess the calibration quality than a
widely adopted calibration quality metric. Such assessment was performed by comparing
metric scores and calibration plots when ground truth was available. The results show that
the proposed metrics can determine the quality of calibration even when no ground truth
is available when certain preconditions are met.

Most of the listed contributions represent steps in a new way of conceiving lumpy and
intermittent demand forecasting. The experimentally observed improvements suggest that
reframing demand forecasting of lumpy and intermittent demand into two sub-problems
(forecast of demand occurrence and quantity) provides tangible bene�ts and is a promising
direction for further research. Furthermore, these could be the �rst steps towards reframing
sparse time series forecasting.

Our contributions regarding models' probabilistic calibration represent a new way of
conceiving probabilities calibration. While scienti�c literature considers ground truth is
required to perform such calibrations, we have de�ned a set of metrics that can assess
the calibration quality when no ground truth is available. This contribution reduces costs
associated with data labeling and opens the door to new calibration approaches.

1.7 Thesis Structure

The thesis starts with a brief outline of the general background and motivation, describing
the context of the problems related to demand forecasting. We focus on lumpy and inter-
mittent demand forecasting, given that one of this thesis's most important contributions
is a novel approach to forecasting such demands. Second, we brie�y describe problems
related to the calibration of machine learning models. The importance of such calibration
in this thesis is two-fold. First, machine learning model calibration is required to transform
any classi�cation model predicting demand occurrence into a probabilistic score. By doing
so, we provide an interpretable score that can be understood by anyone leveraging the
demand forecast. Second, the calibration metrics described in this thesis address short-
comings of widely adopted calibration metrics and enable measuring calibration quality
even when no ground truth is available. This last characteristic is of utmost importance,
given it reduces costs associated with data labeling. Furthermore, it opens new research
opportunities. Such information can be exploited to enhance the calibration quality or
develop new approaches.

Chapter 2 describes how we tackled demand forecasting with machine learning. We
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focused on point forecasts for di�erent types of demand. The results regarding erratic
and smooth demand are presented in the paperAutomotive OEM Demand Forecasting:
A Comparative Study of Forecasting Algorithms and Strategies(Roºanec et al. [36]). In
particular, we frame demand forecasting as a regression problem and use multiple features
to capture time series characteristics and relevant contextual data. The research shows
how global models outperform local ones. Furthermore, multiple data pooling strategies
are researched to constrain the magnitude of error of the global model. The results show
that pooling product data based on the past demand magnitude successfully constrain
the forecasting error magnitude. A di�erent approach is followed to forecast lumpy and
intermittent demand (SC 1). We describe a two-fold demand forecasting approach in
Reframing demand forecasting: a two-fold approach for lumpy and intermittent demand
(Roºanec et al. [34]). Furthermore, we describe and advocate for a set of metrics that
measure the quality of such forecasts more precisely (SC 2).

Chapter 3 describes a novel approach to measuring the probabilities calibration quality.
We propose a set of metrics that do not require ground truth to determine the calibration
quality. The research was performed in the context of automated visual defect recognition.
Machine learning model predictions were calibrated using multiple probability calibration
techniques. Their quality was measured with the Expected Calibration Error (ECE) met-
ric, a set of novel metrics proposed in our researchActive learning and novel model calibra-
tion measurements for automated visual inspection in manufacturing(Roºanec et al. [35]),
and through visual evaluation by analyzing the calibration plots. The research shows the
proposed metrics successfully capture the calibration quality, outperforming the Expected
Calibration Error when ground truth is available (SC 3). Furthermore, the results show
the proposed metrics can capture meaningful information regarding the calibration quality
when no ground truth is available.

Chapter 4 highlights how explanations can be provided for demand forecasting models.
We use well-known Explainable Arti�cial Intelligence techniques to extract information on
meaningful features and enrich such information with complementary insights and data.

Chapter 5 concludes the thesis by looking back at the scienti�c contributions and stating
objectives and directions for future work regarding demand forecasting and probability
calibration.
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Chapter 2

Demand Forecasting

Demand forecasting is a critical supply chain component. Accurate demand forecasting can
mitigate the bullwhip e�ect, which results from the ine�cient propagation of information
across multiple players.

