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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 preučili uporabo strojnega učenja za napoved povpraševanja.
Predlagali smo novi pristop za napoved občasnega povpraševanja, ki ima redno manjše ali
večje razlike v povpraševanih količinah. Pristop deli napoved občasnega povpraševanja v
dva modela: klasifikacijski model za napoved samega dogodka povpraševanja in regresij-
ski model za napoved povpraševane količine. Delitev napovedi povpraševanja na dva dela
omogoča boljši vpogled v samo napoved in razumevanje vzrokov netočnosti: ali napoved
ni točna zaradi slabe napovedi glede samega dogodka povpraševanja, ali napoved ni točna
zaradi napovedi povpraševane količine. Za primerno ovrednotenje kakovosti napovedi pre-
dlagamo tri metrike: AUC ROC za ovrednotenje natančnosti klasifikacijskega modela,
MASE za ovrednotenje natančnosti regresijskega modela ter SPEC za razumevanje vpliva
napovedi na stroške zalog.

Napoved samega dogodka povpraševanja ne omogoča verjetnostne interpretacije in po-
sledično nima intuitivne razlage za osebo, ki koristi napovedi. Treba je ustvariti dodaten
model za preslikavo vrednosti originalnega modela strojnega učenja v verjetnostne napo-
vedne rezultate. Mnoge raziskave so posvetile pozornost verjetnostni kalibraciji modelov
strojnega učenja. V njih se predvideva, da obstajajo neki označeni podatki, na podlagi
katerih lahko poteka kalibracija modela. V doktorski tezi predlagamo nove metrike za
merjenje kakovosti kalibracijskih modelov. Predlagane metrike uspešno odpravijo nekatere
pomanjkljivosti ene izmed pogosto uporabljenih metrik. Iz rezultatov je tudi razvidno, da
predlagane metrike omogočajo ocenjevanje kakovosti kalibracijskega modela brez uporabe
označenih podatkov, ko se distribucija vhodnih podatkov modela strojnega učenja ne spre-
minja. Predlagane metrike so lahko koristne za ocenjevanje (i) kakovosti kalibracijskega
modela v času, ne da bi potrebovali označene podatke, ter (ii) treniranje kalibracijskega
modela brez označenih podatkov (človeških oznak glede na dogodek, ki ga model napo-
veduje). Čeprav smo opravili nekaj eksperimentov v tej smeri, prvi rezultati niso kazali
kompetitivnih rezultatov. Naše mnenje je, da je smer vredna raziskav, vendar je treba
vložiti več časa vanjo.

Doktorsko disertacijo zaključimo z nekaj primeri uporabe razložljive umetne inteligence
pri napovedi povpraševanja. Vpoglede razložljive 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, first 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 artificial 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 specific 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 influence 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 influence 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 influence 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 fit of four interrelated components: people (who participate in
the venture), context (elements influencing success or failure that the entrepreneur cannot
control), deal (who satisfies 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
efficiently organize production, companies create demand forecasts, which guide multiple
business activities (e.g., financial 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 affecting demand. Accurate de-
mand forecasts reduce inefficiencies and can affect 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 benefits 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 find 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), and lumpy (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 effort 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 satisfied.

Whenever we consider the occurrence of an event, we may be interested in thinking



1.3. Demand Forecasting Approaches and Metrics 3

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 specific 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, and C 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 classification 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), and D (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 five 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 fluctuation of the demand quantities. They named the demand patterns as smooth
(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 difficult 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 fixed forecast-
ing horizon, such demand is best forecasted using a two-fold model: 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, we also provide insights
into the reasons affecting 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 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.

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 efforts 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 different 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 finding 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 first 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-
fier’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 classification model. Such stability is achieved by abstracting the decision rules
from the particular predictive scores of each classification model through a calibrator. The
decision rules can account for different class priors or misclassification 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 specific circumstances (e.g., different costs of false positives and false negatives or class
imbalance).

Miscalibration can occur due to underconfidence (the classifier better separates the
classes than what would be expected from the probability scores) or overconfidence (the
classifier 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 definitions exist on what is considered
to be a multi-class calibrated model: (a) confidence 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) refinement error
(likelihood of different 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 defined for a binary classification problem,
many variations have been developed to address the multi-class scenarios. For binary clas-
sification, it is defined 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, confidence-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 defined
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 find 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 fixed-sized intervals, it uses bin intervals of different 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 confidence and accuracy and is
best suited where reliable confidence 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 influence 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 effectively addressed if considered a two-fold problem: demand occurrence
prediction and demand quantity prediction. To address these two sub-problems, we de-
velop a classification 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 scientific literature.

Prior state of the art: It was known that a large number of zero-demand intervals
affected 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 scientific 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 influence 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 classification 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 Scientific Contributions

The major scientific 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 (Rožanec 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 significant 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 classification model for forecasting demand occurrence and a regression model
for forecasting demand size when demand occurs.
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SC 2. Definition 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 (Rožanec 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 classifier 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 final forecast performance.

SC 3. Development of novel metrics to assess the quality of probability
calibration of classification models without using ground truth. We did so in our
work addressing model calibration in the context of automated visual defect inspection
(Rožanec 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 benefits and is a promising
direction for further research. Furthermore, these could be the first steps towards reframing
sparse time series forecasting.

Our contributions regarding models’ probabilistic calibration represent a new way of
conceiving probabilities calibration. While scientific literature considers ground truth is
required to perform such calibrations, we have defined 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 briefly 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 classification 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 different types of demand. The results regarding erratic
and smooth demand are presented in the paper Automotive OEM Demand Forecasting:
A Comparative Study of Forecasting Algorithms and Strategies (Rožanec 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 different 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
(Rožanec 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 research Active learning and novel model calibra-
tion measurements for automated visual inspection in manufacturing (Rožanec 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 Artificial 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 scientific 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 effect, which results from the inefficient propagation of information
across multiple players.

This chapter comprises two journal papers devoted to the demand forecasting problem.
The first one is titled Automotive OEM Demand Forecasting: A Comparative Study of
Forecasting Algorithms and Strategies and 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 paper Explaining 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 titled Reframing demand fore-
casting: a two-fold approach for lumpy and intermittent demand and 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 scientific
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. Specific 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 classification 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 first 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 influence on the classification 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 significantly 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 effectively 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 filter 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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Škrjanc, M.; Fortuna, B.; Mladenić, D.
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Featured Application: The outcomes of this work can be applied to B2B discrete demand forecast-
ing in the automotive industry and probably generalized to other demand forecasting domains.

Abstract: Demand forecasting is a crucial component of demand management, directly impacting
manufacturing companies’ planning, revenues, and actors through the supply chain. We evaluate
21 baseline, statistical, and machine learning algorithms to forecast smooth and erratic demand on a
real-world use case scenario. The products’ data were obtained from a European original equipment
manufacturer targeting the global automotive industry market. Our research shows that global
machine learning models achieve superior performance than local models. We show that forecast
errors from global models can be constrained by pooling product data based on the past demand
magnitude. We also propose a set of metrics and criteria for a comprehensive understanding of
demand forecasting models’ performance.

Keywords: demand forecasting; smart manufacturing; artificial intelligence; supply chain agility;
digital twin

1. Introduction

Supply (the “amount of something ready to be used” [1]) and demand (“the fact of customers
buying goods... and the amount that they buy” [1] at a given point in time) are two key elements
continually interacting in the market. The ability to accurately forecast future demand
enables manufacturers to make operational and strategic decisions on resources (allocation
and scheduling of raw material and tooling), workers (scheduling, training, promotions, or
hiring), manufactured products (market share increase and production diversification), and
logistics for deliveries [2]. Accurate demand forecasts reduce inefficiencies, such as high
stocks or stock shortages, which have a direct impact on the supply chain (e.g., reducing
the bullwhip effect [3,4]), and prevent a loss of reputation [5].

There is consensus that greater transparency between related parties helps to mitigate
the issues mentioned above [6,7]. Such transparency can be achieved through automation
and digitalization (e.g., implementing Electronic Data Interchange software), by sharing
manufacturing processes’ data, and making it timely available to internal stakeholders and
relevant external parties where appropriate [8]. In addition, the ability to apply intelligence
to multiple stages across the supply chain can improve its performance [9]. Such ability
and the capability to get up-to-date information regarding any aspect of the manufac-
turing plant enable the creation of up-to-date forecasts and provide valuable insights for
decision-making.

Multiple authors found that machine learning outperforms statistical methods for
demand forecasting [10,11]. Machine learning methods can be used to train a single model
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per target demand or a global model to address them all. When designing the models, it
is crucial to consider which data is potentially relevant to such forecasts. Multiple factors
may affect the product’s demand. First, it is necessary to understand if the products can be
considered inelastic (their demand is not sensitive to price fluctuations), complementary,
or be substituted for alternative products. Second, intrinsic product qualities, such as
being a perishable or luxury item, or their expected lifetime, may be relevant to demand.
Finally, the manufacturer must also consider the kind of market it operates on and the
customer expectations. When dealing with demand forecasting in the automotive industry,
most authors do not use only demand data but also incorporate data regarding exogenous
factors that influence demand.

Demand forecasting has direct consequences on decision-making. As such, forecasts
are expected to be accurate so that they can be relied upon. When training machine
learning models, more significant amounts of good quality data can help the model better
learn patterns and provide more accurate forecasts. This intuition is considered when
building global models. On the other side, while for local models, the forecast error is
constrained to past data of a single time series, in global models, the forecasting error is
influenced by patterns and values observed in other time series, which can lead to greater
errors as well. In this work, we explore a strategy to constrain such forecasting errors in
global models. Furthermore, providing a greater amount of data should be considered
regarding products’ demand and its context. To that end, we enrich the demand data with
data from complementary data sources, such as world Gross Domestic Product (GDP),
unemployment rates, and fuel prices.

This work compares 21 statistical and machine learning algorithms, building local
and global forecasting models. We propose two data pooling strategies to develop global
time series models. One of them successfully constrains the global time series models’
forecasting errors. We also propose a set of metrics and criteria for the evaluation of
demand forecasts for smooth and erratic demands [12]. The error bounding data pooling
strategy enables us to gain the benefits of training machine learning models on larger
amounts of data (increased forecast accuracy) while avoiding anomalous forecasts by
constraining the magnitude of maximum forecasting errors. The metrics and evaluation
criteria aim to characterize the given forecasts and provide better insight when deciding
on the best-performing model. We expect the outcomes of this work to provide valuable
insights for the development and assessment of demand forecasting models related to the
automotive industry, introducing forecasting models and evaluation strategies previously
not found in the scientific literature.

To evaluate the performance of our models, we consider the mean absolute scaled
error (MASE) [13] and the R2-adjusted (R2adj) metrics. We compute the uncertainty ranges
for each forecast and compare if differences between forecasts are statistically significant by
performing a Wilcoxon paired rank test [14]. Finally, we analyze the proportion of products
with forecasting errors below certain thresholds and the proportion of forecasts that result
in under-estimates.

The rest of this paper is structured as follows. Section 2 presents related work.
Section 3 describes the methodology we followed to gather and prepare data, create
features, and build and evaluate the demand forecasting models. Section 4 details the
experiments performed and the results obtained. Finally, Section 5 presents the conclusions
and an outline of future work.

2. Related Work

Products’ demand forecasting is a broad topic addressed by many authors in the
scientific literature. Different demand patterns require specific approaches to address their
characteristics. Multiple authors proposed demand classification schemas to understand
which techniques are appropriate for a particular demand type. For example, the work
in [15] focused on demand variance during lead times, while the work in [16] introduced
the concept of average demand interval (ADI), which was later widely adopted.
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ADI =
Total Periods

Total Demand Buckets
(1)

The work in [12] complemented this view of demand introducing the coefficient of
variation (CV). Both concepts allow us to divide demand types into quadrants, classifying
them as intermittent, lumpy, smooth, and erratic demands (see Figure 1). Smooth and
intermittent demand have little variability in demand quantities. Smooth demand has little
variability regarding demand intervals over time, while intermittent demand displays a
higher demand interval variability. Erratic and lumpy demands have higher variability in
demand quantities, which comprehends an additional forecasting model challenge. Erratic
demand has little variability regarding demand intervals over time. In lumpy ones, this
is an essential factor to be considered. Following demand types proposed in [12], in this
work, we focus on smooth and erratic demands.

CV =
Demand Standard Deviation

Demand Mean
(2)

Figure 1. Demand types classification by Syntetos et al. [12]. Quadrants correspond to (I) intermittent,
(II) lumpy, (III) smooth, and (IV) erratic demand types.

Planners, who regularly create demand forecasts, must understand the products they
sell, the market they target, the economic context, and customer expectations. Over time
they learn how buyers behave, the vast array of factors that can influence product demand,
and create their estimates. Each planner can weigh different factors and have distinct ways
to ponder them. Most of this information can be collected and fed to machine learning (ML)
models, which learn how demand behaves over time to provide a forecast. In the scientific
literature addressing demand forecasting in the automotive industry, most authors do not
use only demand data, but also incorporate data regarding exogenous factors that influence
demand, such as the effect of personal income on car ownership [17,18], or the effect of the
GDP [5,17,19,20], inflation rate [18,19], unemployment rate [5], population density[20], and
fuel prices [5,18,20–22] on vehicles demand.
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Demand distributions can also be considered as another source of information for
demand forecasting: research performed by many authors confirmed a relationship exists
between demand types and demand distributions [23–26].

A wide range of models was explored in the literature addressing car, and car compo-
nents demand forecasting. Ref. [5] developed a custom additive forecasting model with
seasonal, trend, and calendar components. The authors used a phase average to compute
the seasonal component, experimented with Multiple Linear Regression (MLR) and Sup-
port Vector Machine (SVM) for trend estimation, and used a Linear Regression to estimate
the number of working days within a single forecasting period (calendar component).
The models were built with car sales data from Germany, obtaining the best results when
estimating trends with an SVM model and providing forecasts quarterly. Models’ perfor-
mance was measured using Mean Absolute Error (MAE) and Mean Absolute Percentage
Error (MAPE) metrics. Ref. [18] compared three models: an adaptive network-based fuzzy
inference system (ANFIS), an autoregressive integrated moving average model (ARIMA),
and an artificial neural network (ANN). The forecasting models were built considering
new automobile monthly sales in Taiwan, obtaining the best results with the ANFIS model.
Ref. [21] developed an ANN model considering the inflation rate, pricing changes in crude
oil, and past sales. They trained and evaluated the model on data from the Maruti Suzuki
Ltd. company from India, measuring the models’ performance with the Mean Squared
Error (MSE) metric. Ref. [27] compared three models: ANFIS, ANN, and a Linear Re-
gression. They are trained on car sales data from the Maruti car Industry in India and
compared with the root mean squared error (RMSE) metric. The authors report that the
best performance was obtained with the ANFIS model. Ref. [28] compared the ARIMA
and the Holt–Winters models using demand data regarding remanufactured alternators
and starters manufactured by an independent auto parts remanufacturer. They measured
performance using the MAPE and average cumulative absolute percentage errors (CAPE)
metrics, obtaining the best results for the Holt–Winters models. Ref. [29] developed three
models (ANN, Linear Regression, and Exponential Regression) based on data from the
Kia and Hyundai corporations in the US and Canada. Results were measured with the
MSE metric, obtaining the best one with the ANN model. Ref. [19] analyzed the usage of
genetic algorithms to tune the parameters from ANFIS models built with data from the
Saipa group, a leading automobile manufacturer from Iran. Measuring RMSE and R2, they
achieved the best results with ANFIS models tuned with genetic algorithms compared to
ANFIS and ANN models without any tuning. Ref. [30] compared custom deep learning
models trained on real-world products’ data provided by a worldwide automotive original
equipment manufacturer (OEM). Ref. [31] developed an long short-term memory (LSTM)
model based on car parts sales data in Norway and compared it against Simple Exponential
Smoothing, Croston, Syntetos-Boylan Approximation (SBA), Teunter-Syntetos-Babai, and
Modified SBA. Best results were obtained with the LSTM model when comparing models’
mean error (ME) and MSE. Ref. [22] developed tree models (autoregressive moving aver-
age (ARMA), Vector Autoregression (VAR) model, and the Vector Error Correction Model
(VECM)) to forecast automobile sales in China. The models were compared based on their
performance measured with RMSE and MAPE metrics, finding the best results with the
VECM model. The VECM model was also applied by [20], when forecasting cars demand
for the state of Sarawak in Malaysia. Finally, Ref. [32] compared forecasts obtained from
different moving average (MA) algorithms (simple MA, weighted MA, and exponential
MA) when applied to production and sales data from the Gabungan Industri Kendaraan
Bermotor Indonesia. Considering the Mean Absolute Deviation, the best forecasts were
obtained with the Exponential Moving Average.

Additional insights regarding demand forecasting can be found in research related
to time series forecasting in other domains. Refs. [33,34] described the importance of
time series preprocessing regarding trend and seasonality, though [35,36] found the ANN
models could learn seasonality. The use of local and global forecasting models for time
series forecasting was researched in detail by [35]. Local forecasting models model each
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time series individually as separate regression problems. In contrast, global forecasting
models assume there is enough similarity across the time series to build a single model
to forecast them all. Researchers explored the use of global models either clustering time
series [36,37], or creating a single model for time series that cannot be considered related to
each other [38]. They achieved good performance in both cases.

3. Methodology

To address the demand forecasting problem, we followed a hybrid of the agile and
cross-industry standard process for data mining (CRISP-DM) methodologies [39]. From
the CRISP-DM methodology, we took the proposed steps: focus first on understanding the
business and the available data, later tackle the data preparation and modeling, and, finally,
evaluate the results. We did not follow these steps sequentially, but rather moved several
times through them forward and backward, based on our understanding and feedback
from end users, as is done in agile methodologies. We describe the work performed in each
phase in the following subsections.

3.1. Business Understanding

The automotive industry accounts for one of the largest economies in the world, by
revenue [40]. It is also considered a strong employment multiplier, a characteristic that
is expected to grow stronger with the incorporation of complex digital technologies and
the fusion with the digital industry [41]. Environmental concerns have prompted multiple
policies and agreements, which foster the development of more environment friendly
vehicles and rethinking of current mobility paradigms [42–44]. Nevertheless, global vehicle
sales and automotive revenue are expected to continue to grow in the future [45,46].

Demand forecasting is a critical component to supply chain management as its out-
comes directly affect the supply chain and manufacturing plant organization. In our
specific case, demand forecasts for the automotive industry engine components worldwide
were required on a monthly level, six weeks in advance. In Section 2, we highlighted
related work, data, and techniques used by authors in the automotive industry. On top
of data sources suggested in the literature for deriving machine learning features (past
demand data, GDP, unemployment rates, and oil price), we incorporated three additional
data sources based on experts’ experience: Purchasing Managers’ Index (PMI), copper
prices, and sales plans.

PMI is a diffusion index obtained from monthly surveys sent to purchasing managers
from multiple manufacturing companies. It summarizes expectations regarding whether
the market will expand, contract, or stay the same and how strong the growth or contraction
will be.

Prices of the products we forecast are tied to copper price variations used to manufac-
ture them. Therefore, we consider the price of this metal and create derivative features to
capture how it influences the products’ price and how it may influence it in the future.

The strategic sales department creates sales plans on a yearly and quarterly basis.
Experts consider projected sales to be a good proxy of future demand as they inform buyers’
purchase intentions. We found research that backs their claim (see, e.g., in [47]), showing
that purchase intentions contribute to the forecast’s accuracy. The research done in [48]
shows that purchase intentions are good predictors of future demand for durable products
and that this accuracy is higher for short time horizons. Research also shows that the
purchase intention bias can be adjusted with past sales data.

Much research was performed on the effect of aggregation on time series [34,49–51],
showing that a higher aggregation improves forecast results. Though research shows
optimal demand aggregation levels exist [52], we considered forecasts at a monthly level to
reflect business requirements specific to our use case.

To understand demand forecasting models’ desired behavior and performance, we
consulted industry experts. They agreed that one-third of demand forecasts produced by
planners have up to 30% error, and up to 20% forecasts may have more than 90% error.



Appl. Sci. 2021, 11, 6787 6 of 19

They also pointed out that 40% of all forecasts result in under-estimates. When issuing
a forecast, it is more desirable to have over-estimates than under-estimates. We consider
these facts to assess the forecast results.

We address demand analysis in detail in Section 3.2.

3.2. Data Understanding

We make use of several data sources when forming features for machine learning,
described in Table 1. We distinguish between internal data sources (non publicly available
data regarding a manufacturing company provided by that same company) and external
data sources used for the data enrichment process.

Table 1. Data sources. In the first and second columns, we indicate the kind of data we retrieve and its source. The third
column provides information on how frequently new data is available. In contrast, the last column describes the aggregation
level at which the data is published. Periodicity and aggregation levels can be at a yearly, quarterly, monthly, or daily level
and are denoted by “Y”, “Q”, “M”, or “D”, respectively. The London Metal Exchange published copper prices for weekdays.

Data Source Periodicity Aggregation Level

History of deliveries Internal D D

Sales Plan Internal Y,Q M

Gross Domestic Product (GDP) World Bank Y Y

Unemployment rate World Bank Y Y

Crude Oil price World Bank M M

Purchasing Managers’ Index (PMI) Institute of Supply Chain Management M M

Copper price London Metal Exchange D D

Car sales International Organization of Y Y

Motor Vehicle Manufacturers

When performing preliminary data analysis over the seven years of data, we found
that GDP, crude oil prices, PMI values, and demand (see Figure 2) show a different pattern
before and after the year 4 of our dataset. When searching for possible root causes, we
observed that in year 4 some significant economic and political events took place affecting
the economy worldwide. Among them, we found a stock market crash of a relevant
country, a decrease in crude oil production, and several political events that affected the
market prospects.

We consider demand quantity as the executed orders of a given product leaving the
manufacturing plant on a specific date. Even though demand data is available daily, we
aggregate them monthly, satisfying business requirements and providing smoother curves
and ease of forecasting. We also consider that months have different working days (due to
weekdays and holidays). Thus, we computed the average demand per working day for
each month. Future demand can be estimated using the average demand per working day,
multiplying by the number of working days in the target month.

Based on the demand classification in [12], we analyzed how many products corre-
spond to erratic and smooth demands. We create features to capture this behavior. We
present the products demand segmentation in Table 2. From the works in [23,24,26,53], we
understand that demands of a given type follow a certain distribution. Thus, most manu-
facturing companies’ products may have a slightly different demand behavior but share
enough characteristics that would reflect common patterns. We observed that demand
values for each product follow a geometric distribution.
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Figure 2. Median values for (a) crude oil price, (b) GDP, (c) unemployment rate worldwide, (d) PMI, (e) copper price (last
three months average), and (f) demand.

Table 2. Demand segmentations, by demand type as per [12], and by demand magnitude, considering demanded quantities
per month.

By Demand Type By Demand Magnitude

Years Smooth Erratic 10 100 1 K 10 K 100 K

All years 13 43 13 2 5 26 10

Last 3 years 19 37 10 1 4 28 13

To discover potential patterns, we made use of different visualizations.
Demand seasonality was assessed with correlograms (see Figure 3), which show

what lags in time most frequently display a statistically significant correlation (with a
p-value = 0.05). Considering all data available, we found the strongest correlations for
products at three, four, five, eight, and eleven months before the target month. However,
we observed a different pattern in the last three years of data: the strongest correlations
occurred at eight, ten, and eleven months before the target. Therefore, we choose only
those statistically significant when analyzing correlation values, considering a confidence
interval of 95%.

Plotting products’ monthly demand for every year, as shown in Figure 4, we found
that most products were likely to behave similarly over the years for a given month.

When assessing demand data sparsity, we analyzed how many non-zero demand data
points we have for each product and the demand magnitudes we observe in each case. We
present the data in Table 2. Higher aggregation levels regarding the time dimension allow
reducing variability in time. However, aggregate data at a higher than monthly level are
not applicable in our case.

3.3. Data Preparation

The first step we followed for data preparation was to remove records that would
fall into the black period for any given point in time and thus avoid provide our models
any indication about the future (except for the target we aim to predict). In our case, we
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consider a forecasting horizon of six weeks until the beginning of the target month, as
depicted in Figure 5.

Figure 3. Sample demand correlograms, indicating seasonality patterns. The correlogram in panel (a) is computed over the
seven years of data, while correlogram in (b) is computed over last three years.



Appl. Sci. 2021, 11, 6787 9 of 19

Figure 4. Monthly demand over the years of selected products. We compare the last three years of data.

Figure 5. Relevant points in time we considered for forecasting purposes. There is a six-week
slot between the moment we issue the forecast and the month we predict. The day of the month
considered issuing the prediction is fixed.

For sales plans, we performed data fusion, merging annual and quarterly plans into a
single one. In each case, we considered black periods, dates on which each plan becomes
available, and the granularity level at which those estimates are provided.

PMI values are informed by the Institute of Supply Chain Management at the begin-
ning of each month, based on the previous month’s survey results. For crude oil prices, we
considered the ones provided by the World Bank on a monthly level. We considered the
same source for worldwide unemployment rates and GDP values, published yearly and
available from March onwards. Every year in early March, the International Organization
of Motor Vehicle Manufacturers publishes statistics regarding yearly worldwide car sales,
which we used as well. Statistics regarding vehicle production worldwide are incomplete,
and thus we did not consider them in this research. For copper prices, we took the London
Metal Exchange value for each weekday of the year. We then computed the average price
over the last three months. Finally, we computed features based on price adjustments
applied to final products based on copper price fluctuations.

All sources of data are merged into a single dataset and aggregated at a product and
monthly level.
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3.3.1. Feature Creation

We can characterize demand data as a time series per product, each of which may
present some level, trend, and seasonality. Therefore, we require a proper assessment
of these aspects to create good statistical and ML models. While statistical models use
only data regarding past demand to predict the future, ML models can leverage a more
extensive set of features. These features provide insights into different factors affecting
product demand and are taken into account to make predictions. We created a total of
708 features, some of which we describe below.

We computed rolling summary statistics such as average, maximum, and minimum
demand over the last three months to address the time series level. In addition, we
computed the same features for a weighted average and minimum and maximum values
regarding the target month’s past demand.

Trends help us understand demand growth or contraction and must be considered in
forecasting models. However, different approaches may be helpful for statistical and ML
models. The statistical models assume that the forecasted time series is stationary. To fulfill
this assumption, we applied first-level differencing, which is suitable to address stochastic
trends. For ML models, we created features to describe trends and capture monthly or
interannual growth or contraction of GDP, unemployment rates, car sales, crude oil, copper
prices, and demand. We also created features such as relations between observed demand
and sales plans to capture common distortions that may take place on sales plans. Finally,
we created derivative features that indicate growth or contraction for given months and
more extended periods and detect and tag time series peaks from trend data.

We assessed seasonality using correlograms (see Figure 3). In addition, we incorpo-
rated demand at the lag values described before as proxies of potential demand.

We created naïve features to capture time characteristics to represent the month, a
quarter, and workdays for given months. We used information regarding weekdays,
national and collective holidays to compute the average demand per workday.

Values such as lagged demands, average, maximum, or minimum value of the last n
observed months, and values from sales plans for target month, the weighted average of
past demands for target month, and given product could act as reasonable approximations
of demand values. Average demand per workday can be used to project expected demand
on the target month, multiplying it by the number of workdays in the manufacturing
plants. These demand approximations can be further adjusted using trend information.

We created two features to signal demand event occurrence: one based on product
data sales plan, and the second one considering values from a probability density function
on lagged demand values.

When building a single model for multiple products, it can be helpful to have some
features convey information regarding demand similarity. Among others, we provide one-
hot encoded features indicating demand-type as described in [12], considering demand
behavior ever since we have data about the product and the last twelve and six months of
the point in time we consider. To identify a similar context in which demand occurs, we
binned GDP, unemployment rate, crude oil prices, car sales, and demand data into four
bins of equal length for each case. Such features may also help identify specific cases, such
as year 4, when context differs from most observed history.

3.3.2. Feature Selection

Feature selection reduces the number of features used to build a model, producing a
succinct one that is quick to train, analyze, and understand.

We performed feature selection by combining the manual addition of common sense
features with those suggested by a Gradient Boosted Regression Trees (GBRT) model,
which is not sensitive to data distribution and allows us to rank features based on how
much they reduce variance concerning target values. We only use the data that is later used
to train the models and ensure that the test data remains unseen. We performed feature
selection to extract the most relevant features in all experiments, considering all products
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rather than for each product separately. In every case, we selected K features, obtaining K
from

√
N, where N is the number of instances in the training subset, as suggested in [54],

and empirically verified these features within our setting. Some of the best features are
presented in Table 3.

Table 3. Top 15 features selected by the GBRT model considering the last three years of data. We did not remove correlated
features in this case.

Feature Brief Description

wdp3m
Estimate of target demand based on average demand per working day on
third month before predicted month, and amount of working days on target month.

sp · demandpastwavg
sppastwavg

Planned sales for target month adjusted with ratio of weighted averages of
past demand and past planned sales for given month.

demandlag4m · UE3m
UE15m

Lagged demand (4 months before target month), adjusted by the ratio of unemployment
rates three, and fifteen months before the month we aim to predict.

splag12m Planned sales for last year, same month we aim to predict.

sp · UE3m
UE15m

Planned sales, adjusted by the ratio of unemployment rates three and fifteen
months before the month we aim to predict.

sp Planned sales for target month

demandlag3m · GDP3m
GDP15m

Lagged demand (3 months before target month), adjusted by the ratio of GDP
three and fifteen months before the month we aim to predict.

sp · GDP3m
GDP15m

Planned sales for target month, adjusted by the ratio of GDP three and fifteen months
before the month we aim to predict.

demandlag3m Lagged demand (3 months before target month)

wdp12 · sp
sppastwavg

Estimate of target demand based on average demand per working day a year before
the predicted month and amount of working days on target month. Adjusted by the
the ratio between planned sales for target month and the weighted average of
planned sales for the same month over past years.

wdp8m
Estimate of target demand based on average demand per working day on eighth month
before predicted month and amount of working days on target month.

wdp5m · UE3m
UE15m

An estimate of target demand based on average demand per working day on the fifth month
before predicted month and amount of working days on target month. Adjusted by the
ratio of unemployment rates three and fifteen months
before the month we aim to predict.

wdp12m · PMI13m
PMI14m

An estimate of target demand based on average demand per working day a year before
predicted month and the amount of working days on target month. Adjusted by
the ratio between PMI values 13, and 14 months beforethe target month.

demandlag3mscaled

Lagged demand (3 months before target month) - scaled between 0–1,
considering products past demand values.

wdp3m · GDP3m
GDP15m

Estimate of target demand based on average demand per working day on third month
before predicted month, and amount of working days on target month. Adjusted
by the ratio of GDP three and fifteen months before the month we aim to predict.