This chapter comprises two journal papers devoted to the demand forecasting problem.
The �rst one is titled Automotive OEM Demand Forecasting: A Comparative Study of
Forecasting Algorithms and Strategiesand was published in MDPI Applied Sciences in
2022 (Q2 - IF 2.838) [36]. The paper compares local and global machine learning models'
performance when forecasting smooth and erratic demand. It demonstrates that global
models' errors can be constrained by pooling products based on the magnitude of their
past demand. Nevertheless, given global models can learn patterns that deceive forecasts
for particular instances, some research was performed to explain them. We present such
research in Section 4 in the journal paperExplaining Bad Forecasts in Global Time Series
Models [37]. Explainability of machine learning models is of utmost relevance, given it can
help to debug machine learning models and make them more accurate over time.

The second journal paper considered in this chapter is titledReframing demand fore-
casting: a two-fold approach for lumpy and intermittent demandand published in MDPI
Sustainability in 2022 (Q1 - IF 3.889) [34]. The paper introduces a novel demand fore-
casting approach for lumpy and intermittent demands. Given that the abovementioned
demands are characterized by sparse demand occurrence, demand forecasts must accu-
rately predict demand occurrence and quantity. This was not the case for most scienti�c
research for these particular demand types. Most authors considered forecasting lumpy
and intermittent demand a time series problem (Pinçe et al. [38]), framing the problem
similarly to when predicting smooth and erratic demands. Speci�c models and metrics
were developed to mitigate the sparseness of demand events. This thesis proposes address-
ing lumpy and intermittent demand forecasting with two models: (a) a classi�cation model
to forecast demand occurrence and (b) a regression model to forecast demand size. The
results show that the proposed model achieves state-of-the-art performance. A preprint of
the paper was �rst published on arxiv on March 23th , 2021. Since then, it has been cited
by several authors (Sigwarth [39], Dijkman et al. [40], Zhuang et al. [41], Sarlo et al. [42],
and Chanada et al. [43]). Furthermore, Zhuang et al. [41] implemented variations of the
approach we described and adopted two metrics we proposed for evaluating such models
(ROC AUC and MASE, the authors did not analyze the stock keeping costs). They trained
the models on a real-world dataset corresponding to intermittent demand of 3,089 SKUs
of equipment manufacturing and maintenance replacement of several car types. While the
dataset had a daily granularity between 2018-08-27 and 2020-12-28, it was aggregated to
a weekly level to reduce the extreme sparsity. The authors reported results comparable to
the ones we achieved on our dataset.
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The analysis of results in the abovementioned paper has shown that the forecasting
horizon had little in�uence on the classi�cation performance. This is a feasible outcome if
the features used to predict demand occurrence adequately capture information regarding
demand occurrence and if such information has little variability across time. This last
factor is perfectly possible in scenarios where demand events are infrequent: likely, the
conditions leading to a product demand did not change in the time between the two time
horizons. Finally, if the shipment day from the manufacturing factory is regarded as the
demand date, rules related to shipments could provide solid hints on demand occurrence.
E.g., shipping agreements that products to a client are shipped regularly on a particular
weekday. Such agreements and rules would vary only exceptionally and remain invariant
to the time horizons.
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2.1 Automotive OEM Demand Forecasting: A Comparative
Study of Forecasting Algorithms and Strategies

Demand forecasting is a crucial component of demand management. It directly impacts
manufacturing companies' planning, revenues, and actors along the supply chain. There-
fore, the demand forecasts are expected to be accurate so that they can be relied upon. Fur-
thermore, a certain degree of explainability could be desired to enable responsible decision-
making. In Automotive OEM Demand Forecasting: A Comparative Study of Forecasting
Algorithms and Strategies[36], we compare twenty-one baseline, statistical, and machine
learning algorithms to forecast smooth and erratic demand. We do so on a real-world use
case scenario related to a European original equipment manufacturer targeting the global
automotive industry market. In particular, we explore how global models can supersede
the performance of local ones and study data pooling strategies that could lead to more
accurate predictions while constraining prediction errors. Our intuition behind the exper-
iments is that providing more data and a set of features capturing invariants of the time
series under consideration could help the machine learning algorithms learn meaningful
patterns and lead to better results.

In this paper, among the selected features, we considered invariant features related to
the economic context (e.g., unemployment rate or gross domestic product) and not the
product demands. Nevertheless, when learning on demand data from multiple products,
the model may learn patterns and values not observed for the product under consideration.
We analyzed two pooling strategies: (a) median magnitude of past demand and (b) demand
type. Our intuition behind grouping data of products with the same median magnitude
of past demand was that a model forecasting values out of the usual magnitude observed
for a particular product could signi�cantly degrade the model's overall performance. By
constraining the data in the training set to products with the same magnitude of past
demand, forecasts would be mostly constrained to a particular magnitude and avoid costly
errors. On the other hand, our intuition behind pooling data by demand type was that
similar demand distributions should reduce noise when learning the behavior of a particular
demand, leading to better overall forecast results. Our experiments show that global
models achieved the best performance and that pooling data by the median magnitude of
past demand e�ectively reduced the overall forecasting error.

Looking in retrospect, we consider the feature set of the machine learning models could
be enriched with a set of features invariant to the demand time series magnitudes. By
doing so, we could better capture time series patterns, such as trends and seasonality, own
to the particular demand type on top of the context considered with external datasets used
for data enrichment. Furthermore, we could have used other feature selection techniques
to �lter out redundant features and probably improve the models' overall performance.
The future work envisioned in the paper was mainly addressed with the research presented
in Section 4.
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2.2 Reframing Demand Forecasting: a Two-Fold Approach
for Lumpy and Intermittent Demand

Forecasting lumpy and intermittent demand is considered among the most complex demand
forecasting challenges, given the distortions that no-demand intervals introduce to the
machine learning models. To mitigate data sparseness, di�erent approaches have been
considered. When considering �xed forecasting time horizons, authors explored including
features that could signal the absence of demand or consider higher data aggregation levels,
ensuring some level of demand always exists. When no �xed forecasting time horizon is
required, methods such as forecasting the next demand occurrence period and the expected
demand were considered. Our research argues that the approaches considered so far always
considered the demand forecasting problem a regression problem, a statement grounded
in the evaluation metrics observed in the related work. By doing so in a �xed forecasting
horizon problem, they could not accurately predict demand occurrence, leading to poor
forecasting results. Furthermore, no satisfactory solution was provided to the underlying
sparseness problem. Our paper proposes a two-fold machine learning model for a �xed
forecasting horizon to forecast lumpy and intermittent demand. In particular, we propose
a machine learning classi�er to predict demand occurrence and a separate model to predict
demand quantity. Both models can have separate sets of features and optimize for di�erent
goals. Furthermore, the regression models consider only data where demand occurred,
ensuring no distortions occur due to the demand sparseness. Moreover, we propose a set of
metrics to assess the di�erent model objectives and overall forecast impact on inventory. To
determine how accurate are the demand occurrence predictions, we evaluate the classi�er
models with the AUC ROC metric. Conversely, we use the MASE metric to determine
how precise the regression models are. The MASE metric provides a magnitude-agnostic
assessment of the model's regression quality and therefore enables comparing multiple
models, regardless of the magnitude of the demand considered in each case. Finally, we
compute the SPEC metric to assess the impact of the two-fold model forecasts on inventory.
By considering separate metrics to evaluate how accurately the models predict demand
occurrence, expected demand quantity, and forecast impact on inventory, we allow for
accurate diagnoses of model forecasting failures. Such diagnoses can be used to re�ne the
predictive models further, leading to improved forecasts.