3.4. Modeling
3.4.1. Feature Analysis and Prediction Techniques

ML algorithms may have different requirements regarding data preprocessing in order
to ensure the best learning conditions. We thus analyzed data distributions and identified
which steps were required in each case to satisfy those requirements.

For ML algorithms, we standardized (3) the features so that they would have zero
mean and unit variance Equation (3), except for the case of the Multiple Linear Perceptron
Regressor (MLPR), where we scaled the values of the features between zero and one
Equation (4). Standardization enhances the model’s numerical stability, makes some
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algorithms consider all features equally important, and shortens ML models’ training
times [55].

xscaled =
X− X

σ
(3)

xscaled =
X−min(X)

max(X)−min(X)
(4)

We took into account 21 forecasting techniques. We considered the naïve forecast (last
observed value as prediction) as the baseline method. We train twelve different batch ML
models: on top of MLR, support vector regressor (SVR) [56], and multilayer perceptron
regressor (MLPR) [57], which we found were used in automotive demand forecasting
literature, we also evaluate Ridge [58]; Lasso [59]; Elastic Net [60]; K-nearest-neighbor
regressor (KNNR) [61]; tree-based regressors (decision tree regressor (DTR), random forest
regressor (RFR), and GBRT); a voting ensemble created using the most promising and
diverse algorithms (KNNR, SVR, and RFR); as well as a stacked regression [62] considering
KNNR, SVR, and RidgeCV as underlying estimators; and a GBRT model as final regres-
sor. We also take into account four streaming ML algorithms: Adaptive Random Forest
Regressor (ARFR) [63], Hoeffding Tree Regressor (HTR) [64], and Hoeffding Adaptive Tree
Regressor (HATR) [65]. Additionally, we also consider forecasts obtained as the average
demand for the last three months (MA(3)) and the ones obtained from statistical forecasting
methods (exponential smoothing, random walk, ARIMA(1,1,0), and ARIMA(2,1,0)). We
did not create deep learning models since we consider that not enough data was available
to train them.

When training the models, we used MSE as the loss function where possible. We
choose MSE because it has the desired property of penalizing higher errors more, thus
reducing substantial discrepancies in predicted values.

3.5. Evaluation

From the literature review in Section 2 we observed that authors mostly used ME,
MSE, RMSE, CAPE, MAPE, and R2 metrics to measure the performance of the demand
forecasting models related to the automotive industry. While ME, MSE, and RMSE are
widely adopted, they all depend on the magnitude of the predicted and observed demands
and thus cannot be used to compare groups of products with a different demand magnitude.
This issue can be overcome with MAPE or CAPE metrics, though MAPE puts a heavier
penalty on negative errors, preferring low forecasts—an undesired property in demand
forecasting. Though R2 is magnitude agnostic, it has been noticed that its value can increase
when new features are added to the model [66].

To evaluate the performance of our models, we consider two metrics: MASE and
R2adj. MASE informs the ratio between the MAE of the forecast values against the MAE of
the naïve forecast, is magnitude agnostic, and not prone to distortions. R2adj, informs how
well predictions adjust to target values. In addition, it weights the number of features used
to make the prediction, preferring succinct models that use fewer features for the same
forecasting performance.

We compute an uncertainty range for each forecast, which illustrates possible bounds
in which future demand values may be found. We also perform the Wilcoxon paired rank
test [14] to assess if forecasts of a given model are significantly better than others.

Summary metrics may not be enough to understand the goodness of fit of a particular
model [67,68]. Therefore, based on experts’ opinions described in Section 3, and available
demand characterizations, we analyzed the proportion of products with forecasting errors
below certain thresholds (5%, 10%, 20%, and 30%), and the proportion of forecasts that
resulted in under-estimates.

Though some research highlighted the importance of measuring forecast utility related
to inventory performance (see, e.g., in [69,70]), this remains out of the scope of this work.
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4. Experiments and Results

In this section, we describe the experiments we conducted (summarized in Table 4) and
assess their results with metrics and criteria we described in Section 3.5. We summarize the
outcomes in Table 5, to understand if a particular model performs significantly better than
others. To evaluate the models, we used nested cross-validation [71], which is frequently
used to evaluate time series models. To ensure conditions on ML streaming models were
comparable to ML batch models, we implemented the nested cross-validation evaluation
strategy. By doing so, we ensured the streaming model did not see new events until the
required month was predicted. In order to test the models, we set apart the last six months
of data. We published the nested cross-validation implementation for streaming models
it in the following repository: https://github.com/JozefStefanInstitute/scikit-multiflow
(accessed date 21 July 2021).

Table 4. Description of experiments performed. Regarding the feature selection procedure, we consider two cases: (I) top
features ranked by a GBRT model and curated by a researcher, and (II) top features ranked by a GBRT model, removing
those with strong collinearity, curated by a researcher as well. N in the “Number of features" column refers to the number of
instances in a given dataset.

Years of Data Experiment Feature Selection Number of Features

All years available Experiment 1 I 6
Experiment 2 II 6

Last three years

Experiment 3 I 6
Experiment 4 II 6
Experiment 5 II 6
Experiment 6 II 6
Experiment 7 II

√
N

Experiment 8 II
√

N
Experiment 9 II

√
N

Experiment 10 II
√

N
Experiment 11 Only past demand 1

Table 5. Median of results obtained for each ML experiment. We abbreviate under-estimates as UE. In Experiments 9–10,
streaming models based on Hoeffding bound show poor performance, resulting in negative R2adj values. We highlight the
best results in bold.

Experiment R2adj MASE 5% Error 10% Error 20% error 30% Error UE 90%+ Error

Experiment 1 0.8584 1.1450 0.0670 0.1086 0.2039 0.3051 0.3854 0.4077
Experiment 2 0.8447 1.1450 0.0655 0.1101 0.1920 0.2887 0.4182 0.3928
Experiment 3 0.9067 0.9150 0.0655 0.1280 0.2351 0.3095 0.4256 0.3928
Experiment 4 0.8998 0.9750 0.0655 0.1176 0.2143 0.3051 0.4152 0.4018
Experiment 5 0.8757 0.3900 0.0536 0.1116 0.2173 0.3140 0.4762 0.3497
Experiment 6 0.8679 0.3350 0.0565 0.1012 0.1875 0.2768 0.4851 0.3601
Experiment 7 0.8903 0.3550 0.0521 0.1131 0.2247 0.3155 0.4851 0.3408
Experiment 8 0.8786 0.3100 0.0506 0.0938 0.1890 0.2813 0.4658 0.3497
Experiment 9 −0.1611 0.8100 0.0357 0.0714 0.1428 0.2143 0.7321 0.3601
Experiment 10 −1.5344 0.5300 0.0178 0.0536 0.1250 0.2143 0.7143 0.4613

In Experiments 1–4, we assessed how events in year 4 affected model learning and
if they significantly degraded forecasts. We also compared two different sets of features,
resulting from two different procedures to obtain them. We obtained the best performance
with local models trained over the last three years of data. Removing features with high
collinearity did not enhance the median of R2adj and MASE. Therefore, we consider
Experiment 3 performed best, having the best MASE and R2adj values. In contrast, the rest
of the evaluation criteria values were acceptable.



Appl. Sci. 2021, 11, 6787 14 of 19

Next, we analyzed if grouping products by specific criteria would enhance the quality
of the predictions. We trained these global models over the last three years of data,
considering insights obtained from Experiments 1–4. Following the ceteris paribus principle,
we considered the same features as for Experiment 3. We experimented with grouping
products based on the median magnitude of past demand (Experiment 5) and demand-type
(Experiment 6). We observed that even though the median of R2adj was lower, and the
under-estimates ratio higher, compared to results in previous experiments, the median
MASE values decreased by more than 40%. Models based on the median of past demand
had the best results in most aspects, including the proportion of forecasts with more than
90% error. Encouraged by these results, we conducted Experiments 7–8, preserving the
grouping criteria but adapting the number of features considered according to the amount
of data available in each sub-group. In Experiment 7, we grouped them based on the
magnitude of the median of past demand. In contrast, in Experiment 8, we grouped
products based on demand type. In both cases, we observed that R2adj values and under-
estimates ratios improved, and MASE values remained low. We consider the best results
were obtained in Experiment 7, which achieved the best values in all evaluation criteria,
except for MASE. We ranked models of these two experiments by R2adj, and took the top
three. We obtained SVR, voting, and stacking models for Experiment 7 and SVR, voting,
and RFR models for Experiment 8. The models from Experiment 8 exhibited lower MASE
in all cases, a better ratio of under-estimates, and a better proportion of forecasts with
an error ratio higher than 90%. Top 3 models from Experiment 8 remained competitive
regarding R2adj and proportion of forecasts with error ratio bounded to 30% or less error.

We assessed the statistical significance of both groups’ models in all the performance
aspects mentioned above, at a p-value = 0.05. The models had no significant difference in the
same group regarding R2adj and MASE. However, the difference was significant between
voting models in both groups for these two metrics. The difference was also significant
between the voting model from Experiment 7 and the RFR model from Experiment 8 for
the MASE metric. Considering the proportion of forecasts with errors lower than 30%,
we observed no differences between both groups’ models. However, differences between
SVR and voting models in Experiment 8 were significant. Finally, differences regarding
the number of under-estimates were statistically significant between all top three models
from Experiment 7 against SVR and RFR models of Experiment 8. For this particular
performance aspect, the stacking model from Experiment 7 only achieves significance
against the voting model from Experiment 8.

Having explored a wide range of batch ML models, we conducted Experiments 9–10
with streaming ML models, following the same conditions as Experiment 7–8, but creating
a global streaming model for each magnitude of the median of past demand demand-
type. This experiment aimed to understand the performance of streaming ML models
against the widely used ML batch models and confirm if they behaved the same regarding
error bounds as models in Experiments 7–8. We found that streaming models based on
Hoeffding inequality did not learn well. On the other side, the Adaptive Random Forest
Regressor displayed a better performance. While its R2adj was lower than the top 3 models
from Experiment 8, it achieved the best MASE in Experiment 10. It also had among best
proportion predictions with less than 5%, 10%, 20%, and 30% error or more than 90% error.
However, the proportion of under-estimates, a parameter of crucial importance in our use
case, hindered these performance results. ML streaming models had among the highest
proportions of under-estimates of all created forecasting models. The highest proportion of
under-estimates was obtained in ML streaming models based on the Hoeffding inequality,
reaching a median of underestimates above 70%.

In Experiments 5–10, we consistently observed global models created considering the
magnitude of the median of past demand outperformed those created based on demand-
type when considering the proportion of forecasts with an error higher to 90%. On the
other side, global models based on demand-type scored better on MASE. However, these
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differences did not prove statistically significant in most cases when comparing top-ranking
models of both groups.

Having explored different ML models, we then trained statistical models for each
product considering demand data available for the last three years (Experiment 11) and
contrasted results obtained with the top three models from Experiment 8 (see Table 6).
When preparing demand data for the statistical models, we applied differencing to remove
stochastic trends. We observed that the ML models outperformed the statistical ones in
almost every aspect. R2adj was consistently low for statistical models, and though their
MASE was better compared to the baseline models, ML models performed better. When
assessing the ratio of forecasts with less than 30% error, ML models displayed a better
performance. We observed the same when analyzing the under-estimates ratio. Even
though the random walk had a low under-estimates ratio, the rest of the metrics indicate
the random walk model provides poor forecasts. We consider the best overall perform-
ers are the SVR, RFR, and GBRT models, which achieved near-human performance in
almost every aspect considered in this research. Even though differences regarding R2adj,
MASE, and the ratio of forecasts with less than 30% error are not statistically significant be-
tween them in most cases, they display statistically significant differences when analyzing
under-estimates.

Table 6. Results we obtained for the top 3 performing models from Experiment 8 (ML batch models), best result for
experiments 9–10 (ML streaming models), and baseline and statistical models. We abbreviate under-estimates as UE.

Algorithm Type Algorithm R2adj MASE 5% Error 10% Error 20% Error 30% Error UE 90+% Error

ML batch
SVR 0.9212 0.2600 0.0774 0.1101 0.2321 0.3333 0.4077 0.3304

Voting 0.9059 0.2800 0.0625 0.0923 0.1786 0.2798 0.4792 0.3393

RFR 0.8953 0.2900 0.0417 0.1012 0.2173 0.3244 0.3423 0.3482

ML streaming ARFR (Experiment 9) 0.8728 0.3300 0.0744 0.1339 0.2500 0.3274 0.5387 0.3452

ARFR (Experiment 10) 0.8205 0.2200 0.0744 0.1280 0.2232 0.3274 0.5268 0.3423

Baseline MA(3) 0.8938 0.8800 0.1190 0.1667 0.2530 0.3482 0.3571 0.3065

Naïve 0.8519 1.0000 0.2024 0.2411 0.3423 0.4137 0.4137 0.3214

Statistical

ARIMA(2.1.0) 0.3846 0.4500 0.0476 0.0774 0.1429 0.1875 0.5536 0.5208

Exponential smoothing 0.3258 0.3600 0.0506 0.1161 0.1905 0.2738 0.5923 0.4434

ARIMA(1.1.0) 0.2840 0.5200 0.0387 0.0744 0.1012 0.1726 0.5119 0.6071

Random walk −0.6705 0.9000 0.0327 0.0387 0.0655 0.0923 0.3780 0.7678

5. Conclusions

This research compares 21 forecasting techniques (baseline, statistical, and ML algo-
rithms) to provide future demand estimates for an automotive OEM company located in
Europe. We use various internal and external data sources that describe the economic con-
text and provide insights on future demand. We considered multiple metrics and criteria to
assess forecasting models’ performance (R2adj, MASE, the ratio of forecasts with less than
30% error, and the ratio of forecasts with under-estimates)—all of them magnitude-agnostic.
These metrics and criteria allow us to characterize results to be comparable regardless of
the underlying data. We also assess the statistical significance of results, something we
missed in most related literature.

The obtained results show that grouping products according to their demand patterns
or past demand magnitude enhances the performance of ML models. We observed that the
best MASE performance was obtained on models created for a group of products with the
same demand type. Furthermore, when training global models based on the median of
past demand, models usually achieved a better R2adj and a better bound on high forecast
errors. However, these values were not always statistically significant.
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Our experimental evaluation indicates that the best performing models are SVR,
voting ensemble, and RFR trained over product data of the same demand type. The SVR
and RFR models achieved near-human performance for the ratio of forecasts under 30%
error, and the RFR model scored close to human performance regarding under-estimates.
However, none of the models achieved close to human performance on the proportion
of forecasts with a high error (more than 90%). How to efficiently detect and bound such
cases remains a subject of future research.

When comparing batch and streaming ML models’ performance, we observed that
ML batch models displayed a more robust performance. From the streaming algorithms,
the ARFR achieved competitive results, except for a high ratio of under-estimates. This
critical aspect must not be overlooked. Models based on the Hoeffding inequality did not
learn well and had poor performance, and further research is required to understand the
reasons hindering these models’ learning process.

Building a single demand forecasting model for multiple products not only drives
better performance, but has engineering implications: fewer models need to be trained
and deployed into production. The need for regular deployments can be further reduced
by using ML streaming models. This advantage gains importance when considering ever
shorter forecasting horizons as it avoids the overhead regular model re-trainings and
model deployments. We consider timely access to real data and the ability to regularly
update machine learning models as factors that enable digital twins’ creation. Such digital
twins not only provide accurate forecasts but allow estimating different what-if scenarios
of interest.

We envision at least two directions for future work. First, further research is required
to develop effective error bounding strategies for demand forecasts. We want to explore
the usage of ML anomaly detection methods to identify anomalous forecasts issued by
global models and develop strategies to address such anomalies. Second, research is
required to provide explanations that inform the context considered by the ML model
and models’ forecasted values and uncertainty. We understand that accurate forecasts are
a precondition to building users’ trust in a demand forecasting software. Nevertheless,
accurate forecasts alone are not enough. ML models explainability is required to help the
user understand the reasons behind a forecast, decide if it can be trusted, and gain more
profound domain knowledge.
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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, different approaches have been
considered. When considering fixed 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 fixed 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 fixed 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 fixed
forecasting horizon to forecast lumpy and intermittent demand. In particular, we propose
a machine learning classifier to predict demand occurrence and a separate model to predict
demand quantity. Both models can have separate sets of features and optimize for different
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 different model objectives and overall forecast impact on inventory. To
determine how accurate are the demand occurrence predictions, we evaluate the classifier
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 refine 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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Abstract: Demand forecasting is a crucial component of demand management. While shortening the
forecasting horizon allows for more recent data and less uncertainty, this frequently means lower data
aggregation levels and a more significant data sparsity. Furthermore, sparse demand data usually
result in lumpy or intermittent demand patterns with irregular demand intervals. The usual statistical
and machine learning models fail to provide good forecasts in such scenarios. Our research confirms
that competitive demand forecasts can be obtained through two models: predicting the demand
occurrence and estimating the demand size. We analyze the usage of local and global machine learning
models for both cases and compare the results against baseline methods. Finally, we propose a novel
evaluation criterion for the performance of lumpy and intermittent demand forecasting models. Our
research shows that global classification models are the best choice when predicting demand event
occurrence. We achieved the best results using the simple exponential smoothing forecast to predict
demand sizes. We tested our approach on real-world data made up of 516 time series corresponding
to the daily demand, over three years, of a European original automotive equipment manufacturer.

Keywords: demand forecasting; lumpy demand; supply chain agility; smart responsive manufactur-
ing; artificial intelligence; machine learning; industry 4.0; CatBoost

1. Introduction

Demand forecasting is a critical component of supply chain management, directly
affecting production planning and order fulfillment. Accurate forecasts have an impact
across the whole supply chain and affect manufacturing plant organization: operational
and strategic decisions are made regarding resources (the allocation and scheduling of raw
material and tooling), workers (scheduling, training, promotions, and hiring), manufactured
products (market share increase and production diversification), and logistics for deliveries.

To issue accurate forecasts, we have to consider demand characteristics (Kim et al. [1]
and Moon et al. [2]). Multiple demand characterizations have been proposed (Williams [3]
and Johnston et al. [4]), and one of the most influential is the characterization proposed
by Syntetos et al. [5], which divides demand patterns into four quadrants based on the
inter-demand interval and the coefficient of variation. The four demand types are smooth
(regular demand occurrence and low demand quantity variation), erratic (regular demand
occurrence and high demand quantity variation), intermittent (irregular demand occurrence
and low demand quantity variation), and lumpy (irregular demand occurrence and high
demand quantity variation). Intermittent and lumpy demand problems are considered
among the most challenging demand forecasting problems (Amin-Naseri et al. [6] and
Mukhopadhyay et al. [7]). Both present infrequent demand arrivals with many zero-demand
periods; these factors pose an additional challenge to accurate demand quantity estimation.
Demand quantity estimation is harder for lumpy demand since it also presents variable
demand sizes (Petropoulos et al. [8] and Bartezzaghi et al. [9]). Nevertheless, intermittent
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demand items account for considerable proportions of any organization’s stock value
(Babai et al. [10]). Furthermore, for a use case described by Johnston et al. [11], it was found
that 75% of items had a lumpy demand and accounted for 40% of the company’s revenue
and 60% of stock investment. Along this line, Amin-Naseri et al. [6] cite multiple authors
who observe that lumpy patterns are widespread, especially in organizations that hold many
spare parts, such as the process, aviation, and automotive industries, as well as companies
dealing with telecommunication systems, large compressors, and other examples.

Increasing industry automation, digitalization, and information sharing (e.g., through
electronic data interchange software), fomented by national and regional initiatives
(Davies [12], Glaser [13], and Yang et al. [14]), accelerates the data and information flow
within an organization, enabling greater agility. Therefore, it is critical to develop demand
forecasting models capable of providing forecasts at a low granularity level to achieve
greater agility in supply chain management. Such models enable short forecasting horizons
and provide insights at a significant level of detail, allowing organizations to foresee and
react to changes quickly. However, while these forecasting models benefit from the most
recent data available (which helps enhance the forecast’s accuracy), the low granularity
level frequently requires dealing with irregular demand patterns (Syntetos et al. [15]).

Given the variety of demand types, researchers have proposed multiple approaches to
providing accurate demand forecasts. While smooth and erratic demand patterns achieve
good results using regression models, intermittent and lumpy demand require specialized
models that consider demand occurrence. Statistical, machine learning, and hybrid models
have been developed to that end. The increase in industry digitalization enables the timely
collection of data relevant to demand forecasts. Data availability is critical for developing
machine learning models, which sometimes achieve the best results.

To deal with intermittent demand, Croston [16] proposed a forecasting model that
provides separate estimates for demand occurrence and demand quantity. Since then, much
work has followed this direction. The measurement of intermittent and lumpy model
performance has also been the subject of extensive research. Many authors agree that
we require regression accuracy and inventory metrics. Furthermore, there is increasing
agreement that regression metrics alone, used for smooth and erratic demand, do not help
measure intermittent and lumpy demand since they fail to weigh zero-demand periods.
Inventory metrics suffer the same bias while providing a perspective on how much time
products stay in stock.

Croston’s intuition in separating demand occurrence from demand sizes was valuable.
While many authors followed this intuition, we found that in the reviewed literature, no
author fully considered demand forecasting as a compound problem that required separate
models and metrics. We propose reframing demand forecasting as a two-phase problem
that requires (i) a classification model to predict demand occurrence and (ii) a regression
model to predict demand sizes. Classification can be omitted for smooth and erratic demand
patterns since demand (almost) always occurs. In those cases, using only a regression
model provides good demand forecasts (Brühl et al. [17], Wang et al. [18], Sharma et al. [19],
Gao et al. [20], Salinas et al. [21], and Bandara et al. [22]). For intermittent and erratic
demand patterns, using separate models for classification and regression provides at least
two benefits. First, separate models allow optimization for different objectives. Second,
each problem has adequate metrics, and the cause of performance or under-performance
can be clearly understood and addressed.

In this research, we propose:

1. Decoupling the demand forecasting problem into two separate problems: classification
(demand occurrence) and regression (demand quantity estimation);

2. Using four measurements to assess demand forecast performance: (i) the area un-
der the receiver operating characteristic curve (AUC ROC) (Bradley [23]) to assess
demand occurrence, (ii) two variations of the mean absolute scaled error (MASE)
(Hyndman et al. [24]) to assess demand quantity forecasts, and (iii) stock-keeping-
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oriented prediction error cost (SPEC), proposed by Martin et al. [25] as an inventory
metric;

3. A new demand classification schema based on the existing literature and our research
findings.

We compared the statistical methods proposed by Croston [16], Syntetos et al. [26],
and Teunter et al. [27]; the hybrid models developed by Nasiri Pour et al. [28] and Wille-
main et al. [29]; the ADIDA forecasting method introduced by Nikolopoulos et al. [30];
an extreme learning machine (ELM) model proposed by Lolli et al. [31]; and the VZadj
model described by Hasni et al. [32]. We measured their performance using classification,
regression, and inventory metrics. We also developed a compound model that outperforms
the ones listed above.

We performed our research on a dataset consisting of 516 time series of intermittent
and lumpy demand at a daily aggregation level, corresponding to the demand of European
manufacturing companies related to the automotive industry.

The rest of this paper is structured as follows: Section 2 presents related work, Section 3
describes our approach to demand forecasting, with a particular focus on intermittent and
lumpy demand, Section 4 describes the features we created for each forecasting model,
as well as how we built and evaluated them, and Section 5 describes the experiments we
performed and the results obtained. In Section 6, we provide our conclusions and outline
future work.

2. Related Work
2.1. Demand Characterization

Many authors have tried to characterize demand to support stock management, de-
termine material planning strategies, and provide cues to decide which forecasting model
is most appropriate for each case. A common practice is to classify products into three
categories (ABC) according to their cost–volume share: A usually includes items with
a large cost–volume share, B is for items with a moderate cost–volume share, and C is
for items with a low cost–volume share (Flores et al. [33]). Another three categories are
proposed by the FSN approach, which divides products according to their demand velocity
into the fast-moving, slow-moving, and non-moving categories (Mitra et al. [34]). XYZ
categorization divides items according to their fluctuations in consumption: X for items
with almost constant consumption, Y for items with consumption fluctuations (due to
trends or seasonality), and Z for items with irregular demand (Scholz-Reiter et al. [35]).
Botter et al. [36] mention the VED approach, where products are divided into a different
set of categories: vital parts (that cause high losses if not present in stock), essential parts
(that cause moderate losses if not available in stock), and desirable parts (that cause minor
disruptions to the manufacturing process if not present in stock). ABC categorization has
been used jointly with several of the aforementioned categorization schemes. For example,
Nallusamy et al. [37] reported using a mixed approach combining the ABC and FSN analy-
ses, while Scholtz et al. [35] combined the ABC and XYZ analyses. Croston [16] proposed
another approach that assessed demand based on demand size and inter-demand intervals.
Williams [3] considered the variance in the number and size of orders given a particular
lead time, classifying items into five categories based on high/low demand sporadicity and
size. Based on the author’s empirical findings regarding demand intermittence, a particular
category was created for products with a highly sporadic demand occurrence and high
demand size variance. Eaves et al. [38] found that the classification schema proposed by
Williams did not provide the means to distinguish continuous demand solely based on
transaction variability. They proposed dividing demand into five categories based on lead
time variability, transaction rate variability, and demand size variability.

ADI =
Total Periods

Total Demand Buckets
(1)

Equation (1): ADI stands for average demand interval.
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CV =
Demand Standard Deviation

Demand Mean
(2)

Equation (2): CV stands for coefficient of variation. It is computed over non-zero
demand occurrences (Syntetos et al. [39]).

Johnston et al. [4] introduced the concept of the average demand interval (ADI, see
Equation (1)), which was complemented by Syntetos et al. [5], who introduced the coef-
ficient of variation (CV, see Equation (2)). Both concepts allow us to divide demand into
quadrants, i.e., the smooth, erratic, intermittent, and lumpy demand types (see Figure 1).
Smooth and erratic demand present regular demand; smooth demand has little variability
in demand sizes, while this variability is strong for erratic demands. Intermittent and
lumpy demand present irregular demand intervals over time. Intermittent demand has
little variability in demand sizes, unlike lumpy demand, which has a greater demand size
variability. Thresholds were set based on empirical findings regarding where the methods
proposed by Croston [16] and Syntetos et al. [39,40] performed best.

(A) (B)

Figure 1. Demand pattern classification. (A) depicts different demand patterns, while (B) shows the
classification proposed by Syntetos et al. [5] based on empirical findings.

In this paper, we use the term continuous demand to refer to smooth and erratic demand
(both of which display regular demand occurrence) and irregular demand or sparse demand
for intermittent and lumpy demand (both of which display irregular or infrequent demand
occurrence).

2.2. Forecasting Sparse Demand

In order to mitigate lumpiness, four traditional strategies are frequently used in manu-
facturing: (a) the use of fixed additional capacity to handle peaks, (b) additional inventories,
(c) order rejection during high-demand periods, and (d) temporary increases in manu-
facturing capacity (e.g., using subcontractors, overtime, or introducing additional shifts)
(Arzi et al. [41]). However, accurate forecasts can reduce the need for such approaches,
protect the firm’s reputation (e.g., by not rejecting consumer orders), and reduce costs (e.g.,
ensuring enough planned capacity to meet the expected demand).

Forecasting irregular demand is considered a challenging task since it requires consid-
ering irregular demand occurrence in addition to the demand size forecast. Box–Jenkins
approaches, frequently used for regular time series forecasting, are considered useless in
the context of irregular demand (Wallström et al. [42]) since it is challenging to estimate
trends and seasonality given the high proportion of zeros. Therefore, researchers developed
specialized models to tackle this particular type of demand.

2.3. Demand Forecasting Models

Forecasting irregular demand is considered a challenging task since, in addition to
the demand size forecast, it requires taking into account irregular demand occurrence.
A seminal work regarding intermittent demand forecasting was developed by Croston [16],
who identified exponential smoothing as inadequate for estimating demand when the
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mean demand interval between two transactions is greater than two time periods. He
proposed a method to estimate the expected interval between transactions and the expected
demand size (Equation (3)). Assuming that successive demand intervals and sizes are
independent, the inter-demand intervals follow a geometric distribution, and the demand
sizes follow a normal distribution. Shenstone et al. [43] showed that Croston’s method
was not consistent with intermittent demand properties, but its results still outperformed
conventional methods. Many researchers followed Croston’s approach, either by enhancing
this method or proposing similar ones.

i f dt > 0





at+1 = α · dt + (1 − α) · at

pt+1 = α · q · dt + (1 − α) · pt

ft+1 = at
pt

i f dt = 0





at+1 = at

pt+1 = pt

ft+1 = ft

(3)

Equation (3): Croston’s formula [16] for irregular demand estimation, where a is the
demand level, p is periodicity, d refers to demand observations, q is previous demand
occurrence, and α represents a smoothing constant.

Syntetos et al. [26] proposed a slight modification to Croston’s method, known as the
Syntetos–Boylan approximation (SBA), in order to avoid a positive correlation between
the forecasted demand size and the smoothing constant (Equation (4)). Levén et al. [44]
suggested computing a new demand rate every time demand takes place, considering a
maximum of one time per time bucket. Teunter et al. [45] considered computing a demand
probability for each period and updating the demand quantity forecast only when demand
takes place (Equation (5)). In a similar line of research, Vasumathi et al. [46] adapted Cros-
ton’s method by considering the average of the last two demands. Prestwich et al. [47]
proposed a hybrid of Croston’s method and Bayesian inference to consider items’ obsoles-
cence. Türkmen et al. [48] considered intermittent demand forecasting models as instances
of renewal processes and extended Croston’s method for a probabilistic forecast. Further-
more, they envisioned that Croston-type methods could be replaced by recurrent neural
networks. Chua et al. [49] developed an algorithm that estimated future demand occurrence
based on three time series: non-zero-demand periods, inter-arrival periods between de-
mand occurrences, and periods spanning between two demand occurrences. They estimated
demand size with a simple moving average.

Yt = (1 − α

2
) · predCroston (4)

Equation (4): Syntetos et al. [26] proposed the Syntetos–Boylan Approximation as an
adjusted version of Croston’s [16] forecast formula.

i f dt > 0





at+1 = α · dt + (1 − α) · at

pt+1 = β · q · dt + (1 − β) · pt

ft+1 = at+1 · pt+1

i f dt = 0





at+1 = at

pt+1 = (1 − β) · pt

ft+1 = at+1 · pt+1

(5)

Equation (5): The Teunter, Syntetos, and Babai formula [45] for irregular demand estima-
tion, where a is the demand level, p is the probability of demand occurrence, d refers to demand
observations, q is previous demand occurrence, and α represents a smoothing constant.

Wright [50] developed linear exponential smoothing, an adaptation of Holt’s double
exponential smoothing model that considers variable reporting frequency and irregular-
ities in time spacing to compute and update a trend line with exponential smoothing.
Altay et al. [51] demonstrated that this method helps forecast intermittent demand where
the trend is present. Sani et al. [52] and Ghobbar et al. [53] found that averaging methods
can provide acceptable performance in some cases, despite demand intermittency. Chat-
field et al. [54] suggested using a zero-demand model for highly lumpy demand, where
the holding cost is much higher than the shortage cost. Gutierrez et al. [55] proposed fore-
casting lumpy demand with a three-layer multilayer perceptron (MLP) (Rosenblatt [56]),
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considering only two inputs: the demand of the immediately preceding period and the
number of periods separating the last two non-zero-demand transactions. Along the same
line, Lolli et al. [31] considered using ELM (Huang et al. [57]) and training the model based
on three input features: (a) the demand size for the previous time period, (b) the number of
periods separating the last two non-zero-demand transactions considering the immediately
preceding period, and (c) the cumulative number of successive periods with zero demand.

Some researchers proposed performing data aggregation to achieve smooth time series
to cope with event sparsity. Much research was performed on the effect of aggregation on
regular time series (Hotta et al. [58], Souza et al. [59], Athanasopoulos et al. [60], Rostami-
Tabar et al. [61,62], Petropoulos et al. [8], and Kourentzes et al. [63]), showing that higher
aggregation improves forecast results. One such approach is the aggregate–disaggregate
intermittent demand approach (ADIDA) (Nikolopoulos et al. [30]), which is a three-stage
process: (i) perform time-series aggregation (either overlapping or non-overlapping ag-
gregation), (ii) forecast the next time series value over the aggregated time series, and (iii)
disaggregate the forecasted value to the original aggregation level.

Following Croston’s intuition [16], some researchers developed separate models to
forecast demand occurrence and demand size. Willemain et al. [29] proposed to model
demand occurrence as a Markov process and forecast demand size by randomly sam-
pling past demand sizes and eventually jittering them to account for not-yet-seen values.
Hua et al. [64] followed a similar approach, attributing demand occurrence to autocorre-
lation or explanatory variables. If they attributed demand occurrence to autocorrelation,
they predicted it based on Markov processes. Otherwise, they used a logistic regression
model. Nasiri Pour et al. [28] developed a hybrid approach, forecasting demand occurrence
with a neural network (see Figure 2) while they estimated demand size with exponential
smoothing. The neural network they proposed considered four input variables: (a) the
demand size at the end of the preceding period, (b) the number of periods between the
last two demand occurrences, (c) the number of periods between the target period and the
last demand occurrence, and (d) the number of periods between target period and first
immediately preceding zero-demand period. The authors considered demand to not occur
if the network forecasted a zero value and considered demand to take place if the predicted
value was greater than zero.

Figure 2. MLP for the hybrid approach proposed by Nasiri Pour et al. [28]. The inputs to the model
are the demand size at the end of the preceding period, the number of periods between the last
two demand occurrences, the number of periods between the target period and the last demand
occurrence, and the number of periods between the target period and the first immediately preceding
zero-demand period.
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Finally, Petropoulos et al. [65] developed an alternative perspective to the ADIDA
framework (Nikolopoulos et al. [30]), aggregating time series in such a way that each time
bucket contained a single demand occurrence. As a result, the transformed time series no
longer presented intermittency, and it forecasted the time-varying number of periods when
such demand would occur. Then, based on the mean values for the inter-demand interval
and the coefficient of variation, demand size was estimated using Croston’s method, SBA,
or simple exponential smoothing. A similar approach was described by Hasni et al. [32].
The authors proposed forecasting demand by repeatedly random sampling from the fre-
quency histograms of past inter-demand intervals and demand sizes.

Forecasting Features

Bartezzaghi et al. [66] considered demand lumpiness as a consequence of different
market characteristics, such as the numerousness and heterogeneity of customers, the fre-
quency at which customers place the orders, the variety of customer requests (e.g., high
customization in make-to-order settings (Verganti [67])), and the correlations between
customer behavior). Lumpiness is also related to the granularity level at which demand
is considered (e.g., visualizing demand at a client and product level vs. only at a product
level or visualizing daily demand vs. monthly). Higher aggregation levels usually reduce
the number of periods without demand, changing the demand pattern classification.

In the scientific literature related to the demand forecasting of intermittent and lumpy
demand patterns, authors describe multiple characteristics and features relevant to de-
mand occurrence forecasting. Among them, we find the average inter-demand interval size
(Levén et al. [44]), the previous demand event occurrence (Gutierrez et al. [55]), the distri-
bution of inter-demand interval sizes (Croston [16]), demand size (Nasiri Pour et al. [28]),
demand shape distribution (Bartezzaghi et al. [68] and Zotteri [69]), the usage of early infor-
mation generated by customers during the purchasing process (Verganti [67]), the presence
of paydays, billing cycles, or holidays (Hyndman et al. [24]), demand event autocorrela-
tion (Willemain et al. [70]), demand event correlation (products being complementary or
alternate) (Arzi et al. [41]), and whether items may be purchased by the same supplier or
shipped using the same transportation mode (Syntetos [71]).

We found that two techniques were applied to estimate demand size across all cases.
The first one was exponential smoothing (and its variants), and it was applied across
previous non-zero demand sizes (Nasiri Pour et al. [28]). The second one was the use of
jittering on top of randomly sampled past demand sizes to account for yet-unseen values
(Willemain et al. [29] and Hua et al. [64]). Altay et al. [51] described means to adjust demand
size values based on the presence of trends in data.

On top of the above-mentioned approaches, two approaches used to reduce uncer-
tainty regarding lumpiness can help create features: early sales and order overplanning
(Verganti [67] and Bartezzaghi et al. [66]). The early sales approach considers information
regarding actual orders received for future delivery, where future demand can be estimated
given that some degree of correlation exists between the unknown and known portions of
the demand. On the other hand, the order overplanning approach focuses on every cus-
tomer instead of the overall demand. It, therefore, enables collecting and using information
specific to each customer and their future needs.

2.4. Metrics

The measurement of forecasting models’ performance for lumpy and intermittent de-
mand has been a subject of extensive research (Anderson [72]). Syntetos et al. [71] compared
the performance of the Mean Signed Error, Wilcoxon Rank Sum Statistic, Mean Square Fore-
cast Error, Relative Geometric Root Mean Square Error (RGRMSE), and Percentage of times
Better metrics (PB). They concluded that the RGRMSE behaves well in the context of irregu-
lar demand. Teunter et al. [73] pointed out that the RGRMSE cannot be applied on a single
item for zero or moving average forecasts (it would result in zero error). Hemeimat et al. [74]
suggested using the tracking signal metric, which is calculated by dividing the most re-
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cent sum of forecast errors by the most recent estimate of the mean absolute deviation
(MAD). Among many metrics, Hyndman et al. [24] suggested using the MASE for lumpy
and intermittent demand to provide a scale-free assessment of the accuracy of demand
size forecasts. Although traditional per-period forecasting metrics, such as the root mean
squared error (RMSE), the mean squared error (MSE), the MAD, and the mean absolute
percentage error (MAPE), were widely used in the literature regarding irregular demand,
Teunter et al. [73] and Kourentzes [75] showed they were not adequate due to the high
proportion of zeros. Prestwich et al. [76] proposed computing a modified version of the error
measures that considered the mean of the underlying stochastic process instead of the point
demand for each point in time. Finally, it is relevant to point out that two metrics were used
in the M5 competition (Makridakis et al. [77]) to assess time series with respect to irregular
sales: the root mean squared scaled error (RMSSE, introduced by Hyndman et al. [24])
and the weighted RMSSE. With these metrics, using a score that considers squared errors,
result measurements optimize towards the mean. The weighted RMSSE variant allows for
penalizing each time series error based on various criteria (e.g., item price). However, both
metrics unevenly penalize products sold during the whole time period in contrast to those
that are not.

Syntetos et al. [78] noted that regardless of the metrics used to estimate how accurate
demand forecasts are, it is crucial to measure the impact of forecasts on stock-holding and
service levels. Along this line, Wallström et al. [42] proposed two complementary metrics.
The first one was the number of shortages, counting how many times the cumulated forecast
error was over zero during the time interval of interest. The second one was periods in
stock (PIS), defined as the number of periods the forecasted items spent in fictitious stock
(or how many stock-out periods existed). More recently, Martin et al. [25] proposed the
stock-keeping-oriented prediction error cost (SPEC), which considers, for each time step,
whether demand forecasts translate into costs of opportunity or stock-keeping costs; the
result is never both at the same time. We summarize the metrics adopted in relevant related
works in Table 1.

Table 1. Metrics identified in main related works we reviewed on the topic of lumpy and intermit-
tent demand.

Metric [54] [79] [55] [6] [80] [28] [66] [81] [53] [82] [16] [39] [83] [42] [71] [73] [74] [75] [76] [77] [24] [25]

A-MAPE X X X
GMAE X

GMAMAE X
GMRAE X

MAD X X X X X X
MAE X X X

MAPE X X X X X X X
MAR X
MASE X X X X
MdAE X

MdRAE X X
ME X

mGMRAE X
mMAE X

mMAPE X
mMdAE X
mMSE X
mPB X
MSE X X X X X X X
MSR X

MSEn X
MADn X

PB X X X X
PIS X X

RGRMSE X X X
RMSSE X
RMSE X X X
sAPIS X

sMAPE X X X X
SPEC X X

Theil’s U statistic X
WRMSSE X
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3. Reframing Demand Forecasting
3.1. A Classification of Existing Demand Forecasting Models for Lumpy and Intermittent Demand

From the models we presented in Section 2, we observe that certain patterns arose in
how the demand forecasting problem for lumpy and intermittent demand was framed. We,
therefore, classify the forecasting approaches into four categories:

• Type I: uses a single model to predict the expected demand size for a given time step.
• Type II: uses aggregation to remove demand intermittency and benefit from regular

time series models to forecast demand.
• Type III: uses separate models to estimate whether demand will take place at a given

point in time and the expected demand size.
• Type IV: uses separate models to estimate the demand interval and demand size.

We classify the models analyzed in the related works according to these four categories
in Table 2.

Table 2. Model types identified in main related works we reviewed on the topic of lumpy and
intermittent demand.

Model Type Related Work

I [16,26,31,44–46,49–55]
II [8,30,58–61,63]
III [28,29,64]
IV [32,65]

3.2. Demand Characterization and Forecasting Models

Croston [16] developed the idea to consider two components for intermittent demand
forecasts: demand occurrence and demand sizes. Syntetos et al. [5] considered these two
components and developed an influential system of demand categorization, dividing
demand into four types: smooth, erratic, intermittent, and lumpy, based on the coefficient
of variation and the average demand interval. The need to separately address these two
dimensions was further recognized by Nikolopoulos et al. [84].

Many authors followed Croston’s lead, developing separate models to estimate de-
mand occurrence and demand size (e.g., Willemain et al. [29], Hua et al. [64], and Nasiri
Pour et al. [28]), though none of them measured the performance of the demand occurrence
component. We thus propose decoupling the demand forecasting problem into two sub-
problems, each of which requires a separate model with separate features and metrics: (i)
demand occurrence, addressed as a classification problem, and (ii) demand size estimation,
addressed as a regression problem. Following the original work by Syntetos et al. [5] and
the division mentioned above, we propose an alternative demand categorization schema.
Considering demand occurrence and demand quantity forecasting as two different prob-
lems, we can divide demand into two types (see Figure 3). The first demand type is ‘R’,
which refers to demand with regular demand event occurrence. Since demand (almost) al-
ways occurs in this case, estimating demand occurrence is rendered irrelevant and does not
pose a challenge when developing a regression model to estimate demand size. The second
demand type is ’C+R’, which refers to demand with an irregular occurrence. This second
case benefits from models that consider both demand occurrence and demand size (see
Section 2.3).

In Figure 4, we present a demand forecasting model architecture and a flowchart de-
scribing how to build it and issue demand forecasts. Since the classification and regression
models address different problems, we expect them to use different features to help achieve
their goals. We described the aspects relevant to demand occurrence and demand size
forecasting presented in the literature in Section 2.3. These can be used as the features of
the classification and regression models.
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(A) (B)

Figure 3. Demand categorization schemas. On the right, (A) corresponds to the influential catego-
rization developed by Syntetos et al. [5]. On the left, (B) proposes a new schema that only considers
demand occurrence, dividing demand into two groups. ‘R’ denotes regular demand occurrence, where
demand size can be predicted with a regression model. ‘C+R’ denotes irregular demand occurrence
that requires a model to predict demand occurrence and a model to predict demand size.

(A) (B)

Figure 4. Two-fold machine learning approach to demand forecasting. (A) shows a basic architecture
for demand forecasting when reframing demand forecasting as classification and regression problems.
(B) shows a flowchart with steps followed to create the demand forecasting models and issue demand
forecasts.

An increasing body of research suggests that global machine learning time series
models (models built with multiple time series) provide better results than local ones
(models considering time series corresponding to a single product) (Bandara et al. [22]
and Salinas et al. [21]). Furthermore, increased performance is observed even when training
models with disparate time series that have different magnitudes or may not be related to
each other (Laptev et al. [85] and Rožanec et al. [86]), although how to bound the maximum
possible error in such models remains a topic of research. Given this insight, we conclude
that dividing demand based on the coefficient of variation provides limited value and is no
longer relevant to demand categorization.

We keep the cut-off value of ADI = 1.32 proposed by Syntetos et al. [5] as a reference.
This cut-off value, jointly with the CV2, is accepted as a measure of whether a collection
of observed demand is smooth, lumpy, intermittent, or erratic (Lowas III et al. [87]); it
remains relevant for statistical methods. Nevertheless, we consider its relevance to blur with
respect to different machine learning models. Its importance may be rendered irrelevant for
global machine learning classification models that predict demand occurrence. By consid-
ering multiple items simultaneously, global models perceive a higher density of demand



Sustainability 2022, 14, 9295 11 of 21

events and less irregularity than models developed with data regarding a single demand
item. Simultaneously, the model can learn underlying patterns, which may be related to
specific behaviors (e.g., deliveries that take place only on certain days). It is important
to note that event scarcity usually results in imbalanced classification datasets, posing an
additional challenge.

We present suggested metrics to assess each model, and the overall demand forecasting
performance, in Section 3.3.

3.3. Metrics

Though several authors (e.g., [16,39,83]) considered separating demand occurrence
and demand size when forecasting irregular demand, in the scientific literature we re-
viewed (see Table 1), we found that researchers measured them separately. We thus con-
clude that they did not consider demand occurrence and demand size forecast as entirely
different problems.

Considering irregular demand forecasting only as a regression problem led to much
research and discussion (presented in Section 2.4) on how to mitigate and integrate zero-
demand occurrence to measure demand forecasting models’ performance adequately.
In our research, we provide a different perspective. We adopt four metrics to assess the
performance of demand forecasting models: (i) AUC ROC to measure how accurately the
model forecasts demand occurrence, (ii) two variants of MASE to measure how accurately
the model forecasts demand size, and (iii) SPEC to measure how the forecast impacts
inventory. When measuring SPEC, we consider α1 = α2 = 0.5 since we have no empirical
data that would support weighting α asymmetrically.

SPECα1,α2 =
1
n

n

∑
t=1

t

∑
i=1

(
max

[
0; min

[
yi;

i

∑
k=1

yk −
t

∑
j=1

f j

]
· α1; min

[
fi;

i

∑
k=1

fk −
t

∑
j=1

yj

]
· α2

]
· (t − i + 1)

)
(6)

Equation (6): Stock-keeping-oriented Prediction Error Cost (SPEC).
AUC ROC is widely adopted as a classification metric and has many desirable prop-

erties, such as being threshold independent and invariant to a priori class probabilities.
MASE has the desirable property of being scale-invariant. We consider two variants (namely
MASEI and MASEII). Following the criteria in Wallström et al. [42], we compute MASEI
for the time series that results from ignoring zero-demand values. By doing so, we assess
how well the regression model performs against a näive forecast, assuming a perfect de-
mand occurrence prediction. On the other hand, MASEII is computed for the time series
that considers all points where demand either took place or is predicted according to the
classification model. By doing so, we measure the impact of demand event occurrence mis-
classification on the demand size forecast. When the model predicting demand occurrence
has perfect performance, (i) should equal (ii). Finally, we compute SPEC for the whole time
series (considering zero and non-zero demand occurrences). This way, the metric measures
the overall forecast impact on inventory, weighting stock-keeping, and opportunity costs.

4. Methodology
4.1. Business Understanding

Demand forecasting is critical to supply chain management since its outcomes directly
affect the supply chain and manufacturing plant organizations. This research focuses on
demand forecasting for a European original equipment manufacturer in the automotive
industry. We explored providing demand forecasts for each material and client daily. Such
forecasts enable highly detailed planning. From the forecasting perspective, accurate fore-
casts at a daily level can leverage the most recent information, which is lost at higher
aggregation levels for non-overlapping aggregations. They also avoid imprecisions that re-
sult from higher-level forecast disaggregations. We tackled the demand forecasting problem
as a modeling approach. In particular, we developed machine learning models that learn
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from past data to issue forecasts. In the following subsections, we provide a detailed insight
into the steps we followed to create such predictive models.

4.2. Data Understanding

For this research, we used a dataset with three years of demand data extracted from
enterprise resource planning software. We considered records that accounted for products
shipped from manufacturing locations. For demand data, demand was registered on the day
products shipped. The dataset comprised 516 time series corresponding to 279 materials and
149 clients. When categorized according to the schema proposed by Syntetos et al. [5], we
found that 49 corresponded to a lumpy demand pattern and 467 to an intermittent demand
pattern (see Figure 5). In Tables 3 and 4, we provide summary statistics for the time series
corresponding to each demand pattern. We found that demand occurrence for both sets
of time series was highly infrequent, having a mean of one demand event in almost two
months or more.

Figure 5. The ADI-CV2 categorizations for the time series based on the classification proposed by
Syntetos et al. [5].

Table 3. Summary statistics for 49 lumpy demand time series.

Metric Mean Std Min 25% 50% 75% Max

ADI 86.00 87.26 1.97 11.86 37.29 156.60 261.00
CV2 1.44 1.04 0.50 0.70 1.10 1.90 4.83

Table 4. Summary statistics for 467 intermittent demand time series.

Metric Mean Std Min 25% 50% 75% Max

ADI 56.72 70.58 1.41 9.79 25.26 71.18 261.00
CV2 0.09 0.11 0.00 0.02 0.05 0.13 0.48

4.3. Data Preparation, Feature Creation, and Modeling

We forecasted irregular demand with two separate models: a classification model to
predict demand occurrence and a regression model to predict demand size. Though source
data were the same for both, different features were required to address each model’s goals.
Based on knowledge distilled from the literature, we created the features presented in
Section 2.3 and some features of our own.

To model demand occurrence, we considered weekdays since last demand, the day of
the week of the last demand occurrence, the day of the week for the target date, the mean of
the inter-demand intervals, the mean of the last inter-demand intervals (across all products),
and the skew and kurtosis of the demand size distributions, among other factors.
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To model demand size, we considered, for each product, the size of the last demand,
the average of the last three demand occurrences, the median value of past occurrences,
the most frequent demand size value, and the exponential smoothing of past values,
among other factors.

When computing feature values, we considered two forecasting horizons, namely
fourteen and fifty-six days (Figure 6), to understand how the forecasting horizon size affects
forecasts. The forecasting horizons were selected based on a business use case.

Figure 6. We computed predictions for two forecasting horizons, i.e., 14 (A) and 56 (B) days, to test the
sensitivity of predictions regarding demand occurrence and demand size to the forecasting horizon.

To forecast irregular demand, we compared nine methods described in the literature:

• Croston: Croston’s method [16] (see Equation (3)).
• SBA [26] (see Equation (4)).
• TSB [27] (see Equation (5)).
• MC+RAND: a hybrid model proposed by Willemain et al. [29]. Demand occurrence

is estimated as a Markov process, while demand sizes are randomly sampled from
previous occurrences.

• NN+SES: a hybrid model proposed by Nasiri Pour et al. [28]. Considers a NN model
(see Figure 2) to forecast demand occurrence; demand size is computed by exponential
smoothing over non-zero demand quantities in past periods. We used the following
parameters for the NN: a maximum of 300 iterations, a constant learning rate of 0.01,
and a hyperbolic tangent activation. Given that no description was given on whether
scaling was applied to the dataset prior to training the network, we explored two
models: without feature scaling (NNNS+SES) and with feature scaling (NNWS+SES).

• ADIDA forecasting method, proposed by Nikolopoulos et al. [30], which removes
intermittence through aggregation and then disaggregates the forecast back to the
original aggregation level.

• ELM: an ELM model as proposed by Lolli et al. [31]. We initialized the model with the
following parameters: 15 hidden units, ReLU activation, a regularization factor of 0.1,
and normal weight initialization. We trained two models: ELM(C1) (two models, trained
per demand type) and ELM(C2) (global model, considering all the demand types).

• VZadj: a method proposed by Hasni et al. [32], considering only positive demands
when the predicted lead-time demand was equal to the forecasting horizon considered.

We also developed models of our own. We created a CatBoost model (Prokhorenkova
et al. [88]) to forecast demand occurrence and compare six models to forecast demand
size: näive, most frequent value (MFV), moving average over last three demand periods
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(MA(3)), simple exponential smoothing (SES), random sampling from past values with
jittering (RAND), and LightGBM regressor (ML). We used the LightGBM regression algo-
rithm (Ke et al. [89]) because four of the top five time series forecasting models in the M5
competition were based on this algorithm (Makridakis et al. [77]).

CatBoost is an implementation of gradient-boosted decision trees. During training
time, it sequentially builds a set of symmetric binary decision trees, ensuring that each
new tree built reduces the loss compared to previous trees. The algorithm avoids one-hot-
encoding categorical features by computing the frequency of the occurrence of particular
values, reducing sparsity while enhancing computation times. CatBoost uses gradient
descent to minimize a cost function, which informs how successful it is at meeting the
classification goal. Since the dataset regarding demand occurrence was heavily imbalanced
(less than 6% of instances corresponded to demand occurrence), we chose to optimize
the model training with focal loss (Lin et al. [90]). Focal loss has the desirable property of
asymmetric penalization of training samples, focusing on misclassified ones to improve the
overall classification.

Our CatBoost classification model was built with a maximum depth of 2, 150 iterations,
focal loss, and the AUC ROC evaluation metric. The LightGBM regressor was built with
a maximum depth of 2, the RMSE objective, gradient-boosting decision tree boosting,
100 estimators, a learning rate of 0.1, and 31 tree leaves for base learners.

5. Experiments and Results

This section describes the experiments we conducted and assesses their results with the
metrics described in Section 3.3. For the SPEC metric, we considered α1 and α2 equal to 0.5.
We summarize our experiments in Table 5. In Table 6, we summarize the results obtained
for our own models, while in Table 7, we compare the best-performing of our models
against the models described in the scientific literature and described above (in Section 4.3).

We adopted two forecasting horizons (fourteen and fifty-six days) to understand
how sensitive the existing approaches were to forecast lead time. To evaluate the models,
we used nested cross-validation (Stone [91]), which is frequently used to evaluate time-
sensitive models. We tested our models by having them make predictions at the weekday
level for six months of data. For the classification models, we measured AUC ROC, with
prediction scores cut at a threshold of 0.5. The only exception to this was the model by
Nasiri Pour et al. [28] since the authors explicitly stated that they considered any prediction
above zero as an indication of demand occurrence.

Table 5. Description of the reference models we evaluated for demand occurrence forecasting and
demand size estimation.

Model Task Model Type ID Models Data

Classification
Global, per demand type
(lumpy or intermittent)

C1 CatBoost Demand occurrence features

Global, over all instances
(lumpy and intermittent)

C2 CatBoost Demand occurrence features

Regression

Local, one per
each time series R1

Naive
SES
MA(3)
MFV
RAND

Past non-zero demand sizes

Global, per demand type
(lumpy or intermittent)

R2 LightGBM Demand size features

Global, over all instances
(lumpy and intermittent)

R3 LightGBM Demand size features
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Table 6. Overall results obtained with the models we proposed, for both forecasting horizons. Best
results are bolded, second-best results are displayed in italics.

Model Regression
Forecasting Horizon: 14 Days Forecasting Horizon: 56 Days

AUC ROC ↑ MASEI ↓ MASEII ↓ SPECmedian ↓ AUC ROC ↑ MASEI ↓ MASEII ↓ SPECmedian ↓

C1R1

Naive 0.9408 0.5764 1.1084 121.9809 0.9409 0.4861 1.1084 121.9809

MA(3) 0.9408 0.5482 1.0544 281.2004 0.9409 0.4624 1.0544 281.2004

SES 0.9408 0.5229 1.0058 1210.7634 0.9409 0.4410 1.0058 1210.7634

MFV 0.9408 0.5437 1.0457 141.4351 0.9409 0.4585 1.0457 141.4351

RAND 0.9408 0.7552 1.4524 2011.5744 0.9409 0.6353 1.4485 2675.2844

C1R2 ML 0.9408 0.5813 1.1183 46,422.3206 0.9409 0.4917 1.1215 46,162.9523

C1R3 ML 0.9408 0.5758 1.1250 48,807.4847 0.9409 0.4613 1.1274 48,279.0973

C2R1

Naive 0.9700 0.5271 1.0460 110.3435 0.9700 0.4445 1.0460 110.3435

MA(3) 0.9700 0.4906 0.9736 245.1851 0.9700 0.4137 0.9736 245.1851

SES 0.9700 0.4611 0.9152 1343.2328 0.9700 0.3888 0.9152 1343.2328

MFV 0.9700 0.4760 0.9448 94.8092 0.9700 0.4014 0.9448 94.8092

RAND 0.9700 0.7267 1.4422 2034.5172 0.9700 0.5975 1.4059 2938.0534

C2R2 ML 0.9700 0.5194 1.0310 44,255.2309 0.9700 0.4398 1.0352 44,101.6088

C2R3 ML 0.9700 0.5295 1.0510 39,918.1584 0.9700 0.4479 1.0542 40219.3378

Table 7. Comparison of methods found in related works and three of the best models we created:
C2R1-SES, C2R1-MFV, and C2R1-Näive. Our three models achieved the highest AUC ROC and
showed competitive MASEI and MASEII values. C2R1-MFV achieved the best overall performance
on the SPEC metric, while C2R1-Näive achieved the second-best result. Best results are bolded, and
second-best results are presented in italics.

Model
Forecasting Horizon: 14 days Forecasting Horizon: 56 days

AUC ROC ↑ MASEI ↓ MASEII ↓ SPECmedian ↓ AUC ROC↑ MASEI ↓ MASEII ↓ SPECmedian ↓
Croston [16] 0.5000 1.5997 96.2732 182,590,225.2842 0.5000 1.4769 1.4769 173,846,999.3033

SBA [26] 0.5000 1.5196 91.4593 173,457,612.1803 0.5000 1.4047 88.2762 165,151,599.2596
TSB [27] 0.5337 1.0340 42.8525 82,848,841.2377 0.5448 0.7491 11.9425 2,0024,649.5191

MC+RAND [29] 0.5000 0.8616 1.3786 199.3702 0.5000 0.8619 1.3786 199.3702
NNWS+SES [28] 0.5000 0.3872 0.8588 18,804,861.1954 0.5000 0.3825 0.8588 18,240,504.9768
NNNS+SES [28] 0.5000 0.3834 0.8588 18,804,861.1954 0.5000 0.3825 0.8588 18,240,504.9768

ELM(C1) [31] 0.6931 1.1020 0.0004 1593.4317 0.7024 0.3087 0.0004 1566.1803
ELM(C2) [31] 0.6955 0.1034 0.0004 1605.4686 0.6967 0.0317 0.0004 1581.5055

VZadj [32] 0.5000 0.9998 1.9864 23,883.8074 0.5000 0.9922 1.9864 23,883.8074
C2R1-Naive 0.9700 0.5271 1.0460 110.3435 0.9700 0.4445 1.0460 110.3435
C2R1-SES 0.9700 0.4611 0.9152 1343.2328 0.9700 0.3888 0.9152 1343.2328

C2R1-MFV 0.9700 0.4760 0.9448 94.8092 0.9700 0.4014 0.9448 94.8092

We observed that although the approaches in the literature provided different means
of estimating demand occurrence, their performance results were all close to 0.5 AUC
ROC. Differences in performance were mainly driven by the method used to estimate
demand size.

All the models we developed in our experiments strongly outperformed the models
replicated from the literature. When considering AUC ROC, our models achieved scores of
at least 0.94, almost doubling every model described in the literature. When considering
regression metrics, our models displayed three to four times better MASEI and MASEII
values and even larger differences regarding the SPEC metric for most models. The only
exceptions were the ELM(C1) and ELM(C2) models, which achieved better MASE metrics
but not competitive AUC ROC or SPEC values. These results confirm the importance of
considering the demand forecasting of irregular demand patterns as two separate problems
(demand occurrence and demand size), each with its features and optimized against its own
set of metrics. The improvements in classification scores substantially impacted demand
size and inventory metrics.

We obtained the best results with the CatBoost classifier trained over all instances,
making no distinction between lumpy and intermittent demand. The model achieved a
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high classification AUC ROC score, reaching 0.97 for both the fourteen-day and fifty-six-day
horizons. Among the regression models used to estimate demand size, we achieved the
best results with SES, MFV, and Näive. SES outperformed every other model with respect to
MASEI and MASEII, while MFV had the best median SPEC score and remained competitive
on MASEI and MASEII values. The Näive variant achieved the second-best SPEC score
while remaining competitive on MASE values.