Through various experiments, we show that popular and state-of-the-art demand fore-
casting models for lumpy and intermittent demand display poor performance by failing to
predict demand occurrence correctly. Conversely, we succeed in predicting demand occur-
rence accurately, achieving state-of-the-art performance. Furthermore, we propose a set of
metrics to evaluate forecasting models for lumpy and intermittent demand.
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Chapter 3

Probability Calibration

We have described a novel approach to forecasting lumpy and intermittent demand in
Chapter 2. Given that lumpy and intermittent demand have a sparse demand occurrence,
the approach features two models to forecast demand event occurrence and demand quan-
tity. When predicting demand occurrence, machine learning models provide a predictive
score. Such predictive scores are usually not calibrated: each machine learning algorithm
creates a characteristic predictive score distribution. A calibrator model can be used to
bridge the gap between predicted scores and probability scores. A perfect calibrator would
output scores such that, given a particular class, the score would indicate the probability of
occurrence of that class. The better the calibrator, the more reliable the probability scores.
Building high-quality calibrators for the lumpy and intermittent demand event models is
of utmost importance. Such calibrators provide a probabilistic interpretation of forecasted
demand events, which can be useful to decision-makers.

Building high-quality calibrators requires appropriate metrics to determine the quality
of the calibration. While some calibration metrics have been widely adopted, multiple
�aws are described in the literature. Furthermore, research on calibrators and calibration
metrics has recently been a topic of tutorials at prestigious machine learning conferences
(e.g., "How to assess and improve classi�er con�dence and uncertainty"tutorial at the
ECML-PKDD 2020 conference1). Probability calibration is receiving increasing attention,
given they enable better interpretability of classi�cation models.

This chapter comprises a journal paper, an amendment to the results, and a set of
complementary results devoted to the visual inspection problem while introducing a new
set of measures for probability calibration. The paper is titledActive Learning and Novel
Model Calibration Measurements for Automated Visual Inspection in Manufacturingand
was published in the Journal of Intelligent Manufacturing (Springer) in 2023 (Q1 - IF
7.136) [35]. The paper �rst introduces how machine learning can alleviate manual visual
inspection based on data provided byPhilips Consumer Lifestyle BV. Philips Consumer
Lifestyle BV is located in Drachten, The Netherlands, and is one of Philips' biggest de-
velopment and production centers in Europe. A second part of the paper is devoted to
probability calibration. The paper introduces multiple new metrics that can be used to as-
sess calibration quality. Among the advantages of such metrics is the ability (a) to measure
the quality of the calibrator even when no prediction scores exist in the bin, (b) to consider
multiple target calibration scenarios (e.g., consider calibrating the whole probability range
or only a range of interest), and (c) measure the quality of calibration even when no ground
truth is available and under speci�c assumptions, such as a lack of concept drift.

When measuring the calibration quality when no ground truth is available, we con-

1How to assess and improve classi�er con�dence and uncertainty. Tutorial at the ECML-PKDD 2020
conference: https://classifier-calibration.github.io/
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sider the predicted labels of the classi�er as target labels (see Fig. 3.1). When a classi�er
performs perfectly, the predicted labels match those any human annotator provides. Con-
versely, when the classi�er's performance is imperfect, the imperfections can be considered
as labeling noise.

Figure 3.1: The classi�cation model issues a prediction score and a label. The prediction
score is used by the calibration model to issue a calibrated score. The calibrated score
and the label predicted by the classi�cation model are used to assess the calibrator's
performance.

We consider the contribution regarding the calibration metrics relevant given the pro-
posed metrics overcome limitations of the Expected Calibration Error (ECE), a widely
adopted calibration metric. Furthermore, we demonstrate how leveraging information
about the ideal score distribution of a perfect calibrator; we can estimate the quality of
calibration when no ground truth is available. This particular characteristic is highly rel-
evant when monitoring models deployed in production environments. Furthermore, our
research shows that the proposed metrics better capture the calibration information oth-
erwise visually available through calibration plots.

The paper proposes the Additive Probability Calibration Score (APCS) and the Weighted
Additive Probability Calibration Score (wAPCS). Both metrics could be reformulated by
introducing a weighting factor � , so that the component evaluating how accurate the clas-
si�er is and the term related to the calibration quality could be weighted in some arbitrary
proportion. Both metrics, weighting components by a� factor, are presented in Eq. 3.1
and Eq. 3.2.

APCS = � � K AUCROC + (1 � � ) � APCSW (3.1)

Equation 3.1: APCS metric de�nition.

wAPCS = � � K AUCROC + (1 � � ) � wAPCSW (3.2)

Equation 3.2: wAPCS metric de�nition.