When building the global classification model, we were interested in how much better
it performed than models built using only lumpy or intermittent demand. We found that
the model built only on lumpy or intermittent demand achieved an AUC ROC of at least
0.7368 and 0.9666, respectively, in each subset of products, whereas the global model built
on all of the time series increased the performance to 0.9097 and 0.9776, respectively (see
Table 8).

Table 8. Comparison of AUC ROC for lumpy and intermittent demand, obtained from the C1 and
C2 models. Using all data for a single classification model to predict demand occurrence showed
improvements for both groups and time horizons. The largest improvement was observed for lumpy
demand, with an improvement greater than 0.17.

Model
Forecasting Horizon: 14 Days Forecasting Horizon: 56 Days

AUC ROClumpy ↑ AUC ROCintermittent ↑ AUC ROClumpy ↑ AUC ROCintermittent ↑
C1 0.7368 0.9666 0.7379 0.9666
C2 0.9097 0.9776 0.9097 0.9776

The results show that the forecasting horizon has little influence on classification
performance. We attribute this difference to the fact that demand occurrence is scarce; thus,
changes in demand behavior are likely to be slow. This fact has engineering implications
since there is no need to retrain and deploy the classification model frequently. Achieving
the best demand size forecasts with SES and MFV also means that demand forecasting does
not require expensive computations or much maintenance in production.

Finally, we compared our C2R1-SES model against the ADIDA approach. We selected
64 products that had continuous demand over the three years we considered and used SES
to provide forecasts two months in advance; we measured MASE for the last six months
using cross-validation. The C2R1-SES model with a fifty-six-day forecasting horizon showed
strong performance, achieving a MASE of 0.0052; for ADIDA-SES, we measured a MASE of
1.6640. Our model outperformed the state-of-the-art self-improving mechanism, ADIDA, at
an aggregate level. In the light of the results obtained, we conclude that our approach has at
least two significant advantages over aggregate forecasts. First, we avoid issues related to
forecasting disaggregation, provided the classification model is good enough. Second, our
models benefit from the information that is lost with aggregation, which may help to issue
better forecasts.

Our results demonstrate that the proposed approach achieved state-of-the-art perfor-
mance for lumpy and intermittent demand. We attribute the strong performance not only
to the accurate demand size estimation but also to the ability to predict the demand event
occurrence accurately, which is an aspect that has been overlooked so far. Our two-fold
approach provides additional insights to decision-makers: the classification model can
provide accurate forecasts regarding demand event occurrence. Furthermore, probability
calibration can be used to ensure that the model outputs the probability of a demand
event occurrence for a more informative and intuitive score interpretation (Song et al. [92]).
The ability to accurately predict demand occurrence for lumpy and intermittent demand
(which account for 75% of manufactured products, as per Johnston et al. [11]) will likely
have a strong impact on the supply chain, given that it will enable better order and produc-
tion planning and lower stock costs due to reduced uncertainty.

We believe that the approach we propose for demand forecasting could be used to
forecast sparse time series. Furthermore, AUC ROC and MASE metrics could be used to
assess the quality of forecasts for any sparse time series. AUC ROC measures how well the
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model predicts the event occurrence, while MASE assesses how close the forecasted values
correspond to the ones observed in the time series.

6. Conclusions

This research proposes a new look at the demand forecasting problem for infrequent
demand patterns. Breaking it down into two prediction problems (classification for demand
occurrence and regression for demand size), we (i) enabled accurate model diagnostics and
(ii) optimized each model for its specific task. Our results show that such decomposition
enhances overall forecasting performance. Analyzing models proposed in the literature,
we found that most of them underperformed by first failing to predict demand occurrence
accurately. In addition to the decomposition of the forecasting problem, we proposed a set
of four metrics (AUC ROC for classification, MASEI and MASEII for regression, and SPEC
to assess the impact on inventory). We also developed a novel model that outperformed not
only seven models described in the literature for lumpy and intermittent demand but also
the state-of-the-art self-improving mechanism known as ADIDA. Considering the problem
separation mentioned above, we propose a new demand classification schema based on
the approach described herein that provides a good demand forecast. We consider two
types of demands: ’R’ for demands where only regression is required and ’C+R’ where
classification and regression models estimate demand occurrence and size, respectively.

We envision several directions for future research. First, we would like to replicate
these experiments on some widely cited datasets, such as SKUs of the automotive industry
(initially used by Syntetos et al. [26]) or SKUs of the Royal Air Force (used initially by
Teunter et al. [73]). Second, we enable new approaches to dealing with forecasts involving
item obsolescence, stationarity, and trends in irregular demands by decoupling demand
occurrence from demand size. Third, we hypothesize that this approach can be extended to
the forecasting of irregular and infrequent sales, significantly impacting retail. Finally, we
believe this approach can be applied in other domains with time series displaying scarce
event occurrences.
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Abbreviations
The following abbreviations are used in this manuscript:

A-MAPE Alternative mean absolute percentage error
ADI Average demand interval
ADIDA Aggregate–disaggregate intermittent demand approach
AUC ROC Area under the curve of the receiver operating characteristic
CV Coefficient of variation
ELM Extreme learning machine
FSN Fast-slow-non moving
GMAE Geometric mean absolute error
GMAMAE Geometric mean (across series) of the arithmetic mean (across time) of the absolute errors
GMRAE Geometric mean relative absolute error
MAD Mean absolute deviation
MADn Mean absolute deviation over non-zero occurrences
MAE Mean absolute error
MAPE Mean absolute percentage error
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MAR Mean absolute error
MASE Mean absolute scaled error
MdAE Median absolute error
MdRAE Median relative absolute error
ME Mean error
MFV Most frequent value
mGMRAE Mean-based geometric mean relative absolute error
MLP Multilayer perceptron
mMAE Mean-based mean absolute error
mMAPE Mean-based mean absolute percentage error
mMdAE Mean-based median absolute error
mMSE Mean-based mean squared error
mPB Mean-based percentage of times better
MSE Mean squared error
MSEn Mean squared error over non-zero occurrences
MSR Mean squared rate
NN Neural network
PB Percentage of times better
PIS Periods in stock
RGRMSE Relative geometric root mean squared error
RMSE Root mean squared error
RMSSE Root mean squared scaled error
sAPIS Scaled absolute periods in stock
SBA Syntetos–Boylan approximation
SES Simple exponential smoothing
SKU Stock-keeping unit
sMAPE Symmetric mean absolute percentage error
SPEC Stock-keeping-oriented prediction error cost
TSB Teunter, Syntetos, and Babai
VED Vital–essential–desirable
WRMSSE Weighted root mean squared scaled error
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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
flaws 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 classifier confidence and uncertainty" tutorial at the
ECML-PKDD 2020 conference 1). Probability calibration is receiving increasing attention,
given they enable better interpretability of classification 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 titled Active Learning and Novel
Model Calibration Measurements for Automated Visual Inspection in Manufacturing and
was published in the Journal of Intelligent Manufacturing (Springer) in 2023 (Q1 - IF
7.136) [35]. The paper first introduces how machine learning can alleviate manual visual
inspection based on data provided by Philips 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 specific 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 classifier confidence and uncertainty. Tutorial at the ECML-PKDD 2020
conference: https://classifier-calibration.github.io/

https://classifier-calibration.github.io/
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sider the predicted labels of the classifier as target labels (see Fig. 3.1). When a classifier
performs perfectly, the predicted labels match those any human annotator provides. Con-
versely, when the classifier’s performance is imperfect, the imperfections can be considered
as labeling noise.

Figure 3.1: The classification 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 classification 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 λ, so that the component evaluating how accurate the clas-
sifier is and the term related to the calibration quality could be weighted in some arbitrary
proportion. Both metrics, weighting components by a λ factor, are presented in Eq. 3.1
and Eq. 3.2.

APCS = λ ·KAUCROC + (1− λ) ·APCSW (3.1)

Equation 3.1: APCS metric definition.

wAPCS = λ ·KAUCROC + (1− λ) · wAPCSW (3.2)

Equation 3.2: wAPCS metric definition.

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 classifier, 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
affect 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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Abstract
Quality control is a crucial activity performed bymanufacturing enterprises to ensure that their productsmeet quality standards
and avoid potential damage to the brand’s reputation. The decreased cost of sensors and connectivity enabled increasing
digitalization of manufacturing. In addition, artificial intelligence enables higher degrees of automation, reducing overall
costs and time required for defect inspection. This research compares three active learning approaches, having single and
multiple oracles, to visual inspection. Six new metrics are proposed to assess the quality of calibration without the need
for ground truth. Furthermore, this research explores whether existing calibrators can improve performance by leveraging
an approximate ground truth to enlarge the calibration set. The experiments were performed on real-world data provided by
Philips Consumer Lifestyle BV. Our results show that the explored active learning settings can reduce the data labeling effort by
between three and four percent without detriment to the overall quality goals, considering a threshold of p = 0.95. Furthermore,
the results show that the proposed calibration metrics successfully capture relevant information otherwise available to metrics
used up to date only through ground truth data. Therefore, the proposed metrics can be used to estimate the quality of models’
probability calibration without committing to a labeling effort to obtain ground truth data.
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Introduction

Quality control is one of the key parts of the manufactur-
ing process, which comprehends inspection, testing, and
identification to ensure the manufactured products comply
with specific standards and specifications (Kurniati et al.,
2015; Wuest et al., 2014; Yang et al., 2020). For exam-
ple, the inspection tasks aim to determine whether a specific
part features assembly integrity, surface finish, and adequate
geometric dimensions (Newman & Jain, 1995). In addition,
product quality is key to the business since it (i) builds trust
with the customers, (ii) boosts customer loyalty, and (iii)
reinforces the brand reputation.
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One such quality inspection activity is the visual inspec-
tion, considered a bottleneck activity in some instances
(Zheng et al., 2020). Visual inspection is associated with
many challenges. Some visual inspections require a sub-
stantial amount of reasoning capability, visual abilities, and
specialization (Newman&Jain, 1995). Furthermore, reliance
on humans to perform such tasks can affect the scalability
and quality of the inspection. When considering scalabil-
ity, human inspection requires training inspectors to develop
inspection skills; their inspection execution tends to be slower
when compared to machines, they fatigue over time and can
become absent at work (due to sickness or other motives)
(Selvi & Nasira, 2017; Vergara-Villegas et al., 2014). The
quality of inspection is usually affected by the inherent sub-
jectiveness of each human inspector, the task complexity,
the job design, the working environment, the inspectors’
experience, well-being, and motivation, and the manage-
ment’s support and communication (Cullinane et al., 2013;
Kujawińska et al., 2016; See, 2012). Manual visual inspec-
tion’s scalability and quality shortcomings can be addressed
through an automated visual inspection.

Automated visual inspection can be realizedwithMachine
Learning models. Technological advances [e.g., Internet of
Things or Artificial Intelligence (Rai et al., 2021; Zheng et
al., 2021)], and trends in manufacturing [e.g., the Industry
4.0 and Industry 5.0 paradigms (Barari et al., 2021; Rozanec
et al., 2022)] have enabled the timely collection of data
and foster the use of machine learning models to automate
manufacturing tasks while reshaping the role of the worker
(Carvajal Soto et al., 2019; Chouchene et al., 2020). Auto-
mated visual inspection was applied in several use cases in
the past (Beltrán-González et al., 2020; Duan et al., 2012;
Jiang & Wong, 2018; Villalba-Diez et al., 2019). Neverthe-
less, it is considered that the field is still in its early stages
and that artificial intelligence has the potential to revolution-
ize product inspection (Aggour et al., 2019).

While machine learning models can be trained to deter-
mine whether a manufactured piece is defective and do so in
an unsupervised or supervised manner, no model is perfect.
At least three challenges must be faced: (a) how to improve
the models’ discriminative capabilities over time, (b) how to
calibrate the models’ prediction scores into probabilities to
enable the use of standardized decision rules (Silva Filho et
al., 2021), and (c) how to alleviate the manual labeling effort.

This paper presents our approach to addressing these three
challenges as follows. Active learning enhances the classifi-
cation model to address the first challenge. Pool-based and
stream-based settings are compared, considering different
active learning sample query strategies across five machine
learning algorithms. Platt scaling, a popular probability cal-
ibration technique, addresses the second challenge. Finally,
two scenarios were considered when addressing the reduc-
tion of manual labeling effort: (i) manual inspection of cases

where the machine learning model does not predict with
enough confidence and (ii) data labeling to acquire ground
truth data for the model calibration. The first scenario was
addressed by exploring the usage of multiple oracles and soft
labeling to reduce the manual inspection effort. Finally, the
second and third scenarios were addressed by approximat-
ing the ground truth with models’ predictions to calibrate
the model. Furthermore, several novel metrics to measure
the quality of calibration were proposed. The results confirm
that they can measure the quality of such calibration without
needing a ground truth.

This work extends our previous research described in
paperStreamingMachineLearningandOnlineActiveLearn-
ing forAutomatedVisual Inspection (Rožanec et al., 2022). In
that paper, research was performed to measure the impact of
active learning on streaming algorithms. This paper explored
batch and online settings, active learning policies, and ora-
cles. This research overcomes some of the shortcomings of
the previous research. First, it does not only consider the
models’ uncertainty to derive data instances to oracles but
also a certain quality acceptance level. Second, it calibrates
the machine learningmodels so that through probability cali-
bration, they issue probabilities rather than predictive scores.
Third, it increases the amount of data devoted to active learn-
ing to ensure more meaningful results. Finally, it focuses
on batch machine learning models (which achieve a greater
discriminative performance) and studies them in batch and
streaming active learning settings. In addition to the above-
mentioned items, multiple metrics were developed to assess
the calibration quality of a calibrator. The metrics overcome
some shortcomings of widely adopted metrics and enable
measuring calibration quality when no ground truth is avail-
able. The research was performed on a real-world use case
with images provided by Philips Consumer Lifestyle BV cor-
poration. The dataset comprises images regarding the printed
logo on manufactured shavers. The images are classified
into three classes: good prints, double prints, and interrupted
prints.

The Area Under the Receiver Operating Characteristic
Curve [AUC ROC, see (Bradley, 1997)] was used to evalu-
ate the discriminative capability of the classification models.
AUC ROC estimates the quality of the model for all possible
cutting thresholds. It is invariant to a priori class proba-
bilities and, therefore, suitable for classification tasks with
strong class imbalance. Furthermore, given that the models
were evaluated in a multiclass setting, the AUC ROC was
computed with a one-vs-rest strategy. Furthermore, the per-
formance of multiple probability calibration approaches was
measured through the EstimatedCalibration Error (ECE) and
several novel metrics proposed in this research.

This paper is organized as follows. Section“Related
work” describes the current state of the art and related
works. Section“Approximate model’s probabilities calibra-
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tion describes novel metrics proposed for probability calibra-
tion and how calibration methods can leverage approximate
ground truth to enlarge the calibration set. The main novelty
regarding the proposed probabilities calibration metrics is
the ability to measure calibration quality without needing a
ground truth. Section“Use case” describes the use case,while
section“Methodology” provides a detailed description of the
methodology followed. Section“Experiments” describes the
experiments performed, while section“Results and evalua-
tion” presents and discusses the results obtained. Finally,
section“Conclusion” presents the conclusions and outlines
future work.

Related work

This section provides a short overview of three topics rel-
evant to this research: (i) the use of machine learning for
quality inspection, (ii) active learning, and (iii) probabilities
calibration. The following subsections are devoted to each of
them.

Machine learning for quality inspection

A comprehensive and reliable quality inspection is indis-
pensable to the manufacturing process, and high inspection
volumes turn inspection processes into bottlenecks (Schmitt
et al., 2020). Machine Learning has been recognized as a
technology that can drive the automation of quality inspec-
tion tasks in the industry. Multiple authors report applying it
for early prediction of manufacturing outcomes, which can
help drop a product that will not meet quality expectations
and avoid investment in expensive manufacturing stages.
Furthermore, similar predictions can be used to determine
whether the product canbe repaired and therefore avoid either
throwing away a piece to which the manufacturing process
was invested or selling a defective piece with the correspond-
ing costs for the company (Weiss et al., 2016). Automated
visual inspection refers to image processing techniques for
quality control, usually applied in the production line ofman-
ufacturing industries (Beltrán-González et al., 2020). It has
been successfully applied to determine the end quality of
the products. It provides many advantages, such as perform-
ing non-contact inspection that is not affected by the type
of target, surface, or ambient conditions (e.g., temperature)
(Park et al., 2016). In addition, visual inspection systems can
perform multiple tasks simultaneously, such as object, tex-
ture, or shape classification and defect segmentation, among
other inspections. Nevertheless, automated visual inspection
is a challenging task given that collecting the dataset is usu-
ally expensive, and the methods developed for that purpose
are dataset-dependent (Ren et al., 2017).

Jian et al. (2017) considers three approaches that exist
toward automated visual inspection: (a) classification, (b)
background reconstruction and removal (reconstruct and
remove background to find defects in the residual image),
and (c) template reference (comparing a template image with
a test image). Tsai and Lai (2008) describe how TFT-LCD
panels and LCD color filters were inspected by compar-
ing surface segments containing complex periodic patterns.
Lin et al. (2019) describes how defect inspection on LED
chips was automated using deep Convolutional Neural Net-
works (CNN). Kang and Liu (2005) successfully applied
feed-forward networks to detect surface defects on cold-
rolled strips. In the same line, Yun et al. (2014) proposed
a novel defect detection algorithm for steel wire rods pro-
duced by the hot rolling process. Valavanis andKosmopoulos
(2010) comparedmultiplemachine learningmodels (Support
Vector Machine, Neural Network, and K-nearest neighbors
(kNN)) on defect detection in weld images. Park et al. (2016)
developed a CNN and compared it to multiple models (parti-
cle swarm optimization-imperialist competitive algorithm,
Gabor-filter, and random forest with variance-of-variance
features) to find defects on silicon wafers, solid paint,
pearl paint, fabric, stone, and wood surfaces. Furthermore,
Aminzadeh andKurfess (2019) describedhowBayesian clas-
sification enabled online quality inspection in a powder-bed
additive manufacturing setting. Multiple authors developed
machine learning algorithms for visual inspection leverag-
ing feature extraction from pre-trained models (Cohen &
Hoshen, 2020; Li et al., 2021; Jezek et al., 2021).Whilemuch
research was devoted to supervised machine learning meth-
ods, unsupervised defect detection was explored by many
authors, who explored using Fourier transforms to remove
regularities and highlight irregularities (defects) (Aiger &
Talbot, 2012) or employed autoencoders to find how a refer-
ence image differs from the expected pattern (Mujeeb et al.,
2018; Zavrtanik et al., 2021, 2022).

Active learning

Active learning is a subfield of machine learning that studies
how an active learner can best identify informative unlabeled
instances and requests their labels from some oracle. Typical
scenarios involve (i)membership query synthesis (a synthetic
data instance is generated), (ii) stream-based selective sam-
pling (the unlabeled instances are drawn one at a time, and a
decision is made whether a label is requested or the sample is
discarded), and (iii) pool-based selective sampling (queries
samples from a pool of unlabeled data). Among the fre-
quently used querying strategies are (i) uncertainty sampling
(select an unlabeled sample with the highest uncertainty,
given a certain metric, or machine-learning model (Lewis &
Catlett, 1994)), or (ii) query-by-committee [retrieve the unla-
beled sample with the highest disagreement between a set of
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forecasting models (committee) (Cohn et al., 1994; Settles,
2009)] can be found.More recently, new scenarios have been
proposed leveraging reinforcement learning, where an agent
learns to select images based on their similarity, and rewards
obtained are based on the oracle’s feedback (Ren et al., 2020).
In addition, it has been demonstrated that ensemble-based
active learning can effectively counteract class imbalance
through newly labeled image acquisition (Beluch et al.,
2018). While active learning reduces the required volume
of labeled images, it is also essential to consider that it can
produce an incomplete ground truth by missing the annota-
tions of defective parts classified as false negatives and not
queried by the active learning strategy (Cordier et al., 2021).

Active learning was successfully applied in manufactur-
ing, but scientific literature remains scarce on this domain
(Meng et al., 2020). Some use cases include the automatic
optical inspection of printed circuit boards (Dai et al., 2018),
media news recommendation in a demand forecasting set-
ting (Zajec et al., 2021), and the identification of the local
displacement between two layers on a chip in the semicon-
ductor industry (van Garderen, 2018).

Probabilities calibration

Probabilities denote the likelihood that a particular event will
occur and are expressed as a real number between zero and
one (Cheeseman, 1985).Manymachine learningmodels out-
put prediction scores which cannot be directly interpreted
as probabilities. Therefore, such models can be calibrated
(mapped to a known scale with known properties), ensuring
the prediction scores are converted to probabilities. Probabil-
ity calibration aims to provide reliable estimates of the true
probability that a sample is a member of a class of interest.
Such calibration (a) usually does not decrease the classifi-
cation accuracy, (b) enables using provides thresholds on
the decision rules and therefore minimizes the classification
error, (c) ensures decision rules and their maximum poste-
rior probability are fully justified from the theoretical point
of view, (d) can be easily adapted to changes in class and
cost distributions, and therefore (e) is key to decision-making
tasks (Cohen & Goldszmidt, 2004; Song et al., 2021).

The k-class probabilistic classifier is considered well-
calibrated if the predicted k-dimensional probability vector
has a distribution that approximates the distribution of the
test instances. While a single accepted notion of probabilis-
tic calibration exists for binary classifiers, the definition for
multiclass settings hasmultiple nuances. Three kinds of prob-
ability calibration are described in the literature formulticlass
settings: (i) confidence calibration [aims only to calibrate the
classifier’s most likely predicted class (Song et al., 2021)],
(ii) class-wise calibration (attempts to calibrate the scores
for each class as marginal probabilities), and (iii)multi-class
calibration (seeks to create an entire vector of predicted prob-

abilities so that for any prediction vector the proportion of
classes among all possible instances getting the same pre-
diction, are equal to the probabilities for those classes in the
predicted vector).

Multiple probability calibration methods have been pro-
posed in the scientific literature. The post-hoc techniques aim
to learn a calibrationmap for amachine-learningmodel based
on hold-out validation data. In addition, popular calibration
methods for binary classifiers include logistic calibration
(Platt scaling), isotonic calibration, Beta calibration, tem-
perature calibration, and binning calibration.

Empirical binning builds the calibration map by comput-
ing the empirical frequencies within a set of score intervals.
It can therefore capture arbitrary prediction score distribu-
tions (Kumar et al., 2019). Isotonic regression computes
a regression assuming the uncalibrated model has a set of
non-decreasing constant segments corresponding to bins of
varying widths. Given its non-parametric nature, it avoids
a model misfit, and due to the monotonicity assumption,
it can find optimal bin edges. Nevertheless, training times
and memory consumption can be high on large datasets and
give sub-optimal results if the monotonicity assumption is
violated. Platt scaling (Platt, 2000) aims to transform pre-
diction scores into probabilities through a logistic regression
model, considering a uniform probability vector as the target.
While the implementation is straightforward and the training
process is fast, it assumes the input values correspond to a
real scalar space and restricts the calibration map to a sig-
moid shape. Probability calibration trees evolve the concept
of Platt scaling, identifying regions of the input space that
lead to poor probability calibration and learning different
probability calibration models for those regions, achieving
better overall performance (Leathart et al., 2017). Beta cali-
bration was designed for probabilistic classifiers. It assumes
that the scores of each class can be approximated with two
Beta distributions and is implemented as a bivariate logis-
tic regression. Temperature scaling uses a scalar parameter
T > 0 (where T is considered the temperature) to rescale
logit scores before applying a softmax function to achieve
recalibrated probabilities with better spread scores between
zero and one. It is frequently applied to deep learningmodels,
where the prediction scores are frequently strongly skewed
towards one or zero. Furthermore, the method can be applied
to generic probabilistic models by transforming the predic-
tion scores with a logit transform (Guo et al., 2017). This
enables calculating the score against a reference class and
obtaining the ratio against other classes. Nevertheless, the
method is not robust in capturing epistemic uncertainty (Ova-
dia et al., 2019). Finally, the concept of temperature scaling
is extended in vector scaling, which considers that a differ-
ent temperature for each class can be specified, and matrix
scaling, which considers a matrix and intercept parameters
(Song et al., 2021).
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Several metrics and methods were proposed to assess
the quality of the calibration. Reliability diagrams plot the
observed relative frequency of predicted scores against their
values. They, therefore, enable to quickly assess whether the
event happens with a relative frequency consistent with the
forecasted value (Bröcker&Smith, 2007).On the other hand,
validity plots aim to convey the bin frequencies for every bin
and therefore provide valuable information regarding mis-
calibration bounds (Gupta & Ramdas, 2021). Among the
metrics, the binary ECE measures the average gap across
all bins in a reliability diagram, weighted by the number
of instances in each bin, considering the labeled samples of
a test set. In the same line, the binary Maximum Calibra-
tion Error computes the maximum gap across all bins in a
reliability diagram. The Confidence Estimated Calibration
Error measures the average difference between accuracy and
average confidence across all bins in a confidence reliabil-
ity diagram, weighted by the number of instances per bin.
A different approach is followed by the Brier score, which
measures the mean squared difference between the predicted
probability and the actual outcome. While the ECE metric is
widely accepted, research has shown that it is subject to short-
comings (Nixon et al., 2019; Posocco & Bonnefoy, 2021).
One of such shortcomings is that when using fixed calibra-
tion ranges, some bins contain most of the data, resulting in
the metric’s decreased sharpness. Furthermore, ECE is mea-
sured across non-empty bins, failing to account for the overall
distribution of positives across the mean predicted probabili-
ties. Measuring probabilistic calibration remains a challenge
(Nixon et al., 2019).

While many probability calibration methods and metrics
have been developed, most of them were conceived consid-
ering probability calibration must be done based on some
ground truth. Nevertheless, acquiring data for such ground
truth is expensive (requires labeled instances), limits the
amount of data seen to build such a probability calibra-
tion map, and therefore introduces inaccuracies due to the
inherent characteristics of the sample. To address this void,
this research proposes labeling each predicted data instance
according to the predicted class with the highest score or
most likely class if the highest predicted scores are equal.
Assuming the classifier could perform with perfect discrim-
inative power in the best case, such labels would equal the
ground truth. Furthermore, this research proposes metrics
to assess the discrepancy between an ideal probability cal-
ibration scenario and the calibrated classifier to measure
the quality of probability calibration achieved. By doing so,
the calibrators’ quality over time can be measured without
needing any data labeling for such an assessment. Further-
more, it enables exploring approximatemodel’s probabilities
calibration, training a calibrator from a ground truth approx-
imated with predicted labels. This idea is further explained

and developed in section“Approximatemodel’s probabilities
calibration”.

Approximatemodel’s probabilities
calibration

Towards approximate probability calibrationmodels

This research proposesmetrics and an approach to calibrating
machine learning prediction scores to probabilities using a
ground truth approximation. The approach considers build-
ing an initial calibration set, as it is common practice for
probability calibration methods. A calibration set has (a)
several prediction scores used to perform the probability cal-
ibration and (b) the ground truth labels for the corresponding
data instances. Using both, a mapping is created between the
prediction scores and the probability of a class outcome.Nev-
ertheless, the limited amount of data in the calibration set can
impact the fidelity of the calibration. In particular, the dis-
tribution of predictive scores between the calibration set and
the predictions performed in a production environment can
differ.

The final prediction of a calibrated model has at least two
sources of error: (a) the classification model, which does
not perfectly predict the target class, and (b) the probability
calibration technique, which does not produce a perfect prob-
abilistic mapping between the predicted scores and the target
class. While (a) directly affects the refinement loss (loss pro-
duced by assigning the same probability for instances from
different classes), (b) affects the calibration loss (loss due
to the difference between the predicted probabilities and
observed positive instances for such an output). While met-
rics and plots exist to assess the quality of the probability
calibration, such means require a ground truth to evaluate the
probability calibration. While the requirement for a ground
truth allows for an exact estimate of the classifier on that
particular hold-out data, it has at least two drawbacks: (i)
it requires labeling a certain amount of data to perform the
evaluation, and (ii) such data may not be representative of
current or future data distributions observed in a production
environment.

Intuitions behind a calibration without a ground
truth

Current scientific literature considers the quality of a model
calibration can be measured by comparing, given a fixed
class, whether the fraction of positives does correspond to the
predicted mean probability of a given classifier. The fraction
of positives empirically measures the likelihood of positive
class events for the class under consideration within a spe-
cificmeanprobability range (bin). In awell-calibratedmodel,
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Fig. 1 The figure presents two calibration plots. On the left, the cali-
bration plot shows a perfectly calibrated calibrator (where the fraction
of positives for the class under consideration equals the mean predicted

probability). On the right, the same information is presented, but nor-
malizing the values of the plot on the right to ensure the sum of their
values equals one

the likelihood of the occurrence of positive class events in a
particular bin for the class under consideration matches the
mean predicted probability, revealing a linear relationship
between the mean predicted probability and the likelihood
of the occurrence in that bin of the positive class event for
the class considered (see Fig. 1). Furthermore, a perfectly cal-
ibrated classifier is only possible for a binary classification
problem with no class imbalance. Class imbalance or multi-
ple classes introduce distortions regarding the frequencywith
which the positive class is observed within a given predicted
mean probability range compared to the frequency with the
other events occurring within that mean probability range.

For a well-calibrated classifier, each of the predicted
classes is expected to behave as shown in Fig. 1. Therefore,
while class imbalance or a multi-class setting can introduce
distortions to the histogram’s shape, the distance to the ideal
case could be measured by comparing the histogram shape
of a perfectly calibrated model for a given class and the
shape of the histogram in the real-world case under con-
sideration. To estimate how close the histograms are from
each other, optimal transport is used (Peyré et al., 2019; Vil-
lani, 2009). In particular, the Wasserstein distance measures
the distance between the two histogram distributions. We
consider the Wasserstein distance between the histograms
representing the existing calibration and a perfect one. The
distance denotes the improvement opportunity regarding the
specific calibration model to achieve a perfect calibration (or
a desired calibration according to the reference histogram).
Nevertheless, the fraction of positives for a given class cannot

be computed when no ground truth is available. Therefore,
we reframe the problem so that the goodness of a model cal-
ibration can be evaluated even without considering a ground
truth.