Finally, we must remark that while in our work, we present three sample reference
histograms that could be used to assess the quality of a classi�er, our metrics can be con-
trasted against any reference histogram that mirrors the calibration quality requirements
of a particular use case.

After the paper was published, we noticed some computation errors, which did not
a�ect the manuscript's conclusions. We wrote to the editor asking whether they could be
amended, but this was not possible according to the journal policy. We, therefore, publish
the amended results and updated analysis in Section 3.1.
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3.1 Results amendment: Results and Evaluation of Proba-
bility Calibration Metrics and Techniques

As described in the previous section, the experiments performed in this research had two
purposes. First, they aimed to validate whether the metrics proposed to measure the
quality of a calibrator can be used to understand the performance of a calibrator even
when no ground truth is available. Second, they aimed to validate whether predictions
on unlabeled data could enhance the calibrators' performance. We present the updated
results in Table 3.1, Table 3.2, and Table 3.3. The PCS, APCS, and MPCS (along with
the weighted variants) metrics were computed considering the PPCM histogram, which
denotes a perfect calibration.

The results in Table 3.1 show that the correlation between ECE, PCS, APCSW , wECE,
wPCS, and wAPCSW metrics is consistent across all cases and little variation exists be-
tween the values obtained when PCS or wPCS were computed on the ground truth or
the approximate ground truth. The Pearson and Kendall correlations increased in all but
one case after training the calibrator with predicted labels from the unlabeled data set.
We consider the correlations moderate (Pearson correlation was measured between 0.40
and 0.48, and Kendall correlation was above 0.20 and below 0.31). The correlations were
tested statistically signi�cant, considering a p-value of 0.05. Given the abovementioned
results, we consider the PCS, wPCS, APCSW , and wAPCSW metrics adequately capture
information conveyed by the ECE and wECE metrics regardless of the source of truth
used to measure the quality of the calibration. Therefore, we conclude that PCS, wPCS,
APCSW , and wAPCSW can be used to assess the calibrators' quality when no ground truth
is available.

Table 3.2 and Table 3.3, compare the calibrators across multiple metrics to assess how
an approximate calibration a�ects their discriminative power (AUC ROC) and whether it
helps to enhance the calibrators' quality (ECE, PCS, APCS, MPCS, and their weighted
variants). When comparing the calibrators through non-weighted metrics (see Table 3.2),
we consider the Platt calibrator achieved the most stable performance. While the mea-
sured calibration quality slightly decreased with the approximate calibration, it must be
noticed that a higher proportion of positives was allocated at higher scores. Furthermore,
while with the approximate calibration, the model's overall discriminative power slightly
decreased, it remained superior against other models (even the not calibrated) by at least
0.02 AUC ROC points. The Histogram and Temperature calibrators provide an interest-
ing case, given both had a similar initial (CS) calibration quality if measured with the
ECE, PCS, APCS, or MPCS metrics. Nevertheless, the metrics at CS+UD showed dis-
crepancies: while ECE slightly increased for the Histogram calibrator (showing a worse
calibration quality), it remained the same for the Temperature calibrator. On the other
hand, PCS, APCS, and MPCS decreased (signaling a worse calibration quality) for both
the Histogram and Temperature calibrator. Furthermore, the decrease in the metrics'
values was more pronounced for the Histogram calibrator. When visually assessing both
calibrators, we found that they had a similar initial distribution (CS), but the Histogram
calibrator ended up much more skewed than the Temperature calibrator at CS+UD. While
the ECE metric did not capture this behavior, it was successfully summarized in the PCS,
APCS, and MPCS metrics. We found the same patterns could be observed when analyzing
the weighted metrics (see Table 3.3).

From the results above, we con�rm that the proposed metrics can accurately measure
the quality of calibration of a given calibrator when no ground truth is available. Further-
more, the metrics have shown to provide a more accurate measurement of the calibrators'
quality than ECE, overcoming some of its shortcomings (e.g., providing a more holistic view
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of the distribution of positives along the mean predicted probability, taking into account
empty bins).