Considering the information available in Fig. 1 and a
particular class j , and considering each prediction regard-
ing class j an event x , we are interested on two types
of events: E1 = {x corresponds to bin i}, and E2 =
{x corresponds to class j}. Furthermore, we are interested
in calibrating the model so that the resulting score indicates
p j (E2|E1).

Intuition 1: Considering a perfectly calibrated classifier

Let us consider the case of a perfectly calibrated classi-
fier. Given a perfectly calibrated classifier, the fraction of
positives for a given class must match the mean predicted
probability. The fraction of positives within a certain bin i
can be considered the empirical computation of p j (E2|E1).
E1 and E2 are not independent events, given the prob-
ability of belonging to class j should be higher in bins
representing a higher mean predicted probability. Therefore,

p j (E2|E1) = p j (E2∩E1)

p j (E1)
. Considering a balanced binary

classification problem, the number of predictions issued for
each mean predicted probability range must be equal to ver-
ify the symmetry regarding the fraction of positives observed
in the mean probability ranges for both classes. Fluctuations
regarding the fraction of positives observed in the mean pre-
dicted probability ranges translate into an unequal number of
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predictions in them and directly impact the quality of the cali-
bration.Based on this observation, given the abovementioned

equation, p j (E2|E1) = p j (E2∩E1)

p j (E1)
, p j (E1) is constant, and

can be empirically computed as p j (E1) = 1
# of bins . The

number of predictions for a given class j is computed as the
count of predictions where the highest predicted value was
issued for that class j . While p j (E2 ∩ E1) cannot be com-
puted without ground truth, the expected values that must
be satisfied for each bin for p j (E2|E1) are known. There-
fore, we envision at least two ways to estimate the mismatch
between the ideal case and the case under consideration.
First, the value of p j (E2 ∩ E1) can be inferred based on the
expected p j (E2|E1) for a particular bin and the empirical
computation of p j (E1) to then measure the Wasserstein dis-
tance between the resulting distributions. Second, it could
be estimated by only considering p j (E1) and measuring
the Wasserstein distance between the ideal distribution (an
equal number of predictions per mean predicted probabil-
ity range) and the distribution of predictions obtained from
the calibrated classifier under consideration (number of pre-
dictions per bin, that are empirically measured—usually the
amount of predictions is not equal across bins given the
calibrated classifier’s imperfection). Each class’s calibration
quality could be estimated in both cases by comparing two
histograms: the ideal case and the calibration model under
consideration. The distance between both distributions com-
putes measures how far the particular calibrator is from a
perfectly calibrated case.

While the case above was demonstrated for a balanced
binary classification problem, it approximately holds for
multiclass settings and cases with class imbalance. In these
scenarios, we aim to calibrate each class as perfectly as pos-
sible, even though a perfect calibration cannot be achieved.
Nevertheless, how well-calibrated each class is against the
ideal case can still be assessed by comparing the distribu-
tions described above.

Intuition 2: Considering a perfect classifier

Let us consider the case of a perfect classifier. Given a perfect
classifier, the prediction equals the ground truth regarding a
positive class event for the class under consideration. There-
fore, two scenarios are considered: (a) degrade the classifiers’
performance to achieve a calibrated classifier, or (b) spread
the predicted values within a specific range so that they emu-
late particular calibration. It must be noted that while (a)
can still satisfy the definition of probability considered for
calibration, (b) does not.

For (a), the classifier’s performance must be degraded due
to the inherent definition of probabilities used in this prob-
lem: the calibrationmodelwill ensure a proportion of positive
events regarding a class given a mean predicted probability

bin. Therefore, given n = number of classes, the high-
est predicted value for each class will not issue only data
instances of that class above 1/n. Furthermore, some cases
will be lost under the 1/n threshold.

On the other hand, for (b), the abovementioned equation

p j (E2|E1) = p j (E2∩E1)

p j (E1)
can be considered. It is known that

for a perfect classifier, the following is true: p j (E2) = 0
or p j (E2) = 1. Furthermore, E1 and E2 can be considered
dependent events, given p j (E2) = 0 for bins below a certain
threshold, and p j (E2) = 1otherwise (seeFig. 2). In addition,
the mean predicted probability would not match the fraction
of positives, given the classifier is perfect: each prediction
perfectly identifies the target class. Therefore, this scenario
per se violates the idea behind probabilities calibration. Nev-
ertheless, the best approximation towards Fig. 1 would be to
achieve an increasing number of predictions per mean pre-
dicted probability range (histogram bin) for a specific class.
To avoid degrading the models’ discriminative power, such
a mapping function will not issue scores below 1/n, where
n = number of classes.

Intuitions materialized

From intuitions to approximate calibrators

To perform model calibration, a function that can map the
predictive scores of a machine-learning model to probabil-
ity scores is required. Ideally, such probability scores would
indicate p j (E2|E1). When no ground truth is available, the
intuitions described above can be considered to reproduce
some scenarios where the resulting probability score distri-
bution can be compared against an ideal probability score
distribution. Therefore, we consider labeling the predicted
data instances with the class with the highest predicted score.
In case two classes hold equal scores, we decide on the most
probable one based on the class imbalance observed in the
train test. For balanced datasets, the class can be assigned
randomly, given no other information exists to guide the deci-
sion. The more perfect the classification model, the closer
will the assigned labels be to the ground truth. Given data
instanceswith predicted scores and assigned labels, a calibra-
tor can be fitted to map the classifier’s output to a calibrated
probability.

To realize the abovementioned calibration without ground
truth, at least the following preconditions must be met: (a) no
concept drift exists, (b) no covariate shift exists, and (c) the
values of the features in the production environment remain
within the ranges considered when training the machine
learning model.
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Fig. 2 The figure presents two calibration plots. On the left, the calibration plot shows a perfect binary classifier, while on the right we find a
perfectly calibrated binary classifier

From intuitions to metrics

In Sections “Intuition 1: Considering a perfectly calibrated
classifier” and “Intuition 2: Considering a perfect classi-
fier”, the cases of a perfectly calibrated model and a perfect
classifier were considered. While in the case of a perfect
classifier, a ground truth is not needed (the predicted labels
equal the ground truth), non-perfect classifiers approximate
such a ground truth to a certain degree (measured as the
classifiers’ performance). Furthermore, regardless of the cal-
ibration technique, it was shown that a certain correlation
between the calibration quality and the calibration score dis-
tribution exists. In particular, it was shown that for each class
k a histogram could be computed showing (a) the number of
predictions per bin and (b) the proportion of positive class
occurrences per mean predicted probability bin. Both could
then be compared against ideal cases. A certain advantage
of (a) is that it does not require ground truth or ground truth
approximation to determine whether some bins are under
or over-assigned. While such an imbalance certainly signals
a calibration error, the histogram lack information regard-
ing the composition of each bin. In particular, they provide
no information on whether the positive class occurrences
increase according to the value of the mean predicted prob-
ability bin. This can only be measured in (b), comparing all
cases against an ideal calibration histogram. For multiclass
problems, each class could be compared against such a his-
togram, and the resulting scores averaged (Fig. 3).

To estimate how close a probability calibration method is
w.r.t. the target (ideal) histogram, optimal transport is used

(Peyré et al., 2019; Villani, 2009). In particular, the Wasser-
stein distance between two histogram distributions is consid-
ered: a histogram constructed with the calibrator scores and
a histogram corresponding to the ideal scenario. Based on
them, we propose a metric that can be used to estimate the
quality of calibration of any calibrator given certain ground
truth. We name it Probability Calibration Score (PCS—see
Eq.1). The proposed metrics issue a value between zero
and one: PCS is zero when the model is not calibrated and
one when the model is perfectly calibrated. Furthermore, a
weighted metric variant can also be considered (wPCS—see
Eq.2),where the proportion of each class among the observed
instances weights the Wasserstein distances.

W1(hi , hre f ) is the 1-Wasserstein distance between the
histogram hi and the reference histogram hre f and n is the
number of classes.

PCS =
n∑

i=1

1 − W1(hi , hre f )

n
(1)

W1(hi , hre f ) is the 1-Wasserstein distance between the
histogram hi and the reference histogram hre f and wi is the
weight of a particular class. n indicates the number of classes
under consideration.

wPCS =
n∑

i=1

(
1 − W1(hi , hre f )

) · wi (2)

To ensure the histograms are comparable, they are nor-
malized, ensuring that the sum of their values equals one.
To ensure the Wasserstein distance remains between zero
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Fig. 3 The figure illustrates two sample histograms: the histogram on the left corresponds to some sub-optimally calibrated classifier. In contrast,
the histogram on the right (reference histogram) corresponds to a perfectly calibrated classifier

and one, the distance between both distributions is divided
by the distance measured between the worst-case scenario
and the reference ideal histogram (see Fig. 4). In Fig. 4, we
consider the Wasserstein distance between the case on the
left and the distribution of a Perfect Probability Calibration
Model (PPCM) to be the highest among possible calibration
scenarios.

When assessing the performance of an approximate cal-
ibrated model, two errors must be taken into account: (i)
the classification error, given the classifier does not perfectly
predict the target class (and the ground truth is approximated
with such predictions), and (ii) the probability calibration
technique, which does not produce a perfect probabilistic
mapping between the predicted scores and the (approxi-
mated) target class. Tomeasure (i), we choose the AUCROC
metric, which is not affected by the class imbalance. AUC
ROC can be computed in a multiclass setting with a one-vs-
rest or one-vs-one strategy. We measure it on the test set. We
consider (ii) can bemeasured using theWasserstein distance,
comparing the ideal calibration histogram and a histogram
where the proportion of positive class occurrences (given the
approximate ground truth) is considered per mean predicted
probability bin.

We propose two metrics, which we name Additive Proba-
bility Calibration Score (APCS—see Eq.6) and Multiplica-
tive Probability Calibration Score (MPCS—see Eq.8). Both
summarize the calibrated models’ performance, considering
the classifier’s imperfection (see Eq.3) and the calibration
error incurred due to the lack of ground truth. To ensure
the Wasserstein distance remains between zero and one, we
compute a normalized histogram, ensuring the area of the
entire histogram equals one. The proposed metrics issue a

value between zero and one, and in both cases, the higher the
value, the better the model. Furthermore, we also provide a
weighted version of both metrics (wAPCS (see Eq.7) and
wMPCS (see Eq.9)), which aim to weight the Wasserstein
distance between the normalized histograms obtained from
a calibrator and the ideal histogram with the class weights
(see Eqs. 4 and 5 for APCSW and wAPCSW, and Eqs. 1 and
2 for MPCS and wMPCS).

APCS is zerowhen themodel has no discriminative power
and is not calibrated, and one when the model is perfectly
calibrated and shows no classification error on the test set.
The APCS metric is detailed in Eq.6.

K is used to measure classifiers’ discriminative power.
AUCROCClassi f iertest corresponds to the classifiers’ AUC
ROC measured on the test set.

KAUCROC = |0.5 − AUCROCClassi f iertest | (3)

Component forWasserstein distancemeasurement between
an ideal calibrator and the calibrator under consideration, as
used for the APCS metric.

APCSW = 0.5 · PCS (4)

Component forWasserstein distancemeasurement between
an ideal calibrator and the calibrator under consideration, as
used for the wAPCS metric.

wAPCSW = 0.5 · wPCS (5)

APCS metric definition.

APCS = KAUCROC + APCSW (6)
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Fig. 4 The figure illustrates two sample calibration plots: the calibra-
tion plot on the left corresponds to a calibrated classifier where all
positives were assigned to a zero mean predicted probability (worst-
case scenario). In contrast, the calibration plot on the right (reference

histogram) corresponds to a perfectly calibrated classifier. Both calibra-
tion plots correspond to normalized cases, where the sum of the values
equals one

wAPCS metric definition.

wAPCS = KAUCROC + wAPCSW (7)

On the other hand,MPCS andwMPCS correspond to zero
when (a) the classifiers’ predictive ability is no better than
random guessing or (b) the Wasserstein distance between
histograms is highest (equal to one). Moreover, MPCS and
wMPCS correspond to one when (a) the classifiers’ predic-
tive ability is perfect, and (b) the calibration is perfect w.r.t.
the target histogram h of choice. TheMPCSmetric is detailed
in Eq.8.

MPCS metric definition

MPCS = KAUCROC · PCS (8)

MPCS metric definition

wMPCS = KAUCROC · wPCS (9)

For models’ probability calibration, PCS, APCS, and
MPCS assume an ideal reference histogram. Three his-
tograms are presented in Fig. 5 corresponding to (a) a Perfect
Probability Calibration Model (PPCM), (b) an Almost Per-
fect Probability CalibrationModel (APPCM), and (c) Perfect
Classification with Perfect Confidence (PPwPC).While only
PPCM can be used for strict probability calibration, the other

two reference histograms measure how far the distributions
of the predicted values are from other desired distribution
shapes. In particular, APPCM achieves a similar spread of
predicted probabilities as PPCM but neglects the segment
of predictions below 1/n (with n = number of classes),
where the classifier would become suboptimal. On the other
hand, PPwPC advocates for a classifier where all scores are
pushed toward the highest possible score for a given class.
This research only considers the PPCM reference histogram
to compute the above-described metrics.

Use case

Philips Consumer Lifestyle BV in Drachten, The Nether-
lands, is one of Philips’ biggest development and production
centers in Europe. They use cutting-edge production tech-
nology to manufacture products ceaselessly. One of their
improvement opportunities is related to visual inspection,
where they aim to identify when the company logo is not
properly printed on the manufactured products. They have
multiple printing pad machines, from which the products are
handled and inspected on their visual quality and removed if
any error is detected. Experts estimate that a fully automated
procedure would speed up the process by more than 40%.
Currently, there are two defects associated with the printing
quality of the logo (see Fig. 6): double prints (the whole logo
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Fig. 5 The figure illustrates three histograms that correspond to ideal cases described in this section: Perfect Probability CalibrationModel (PPCM),
Almost Perfect Probability Calibration Model (APPCM), and Perfect Classification with Perfect Confidence (PPwPC)

Fig. 6 The images shown above correspond to three possible classes:
good (no defect), double print (defective), and interrupted print (defec-
tive)

is printed twice with a varying overlap degree) and inter-
rupted prints (the logo displays small non-pigmented areas,
similar to scratches).

Machine learning models can be developed to automate
the visual inspection procedure (Rippel et al., 2021; Zavr-
tanik et al., 2022). However, given that such models are
imperfect, the manual revision can be used as a fallback
to inspect the products about which the uncertainty of the
machine learning model exceeds a certain threshold. Such
decisions can bemade based on simple decision rules, quality
policies, and the probability of obtaining a defective product
given a particular prediction score. Furthermore, products
sent for manual inspection can be prioritized using differ-
ent criteria to enhance the existing defect detection machine
learning model. This research explores the abovementioned
capabilities through multiple experiments, building super-
vised models, leveraging active learning, and comparing six
machine learning algorithms. Furthermore, newmeasures for
probability calibration are explored, and experiments are exe-
cuted to determine whether existing calibration techniques
would benefit from enlarging the calibration set with approx-
imate ground truth. The experiments were conducted on a

dataset of 3518 labeled images, all corresponding to manu-
factured shavers.

Methodology

The research presented in this paper was performed using the
Python language, and open source libraries, such as scikit-
learn (Buitinck et al., 2013) and netcal (Küppers et al., 2020).

Methodological aspects to evaluate active learning
strategies

We frame the automated defect detection as a supervised,
multiclass classification problem. A ResNet-18 model (He
et al., 2016) was used for feature extraction. 512 values long
vectors were extracted for each image obtained from the
average pooling layer. To avoid overfitting, the procedure
suggested by Hua et al. (2005) was followed by selecting the
top K features, with K = √

N , where N is the number of data
instances in the train set. Features’ relevance was assessed
considering the mutual information score, which measures
any relationship between random variables. It is considered
that the mutual information score is not sensitive to feature
transformations if these transformations are invertible and
differentiable in the feature space or preserve the order of the
original elements of the feature vectors (Vergara & Estévez,
2014) (Fig. 7).

To evaluate the models’ and active learning scenarios’
performance, a stratified k-fold cross validation (Zeng &
Martinez, 2000) was applied, considering k=10 based on
recommendations by Kuhn and Johnson (2013). One fold
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Fig. 7 The methodology we followed to train and assess machine learning models and active learning scenarios

Fig. 8 A 10-fold stratified cross-validation was used. The dataset was split for four purposes: train, test, probabilities calibration, and simulate
unlabeled data under an active learning setting

was used for testing (test set), and one for machine learn-
ing models’ probabilities calibration (calibration set). Three
foldswere used to simulate a pool of unlabeled data for active
learning (active learning set), and the rest to train the model
(train set) (see Fig. 8). Samples are selected from the active
learning set to be annotated by the oracle and then added to
the training set, on which the models are retrained. In this
research, two types of oracles were considered: (a) machine
oracles, which can be imperfect, and (b) human annotators
(assumed to be ideal). Fivemachine learning algorithmswere
evaluated: Gaussian Näive Bayes, CART (Classification and
RegressionTrees, similar toC4.5, but it does not compute rule
sets), Linear SVM, kNN, and Multilayer perceptron (MLP).

To evaluate the discriminative power of themachine learn-
ing models and how it is enhanced over time through active
learning, the AUC ROC metric was computed. Given the
multiclass setting, the “one-vs-rest” heuristic was selected,
splitting themulticlass dataset intomultiple binary classifica-
tion problems and computing their average, weighted by the
number of true instances for each class. In addition, to assess
the usefulness of the active learning approaches, the AUC
ROC values obtained by evaluating the model against the
test fold for the first (Q1) and last (Q4) quartiles of instances
queried in an active learning setting were compared. The
amount of manual work saved under each active learning
setting and the soft-labeling approaches’ precision were also
evaluated.

Throughdifferent experiments (detailed in section“Exper-
iments”), a visual inspection pipeline was simulated (see
Fig. 9). First, a stream of images is directed toward the
machine learning model trained to identify possible defects.
Then, based on the prediction score, a decision is made

on whether the manufactured product should remain in the
production line or be deferred to manual inspection. If the
product is unlikely to be defective, such a decision can be
considered a label (it is considered a soft label when not
made by a human annotator). The label is then persisted,
enlarging the existing dataset. The enlarged dataset can be
used to retrain the model and replace the existing one after a
successful deployment.

Methodological aspects to evaluate probability
calibrationmetrics and strategies

wECEmetric definition. n indicates the number of classes
under consideration.

wECE =
n∑

i=1

ECEi · wi (10)

A similar procedure was followed in the previous subsec-
tion to evaluate the proposed probability calibration metrics
and techniques, avoiding the active learning step. Further-
more, a different dataset split was considered (see Fig. 10).
After training the machine learning model and calibrating it
with the calibration set, the non-calibratedmodel was used to
issue a prediction for each instance in the unlabeled data set.
The predicted class is then used to adjust further (train) the
calibrator. While this introduces some noise, we expect that
the better the classification model, the more it would benefit
the calibrator, as explained in section“Approximate model’s
probabilities calibration”. Eleven performance metrics were
measured: AUC ROC, ECE (computed as the ECE for each
class and averaged, assigning the same weight to all classes),
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Fig. 9 Expected visual inspection pipeline in a production setting. Multiple active learning strategies were assessed to identify which would drive
the best results

Fig. 10 A 10-fold stratified cross-validation was used. The data was split into train set, test set, calibration set, and unlabeled data. Unlabeled data
was used to simulate a stream of unlabeled data and assess whether a histogram-based calibration method without ground truth can enhance its
performance over time

wECE (computed as the classwise ECE—see Eq.10), PCS,
wPCS, APCSW, wAPCSW, APCS, wAPCS, MPCS, and
wMPCS. AUC ROC measures the discriminative capability
of the model and provides insights into how such capability
is affected by different calibration techniques. ECE evaluates
the expected difference between the accuracy and confidence
of a calibration model. The ECEmetric was used to compare
the calibration quality for the multiple calibration techniques
and the newly proposedPCS,wPCS,APCS,wAPCS,MPCS,
and wMPCSmetrics. Furthermore, given that the newly pro-
posed metrics were built on a similar concept as the ECE
metric, we are interested in how much they capture the same
information. The Kendall τ [see Kendall (1938)] and the
Pearson correlation between ECE and the newly proposed
metrics were measured. The Kendall correlation measures
the ordinal association between two measured quantities. In
this case, it measures to what extent both metrics increase or

decrease, given the predictions for a given machine learning
model and calibrators. The Pearson correlation, on the other
side, was used to assesswhether the correlation betweenmet-
rics was linear.

The metrics were computed on the test set against the
ground truth (class annotations) and the approximate ground
truth (predicted classes). The results were analyzed to under-
stand how well the metrics capture the models’ performance
and calibration when no ground truth is available. Fur-
thermore, the weighted and non-weighted metrics were
compared to understand how class weighting influences the
final score and perception regarding the quality of the cali-
bration.
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Experiments

Experimenting with active learning strategies

For this research, two active learning settings were explored
(pool-based and stream-based), using four distinct strategies
to label the queried data instances in an active learning set-
ting. Two strategies were used to select data from the active
learning set under the pool-based active learning setting: (a)
random sampling and (b) instances for which the classifica-
tion model was the most uncertain. The model’s uncertainty
was assessed by considering the highest score for a given
class for a given instance and selecting the instance with the
lowest score among the scores provided for the data instances
in the active learning set. In both cases, data were sampled
until the set’s exhaustion.Under the streaming active learning
setting, a slightly different policy was used. When random
sampling was used, a decision was made whether to keep or
discard the instancewith a probability threshold of 0.5.Under
the highest uncertainty selection criteria, the prediction for
each data instance was analyzed and derived to the oracles
for labeling if it was below a certain confidence threshold (p
= 0.95 or p = 0.99).

Three oracle settings were considered (see Fig. 11): (A)
human labeler as the only source of truth, (B) machine ora-
cle (classifier model) for data instances where the classifier
had a high certainty, and a human labeler otherwise; and (C)
machine oracle (classifier model) for data instances where
the classifier had a high certainty, and requesting an addi-
tional opinion to another machine oracle when uncertain
about the outcome. This second oracle queries the closest
labeled image from three randomly picked images (one per
class). In (C), the machine oracle issues a label only when
both machine oracles are unanimous on the label; otherwise,
the instance labeling is delegated to a human labeler. The
decision regarding which oracle to query was based on the
models’ confidence regarding the outcome and a probability
threshold set based on manufacturing quality policies. It was
assumed that the second machine oracle in (C) is accessible
at a certain cost (e.g., paid external service) and, therefore,
cannot be used for every prediction. Such a service was sim-
ulated by computing the Structural Similarity IndexMeasure
(SSIM) score over the queried image.

Eight scenarios were set up (see Table 1), and experi-
mentedwith twoquality thresholds (0.95 and0.99probability
that the itemcorresponded to a certain class) andfivemachine
learning models. The machine learning models were cali-
brated using a sigmoid model based on Platt logistic model
(Platt, 1999) (see Eq.11).

Platt classifier calibration logistic model. yi denotes the
truth label, and fi denotes the uncalibrated classifier’s pre-
diction for a particular sample. A and B denote adjusted

parameters when fitting the regressor.

P(yi = 1 | fi ) = 1

1 + exp(A fi + B)
(11)

Experiments assessing probability calibration
metrics and techniques

In an automated visual inspection setting, a labeling effort is
required to (a) label data to train and calibrate the machine
learning models and (b) perform a manual inspection when
themodels cannot determine the class of a given data instance
accurately. To understand how the probability calibration
affects the machine learning models, the models’ predictions
were compared against those obtained by (a) not calibrating
themodel (No calibration) and calibrating themodel with (b)
a sigmoid model based on the Platt logistic model (Platt), (c)
temperature scaling (Temperature), and (d) Histogram cali-
bration. Two aspects were considered in the experiments: (i)
how calibration techniques compare against each other and
(ii) whether calibrating a model without a ground truth can
provide comparable results to models calibrated with ground
truth.

Results and evaluation

Results and evaluation of active learning strategies

The active learning strategies were analyzed from two points
of view. First, whether they contributed to better learning
of the machine learning model. Second, how much manual
work could be saved by adopting such strategies.

For the first case, the AUC ROC was measured over
time (see Table 2). In particular, the models’ average perfor-
mance was contrasted when they consumed data within the
Q1 and Q4 of the active learning pool. The best outcomes
were observed for Experiment 2 (highest uncertainty with
human labeler) settings, while the second-best performance
was observed for Experiment 8 (highest uncertainty, with the
machine and human oracles). Overall, it was observed that
the streaming setting had a better average performance when
compared to the pool-based experiments, despite achieving
only the second-best results with Platt scaling. Furthermore,
in two cases, themachine learningmodel degraded its perfor-
mance between Q1 and Q4. This happened for Experiment
3 (p = 0.95) and Experiment 4 (p = 0.95).

Given that (a) in both experiments, a machine oracle
was used, (b) no performance decrease was observed for
p = 0.99, and (c) that the same setting did not affect the
streaming case, wewere tempted to conclude that most likely
the machine oracles mislabeled certain instances, confus-
ing the model when retrained and therefore reducing the
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Fig. 11 Three oracle settings
are explored in this research: A
human annotator, B
soft-labeling with classification
model’s outcomes for instances
with high-confidence scores,
and human annotator for
instances where the model has
low confidence; and C which is
analogous to B, but the machine
oracle takes into account the
classifier’s output score and
whether the predicted class
matches the class with of a
labeled image with the shortest
distance towards the active
sample. In C, the sample is sent
to manual revision if there is a
class mismatch in the machine
oracle. Samples are only
discarded in a streaming setting

Table 1 Proposed experiments to evaluate the best active learning setting regarding how it influences the models’ learning and its impact on the
manual revision workload

Experiment AL setting AL data selection Oracle

1 Pool-based Random sampling Human labeler

2 Pool-based Highest uncertainty Human labeler

3 Pool-based Highest uncertainty Machine Oracle B + Human labeler

4 Pool-based Highest uncertainty Machine Oracle C + Human labeler

5 Stream-based Random sampling Human labeler

6 Stream-based Highest uncertainty Human labeler

7 Stream-based Highest uncertainty Machine Oracle B + Human labeler

8 Stream-based Highest uncertainty Machine Oracle C + Human labeler

Table 2 Mean values for the mean AUC ROC computed across ten folds for five machine learning models

Setup Experiment p=0.95 p=0.99
Q1 Q4 Q1 Q4

Pool-based 1-Random, human oracle 0.8428 0.8612 0.8431 0.8623

2-Uncertainty, human oracle 0.8594 0.8693 0.8594 0.8693

3-Uncertainty, oracle (machine B + human) 0.8398 0.8396 0.8398 0.8398

4-Uncertainty, oracle (machine C + human) 0.8349 0.8348 0.8358 0.8358

Streaming 5-Random, human oracle 0.8460 0.8559 0.8460 0.8559

6-Uncertainty, human oracle 0.8525 0.8647 0.8529 0.8647

7-Uncertainty, oracle (machine B + human) 0.8505 0.8608 0.8529 0.8647

8-Uncertainty, oracle (machine C + human) 0.8550 0.8665 0.8553 0.8668

The results show how different active learning policies influence the models’ learning over time [Q1 (first quartile) vs. Q4 (last quartile)]. Two
probability thresholds (0.95 and 0.99) were considered as a soft labeling cut-off. The best results are bolded, and the second-best ones are displayed
in italics
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model’s performance over time. Nevertheless, further anal-
ysis revealed a small fraction of soft-labeled data and that
most cases were accurately labeled. While soft labeling was
detrimental for the pool-based active learning settings, it led
to superior results in a streaming setting, achieving results
close to the best ones obtained across all experiments.

In Table 3 we report the performance of machine learning
models for Experiment 2 and compare how they performed
after Q1 andQ4 of the active learning pool data was shown to
them.We found that the best performancewas attained by the
MLP, followed by the SVMby at least 0.05AUCROCpoints.
Furthermore, while the MLP increased its performance over
time, the SVM slightly reduced it in Q4. No other model
had a performance decrease over time. Since Experiment
2 only considered a human oracle and the annotations are
accurate, the performance decrease cannot be attributed to
mislabeling. Furthermore, while the model’s discriminative
capacity loss could be attributed to the class imbalance, we
consider this improbable, given that the rest of the models
could better discern among the classes over time. Finally,
the CART model obtained the worst results, which lagged
slightly more than 0.16 AUC ROC points compared to the
best one.

As mentioned at the beginning of this section, another rel-
evant aspect of evaluating active learning strategies is their
potential to reduce data annotation efforts. This could be ana-
lyzed from two perspectives. First, whether the additional
data annotations provide enough knowledge to enhance the
models’ performance significantly. If not, the data annota-
tion can be avoided. Second, a strategy can be devised (e.g.,
a machine oracle) to reduce the manual annotation effort. In
this work, we focused on the second one. Table 4 presents
the results for a cut-off value of p = 0.95. For p = 0.99, no
instances were retrieved and given to machine oracles; there-
fore, no analysis was performed on them. The task required
annotating 2460 samples on average.

When considering the cut-off value of 0.95, it was noticed
that the Platt calibration considered a negligible number of
cases for each experiment. While the quality of the annota-
tions was high, using machine oracles would not strongly
alleviate the manual labeling effort. The highest amount
of soft-labeled instances corresponded to experiments with
streaming settings (Experiment 7 and Experiment 8), which
soft-labeled 4% and 3% of all data instances, respectively.
Furthermore, 96% of samples were correctly labeled in both
cases, meeting the quality threshold of p = 0.95. The decrease
in the amount of soft labeled samples for Experiment 8 was
due to discrepancies between the machine learning model
and the SSIM score. Furthermore, the best machine labeling
quality was achieved when considering Oracle C (unani-
mous vote of two machine oracles). When contrasting with
the AUC ROC results obtained for those experiments, it was
observed that while Experiments 3 and 4 slightly decreased

discriminative power, Experiments 7 and 8 increased their
performance for at least 0.01 AUC ROC points.

Results and evaluation of probability calibration
metrics and techniques

The experiments performed in this research aimed to vali-
date whether themetrics proposed tomeasure the quality of a
calibrator can be used to understand the performance of a cal-
ibrator even when no ground truth is available. Furthermore,
it aimed to validate whether predictions on unlabeled data
could enhance the calibrators’ performance. The results are
presented in Tables 5, 6, and 7. The PCS, APCS, and MPCS
(along with the weighted variants) metrics were computed
considering the PPCM histogram, which denotes a perfect
calibration.