Our research shows that tracking predictions over time did not enhance the quality of
calibration for any of the methods involved (Histogram calibration, Platt calibration, or
Temperature calibration). Finding accurate calibration models for probability calibration,
given a lack of ground truth, remains a matter of future work.

Source of truth Calibration data
Correlation when compared against (w)ECE

Pearson Kendall
PCS APCSW wPCS wAPCSW PCS APCSW wPCS wAPCSW

Golden standard
CS -0.4646 -0.4646 -0.4011 -0.4011 -0.2645 -0.2645 -0.2089 -0.2089
CS+UD -0.4848 -0.4848 -0.4213 -0.4213 -0.3152 -0.3152 -0.2653 -0.2653

Predicted labels
CS -0.4260 -0.4260 -0.4509 -0.4509 -0.2517 -0.2517 -0.2667 -0.2667
CS+UD -0.4436 -0.4436 -0.4159 -0.4159 -0.2681 -0.2681 -0.2383 -0.2383

Table 3.1: The results were obtained for di�erent models and probability calibration tech-
niques. We show Pearson and Kendall correlation coe�cients when comparing the ECE,
PCS, APCSW , and the wECE, wPCS, and wAPCSW metrics. APCSW , wAPCSW , PCS,
and wPCS are measured considering the ground truth (golden standard) or approximate
ground truth (predicted labels). The ECE and wECE metrics are always computed con-
sidering the ground truth. CS stands for Calibration Set, while CS+UD abbreviatesCali-
bration Set + Unlabeled Data. This table relates to Table 5 in the paper [35].

Source of truth Calibration
AUC ROC " ECE # PCS " APCS " MPCS "

CS CS+UD CS CS+UD CS CS+UD CS CS+UD CS CS+UD

Golden standard

None 0.8630 0.8630 0.1090 0.1090 0.7636 0.7636 0.7448 0.7448 0.5647 0.5647
Histogram 0.8432 0.8442 0.1051 0.1084 0.8050 0.6509 0.7458 0.6697 0.5539 0.4507
Platt 0.8907 0.8903 0.0914 0.0955 0.7523 0.7421 0.7669 0.7613 0.5904 0.5820
Temperature 0.8614 0.8609 0.1090 0.1090 0.8073 0.7548 0.7651 0.7383 0.5886 0.5517

Predicted labels

None 0.8630 0.8630 0.1090 0.1090 0.7801 0.7801 0.7531 0.7531 0.5773 0.5773
Histogram 0.8432 0.8442 0.1051 0.1084 0.7950 0.6642 0.7407 0.6763 0.5480 0.4601
Platt 0.8907 0.8903 0.0914 0.0955 0.7461 0.7358 0.7637 0.7581 0.5852 0.5767
Temperature 0.8614 0.8609 0.1090 0.1090 0.8152 0.7701 0.7690 0.7460 0.5951 0.5638

Table 3.2: The results were obtained for di�erent probability calibration techniques. PCS,
APCS, and MPCS are measured considering the ground truth (golden standard) or ap-
proximate ground truth (predicted labels). The AUC ROC and ECE metrics are always
computed considering the ground truth. The best results are bolded. This table relates to
Table 6 in the paper [35].

Source of truth Calibration
AUC ROC " wECE # wPCS " wAPCS " wMPCS "

CS CS+UD CS CS+UD CS CS+UD CS CS+UD CS CS+UD

Golden standard

None 0.8630 0.8630 0.1457 0.1457 0.7829 0.7829 0.7545 0.7545 0.5801 0.5801
Histogram 0.8432 0.8442 0.1410 0.1449 0.8265 0.6494 0.7565 0.6689 0.5685 0.4505
Platt 0.8907 0.8903 0.1230 0.1285 0.7655 0.7527 0.7735 0.7666 0.6010 0.5902
Temperature 0.8614 0.8609 0.1457 0.1457 0.8232 0.7773 0.7730 0.7496 0.6014 0.5697

Predicted labels

None 0.8630 0.8630 0.1457 0.1457 0.7984 0.7984 0.7622 0.7622 0.5914 0.5914
Histogram 0.8432 0.8442 0.1410 0.1449 0.8062 0.6692 0.7463 0.6788 0.5570 0.4638
Platt 0.8907 0.8903 0.1230 0.1285 0.7649 0.7503 0.7732 0.7654 0.6008 0.5885
Temperature 0.8614 0.8609 0.1457 0.1457 0.8221 0.7796 0.7725 0.7508 0.6014 0.5718