To understand whether the proposed metrics can mea-
sure the calibration quality without ground truth, the Pearson
and Kendall correlations were computed between the ECE,
wECE, APCSW, wAPCSW, PCS, and wPCS metrics (see
Table 5). While ECE and wECE are always computed con-
sidering the ground truth at the test set, PCS, APCSW,
wPCS, and wAPCSW were calculated considering two
cases: ground truth (golden standard) and predicted labels
(approximate ground truth) at the test set. Furthermore,
the correlations between the metrics were evaluated in two
separate moments: after calibrating the models with the
calibration set (CS) and after calibrating the models with
additional samples retrieved from the unlabeled data set
(CS+UD). The results show that the correlation between
ECE, PCS, APCSW, wPCS, and wAPCSW metrics is con-
sistent across all cases. Furthermore, little variation exists
between the values obtained when PCS or wPCS were com-
puted on the ground truth or the approximate ground truth.
While the Pearson correlation decreases after training the
calibrator with predicted labels from the unlabeled data set,
the Kendall correlation grew stronger when PCS or APCSW
were just averaged across classes and not weighted by the
frequency of occurrence of each class.We consider the corre-
lationsmoderate (negative Pearson correlationwasmeasured
between 0.50 and 0.61) or strong (negative Kendall cor-
relation was above 0.33 and slightly below 0.40). Given
the abovementioned results, we consider the PCS, wPCS,
APCSW, and wAPCSW metrics adequately capture infor-
mation conveyed by the ECE metric regardless of the source
of truth used to measure the quality of the calibration. There-
fore, we conclude that PCS, wPCS, APCSW, and wAPCSW
can be used to assess the calibrators’ quality when no ground
truth is available.

Tables 6 and 7, compare the calibrators across multiple
metrics to assess how an approximate calibration affects their
discriminative power (AUC ROC) and whether it helps to
enhance the calibrators’ quality (ECE, PCS, APCS, MPCS,
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Table 3 Mean AUC ROC values computed across ten test folds for five machine learning models

Model Q1 Q4 DS(p=0,95)

MLP 0.9309±0.0004 0.9448±0.0003 Yes

SVM 0.8788±0.0007 0.8767±0.0007 Yes

NB 0.8628±0.0005 0.8675±0.0005 Yes

KNN 0.8575±0.0006 0.8720±0.0006 Yes

CART 0.7669±0.0007 0.7854±0.0008 Yes

The results show how the machine learning models learn over time (Q1 vs. Q4) under the Experiment 2 setting. Furthermore, we analyze if the
differences were statistically significant at a p-value = 0.95 [DS(p = 0.95)]. The best results are bolded, and the second-best results are displayed
in italics

Table 4 Proportion and quality of soft labeling through different settings, considering a predicted probability cut-off value of p = 0.95

Experiment p=0.95
SL (%) SL OK (%) ML SL OK (%) SSIM SL OK (%)

3 0.0077 0.9684 0.0075 NA

4 0.0033 0.9756 0.0050 0.0033

7 0.0413 0.9685 0.0400 NA

8 0.0343 0.9692 0.0483 0.0334

SL (%) denotes the percentage of soft annotated data instances w.r.t. the total, SLOK (%) denotes the percentage of correctly soft annotated instances,
ML SL OK (%) denotes the percentage of soft annotated data instances w.r.t. the total that would be correctly annotated considering the ML model
score, SSIM SL OK (%) denotes the percentage of soft annotated data instances w.r.t. the total that would be correctly annotated considering the
SSIM score

Table 5 The results were obtained for different models and probability calibration techniques

Source of truth Correlation Pearson Kendall
Calibration data CS CS+UD CS CS+UD

Golden standard ECE vs. PCS − 0.6100 − 0.5937 − 0.3360 − 0.3981

wECE vs. wPCS − 0.5113 − 0.5070 − 0.3574 − 0.3525

ECE vs. APCSW − 0.6100 − 0.5939 − 0.3316 − 0.3981

wECE vs. wAPCSW − 0.5112 − 0.5070 0.3574 − 0.3480

Predicted labels ECE vs. PCS − 0.6100 − 0.5937 − 0.3360 − 0.3981

wECE vs. wPCS − 0.5084 − 0.5017 − 0.3360 − 0.3308

ECE vs. APCSW − 0.6100 − 0.5939 − 0.3316 − 0.3981

wECE vs. wAPCSW − 0.5083 − 0.5016 0.3423 − 0.3308

We showPearson andKendall correlation coefficientswhen comparing theECE,APCSW,wAPCSW,PCS, andwPCSmetrics.APCSW,wAPCSW,
PCS, and wPCS are measured considering the ground truth (golden standard) or approximate ground truth (predicted labels). The ECE metric is
always computed considering the ground truth. CS stands for Calibration Set, while CS+UD abbreviates Calibration Set + Unlabeled Data

and their weighted variants). Furthermore, Fig. 12 presents
calibration plots for each calibrator for CS and CS+UD for
visual assessment.

When comparing the calibrators through non-weighted
metrics (see Table 6), we consider the Platt calibrator
achieved the most stable performance. While the measured
quality of calibration slightly decreasedwith the approximate
calibration, it must be noticed that a higher proportion of pos-
itives was allocated at higher scores. Furthermore, while with
the approximate calibration, the model’s overall discrimina-
tive power slightly decreased, it remained superior against
other models (even the not calibrated) by at least 0.02 AUC

ROCpoints. TheHistogramandTemperature calibrators pro-
vide an interesting 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
discrepancies: while ECE slightly increased for the His-
togram 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 Tem-
perature calibrator. Furthermore, the decrease in the metrics’
values was more pronounced for the Histogram calibrator.
When visually assessing both calibrators, we found that they
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Fig. 12 Eight calibration plots, comparing No calibration, Histogram
calibration, Platt calibration, and Temperature calibration at CS (cali-
brated with the calibration set (ground truth)) and CS + UD (calibrated
with a calibration set and predicted labels over time). The calibration
plots have been adapted, showing normalized values (their sum is one)

rather than the usual fraction of positives on the dependent variable axis.
The x-axis denotes the mean predicted probability for a given class. The
histograms average predictions across classes and calibrated machine
learning models

had a similar initial distribution (CS), but the Histogram cal-
ibrator 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, andMPCSmetrics.We found the same patterns could
be observed when analyzing the weighted metrics (see Table
7).

From the results above, we confirm that the proposedmet-
rics 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, overcom-
ing some of its shortcomings (e.g., providing a more holistic

view 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 Tem-
perature calibration). Finding accurate calibrationmodels for
probability calibration, given a lack of ground truth, remains
a matter of future work.

Table 6 The results were obtained for different probability calibration techniques

Source of truth AUC ROC ↑ ECE ↓ PCS ↑ APCS ↑ MPCS ↑
Calibration 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 0.7636 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

PCS, APCS, and MPCS are measured considering the ground truth (golden standard) or approximate ground truth (predicted labels). The AUC
ROC and ECE metrics are always computed considering the ground truth. The best results are bolded
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Table 7 The results were obtained for different probability calibration techniques

Source of truth AUC ROC ↑ wECE ↓ wPCS ↑ wAPCS ↑ wMPCS ↑
Calibration 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 0.7826 0.7826 0.7543 0.7543 0.5799 0.5799

Histogram 0.8432 0.8442 0.1410 0.1449 0.8265 0.6494 0.7565 0.6689 0.5686 0.4505

Platt 0.8907 0.8903 0.1230 0.1285 0.7641 0.7517 0.7728 0.7662 0.5998 0.5894

Temperature 0.8614 0.8609 0.1457 0.1457 0.8230 0.7765 0.7730 0.7492 0.6013 0.5692

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 groundtruth. The best results are bolded

Conclusions and future work

This work explored active learning with multiple oracles to
alleviate the manual inspection of manufactured products
and the labeling of inspected products. Our active learning
settings can save up to four percent of the manual inspec-
tion and data labeling load while not compromising on
the quality of the outcome for a quality threshold of p =
0.95. It must be noted that labeling savings depend on the
machine learning model deployed, the acceptance quality
levels, and the quality of the active learning machine oracles
under consideration. Furthermore, multiple probability cali-
bration techniques were compared, and several new metrics
tomeasure the quality of a calibratorwere proposed.Themet-
rics enable measuring the calibrators’ quality even when no
ground truth is available. The experiments demonstrated that
the proposed metrics capture relevant data otherwise sum-
marized in the ECEmetric—a popular metric to measure the
quality of a probability calibration model. Nevertheless, the
behavior of the proposed metrics under concept drift was not
studied yet, and we consider it a matter of future research.

We envision multiple lines of investigation for future
work. Regarding active learning, we are interested in enrich-
ingour current setupby adoptingdifferent strategies to decide
how interesting an upcoming image is (e.g., learning distance
metrics for each class or learning to predict which piece of
data would enhance the classifier the most) and enhancing
the calibration techniques to display the desired behavior for
high-confidence thresholds.Wewill conduct further research
on probabilities calibration to understand how the proposed
metrics behave when concept drift occurs. Finally, we will
explore new approximate probability calibration approaches
leading to enhanced calibratorswhen no ground truth is avail-
able.
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(2022). Streaming machine learning and online active learning

for automated visual inspection. IFAC-PapersOnLine, 55(2), 277–
282. https://doi.org/10.1016/j.ifacol.2022.04.206

Schmitt, J., Bönig, J., Borggräfe, T., Beitinger, G., & Deuse, J. (2020).
Predictive model-based quality inspection using machine learning
and edge cloud computing. Advanced Engineering Informatics,
45, 101101. https://doi.org/10.1016/j.aei.2020.101101

See, J. E. (2012). Visual inspection: A review of the literature. Sandia
Report SAND2012-8590, Sandia National Laboratories, Albu-
querque, New Mexico. https://doi.org/10.2172/1055636

Selvi, S. S. T., &Nasira, G. (2017). An effective automatic fabric defect
detection system using digital image processing. Journal of Water
and Environmental Nanotechnology, 6(1), 79–85. https://doi.org/
10.13074/jent.2017.03.171241

Settles, B. (2009). Active learning literature survey.
Silva Filho, T., Song, H., Perello-Nieto,M., Santos-Rodriguez, R., Kull,

M., & Flach, P. (2021). Classifier calibration: How to assess and
improve predicted class probabilities: A survey. (pp. arXiv–2112).
https://doi.org/10.48550/arXiv.2112.10327

Song, H., Perello-Nieto, M., Santos-Rodriguez, R., Kull, M., Flach, P.,
et al. (2021). Classifier calibration: How to assess and improve
predicted class probabilities: A survey. arXiv:2112.10327

Tsai, D.-M., & Lai, S.-C. (2008). Defect detection in periodically pat-
terned surfaces using independent component analysis. Pattern
Recognition, 41(9), 2812–2832. https://doi.org/10.1016/j.patcog.
2008.02.011

Valavanis, I., & Kosmopoulos, D. (2010). Multiclass defect detection
and classification in weld radiographic images using geometric
and texture features. Expert Systems with Applications, 37(12),
7606–7614. https://doi.org/10.1016/j.eswa.2010.04.082

vanGarderen, K. (2018). Active learning for overlay prediction in semi-
conductor manufacturing.

Vergara, J. R., & Estévez, P. A. (2014). A review of feature selection
methods based on mutual information. Neural Computing and
Applications, 24(1), 175–186. https://doi.org/10.1007/s00521-
013-1368-0

Vergara-Villegas,O.O., Cruz-Sánchez,V.G., JesúsOchoa-Domínguez,
H. d., Jesús Nandayapa-Alfaro, M. d., & Flores-Abad, Á. (2014).
Automatic product quality inspection using computer vision sys-
tems. In Lean manufacturing in the developing World, (pp.
135–156). Springer.

Villalba-Diez, J., Schmidt, D., Gevers, R., Ordieres-Meré, J., Buchwitz,
M.,&Wellbrock,W. (2019). Deep learning for industrial computer
vision quality control in the printing industry 4.0. Sensors, 19(18),
3987. https://doi.org/10.3390/s19183987

Villani, C. (2009).Optimal transport: Old and new (Vol. 338). Springer.
Weiss, S. M., Dhurandhar, A., Baseman, R. J., White, B. F., Logan, R.,

Winslow, J. K., & Poindexter, D. (2016). Continuous prediction of
manufacturing performance throughout the production lifecycle.
Journal of Intelligent Manufacturing, 27(4), 751–763. https://doi.
org/10.1007/s10845-014-0911-x

Wuest, T., Irgens, C., & Thoben, K.-D. (2014). An approach to moni-
toring quality inmanufacturing using supervisedmachine learning
on product state data. Journal of Intelligent Manufacturing, 25(5),
1167–1180. https://doi.org/10.1007/s10845-013-0761-y

Yang, J., Li, S., Wang, Z., Dong, H., Wang, J., & Tang, S. (2020). Using
deep learning to detect defects inmanufacturing: A comprehensive
survey and current challenges.Materials, 13(24), 5755. https://doi.
org/10.3390/ma13245755

Yun, J. P., Choi, D.-C., Jeon, Y.-J., Park, C., & Kim, S. W. (2014).
Defect inspection system for steel wire rods produced by hot
rolling process. The International Journal of Advanced Manu-
facturing Technology, 70(9), 1625–1634. https://doi.org/10.1007/
s00170-013-5397-8

Zajec, P., Rožanec, J. M., Novalija, I., Fortuna, B., Mladenić, D., &
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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 significant, 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 affects 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 confirm 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 different models and probability calibration tech-
niques. We show Pearson and Kendall correlation coefficients 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 abbreviates Cali-
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 different 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 different 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 Significance

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 find-
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 five 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 significant, 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 significant for a p-value of 0.05.
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Chapter 4

Providing Explainability to Demand
Forecasts

Explainable Artificial Intelligence is a subfield of artificial intelligence that aims to develop
means and metrics to explain the outputs of artificial 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 artificial 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-
tificial 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 different 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 affected?).

In this chapter, we introduce four papers devoted to explainable artificial 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 Artificial 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 influential features to the forecast, what training instances most
likely influenced the model to learn patterns leading towards a bad forecast, counterfactual
examples that would lead to a different result, and values obtained from a simulation, that
would probably make a better forecast. The third paper is titled Knowledge graph-based
rich and confidentiality preserving Explainable Artificial 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 confidentiality when in-
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forming the most influential 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, in Enriching Artificial 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 confidentiality preserving Explainable Artificial Intelli-
gence (XAI) (published by Elsevier in the Information Fusion journal (Q1 - IF 17.564)
in 2022), and Enriching Artificial Intelligence Explanations with Knowledge Fragments
(published in MDPI Future Internet in 2022)) where information is derived from explain-
able artificial intelligence techniques and external data to provide additional context and
insights to the planners consuming demand forecasts. The three papers describe how
explainable artificial 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 different 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 find 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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ABSTRACT
Demand forecasting is a crucial component of demandmanagement.
Value is provided to the organization through accurate forecasts and
insights into the reasons driving the forecasts to increase confidence
and assist decision-making. In this Ph.D., we aim to develop state-of-
the-art demand forecasting models for irregular demand, develop
explainability mechanisms to avoid exposing models fine-grained
information regarding the model features, create a recommender
system to assist users on decision-making and develop mechanisms
to enrich knowledge graphs with feedback provided by the users
through artificial intelligence-powered feedback modules. We have
already developed models for accurate forecasts regarding steady
and irregular demand and architecture to provide forecast explana-
tions that preserve sensitive information regarding model features.
These explanations highlighting real-world events that provide in-
sights on the general context captured through the dataset features
while highlighting actionable items and suggesting datasets for
future data enrichment.
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1 PROBLEM STATEMENT
Demand forecasting attempts to provide an early and accurate fore-
cast of future demand to guide supply chain decision-making. It is
considered a key component of supply chain management since it
directly affects production planning and orders fulfillment: oper-
ational and strategic decisions are made on resources (allocation
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and scheduling), workers (scheduling, training, and promotions),
manufactured products (market share increase, production diversi-
fication) and logistics for deliveries.

The multiple facets of demand forecasting make it a data min-
ing goldmine, providing multiple challenges to be solved. Among
them, we may list: (i) create accurate forecasts at multiple time hori-
zons and granularity levels; (ii) provide forecast explanations to
assist decision-making; (iii) convey explanations in such a way that
sensitive details of the model remain hidden from the end-users;
(iv) create recommendations to users (e.g., on datasets that can en-
rich the forecasting model or decision-making options that can be
taken in a given context); (v) gather users’ feedback (e.g., regarding
forecast explanations or decision-making options provided).

Each of the listed challenges can be a subject of multiple ap-
proaches, given the richness of demand characteristics, either by
the type of goods or economic sector considered demand patterns
and dynamics, or granularity levels of interest. Demand forecasting
models for different time granularities require different approaches
since demand patterns change: demands with regular occurrence
(regular demand) at a monthly level can have a very sparse occur-
rence (irregular demand) when considered daily. Such differences
require alternative approaches. While regression models are widely
used to forecast regular demand, statistical, machine learning, and
hybrid models were proposed to predict irregular demand. While
such models struggle with data sparsity [1, 10], self-improving
(e.g., ADIDA[4]) mechanisms were developed to remove data spar-
sity and provide a better forecast with regular regression methods.
While removing sparsity simplifies demand size forecasting, it intro-
duces an additional challenge: disaggregating the forecast. Sparse
demand makes it hard to measure a demand forecasting model per-
formance since zeros distort metric results[2]. Though alternative
metrics were proposed, there is no consensus on a set of metrics to
be used in such cases.

Regardless of the forecasts’ quality, explanations are needed to
help the user understand which variables had the most influence
on a given forecast and increase confidence and trust in the fore-
casting model. Though researchers developed many techniques
to understand which features are relevant to black-box models[6],
feature relevance alone does make a good explanation. Good ex-
planations should resemble a logic explanation[5], target a specific
user profile[7], and focus on actionability[9]. The language and con-
tent of the explanation should be adapted based on the end-users
profile. Such content adaptation must consider which details can be
and how they should be disclosed to end-users to avoid providing
insight into the forecasting models’ sensitive details if not needed.
Along with forecast explanations, decision-making options can be
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provided to hint users about possible actions that can be taken and
learn from their decisions.

Though much research was performed on what features explain
certain forecasts, little research provides user evaluations of forecast
explanations[8]. Such evaluation is required to obtain insights into
their perceived quality and influence on decision-making. Such
research gap urges to develop feedback mechanisms that allow
collecting data on given explanations, which can improve them
or identify forecasting model issues. Such feedback can also be
provided for decision-making options. When available, they can
help learn on new decision-making options not yet considered
in the system, develop models to predict most likely decisions
for a given context, or rank decision-making options based on
different criteria and experience. Some of the challenges associated
with these tasks are how to design artificial intelligence-guided
feedback mechanisms to collect feedback data and build state-of-
the-art ranking or predictive models for each case.

1.1 Research questions
The Ph.D. thesis seeks to provide solutions to a subset of research
questions related to the problems described above:

• How does a compound model (classification model for de-
mand occurrence and regression model for demand size)
compare to the existing models used for forecasting irregu-
lar demand?

• What set of measures can be used to assess irregular demand
forecasts, overcoming distortions due to demand events spar-
sity?

• Can we leverage ontologies to obfuscate forecasting model
features when providing forecast explanations?

• Can we develop a methodology to assess explanations us-
ability?

• How can we assess the quality of forecast explanations and
decision-making options presented to the user?

2 PROPOSED APPROACH AND
METHODOLOGY

We propose creating two models to forecast irregular demand: a
classification model to predict demand occurrence and a regression
model to predict demand size. To assess irregular demand forecasts,
we chose three metrics: Area Under the Receiver Operating Charac-
teristic Curve (AUC ROC) for demand occurrence, Mean Absolute
Scaled Error (MASE) for demand size, and Stock-keeping-oriented
Prediction Error Costs (SPEC[3]) for inventory. AUC ROC is widely
used for classification problems and can provide a good estimate of
how well the model predicts demand occurrence, regardless of the
sparsity of events. MASE provides a magnitude agnostic measure-
ment of the regression model performance. Finally, SPEC describes
how forecasting errors impact inventory costs.

To provide forecast explanations without exposing model fea-
tures, we use an ontology that describes a hierarchy of concepts
related to the model features. The hierarchy is traversed to find
common concepts among relevant features and inform them to
the users. Our explanations also inform of potentially related real-
world events reported in media and datasets that could enhance

the models. To assess the quality of explanations provided, we ran-
domly sample and manually annotate them with a binary value
(good/bad) and compute the proportion of good media events and
datasets. We also assess their average precision@K.

3 FIRST RESULTS AND OUTLOOK
Our first results show that a compound model (classification for
demand occurrence and regression model for demand size) provides
state-of-the-art results for irregular demand compared to widely
adopted models cited in the literature. Our model achieves the best
performance across three metrics (AUC ROC, MASE, and SPEC)
and outperforms the self-improving mechanism ADIDA for a sub-
set of time-series. Through these metrics, we found that while the
models we found in the literature adopt different strategies to con-
sider demand occurrence, they fail at this task. Their demand size
estimates mainly drive final performance differences. Regarding
forecast explanations, we developed an architecture and tested it on
a real-world use case. The architecture provides means to obfuscate
relevant features by leveraging concepts we previously modeled in
an ontology.

Our future research work will focus on (I) enhancing demand
forecasting models’ explainability and (II) develop a methodology
to assess explanations usability.
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A B S T R A C T

The paper proposes a novel architecture for explainable artificial intelligence based on semantic technologies
and artificial intelligence. We tailor the architecture for the domain of demand forecasting and validate
it on a real-world case study. The explanations provided result from knowledge fusion regarding concepts
describing features relevant to a particular forecast, related media events, and metadata regarding external
datasets of interest. The Knowledge Graph enhances the quality of explanations by informing concepts at a
higher abstraction level rather than specific features. By doing so, explanations avoid exposing sensitive details
regarding the demand forecasting models, thus preserving confidentiality. In addition, the Knowledge Graph
enables linking domain knowledge, forecasted values, and forecast explanations while also providing insights
into actionable aspects on which users can take action. The ontology and dataset we developed for this use
case are publicly available for further research.

1. Introduction

The increasing digitalization of manufacturing in the context of
Industry 4.0 provides a growing amount of data describing assets
and operations. This data increases the transparency of production
processes, accelerates the information flow through the company, and
is a valuable asset to build predictive models. Demand forecasting is
an essential component for any manufacturing company. A growing
body of research has addressed techniques that identify demand-type
and develop statistical and Artificial Intelligence (AI) models to predict
future demand. In critical operations, such as demand forecasting, it
is crucial to provide a forecast, the associated uncertainty and convey
some explanations to the user. In this way, the user can make an in-
formed decision, which may have far-reaching consequences, and avoid
costly mistakes. Such explanations enhance the AI models, increase
trust in the system, and help identify errors and performance issues.

Researchers developed several approaches related to AI models’
explainability, dividing the models into glass-box (the AI algorithm can
explain its prediction) and black-box (we need another algorithm to
obtain an explanation of a model). Such explanations can be provided
on a global level (the forecasting model in general) or at a local
level (for every prediction instance). Some authors also envisioned
that the inclusion of semantic technologies could be used to determine

∗ Corresponding author at: Jožef Stefan Institute, Jamova 39, 1000 Ljubljana, Slovenia.
E-mail addresses: joze.rozanec@ijs.si (J.M. Rožanec), blaz.fortuna@ijs.si (B. Fortuna), dunja.mladenic@ijs.si (D. Mladenić).

the semantic closeness of concepts encoded in data features or inte-
grate knowledge graph embeddings to a forecasting model to produce
explanations along with the forecasts [1,2].

Explanation of an AI model should provide cues on factors that in-
fluenced a forecast, provide means to discern relevant context, support-
ing information, and emphasize actionable aspects to assist decision-
making. Our research focuses on local-level explanations so that plan-
ners can still weigh cues provided for each case. We develop a domain-
specific ontology and knowledge graph to provide domain knowledge
and context for creating explanations. The knowledge graph allows
us to identify which cues correspond to semantically close concepts
and variables people may influence, supporting information from the
dataset and external systems. In particular, we integrate a Media Event
Retrieval System to match provided cues to relevant news and identify
other concepts that may be relevant to the case. The system then
proposes to the user such concepts and potential datasets that could
be used to enrich the existing data.

The main scientific contributions of the presented research are the
following:

1. a modular architecture to provide demand forecasting explana-
tions, which consider semantic proximity, highlight factors that
can be influenced by the user, relevant context, and opportuni-
ties for data enrichment;

https://doi.org/10.1016/j.inffus.2021.11.015
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2. a unified ontology to capture domain knowledge regarding de-
mand forecasting, events, and other elements relevant to the
explanations;

3. the architecture implementation and validation on a real-world
use case in manufacturing;

4. publicly available dataset containing: features relevant to fore-
casts, retrieved media events, metadata regarding external
datasets, and a subset of annotated media events and exter-
nal datasets metadata. Such a dataset can be a valuable re-
source for further research on identifying, ranking relevant, and
summarizing entries to explain forecasts better.

To evaluate the overall architecture, we manually annotate a set
of 528 media events, 401 datasets metadata entries, and 168 forecast
explanations and assess their goodness based on metrics and criteria
described in Section 6.

The rest of this paper is structured as follows: Section 2 presents
related work, Section 3 describes the proposed architecture in the
context of demand forecasting, Section 4 describes the ontology we
used to construct the knowledge graph, Section 5 describes the use
case for which we implemented the architecture, Section 6 provides
the results we obtained, and Section 7 details some limitations and
improvement opportunities regarding the work described in this paper.
Finally, in Section 8, we provide our conclusions and outline future
work ideas.

2. Related work

2.1. Demand forecasting

Demand forecasting is a crucial component for any manufacturing
company. Accurate forecasts translate to production planning, influenc-
ing raw materials purchases, production line schedules, and inventory.
It is thus essential that planners, who create the demand forecasts, un-
derstand the demand of the products they sell. The intrinsic properties
of the product influence such demand. Among other factors affecting
the demand, we must mention the market they target, the economic
context, and customer expectations [3].

It has been recognized that AI models can play a pivotal role
in enhancing demand forecasting [4–6]. To develop such models, it
is critical to gather data from a wide range of sources that enable
the model to learn patterns and correlations latent in the data. The
increasing digitalization of industry, fostered by the decreased cost of
sensors and connectivity [7], and the introduction of new technologies
and paradigms (e.g., Industrial Internet of Things, Cloud Computing,
Cyber–Physical Systems, or Digital Twins [8–11]), have produced an
explosive growth of data in the manufacturing domain [12], which
can be leveraged to develop such models. Most authors, thus, take
advantage of enriching demand data with information regarding ex-
ogenous factors that can influence demand, achieving more accurate
predictions. In particular, authors addressing demand forecasting in the
automotive industry, reported using data regarding the unemployment
rate [13], people’s personal income [14], the inflation rate [15], fuel
prices [16], or the Gross Domestic Product [17], among others.

Authors have observed that demand can adopt different patterns.
Furthermore, they have developed criteria to categorize demand into
specific demand types. For example, Williams [18] introduced the
concept of demand variance during lead times, Johnston and Boylan
[19] described the average demand interval (relationship between
total time buckets and those with demand occurrence), and Syntetos
et al. [20] introduced the concept of coefficient of variation (extent of
demand size variability to the mean). Studies conducted by multiple
researchers confirmed that demand types relate to demand distribution
shapes [21,22].

While demand forecasting can be conceived as a time series forecast-
ing problem, it can also be framed as a supervised regression learning

problem [23]. Doing so enables learning from past demand while con-
sidering additional information regarding exogenous factors or demand
shapes described above. Among frequently used machine learning mod-
els for demand forecasting in the automotive industry, we find the
Multiple Linear Regression [13,24], Support Vector Machine [13,25],
and the Artificial Neural Networks [25–27].

It has been observed that AI models can outperform human fore-
casting. While human forecasts are subject to a wide range of biases, AI
models are not prone to such biases and provide better means towards
identifying systematic patterns and integrating a wide range of sources
of information related to forecasting processes [28–31]. Nevertheless,
the planners are responsible for making judgmental adjustments and
record such adjustments when vital information about forthcoming
events is available to them, but not to the forecasting models [28].
Furthermore, they are accountable for decisions made based on such
forecasts.

Demand forecasts with their associated uncertainty do not provide
enough ground for planners’ decision-making. While authors consider
that justifying decisions is a precondition for responsible decision-
making [32], and such justifications will be considered ever more
critical in the future [33], it has been shown that explanations enhance
users’ acceptance and satisfaction, and provide means to understand
if causality is captured by the model [32]. Furthermore, model ex-
planations have been found to influence human decision-making [34].
Therefore, providing such explanations to planners helps them under-
stand the reasons driving such a forecast (e.g., features’ contribution
to the forecast [35]). Furthermore, enriching such explanations with
domain context [32] enables the planners to evaluate the forecasts’
soundness, make sure they agree on it, and eventually correct the
forecast [36] before making a decision [37]. Such explanations can be
achieved through different means, studied by the subfield of AI known
as Explainable Artificial Intelligence (XAI).

2.2. XAI: black-box models and semantic technologies

Human-understandable explanations in the demand forecasting do-
main are essential as they help the planner to (i) understand which
of the model attributes are strong drivers in determining the expected
demand, (ii) identify some bias in the model, and (iii) understand how
the model can be improved.

Several taxonomies have been proposed to classify the XAI tech-
niques and ease their study. Adadi and Berrada [38] proposed classi-
fying the XAI methods into three categories, based on the complexity
of the method (the degree up to which the method is interpretable),
their scope (local or global), and whether the methods are specific to a
model or agnostic. Inherently interpretable models are known as white-
box models, while opaque models are known as black-box models [39].
A similar classification was developed by [40], who divided XAI ap-
proaches into three categories: scope (whether the explanation targets
a single forecast or attempts to explain the whole model), methodology
(if focused on the input data or model parameters), and usage (if inte-
grated to the model or applied to any model in general). Liao et al. [41]
divided XAI techniques into four categories, whether they explain the
model (global), explain the forecast (local), inspect the counterfactual,
or provide an example. Finally, Angelov et al. [42] proposed a wider
taxonomy, taking into consideration whether the explanation is local
or not if the models are transparent or opaque, if the techniques are
model-specific or model-agnostic, and whether explanations are created
by simplification, conveyed through visualizations, or based on feature
relevance. In this research, we focus on black-box explanation methods,
since (i) white-box models, due to their complexity, are not intelligible
to most users who are not AI experts [37], and given that (ii) black-
box models can be applied to any kind of AI models [35]. By doing
so, we decouple the forecast and explainability dimensions and provide
greater flexibility in choosing the best approach for each of them.
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Most of the XAI approaches for time series were developed for
deep learning models [43]. Those approaches are conditioned by the
deep learning model’s architecture, which determines how they ex-
tract features from data and learn, thus requiring different ways to
convey such information to the users. One such method is the Gra-
dient*Input, applied to convolutional networks, which computes the
partial derivative of a layer against the input, and multiplies the
result by the input, to obtain an insight into how do the filters ac-
tivate [44]. ConvTimeNet [45] follows another approach occluding
time series sub-segments to measure how the forecast is affected when
compared against one produced by the original sequence, and thus
understand the contribution of each time series’ sub-sequence to the
forecast. Tonekaboni et al. [46] leveraged the same concept. However,
instead of occluding time series sub-segments, he replaced them with
synthetically generated ones. In the same line, Ozyegen et al. [47]
suggests replacing time series’ sub-segments with a local or global
mean, while Mercier et al. [48] developed a novel loss to generate such
patches using a patch generative network. In recurrent neural networks,
insights provided by an attention mechanism are considered a source
of explainability since they provide information regarding the temporal
dynamics learned by the model [49].

Time series forecasting can also be framed as a supervised learning
problem [23]. Doing so enables using a different set of explainability
techniques appropriate for supervised learning models. Among most
frequently cited posthoc model-agnostic and feature-relevance tech-
nique for local explanations [40,42] we find LIME [50], and its variants
(e.g.: k-LIME [51], DLIME [52], and LIMEtree [53]), Anchors [54],
Local Foil Trees [55], or LoRE [56]. These approaches build surrogate
models for each prediction sample, learning the reference model’s
behavior on the particular case of interest by introducing perturbations
to the feature vector variables. By doing so, they can provide a local
feature importance estimate, which is considered an indirect method to
explain a model [32]. In particular, we opted for the feature relevance
explanation above other post-hoc model agnostic techniques (e.g., rule
extraction) due to the simplicity of implementation. While other ex-
planations can also be built considering the ontology abstraction, care
must be put to ensure these remain valid. E.g., in the case of rule extrac-
tion, the non-contradiction principle must be enforced since while the
rule can be valid at a feature level, the same is not guaranteed at higher
abstraction levels. While such approaches do not consider the temporal
dimension per se, features’ metadata can be considered to capture it and
enrich the forecast explanations [57].

When designing a system providing explanations for AI models,
it must be considered the explanations must serve multiple stake-
holders (and thus target different user profiles [58]), serve different
purposes, and that their effectiveness must be assessed quantitatively
(through algorithmic validation) and qualitatively (estimating user sat-
isfaction, trust, and other factors) [59]. Good explanations should
convey meaningful information, resemble a logic explanation [60], fo-
cus on actionability [61], and if possible, provide some counterfactuals.
Since different explanations on the reasons behind a models’ forecast
can be deduced depending on the users’ background knowledge, the
system must provide enough information to the user so that the user can
unequivocally understand the models’ rationale and enable users’ re-
sponsible decision-making [62]. Given the recipient-dependent nature
of the explanations, it is important that those are designed following
a human-centered approach [41,63]. When focusing on a specific user
profile, it is important to adapt the language and content of relevant
information that should or can be shown to it [64]. The actionable
dimension relates to the ability to distinguish mutable features that can
be influenced by the user [65,66].

Multiple authors envisioned the usage of semantic technologies in
the explainability domain. Doctor XAI [2] develops an agnostic XAI
technique for ontology-linked data classification by training a surrogate
model and extracting rules from it. Gaur et al. [1] make use of a
Knowledge Graph to feed deep learning models with it to enhance

their explainability. Samek and Müller [58] envision Knowledge Graphs
can be used to compact large tree models by combining nodes into
unique probabilistic concepts. In addition to the opportunities men-
tioned above, we consider semantic technologies shall (A) provide
background knowledge which can be leveraged to provide semantic
meaning to dataset features, (B) inform their characteristics (e.g., valid
ranges, if they are mutable or immutable if the user can influence their
values), or (C) issue explanations with adequate language and context,
considering if certain information shall be or not informed to the user.

A modular architecture that decouples forecasts from their explana-
tions is required to provide the planners with adequate explanations
regarding machine demand forecasts. Such architecture has the ad-
vantage of allowing to iterate both components at their own pace.
Black-box explainability models mostly lack domain knowledge and
inform relevant forecasting features without a broader context and
a more profound interpretation. A third module can provide such
context and interpretation, taking into account black-box explanations
and domain-knowledge encoded in an ontology and instantiated in a
Knowledge Graph to create a better explanation for the end-user.

2.3. Domain specific ontologies

Demand Forecasting is an essential activity in manufacturing, and
manufacturing domain ontologies provide some related concepts. E.g.,
Ameri and Dutta [67] developed the Manufacturing Service Descrip-
tion Language ontology as a formal representation of manufacturing
services, and Lemaignan et al. [68] described knowledge regarding
individual operations in MASON.

Since our architecture links concepts from datasets used to train
the AI models that issue the forecasts, this should also be encoded
in the unified ontology. To promote the reuse of concepts, following
the MIREOT principle [69], we analyzed ontologies related to the
artificial intelligence domain. Cannataro and Comito [70] developed
the DAMON (Data Mining Ontology for Grid Programming), which
provides a reference model for data mining tasks, methodologies, and
available software. A heavyweight ontology was developed by Panov
et al. [71,72], who provide means to represent data mining entities,
inductive queries, and data mining scenarios. Diamantini et al. [73]
developed KDDONTO, focusing on data mining algorithms discovery.

The explanation must provide information regarding features that
are most influential to a forecast. This view shall be complemented
with context, describing events that illustrate possible reasons behind
the values captured in the features and point to similar events observed
in the present. Such events shall help the planner draw conclusions
that exceed the mere forecast provided. The concept of Event can be
found in different ontologies [74,75], having a prominent place in the
YAMATO ontology [76] as one of the core concepts.

The ontologies mentioned above provide a solid ground to create
a unified ontology that serves the purpose of semantically enhancing
explanations of demand forecasts issued by AI models.

2.4. Methodologies for ontology design in manufacturing

Multiple general methodologies were proposed to build an ontol-
ogy. Uschold [77],Uschold and King [78],Fernández-López et al. [79]
suggest first identifying the purpose of the ontology, and Uschold
[77],Kim et al. [80] stress the importance of defining its scope and
level of formality. Next, Kim et al. [80] suggests defining a problem
statement and competency questions, which provide common ground
to elicit knowledge from multiple sources, identify key concepts and
relationships. When defining terms to be used in the ontology, an effort
should be made to integrate pre-existing ontologies where possible.

Some authors identified steps specific to the creation of manufactur-
ing domain ontologies. Ameri et al. [81] developed a four-step method-
ology using a Simple Knowledge Organization System framework to
develop a thesaurus of concepts, and then identify relevant classes and



Information Fusion 81 (2022) 91–102

94

J.M. Rožanec et al.

Fig. 1. Semantic XAI architecture for demand forecasting.

provide logical constraints and rules. A similar approach was developed
by Chang et al. [82], with an emphasis on manufacturing design.

The methodologies we mentioned above provide us valuable guid-
ance when developing our domain-specific ontology, aiming to inte-
grate domain-specific knowledge regarding demand forecasting with
the demand forecasting models, predictions, media events, external
datasets, and explanations.

3. The proposed architecture

It has been noted in the literature that AI explanations can be
enhanced by complementing insights on models’ inner workings with
domain knowledge [83,84]. Furthermore, the XAI’s ability to explain
models can be used to enhance data fusion capabilities, discovering
relevant data sources that further enhance the model and deepen
the users’ domain understanding [32]. However, we found no author
addressed the intersection between data fusion, confidentiality, and
model explainability from the literature we reviewed. We thus propose
a modular architecture to provide forecast explanations that address the
challenges mentioned above. The main novelty is combining semantic
technologies and media events to build the context and provide an
informed prediction explanation while also recommending additional
data sources that could be used to enrich the existing dataset.

3.1. Architecture overview

The proposed supporting architecture enables us to realize the ex-
planations for each prediction. The architecture integrates predictions,
gathers insights on relevant features, incorporates domain knowledge
and context to each prediction, and provides a forecast explanation
to the end-user. The architecture (see Fig. 1) comprises the following
components:

• Enterprise Resource Planning: software used by the manufac-
turing company to keep track of operations at different levels.
For the specific use case of demand forecasting, it provides data
regarding strategic sales planning, past and open sales, buyers risk
assessment, and past demand.

• Complementary data sources: sources of data that provide valu-
able complementary data to train demand forecasting models.

• Media Event Retrieval System: is a system that keeps track
of events reported in the media. Media Event Retrieval System
uses Natural Language Processing to identify entities and concepts
reported in media news and identify which news report about the
same events. Wikification is applied to identify concepts, cluster
news, and link events.

• Ontology: encodes domain knowledge regarding demand fore-
casting, demand forecasting models, events retrieved from the
Media Event Retrieval System, and available datasets. The
Extract-Transform-Load module uses it to guide a virtual mapping
procedure and instantiate the Knowledge Graph.

• Knowledge Graph: is the instantiation of the ontology, based
on data provided by the Extract-Transform-Load module and
outcomes informed by multiple architecture components. The
Knowledge Graph keeps track of data up to a configurable time
window.

• Extract-Transform-Load: provides means to interface with the
Enterprise Resource Planning and Media Events Retrieval System
to retrieve relevant data, transform it as required, and ingest it
to a database or into the Knowledge Graph. A virtual mapping
procedure specifies how data pieces are related to concepts de-
fined in the ontology and how they should be instantiated to the
Knowledge Graph. The Extract-Transform-Load module consists
of a series of batch processes. The processes are executed regu-
larly to ensure that the KG and database information is updated
regarding the Enterprise Resource Planning software and Media
Event Retrieval System.

• Database: stores data relevant to the AI models, which can be
used to train them.

• AI Demand Forecasting model: such a model can be built with
a variety of algorithms, depending on the demand type and data
available. Such models can be machine learning regression [13,
85], deep learning [4,6] or probabilistic models [86]. Demand
forecasting models shall provide a demand estimate for future
points in time together with some uncertainty estimation. This
information is stored in the Knowledge Graph.

• Prediction Analyzer: interfaces with the AI Demand Forecast-
ing model to determine which features are most important to
a given prediction. To that end, it may use different black-box
explainability techniques to assess relevant features under differ-
ent criteria. The analysis outcomes are stored in the Knowledge
Graph.

• Context Builder: has the responsibility to gather required pieces
of data to issue good explanations. Interfaces with the Prediction
Analyzer to get relevant features to each prediction. With the
Knowledge Graph to obtain context regarding feature values, re-
lated events reported in the media, and complementary data that
may be used to enhance the model. The Knowledge Graph also
provides information regarding high-level concepts that describe
the features (see Fig. 3). These are used to inform relevant fea-
tures at a higher abstraction level, avoid exposing model features,
and enable more concise explanations.
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Table 1
Data samples retrieved from the Media Event Retrieval System (MERS), EU Open Data Portal, and the Enterprise Resource Planning (ERP) software. While the
actual entries contain more fields and data, we summarized them to the most relevant fields. While the names of the ERP fields are accurate, the row of data
we display does not correspond to a genuine entry.
Data source Data type Data sample

MERS JSON {’articleCounts’: {’eng’: 15},
’categories’: [{’label’: ’news/Business’, ’uri’: ’news/Business’, ’wgt’: 92}, . . . ],
’concepts’: [{’label’: {’eng’: ’Car finance’},
’score’: 100,
’type’: ’wiki’,
’uri’: ’http://en.wikipedia.org/wiki/Car_finance’}, . . . ],
’eventDate’: ’2019-10-01’,
’location’: None,
’relevance’: 4,
’sentiment’: 0.06666666666666665,
’summary’: {’eng’: ’About a third of auto loans for new vehicles taken in the first half of 2019 ...’},
’title’: {’eng’: "The Seven-Year Auto Loan: America’s Middle Class Can’t Afford Their Cars’},
’totalArticleCount’: 15,
’uri’: ’eng-5135186’,
’wgt’: 307584000}

EU Open Data Portal JSON {’result’:{’results’:[{’dataset’:{
’identifier_dcterms’:[{’datatype’: None,
’lang’: None,
’type’: ’literal’,
’value_or_uri’: ’http://data.europa.eu/89h/jrc-eplca-744e255f-3b81-4eed-b2d3-7794353e0efb’}],
’identifier_dcterms’:[{’datatype’: None,
’lang’: ’en’,
’type’: ’literal’,
’value_or_uri’: ’Raw data for polymerization and intermediate products ...’}],
’distribution_dcat’:[{’accessURL_dcat’: [{’uri’: ’http://eplca.jrc.ec.europa.eu/ELCD3/’}],
’format_dcterms’: {’uri’: ’http://publications.europa.eu/resource/authority/file-type/ZIP’},
’license_dcterms’: [{’uri’: ’http://publications.europa.eu/resource/authority/licence/OP_DATPRO’}],
...}]
}}]}}

ERP CSV VBELN,POSNR,MATNR,LFIMG,WADAT_IST
0000000000,000010,000000000000001111,100.000,20190909

• Service API: serves predictions and their explanations to the end-
users. It hides explanation details based on the end-user profile to
expose only facts that are relevant to the user.

Among the modules described above, three are data sources from
which data is extracted. In Table 1 we provide data samples that
correspond to each of them.

The proposed architecture considers several sources of informa-
tion to build the explanations (e.g., features relevance, their mapping
to concept abstractions provided by a local ontology, relevant me-
dia events, and suggestions regarding potentially beneficial datasets
to be used for further data enrichment). We consider that a similar
integration could be followed to extend the information sources to
different semantic databases and federated ontologies. While multiple
link discovery and ontology matching approaches have been studied
in the literature [87–90], we consider at least two complementary
ways that could be applied in our case to execute such integration.
First, external semantic databases and federated ontologies could be
integrated based on a common ground established through wikified
concepts, wikifying the keywords associated with each feature [91,92].
An alternative could be to consider embeddings semantic meanings
and integrate the sources based on concepts’ embedding proximity. The
embeddings approach could be used either (a) to create mappings from
the model features to external ontologies and semantic databases using
text embeddings [93–95], or (b) to automatically align instances from
the local ontology to the semantic databases and federated ontologies
using text or graph embeddings [96,97].

3.2. Context building

The goal of the architecture is to support semantically enhanced
explanations for demand forecasting models. A key role is played by
the Prediction Analyzer and Context Builder components. The Prediction

Analyzer provides an abstraction layer on top of black-box explainabil-
ity models to inform on features that are most important to certain
predictions. As mentioned in Section 2.2, good explanations should
convey useful information, target a specific user profile, and focus on
actionability. In this line, the Context Builder holds the responsibility
to provide explanations that (I) convey the predicted demand and
uncertainty, (II) provide insights on what concepts were considered to
create the prediction, (III) provide relevant context, and (IV) target a
specific user. The predicted value and the associated uncertainty are
queried from the Knowledge Graph.

To realize (II), the Context Builder interfaces with the Prediction
Analyzer and the KG to obtain information regarding relevant features
to certain prediction. These features are mapped to a hierarchy of
attribute concept abstractions (see Fig. 3). At least one level of abstrac-
tion is considered to avoid exposing sensitive information regarding
features used in the demand forecasting model and provide more
concise explanations. To determine the level of abstraction exposed to
the user, we followed the heuristic from Listing 1. The procedure could
be further enhanced by weighting the concepts based on the underlying
features’ individual contribution towards the particular forecast. It is
important to highlight that attribute concept abstractions are consid-
ered actionable if and only if all of their underlying concepts are
actionable.

Listing 1: Algorithm used to compute attribute abstractions.
# ontology: an ontology with attribute concept abstractions.
# relevant_features: list of relevant features to the given forecast
# n_concepts: maximum number of concepts to be shown to the user
given ontology, relevant_features , n_concepts

def get_abstraction(ontology, concept_id):
abstraction = ontology.get_parent(concept_id)
if abstraction == None:

return concept_id
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Fig. 2. Flow diagram detailing the procedure followed to provide insights on what concepts were considered to create the prediction and enrich it with relevant context (media
events and suggested external datasets).

return abstraction

def include_concepts_until_desired_limit ( abstractions_set ,
sorted_candidate_concepts, n_concepts):

idx = 0
while abstractions_set .length() < n_concepts and idx <

sorted_candidate_concepts.length():
abstractions_set .add(sorted_candidate_concepts[idx])
idx++

def compute_feature_abstractions(ontology, relevant_features, n_concepts):
feature_abstractions = [get_abstraction(ontology, feature) for feature in

relevant_features]

final_abstractions = set()
sorted_commons = Counter(feature_abstractions).most_common()

most_relevant_concepts = [x[0] for x in sorted_commons if x[1]>1]
remaining_relevant_concepts = [x[0] for x in sorted_commons if x

[1]==1]

include_concepts_until_desired_limit ( final_abstractions ,
most_relevant_concepts, n_concepts)

include_concepts_until_desired_limit ( final_abstractions ,
remaining_relevant_concepts, n_concepts)

return final_abstractions

compute_feature_abstractions(ontology, relevant_features, n_concepts)

To realize (III), it is necessary to consider specific data used to
build the feature vector, related events, and additional knowledge we
may gain from them. To that end, we provide a set of keywords that
describe each feature. The Extract-Transform-Load process considers
the keywords to issue queries against the Media Event Retrieval System.
To do so, we consider the point in time each feature in the feature
vector refers to. Based on it, we associate related events that are tem-
porally close to it. Natural Language Processing techniques are applied
to retrieved media events to extract novel keywords relevant to the
demand forecasting problem. Those new keywords are used to query
for external datasets that could enrich the existing demand forecasting
model. Media events, keywords we extracted from them, and metadata
regarding external datasets are persisted to the Knowledge Graph and
linked to specific features from feature vector instances. We summarize
the procedure described above in Fig. 2.

Finally, (IV) is realized by providing a multi-part explanation, where
components are displayed or hidden, based on what information is
relevant to the end-user or confidentiality policies. This responsibility
is delegated to the Service API. E.g., a target audience could be planners
interested in the demand forecast, associated uncertainty, and some

context regarding feature and media events related to them. Another
target audience could be experts who develop demand forecasting
models. They would benefit from the data mentioned above and the
possibility to drill down from described concepts to specific model
features. Such an explanation could be enriched with insights on fre-
quent keywords found in related events reported in the media and open
datasets that may be useful to the model.

4. Ontology

Following related work elaborated in Section 2.3, we created an
ontology that describes concepts related to demand forecasting. Specif-
ically, it describes the use of data and AI models to predict demand,
demand forecasts, and forecast explanations. The forecast explanations
provide context regarding feature relevance, potentially related media
events, and external datasets that could be used to enrich future models.
The ontology was published and is available online [98].

Upper ontologies provide a guide on how to think about the target
domain when building a domain ontology. We use BFO as our upper
ontology, which supports a world’s snapshot view. Our entities can be
of two types: occurrent (entities that occur) or continuent (entities that
persist in time).

Regarding manufacturing, we reused the concepts of Product, and
Event from the ontologies developed by Leitão and Restivo [99],Borgo
and Leitão [100], and Kourtis et al. [101]. In Cannataro and Comito
[70],Panov et al. [72], we found the concepts of Dataset Specification,
Dataset, Algorithm, Datamining Algorithm, Regression Algorithm, Predictive
Model, Regression Model, and Prediction. Gottschalk and Demidova [75]
provided us the concept of Information Provenance to represent data
sources. Finally, we introduced the following concepts:

• Media Reported Event : relates to some Event that was reported in
news media;

• Media Reported Event Keyword: keyword obtained from some Me-
dia Reported Event ;

• External Dataset Metadata: a piece of metadata describing some
external dataset;

• Forecast Explanation: a description providing reasons for a certain
forecast. Relates to a specific Prediction, Media Reported Event, and
External Dataset Metadata;

• Attribute: a quantity describing an instance;
• Attribute abstraction: a high-level concept describing some aspect

of a dataset attribute;
• Feature Vector : a vector containing attribute values describing

certain an instance of data;
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Fig. 3. Feature vector attributes and high-level concepts hierarchy associated with them. Considered attribute abstractions are PS (Planned Sales), PPS (Past Planned Sales), CPS
(Current Planned Sales), PD (Past Demand), APD (Adjusted PD), SAPD (Scaled APD), WAPD (Weighted APD), WDAPD (Working Day APD), RPD (Raw Past Demand), EC (Economic
Context), PMI (Purchasing Managers’ Index), GDP (Gross Domestic Product), UE (Unemployment Rate). Features A-M are defined in Table 2.

Table 2
Sample feature vector and keywords considered for the use case. We use the following abbreviations: sp (sales plan), GDP
(Gross Domestic Product), PMI (Purchasing Managers’ Index), wdp (monthly demand averaged per amount of working days
in that month), demand (demand in a given month), lagNm (N months lag), pastwavg (weighted average for a given month
in past years), scaled (value scaled between 0–1).
Actionable? Feature ID Feature definition MERS query keywords

YES

A 𝑠𝑝 ⋅ 𝑑𝑒𝑚𝑎𝑛𝑑𝑝𝑎𝑠𝑡𝑤𝑎𝑣𝑔

𝑠𝑝𝑝𝑎𝑠𝑡𝑤𝑎𝑣𝑔
car sales demand
new car sales
vehicle sales
car demand
automotive industry

B 𝑤𝑑𝑝𝑙𝑎𝑔12𝑚 ⋅ 𝑠𝑝
𝑠𝑝𝑝𝑎𝑠𝑡𝑤𝑎𝑣𝑔

Same as A

C 𝑠𝑝 Same as A

D 𝑠𝑝 ⋅ 𝐺𝐷𝑃𝑙𝑎𝑔3𝑚

𝐺𝐷𝑃𝑙𝑎𝑔15𝑚
global GDP projection
global economic outlook
economic forecast
+ keywords listed in A

NO

E 𝑑𝑒𝑚𝑎𝑛𝑑𝑙𝑎𝑔3𝑚−𝑠𝑐𝑎𝑙𝑒𝑑 Same as A

F 𝑤𝑑𝑝𝑙𝑎𝑔3𝑚 Same as A

G 𝑤𝑑𝑝𝑙𝑎𝑔8𝑚 Same as A

H 𝑑𝑒𝑚𝑎𝑛𝑑𝑙𝑎𝑔3𝑚 Same as A

I 𝑤𝑑𝑝𝑙𝑎𝑔3𝑚 ⋅
𝐺𝐷𝑃𝑙𝑎𝑔3𝑚

𝐺𝐷𝑃𝑙𝑎𝑔15𝑚
Same as D

J 𝑤𝑑𝑝𝑙𝑎𝑔5𝑚 ⋅
𝑈𝐸𝑙𝑎𝑔3𝑚

𝑈𝐸𝑙𝑎𝑔15𝑚
unemployment rate
unemployment numbers
unemployment report
employment growth
long-term unemployment
+ keywords listed in A

K 𝑤𝑑𝑝𝑙𝑎𝑔12𝑚 ⋅
𝑃𝑀𝐼𝑙𝑎𝑔3𝑚
𝑃𝑀𝐼𝑙𝑎𝑔4𝑚

purchase managers’ index
+ keywords listed in A

L 𝑑𝑒𝑚𝑎𝑛𝑑𝑙𝑎𝑔3𝑚 ⋅
𝐺𝐷𝑃𝑙𝑎𝑔3𝑚

𝐺𝐷𝑃𝑙𝑎𝑔15𝑚
Same as D

M 𝑑𝑒𝑚𝑎𝑛𝑑𝑙𝑎𝑔4𝑚 ⋅
𝑈𝐸𝑙𝑎𝑔3𝑚

𝑈𝐸𝑙𝑎𝑔15𝑚
Same as J

5. Case study

Among the related research presented in Section 2, we did not
find scientific contributions focused on the explainability of AI demand
forecasting models. The architecture we present in this research aims
to provide the main building blocks required to provide adequate
explanations for demand forecasts at a local level. Furthermore, it has
been noted that XAI is foreseen to play a critical role in preserving
confidentiality and that its ability to extract knowledge from AI models
can be used to discover new relevant sources of knowledge [32].

We tackle both challenges, preserving confidentiality by obfuscating
features relevance information behind a domain-specific ontology and
using XAI insights to search for databases that could enrich the existing
dataset.

To build and test the architecture, we worked with real-world data
related to the automotive industry, provided by partners from European
Horizon 2020 FACTLOG and STAR projects. The partners provided data
for 56 different materials. Since time series forecasting can be framed
as a regression problem [23], we did so to take advantage of exogenous
sources and leverage data fusion to create a single dataset. Among



Information Fusion 81 (2022) 91–102

98

J.M. Rožanec et al.

Table 3
Data sources grouped by their purpose.
Purpose Data Source

Demand Forecasting

Car Sales International Organization of Motor Vehicle Manufacturers
Copper Price London Metal Exchange
Crude Oil Price World Bank
Demand (deliveries) Provided by EU H2020 FACTLOG and STAR partners
Gross Domestic Product World Bank
Purchasing Managers’ Index (PMI) Institute of Supply Chain Management
Sales Plan Provided by EU H2020 FACTLOG and STAR partners
Unemployment Rate World Bank

Potentially relevant datasets Databases Metadata EU Open Data Portal

Media events relevant to XAI Media Event Entries Event Registry

the exogenous sources, we considered three relevant to the automotive
sector (GDP, unemployment rates, and oil price), and three suggested
by experts (Purchasing Managers’ Index (PMI), copper prices, and sales
plans). The PMI index summarizes purchasing managers’ expectations
regarding how the market will behave in the future (e.g., if it will
expand, contract, or stay the same, and how strong the growth or
contraction are expected to be). Copper prices are relevant to this
specific demand forecasting scenario since the product prices are tied
to the copper price, and thus they indirectly influence the products’
demand. Finally, we incorporated the sales plans created on a quar-
terly and yearly basis by the strategic sales department, given the
experts’ suggestions and claims in the scientific literature on how do
purchase intentions contribute to the forecasts’ accuracy [102,103]. We
summarize the data sources by their purpose in Table 3.

We considered a window of three years of data to build demand
forecasting models for them. We issued predictions over the last six
months of data and built explanations for all materials in the last
three months. Our demand forecasting models use the Support Vector
Regression algorithm [104]. We used nested cross-validation [105] to
evaluate the models and make sure to use the latest data available
for each target month. The models achieve an R2

adjusted of 0,9212
and a Mean Absolute Scaled Error [106] of 0,2600. Finally, we used
LIME [50] to implement the Prediction Analyzer.

The Prediction Analyzer provides a ranking of features for each
forecast. For each of those features, we consider the query keywords
presented in Table 2 to query the Media Events Retrieval System and
retrieve media events that provide context to feature values. We used
Event Registry [107], a well-established Media Events Retrieval System
that has monitored mainstream media since 2014. Our queries consider
the keywords that describe each feature and the point-in-time in which
each feature component took place. E.g., suppose a feature considers
(I) GDP values three and fifteen months before the forecasting horizon
and (II) demand four months before the forecasting horizon. In that
case, the query will ask (I) for media events related to GDP at three
and fifteen months before the forecasting horizon and (II) media events
regarding demand four months before the forecasting horizon.

We considered only media events reported in the English language.
Once obtained, we processed them to identify and lemmatize nouns
that provide insights on the most important facts related to the fea-
tures. We also use these nouns to query for open datasets that may
enrich the current model. In particular, we queried the EU Open Data
Portal [108], a portal that provides access to open data published
by EU institutions and bodies. For each matching external dataset
metadata entry (provided or translated to the English language), we
processed their title and description to create a word embedding with
the Word2Vec algorithm [109], using Google News 300 pre-trained
model [110]. Next, we create another embedding with the feature
keywords from Table 2, and the keywords obtained from the media
events we retrieved. To rank datasets metadata relevance, we compute
the word movers distance [111] between both embeddings. Finally, to
increase the diversity of displayed media event entries and datasets’
metadata, we random sample them among top candidates for each case.

To create the ontology, we used Protege [112]. The ontology served
as a guideline to implement virtual mapping functions to map data
to the knowledge graph. We implemented the knowledge graph in
Neo4j [113].

We present a sample demand forecast explanation in Fig. 4. The
explanations display the following information:

• forecasted demand and associated uncertainty, for a given mate-
rial at a certain point in time;

• main factors driving the forecast, which are obtained considering
most important features to the forecast as provided by the Predic-
tion Analyzer, and abstracted using domain knowledge from the
Knowledge Graph;

• a highlight regarding an actionable aspect, if it exists;
• media events associated with the most important features of the

particular forecast instance;
• media events’ keywords frequently found in media events related

to the forecast instance;
• external dataset that may be used to enrich the existing demand

forecasting model.

While the user interface lists the primary factors driving the fore-
cast, sorted based on the features’ relevance and the abstractions’
occurrence frequency, it does not provide insights on their relative im-
pact on the forecast. However, the abstractions’ relative impact can be
computed considering the features’ relative impact while considering
the features’ correlation and the abstractions’ occurrence frequency.
Computing and informing the abstractions’ relative impact on the
forecast remains a subject of future work.

6. Evaluation

In our research, we develop an architecture that aims to provide
explanations for demand forecasting. Since media events play an essen-
tial role in our forecast explanations, we were interested in assessing
(A) if media events describe features context and (B) if retrieved
external datasets were related to the features for which we queried
them. Regarding the explanations, we assessed metrics related to listed
external datasets, events, and keywords to understand if the provided
entries were accurate and diverse. To measure diversity, we computed
the ratio of diverse entries (RDE) defined in Eq. (1). It is important
to note that media events, keywords, and external datasets listed on
explanations do not repeat themselves in a single explanation. How-
ever, the same media event, keyword, or external dataset reference may
be found in another explanation. We consider that while explanations
for similar data points are expected to be similar (e.g., provide similar
feature ranking), multiple media events likely report a specific aspect
(e.g., economic growth or job losses), or many datasets can be good can-
didates for data enrichment. Thus, we consider the best possible case
is to find completely different but accurate media events, keywords,
and external datasets across all explanations. Such a scenario would
maximize end-users’ learning.