Table 3.3: The results were obtained for di�erent probability calibration techniques. wPCS,
wAPCS, and wMPCS are measured considering the ground truth (golden standard) or
approximate ground truth (predicted labels). The AUC ROC and wECE metrics are
always computed considering the ground truth. The best results are bolded. This table
relates to Table 7 in the paper [35].
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3.2 Complementary Results: Spearman Correlations and Their
Statistical Signi�cance

In this section, we present a table (see Table 3.4) reporting values of the Spearman correla-
tion between metrics (ECE, PCS, and APCSW ). The results complement the correlations
reported in the previous section in Table 5. Moreover, the results support the paper's �nd-
ings: a correlation exists between ECE and the proposed metrics. When computing the
correlations, we always computed ECE considering the golden standard and the proposed
metrics either with the golden standard or predicted labels as a source of truth.

The Spearman correlation is a non-parametric measure that measures the rank-order
monotonicity relationship between two datasets. In our case, we had 200 paired values
obtained by training �ve machine learning models (K-nearest neighbors, Naive Bayes, C45,
Support Vector Machine, and Multi-Layer Perceptron) and four probability calibration
techniques (no calibration, histogram, temperature scaling, and Platt calibration) in a
ten-fold cross-validation setting. We performed hypothesis testing, considering the null
hypothesis that the two metrics are linearly uncorrelated. Given the small sample size, we
performed a permutation test. The results show a weak or moderate correlation between
ECE and the proposed metrics exists. The low p-values suggest that a linear correlation
exists between ECE and the metrics under consideration and that such a correlation is
statistically signi�cant, considering a p-value of 0.05.

From the results presented in Table 3.4, we observe the strongest correlations in the
CS+UD case regardless of the source of truth. We, therefore, consider that when the
calibrator is trained with additional soft labels, the proposed metrics capture similar in-
formation as the ECE metric.

Source of truth Calibration data
Spearman correlation when compared against ECE
PCS APCSW wPCS wAPCSW

Golden standard
CS -0.3830 -0.3830 -0.3066 -0.3066
CS+UD -0.4544 -0.4544 -0.3880 -0.3880

Predicted labels
CS -0.3608 -0.3608 -0.3768 -0.3768
CS+UD -0.3946 -0.3946 -0.3540 -0.3540

Table 3.4: Spearman correlation between metrics. For all correlations, the computed p-
value was 0.0002. Therefore, we consider the correlations signi�cant for a p-value of 0.05.
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Chapter 4

Providing Explainability to Demand
Forecasts

Explainable Arti�cial Intelligence is a sub�eld of arti�cial intelligence that aims to develop
means and metrics to explain the outputs of arti�cial intelligence models and measure
to what extent such explanations capture the rationale behind the output and how un-
derstandable it is to the subject it is aimed at. The more arti�cial intelligence models
permeate every aspect of our lives, the more decisions are based on such model outcomes.
Nevertheless, when deciding on a subject of relevance, it is important to understand why
the model gives a given outcome, weigh it, understand how reasonable it is, and decide
accordingly [44]. Such understanding can provide solid ground for responsible use of ar-
ti�cial intelligence. In this chapter, we advocate that comprehensive explanations should
not only provide insights into the models' reasoning but also highlight characteristics of
the data on which the model was trained, whether the current data is di�erent from it,
and insights into relevant context (e.g., are there some events that must be considered, to
understand better what is going on or how a forecast can be a�ected?).

In this chapter, we introduce four papers devoted to explainable arti�cial intelligence.
In none of them do we introduce novel techniques. We rather use existing techniques to
enrich the explanations with external sources and provide a more comprehensive under-
standing of the context in which the forecast takes place.Explainable Demand Forecasting:
A Data Mining Goldmine [45], was a short paper presented during the Ph.D. consortium of
the WWW 2021 conference. It provides a brief insight into the challenges and opportunities
of Explainable Arti�cial Intelligence in demand forecasting. In Explaining Bad Forecasts
in Global Time Series Models[37] (published in MDPI Applied Sciences in 2022 (Q2 - IF
2.838)), we describe an application we built to provide comprehensive explanations for bad
forecasts in global time series models framed as regression problems. To detect whether a
forecast can be considered good or bad, anomaly detectors were used to determine whether
a value should be considered anomalous given the sequence of values in the time series.
The user is informed whether the forecast is considered anomalous and the criteria used
to determine such an anomalous state. Furthermore, the user is enriched with relevant
insights such as the most in�uential features to the forecast, what training instances most
likely in�uenced the model to learn patterns leading towards a bad forecast, counterfactual
examples that would lead to a di�erent result, and values obtained from a simulation, that
would probably make a better forecast. The third paper is titled Knowledge graph-based
rich and con�dentiality preserving Explainable Arti�cial Intelligence (XAI) [46] and was
published by Elsevier in the Information Fusion journal (Q1 - IF 17.564) in 2022. The
paper describes an approach that leverages mapping between features and an ontology
to provide a semantic interpretation of the features and preserve con�dentiality when in-
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forming the most in�uential features towards a forecast. Furthermore, multiple sources of
data are used to enrich the explanations, e.g., displaying media news about past events
that can provide insights regarding the feature values at a given point in time and open
datasets that could be used to complement existing models' information and therefore lead
to better forecasts based on such an enrichment. Finally, inEnriching Arti�cial Intelli-
gence Explanations with Knowledge Fragments[47] (published in MDPI Future Internet in
2022), we further iterate the abovementioned paper and compare a new semantic approach
for ranking media news and datasets while also enriching the explanations based on data
queried from knowledge graphs.
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4.1 Explainable Demand Forecasting: A Data Mining Gold-
mine

In this subsection, we consider three papers (Explainable Demand Forecasting: A Data
Mining Goldmine (presented during the Ph.D. consortium of the WWW 2021 conference),
Knowledge graph-based rich and con�dentiality preserving Explainable Arti�cial Intelli-
gence (XAI) (published by Elsevier in the Information Fusion journal (Q1 - IF 17.564)
in 2022), and Enriching Arti�cial Intelligence Explanations with Knowledge Fragments
(published in MDPI Future Internet in 2022)) where information is derived from explain-
able arti�cial intelligence techniques and external data to provide additional context and
insights to the planners consuming demand forecasts. The three papers describe how
explainable arti�cial intelligence techniques determine the most relevant features of a par-
ticular forecast. Furthermore, a mapping between the features and concepts is used, and
the relevance of the features is propagated to the concepts' relevance. The concepts aim
to represent unique aspects considered in each feature. Moreover, features and concepts
can relate at di�erent abstraction levels. Concepts can hold additional information. E.g.,
whether they represent some aspect of the reality on which the decision-maker can take
action to modify the forecast outcomes.

The concepts' relevance is used to explore information that could be helpful to the
decision-maker. In particular, we searched for news media events that were reported in the
past and could relate to the relevant concepts. We expect that showing such events can
help the decision-maker better understand the past context and eventually �nd it helpful
to assess the soundness of a given forecast. Concepts' relevance is also explored to query
open datasets, which may contain relevant information to enhance the forecasting models.
Such an approach could automate the search for new potentially relevant data sources
for data enrichment while drawing attention to non-intuitive aspects that can widen the
domain knowledge. Finally, we performed similar queries to the Google Knowledge Graph
to provide additional insights based on relevant wiki concepts that emerged from related
news media events.

Our research shows that most entries for news media events, the extracted keywords,
and the Google Knowledge Graph were precise but lacked diversity. On the other hand,
entries suggesting new datasets were more diverse but less precise. Nevertheless, our re-
search lacked experts' feedback to assess to what extent the information displayed could
be helpful in real-world operations. In future work, we would like to incorporate such
feedback to enhance the content displayed to the user. Furthermore, we would like to de-
velop new approaches to determine causality between events reported in media news and
demand forecasting outcomes. We envision such information as complementary and even
more helpful to decision-makers than the one we could display in this research.
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