In particular, for listed external datasets, we computed the accuracy
and RDE. At the same time, we measured the average precision@K
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Fig. 4. An example of a demand forecast explanation that is displayed to the end user based on data retrieved from the Service API.

and RDE@K with K=1,3 over all of the 168 forecast explanations for
media events and related media events keywords. We selected K=1,3
since three media events and media events’ keywords are listed in each
explanation. The choice regarding listing at most three media events
and media events per explanation was made to avoid cluttering the
user interface with too many features. The limit is arbitrary and could
be changed if such a need arises. Average precision@K is computed
as the average of the precision@K we computed for each forecast
explanation. RDE@K is computed as RDE across all 168 explanation
entries, considering only the first K listed media event or media events’
keywords entries.

𝑅𝐷𝐸 = 𝑈𝑛𝑖𝑞𝑢𝑒 𝐸𝑛𝑡𝑟𝑖𝑒𝑠
𝑇 𝑜𝑡𝑎𝑙 𝐿𝑖𝑠𝑡𝑒𝑑 𝐸𝑛𝑡𝑟𝑖𝑒𝑠

(1)

We evaluated these aspects by manually annotating a random sam-
ple of retrieved media events, retrieved external datasets metadata, and
all media events, keywords, and external datasets proposed in demand
forecast explanations.

We retrieved 128226 media events related to the features of interest
and manually annotated a random sample of 528 media events. Regard-
ing (A), we found that 69% of retrieved media events were meaningful
to features explaining a specific forecast. In addition, all media events
were processed to search and retrieve information regarding external
datasets, as described in Section 5. From the 401 external dataset
entries we retrieved and annotated, we found that (B) 64% were
relevant to our use case.

We manually annotated 168 forecast explanations collected over
three months. Each forecast explanation listed three media events,
three media events keywords, and an external dataset recommendation.
We manually annotated all of them. Results of their evaluation are
presented in Table 4.

We compiled relevant features to each forecast, associated media
events, their annotated subset, and the annotated suggested datasets
into a dataset made publicly available at [114].

When annotating the explanations, we found some interesting cases.
One of them was the suggestion of the ozone pollution dataset to enrich
the automotive demand forecasting model. After some research, we
found that while ozone is not emitted directly by automobiles, it is
formed in the atmosphere due to a complex set of chemical reactions
involving hydrocarbons, oxides of nitrogen, and sunlight. Another in-
teresting case was a news media entry describing wireless charging.

Table 4
Results we obtained from the analysis of forecast explanations issued for 56 products
over three months. Media Events, Media Events’ Keywords, and External Datasets
correspond to contextual information displayed for each forecast explanation.

Metric Value

Media Events

average precision@1 0,97
average precision@3 0,97
RDE@1 0,30
RDE@3 0,11

Media Events’ Keywords

average precision@1 0,77
average precision@3 0,78
RDE@1 0,14
RDE@3 0,09

External Datasets accuracy 0,56
RDE 0,41

This media event seemed unrelated to our use case, but we confirmed
that electric vehicles’ demand drives research and development of a
segment of wireless charging solutions. Finally, the most frequently
listed media event among our forecast explanations was ‘‘Number of
people in work surges again to a new record high of 32.3m’’. We consider
this event to relate to the economic context and be relevant to our
demand forecasting case.

The results and examples presented above show that the current
architecture and knowledge fusion procedures provide comprehensive
explanations to the users while preserving confidentiality. Nevertheless,
it must be noted that such an approach requires extracting relevant
concepts and associating them to the specific features used to generate
the forecasts, as described in Section 3.2.

7. Limitations and improvement opportunities

The architecture and knowledge fusion techniques presented in this
paper assume that relevant concepts present in the features that are
used to generate the forecasts are identified, mapped, and encoded
into a knowledge graph. In addition, a set of keywords characterizing
such concepts must be provided, as they are used to obtain additional
information by querying datasets and media events. This approach
requires that the features used to train the model have a particular
meaning, a criterion usually satisfied by handcrafted features. Further



Information Fusion 81 (2022) 91–102

100

J.M. Rožanec et al.

research is required to understand how such an approach can be
tailored to models where features are not handcrafted, like in deep
learning models. In particular, promising advances have been made
regarding the extraction of deep learning models’ features semantic
meaning [115,116], the incorporation of semantic aspects to deep
learning models [117–119], and the use of deep learning for automated
ontology development and alignment [117]. Such advancements must
be considered to enable the integration of deep learning models into
the architecture presented in this work.

We have identified some improvement opportunities from the ex-
perience we obtained through the experiments and results described
in this paper. While the method we have used to create local expla-
nations and find the most meaningful features to a particular forecast
LIME is widely adopted, it is not deterministic. Changes in the feature
ranking computations can result in different forecast interpretations.
Replacing LIME for some deterministic variant (e.g., DLIME), would
provide a more consistent experience to the end-user and enhance sce-
narios reproducibility for researchers and engineers. Another possible
improvement is to highlight current events related to the factors that
are driving the forecast. Insights into past and current events would
provide the user an enhanced understanding of the overall context,
having insights into the past events that affect the models’ prediction
and relevant current events that can enhance judgment and derive
better decision-making.

8. Conclusion

This research work presented an architecture that supports build-
ing semantically enhanced explanations for AI models’ demand fore-
casts. We evaluated the architecture and explanations on a real-world
use case developed with data obtained from European Horizon 2020
projects FACTLOG and STAR.

Current explanations provide demand forecast values, the associated
uncertainty, high-level description of features that influenced the pre-
diction, related media events, and a reference to some external dataset,
providing context and means to improve the demand forecasting model.
In addition, the high-level description of features informs the main
factors influencing the forecast and avoids exposing sensitive details
regarding the demand forecasting models.

Our future work will focus on further pre-processing media events,
media events’ keywords, and external datasets, to filter out those not
relevant to the demand forecasting context and increase the forecast’s
explanation quality. At least three additional research directions can
be pursued. First, explore means to increase the diversity of recom-
mended media events and associated keywords displayed on forecast
explanations. Second, evaluate the impact of incorporating suggested
external datasets to the performance of existing demand forecasting
models. Third, we envision enhancing the explanations by including
meaningful current events reported by the media. This way, in addition
to a good understanding of the past context, the explanations will pro-
vide information on events that are likely to influence future demand
so that the user can gain a better judgment and perspective when
making a decision. Finally, we would like to research the integration
of semantic databases and federated ontologies, and how explanations
can be enhanced with them.
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1 Jožef Stefan International Postgraduate School, Jamova 39, 1000 Ljubljana, Slovenia; patrik.zajec@ijs.si (P.Z.);
klemen.kenda@ijs.si (K.K.)

2 Jožef Stefan Institute, Jamova 39, 1000 Ljubljana, Slovenia; inna.koval@ijs.si (I.N.);
dunja.mladenic@ijs.si (D.M.)

3 Qlector d.o.o., Rovšnikova 7, 1000 Ljubljana, Slovenia; blaz.fortuna@qlector.com
4 Faculty of Electrical Engineering, University of Ljubljana, Tržaška c. 25, 1000 Ljubljana, Slovenia;

trajkova.elena.00@gmail.com
* Correspondence: joze.rozanec@ijs.si

Abstract: Artificial intelligence models are increasingly used in manufacturing to inform decision
making. Responsible decision making requires accurate forecasts and an understanding of the
models’ behavior. Furthermore, the insights into the models’ rationale can be enriched with domain
knowledge. This research builds explanations considering feature rankings for a particular forecast,
enriching them with media news entries, datasets’ metadata, and entries from the Google knowledge
graph. We compare two approaches (embeddings-based and semantic-based) on a real-world use case
regarding demand forecasting. The embeddings-based approach measures the similarity between
relevant concepts and retrieved media news entries and datasets’ metadata based on the word
movers’ distance between embeddings. The semantic-based approach recourses to wikification and
measures the Jaccard distance instead. The semantic-based approach leads to more diverse entries
when displaying media events and more precise and diverse results regarding recommended datasets.
We conclude that the explanations provided can be further improved with information regarding
the purpose of potential actions that can be taken to influence demand and to provide “what-if”
analysis capabilities.

Keywords: explainable artificial intelligence; human-centric artificial intelligence; smart manufacturing;
demand forecasting; Industry 4.0; Industry 5.0

1. Introduction

The industry is the part of the economy that is concerned with a highly mechanized
and automated production of material goods [1]. Since the beginning of industrialization,
technological breakthroughs have allowed to achieve increasing manufacturing efficien-
cies and have led to paradigm shifts. The latest such shifts are known as Industry 4.0
and Industry 5.0 [2,3], and aim to foster and increase the digitalization, networking, and
automation of the manufacturing processes. Furthermore, these, in turn, enable tighter
integration between physical and cyber domains (e.g., through cyber–physical systems [4],
and digital twins [5]), increased deployment of intelligence (e.g., through artificial intel-
ligence solutions [6]), to achieve autonomy and automation. These changes are expected
to shorten the development and manufacturing periods, increase the manufacturing ef-
ficiency and sustainability [7], and achieve greater flexibility. Furthermore, emphasis on
making such technologies and applications safe, trustworthy, and human-centric is a crucial
characteristic of the nascent Industry 5.0 paradigm [8,9].

The increasing digitalization and the democratization of artificial intelligence have
enabled such models to automate and provide assistance on a wide range of tasks. Machine
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learning models can learn from historic data to predict future outcomes (e.g., estimate
future demand [10]), or perform certain tasks (e.g., identify manufacturing defects [11] or
automate manual tasks with robotic assistance [12]). Nevertheless, it is crucial to establish
a synergic and collaborative environment between humans and machines, where humans
can flourish in developing their creativity, while delegating monotonous and repetitive
tasks to machines [9]. Furthermore, such collaboration requires transparency to develop
trust in artificial intelligence applications. Research exploring the models’ rationale behind
the predictions and how the insights must be provided to the user as an explanation is
known as explainable artificial intelligence.

Insights obtained regarding the models’ rationale behind a prediction can be enriched
with domain knowledge to provide a better-contextualized explanation to the user [13,14].
To encode domain knowledge, researchers have resorted to using semantic technologies,
such as ontologies and knowledge graphs. In order to integrate semantic technologies into
the explanation crafting process, the structure of the explanation must be defined, and a
procedure established to (a) extract semantic meaning from the explanation, (b) use such
information to query external sources (e.g., open knowledge graphs), and (c) enrich the
explanation with new information and insights obtained from the external sources.

In this research, we extend the work performed by [15,16]. Given a set of demand
forecasts, a mapping between features and concepts that define an ontology and a hier-
archy of concepts, and a set of keywords associated with each concept, we recourse to
a wikification process to extract wiki concepts based on the keywords mentioned above.
The wiki concepts are then used to query external sources (e.g., open knowledge graphs
or open datasets) and rank query results based on their semantic similarity, computing
the Jaccard distance. Our approach was tested in the domain of demand forecasting and
validated on a real-world case study, using models we developed as part of the European
Horizon 2020 projects FACTLOG (https://www.factlog.eu/, (accessed on 27 April 2022))
and STAR (http://www.star-ai.eu/, (accessed on 27 April 2022)). We evaluate our results
through three metrics (precision@K and Ratio of Diverse Entries (RDE@K), and coverage
regarding five questions proposed in [17]) to assess how precise and diverse the knowledge
fragments are.

The rest of this paper is structured as follows: Section 2 presents related work, Section 3
describes the use case we used and the implementation we followed to test our concept,
and Section 4 provides the results we obtained and their evaluation. Finally, in Section 5,
we provide our conclusions and outline future work.

2. Related Work
2.1. Industry 4.0 and Industry 5.0

Industry 4.0 was coined in 2011 by the German government initiative aimed at de-
veloping advanced production systems to increase the productivity and efficiency of the
manufacturing industry. The initiative was soon followed by national initiatives across
multiple countries, such as the USA, UK, France, Canada, Japan, and China, among oth-
ers [18–20]. Industry 4.0 was conceived as a technological revolution adding value to the
whole manufacturing and product lifecycle. Part of such a revolution is the concept of
a smart and integrated supply chain, which aims to reduce delivery times and reduce
information distortion across suppliers and manufacturers [21]. The benefits mentioned
above are achieved by enhancing the demand forecasting and optimizing the organization
and management of materials, suppliers, and inventory [22,23]. To that end, digital twins
of existing processes can be created to simulate, test what-if scenarios, and enhance them
without disruption of the physical operations [24,25].

On top of the aforementioned integrated supply chain, the Industry 4.0 paradigm
emphasizes the redesign of the human role in manufacturing, leveraging new technolog-
ical advancements and capabilities [21]. This aspect is further evolved in Industry 5.0.
Industry 5.0 is a value-driven manufacturing paradigm that underscores the relevance of
research and innovation to develop human-centric approaches when supporting industry
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operation [26]. Human-centricity in manufacturing must take into account the skills that
are unique to the human workers, such as critical thinking, creativity, and domain knowl-
edge, while leveraging machine strengths (e.g., high efficiency in performing repetitive
tasks [3,27,28]). Human-centricity can be realized through (a) a systemic approach focused
on forging synergic, two-way relationships between humans and machines, (b) the use
of digital twins at a systemic level, and (c) the adoption of artificial intelligence at all
levels [9,29].

Artificial intelligence can be essential to achieving human–machine collaboration. In
particular, active learning and explainable artificial intelligence can be used to complement
each other. Active learning is the sub-field of artificial intelligence, concerned with retriev-
ing specific data and leveraging human knowledge to satisfy a particular learning goal. On
the other hand, explainable artificial intelligence is the sub-field of artificial intelligence
concerned with providing insights into the inner workings of a model regarding its out-
come so that the user can learn about its underlying behavior. This way, the human can
act as a teacher to artificial intelligence models and learn from them through explainable
artificial intelligence. This two-way relationship can lead to a trusted collaboration [30,31].

2.2. Demand Forecasting

Demand forecasting is a key component of manufacturing companies. Precise demand
forecasts allow to set correct inventory levels, price the products and plan future operations.
Any improvements in such forecasts directly translate to the supply chain performance [32].
Demand depends on characteristics that are intrinsic to the product [33] (e.g., elasticity or
configuration), and external factors [34] (e.g., particular sales conditions).

Researchers have developed multiple schemas to classify demand according to its
characteristics. Among them, we find the ABC inventory classification system [35], the
XYZ analysis [36], and the quadrant proposed by Syntetos et al. [37]. The ABC inventory
classification system classifies the items based on their decreasing order of annual dollar
volume. The XYZ analysis classifies items according to their consumption patterns: (X)
constant consumption, (Y) fluctuating (usually seasonal) consumption, and (Z) irregular
consumption. Finally, Syntetos et al. divide demand into four quadrants based on demand
size and demand occurrence variability. It was recognized that artificial intelligence models
can provide accurate demand forecasts based on past demand and complementary data.
Different methods are appropriate for demands with different characteristics [38]. Demand
forecasting models are usually framed as time series forecasting problems using supervised
regression models or specialized models to learn patterns and forecast future values.
Research related to the automotive industry has reported using complementary sources,
such as the unemployment rate [39], inflation rate [40] or gross domestic product [41], and
a variety of algorithms, such as multiple linear regression [42], support vector machine [43],
and neural networks [44].

The ability to leverage a wide range of complementary data sources is a specific
advantage of such models against humans in light of their visual working memory, short-
term memory, and capacity to process variables [45]. Furthermore, artificial intelligence
models avoid multiple cognitive biases to which humans are prone to [46]. Nevertheless,
planners must approach such forecasts with critical thinking since they hold responsibility
for decisions based on such forecasts. They must understand the models’ rationale behind
the forecast [47–49], take into account information that could signal that adjustments to
the forecast are needed and make such adjustments when needed [50–52]. Furthermore,
while transparency regarding the models’ underlying rationale can be, in some cases,
required by law [53] (e.g., the general data protection regulation (GDPR) [54] or the artificial
intelligence act [55]), it also provides a learning opportunity, which is key to the employees’
engagement [56].
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2.3. Explainable Artificial Intelligence

Explainable artificial intelligence is a sub-field of artificial intelligence research, con-
cerned with how the models’ behavioral aspects can be translated into a human in-
terpretable form to understand causality, enhance trustworthiness, and develop confi-
dence [57,58]. Techniques are usually classified based on their complexity (degree of
interpretability), their scope (global or local), and whether they are model-agnostic [47]. Re-
garding their degree of interpretability, models are usually considered black-box (opaque)
or white-box (transparent). The source of models’ opacity can be due to the inherent
properties of the algorithms, their complexity, or due to the explicit requirement to avoid
exposing its inner workings (e.g., trade secret), [59,60].

Demand forecasting can be framed as a regression problem, and thus explainability
techniques developed for this kind of supervised learning can be used to unveil the models’
inner workings. One such technique is the Local Interpretable Model-agnostic Explanations
(LIME) [61], which provide a model-agnostic approach to estimate features’ relevance
for each forecast. LIME creates a linear model to approximate the model’s behavior at
a particular forecasting point. Then, it estimates the features’ relevance by measuring
how much predictions change upon features’ perturbation. Similar approaches were later
developed to ensure that explanations were deterministic [62], or take into account non-
linear relationships between the features [63,64]. Other frequently cited methods are the
Shapley additive explanations (SHAP, which leverages coalitional game theory to estimate
the contributions of individual feature values) [65,66], Local Agnostic attribute Contribution
Explanation (LACE, which leverages SHAP and LIME to provide an explanation through
local rules) [67], Local Rule-based Explanation (LoRE, which crafts an explanation extracting
a decision rule and a set of counterfactual rules) [68], anchors [69] (which establishes a
set of precise rules that explain the forecast at a local level), and local foil trees [70] (which
identifies a disjoint set of rules that result in counterfactual outcomes).

Understanding why the model issued a particular forecast is of utmost importance [71].
Explanation crafting can be guided using domain knowledge, enriched with complemen-
tary data or insights. An approach to enhance explanations given specific domain knowl-
edge was developed by Confalonieri et al. [72], who demonstrated that decision trees
built for explainability were more understandable if built considering domain knowledge.
Enrichment with complementary data was researched by Panigutti et al. [73], where high
fidelity to the forecasting model was achieved by enriching the explainability rules with
semantically encoded domain knowledge. Semantic enrichment or recourse to graph rep-
resentations to bind multiple insights was explored by several authors [14,15,74]. Finally,
Rabold et al. [75] devised means to create enhanced, multimodal explanations by relating
visual explanations to logic rules obtained through an inductive logic programming system.

While many metrics have been devised to assess the quality of the outcomes produced
by explainability techniques [76–79], explanations must also be evaluated and measured
from a human-centric perspective. Attention must be devoted to ensuring the explanations
convey meaningful information to different user profiles according to their purpose [80–82]
such that they promote curiosity to increase learning and engagement [83], and provide
means to develop trust through exploration [84]. Furthermore, it is desired that the ex-
planations are actionable [85,86], and inform conditions that could change the forecast
outcome [87]. The aspects mentioned above are frequently evaluated through qualitative
interviews and questionnaires, think-aloud, or self-explanations [83,88]. Methods such as
tracking participants’ eye movement patterns, measuring users’ response time to an expla-
nation, the quantification of answers provided, or the number of explanations required by
the user to learn have also been proposed [17,83,88,89].

3. Use Case

This research was developed for a demand forecasting use case, exploring how to
provide comprehensive forecast explanations. In particular, we consider the most relevant
features regarding a particular forecast and enrich it based on domain knowledge and
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information retrieved from external sources. The explanations aim to (a) provide context
regarding real-world events that could describe feature values observed for a particular
forecast, (b) assist in exploring datasets that can be used to enrich the dataset used to
train the model, and (c) discover new relevant concepts by integrating with knowledge
graphs. Knowledge regarding which factors drive a particular forecast and real-world
events provides the user with valuable context for responsible decision making. Exploring
complementary datasets is valuable to data scientists and machine learning engineers, who
can iterate upon the existing model and enhance it. Furthermore, such information can also
be valuable to other profiles, widening the understanding of forces driving the forecast or
the influence of such particular demand. Such understanding can also be widened with
insights obtained from knowledge graphs.

This research extends work performed in [15,16,90], taking into account four data
sources: (i) data provided by a European original equipment manufacturer targeting the
global automotive industry market; (ii) news media entries provided by Event Registry [91],
a well-established media events retrieval system that provides real-time mainstream media
monitoring; (iii) the EU Open Data Portal [92]; and (iv) the Google Knowledge Graph
(Google KG) [93]. We detail the procedure in Figure 1.

JaccardIndex(A, B) =
|A∩ B|
|A∪ B| (1)

JaccardDistance = 1− JaccardIndex (2)

Figure 1. High-level diagram of the components taken into account and the procedure followed to craft
the explanations. (1) Given a feature vector, feature abstractions are created, to encode their semantic
mining at higher levels. At the same time, keywords are associated to them, whose wiki-concept
correspondence is obtained using a wikifier. (2) Given a feature ranking for a particular prediction,
(3) complementary data is searched in external datasources to enrich the explanation. (4) Finally, an
explanation is assembled based on relevant information gathered concerning the forecast.

In [15], we studied how explanations given to the user could be enriched with external
sources, searching for news media entries and metadata regarding datasets. Searches
were performed based on keywords that described features’ semantic abstractions and new
keywords identified from retrieved news media entries. The entries were then ranked based
on the word movers distance ([94]) between embeddings. In this research, we adopted a
different strategy and (i) computed wiki concepts for the features’ abstraction keywords
(see Table 1), (ii) ranked news media entries based on the Jaccard distance (see Equation (2))
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between relevant reference wiki concepts and the ones obtained by wikifying the news
media events [95], (iii) queried and ranked external data sources based on reference wiki
concepts and the most important concepts that emerged from news media events, and
(iv) further enriched the explanations by adding most relevant entries from the Google KG
queried with the most relevant wiki concepts obtained from news media events (Media
Events’ Keywords and Wiki Concepts (Media Events’ K&WC)). However, we found that
the most frequent wiki concepts in media news referred to persons and places, which were
not informative to the task at hand. Therefore, we decided to filter them out to enhance the
quality of the outcomes.

Table 1. Mapping between feature keywords and wiki concepts. Wikification was performed invoking
the service available at https://wikifier.org (accessed on 27 April 2022). Note that while most concepts
were accurate, the wikification of the Purchasing Managers’ Index produced a wrong concept.

Feature Keywords Wiki Concepts

Car Sales Demand
Car

Demand

New Car Sales
Car

Sales

Vehicle Sales Vehicle

Car Demand
Car

Demand

Automotive Industry Automotive Industry

Global Gross Domestic Product Projection
Gross Domestic Product

Gross World Product

Global Economic Outlook
Economy

World economy

Economic Forecast
Forecasting

Economy

Unemployment Rate Unemployment

Unemployment Numbers Unemployment

Unemployment Report Unemployment

Employment Growth Employment

Long-term Unemployment Unemployment

Purchasing Managers’ Index Manager (Gaelic games)

4. Evaluation and Results

Our primary interest in this research was to use semantic technologies and external
data sources to enrich the explanations. We consider that explanations can be enriched
with (a) information contextual to existing domain knowledge, (b) metadata regarding
datasets, which can be used to enrich future models, and (c) relevant concepts obtained by
integrating with semantic tools and knowledge graphs. We realized (a) by querying events
informed in media news, which could potentially explain a given forecast. Furthermore, we
realized (b) by querying open dataset portals, and (c) by retrieving wiki concepts associated
with media news pieces of interest and the results obtained from the Google KG.

RDE =
Unique Entries

Total Listed Entries
(3)
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To evaluate the outcomes of such enrichment, we used two metrics to assess whether
the entries were precise and diverse: (a) Average Precision@K and the RDE@K (see
Equation (3)). The first metric allowed us to measure how much of the information we
displayed was related to the underlying model’s features. Given that the users rely on
trusted automation [96], we consider that exact results are required to increase the users’
trust in the underlying application. Furthermore, considering that curiosity is related
to the workers’ engagement, we consider a diverse set of entries is preferred to foster it.
We quantify such diversity through the RDE@K metric. While the entries do not repeat
themselves in a single forecast explanation, nothing prevents having the duplicate entries
listed through different forecast explanations. We consider that the best case could avoid
repeated entries to maximize users’ learning. Nevertheless, different strategies could be
adopted. One such strategy could be to frame the entries displayed as a recommender
system problem and consider users’ implicit and explicit feedback to rank and decide
whether and where to display them [97–99].

We present our results in Table 2. We compare the results obtained in this research
(the semantics-based approach described in Section 3) with those obtained in our previous
work (embeddings-based approach [15]). We found that the former approach had better per-
formance when considering the media events’ diversity, trading a slight decay in precision
compared with the embeddings-based approach. Regarding the Media Events’ K&WC,
the embeddings-based approach achieved better performance for both diversity and pre-
cision. While differences in precision were contested, they were pronounced regarding
diversity. We consider it is natural to have a less numerous set of wiki concepts compared
to keywords. Nevertheless, we consider that the metric values could be improved. On the
other hand, the semantics-based approach was much more precise when recommending
datasets and displayed a slightly higher diversity. Finally, when evaluating the entries
related to the Google KG, we observed that the diversity was similar to the one obtained
for media news with the embeddings-based approach. The first results were precise, but
the precision dropped by 0.30 points when considering k = 3. Furthermore, we found that
those considered erroneous were mostly related to the economy or automotive industry
when analyzing the entries. Nevertheless, they were not useful for the explanations at hand
since they referenced banks (e.g., Bank of America or Deutsche Bank) or prominent figures
(e.g., Edward Fulton Denison, who pioneered the measurement of the United States’ Gross
Domestic Product, or Kathleen Wilson-Thompson, independent director at Tesla Motors Inc.
at the time of this writing). On the other hand, we considered that the entries were accurate
when they referenced companies from the automotive sector (e.g., Faurecia, Rivian Auto-
motive Inc., Polestar or Vinfast) or related to it (e.g., plug power which develops hydrogen
fuel cell systems to replace conventional batteries, or the Flinkster carsharing company).

Considering the results regarding Media Events’ K&WC and external datasets, we
consider that the embeddings-based approach is best to obtain new keywords and concepts
later displayed to the users. In contrast, the semantics-based approach provides the best
concepts that lead to better results when searching for external datasets’ metadata.

Finally, based on the work of [17], we evaluated the goodness of the overall explana-
tions provided to the user based on a score similar to the degree of explainability, computed
as the coverage of five questions related to the main archetypes from the abstract meaning
representation theory [100]: (i) Why? (ii) How? (iii) What for? (iv) What if? (v) When?
Our explanations achieved a score of 0.6, providing information regarding (i) the factors
leading to such a forecast (why is such a forecast issued?), (ii) how such an outcome can be
changed (relevant, actionable aspect), and (iii) when will the forecast demand take place
and when did the relevant events influencing the demand occur. The explanations can be
improved with information regarding the purpose of the action (increasing or decreasing
the demand) and providing capabilities to explore ”what-if” scenarios.
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Table 2. Results we obtained by analyzing the forecast explanations created for 56 products over
three months. The best results are shown in bold. Media events, Media events’ keywords, external datasets
and Google KG correspond to contextual information displayed for each forecast explanation. NA is
used for entries regarding the results concerning the Google KG for the embeddings-based approach,
given that the research we compare against did not provide such results.

Metric Embeddings-Based Approach Semantics-Based Approach

Average Precision@1 0.97 0.95

Average Precision@3 0.97 0.95

RDE@1 0.30 0.38
Media Events

RDE@3 0.11 0.14

Average Precision@1 0.77 0.71

Average Precision@3 0.78 0.72

RDE@1 0.14 0.01
Media Events’ K&WC

RDE@3 0.09 0.01

Average Precision@1 0.56 0.68
External Datasets

RDE@1 0.41 0.43

Average Precision@1 NA 0.76

Average Precision@3 NA 0.46

RDE@1 NA 0.15
Google KG

RDE@3 NA 0.09

5. Conclusions and Future Work

Along with the increasing adoption of artificial intelligence in manufacturing, explain-
ability techniques must be developed to ensure that users’ can learn the models’ behaviors.
Furthermore, explanations provided to the user can be enriched with additional insights
that foster the users’ curiosity, resulting in an exploratory dynamic toward artificial in-
telligence application and domain-specific problems, enabling the development of trust
toward such applications. One way to achieve this goal is to enrich the explanations with
information obtained from external sources to augment users’ knowledge and help them
make responsible decisions.

This research explored augmenting explanations by incorporating media news, datasets’
metadata, and information queried from open knowledge graphs. Furthermore, we com-
pared two approaches (based on embeddings and wiki concepts) to rank the data sources’
entries and retrieve new concepts and keywords from them. We found that results were
similar when considering media events but differed for new keywords and concepts
(embeddings-based approach was best) and external datasets (semantic-based approach
was best). We found that the embeddings-based and semantic-based approaches could
complement each other regarding keywords and concepts extracted from media events.
While the embeddings-based approach resulted in better scores regarding keywords and
concepts shown to the user, the semantics-based approach led to better results when search-
ing for datasets’ metadata. Finally, while the integration with the Google KG proved
informative, new strategies must be explored to increase the precision of results when
showing multiple entries.

We consider that such an approach toward building explanations can be extended to
other use cases. Among its strengths, we consider the capability to explore real-world events
impacting the forecasting model and the ability to identify complementary data that can be
used to enhance the forecasting model. On the other hand, the approach requires manually
associating each feature with higher-level concepts and a set of keywords characterizing
them. This requires that the features used to train the model have a meaning intelligible to
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the human—a requirement always satisfied by handcrafted features. Another limitation
is the need to specify a time frame within which feature-related events are expected to
happen, given the features’ time of occurrence.

In future work, we would like to explore how critical components of an explanation
encoded in a graph structure can be used to enhance the explanations and whether users’
feedback can lead to better explanations if we frame them as a recommender system problem.
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71. Rožanec, J.; Trajkova, E.; Kenda, K.; Fortuna, B.; Mladenić, D. Explaining Bad Forecasts in Global Time Series Models. Appl. Sci.
2021, 11, 9243. [CrossRef]

72. Confalonieria, R.; Galliania, P.; Kutza, O.; Porellob, D.; Righettia, G.; Troquarda, N. Towards Knowledge-driven Distillation
and Explanation of Black-box Models. In Proceedings of the International Workshop on Data meets Applied Ontologies in
Explainable AI (DAO-XAI 2021), Bratislava, Slovakia, 18–19 September 2021.

73. Panigutti, C.; Perotti, A.; Pedreschi, D. Doctor XAI: An ontology-based approach to black-box sequential data classification
explanations. In Proceedings of the 2020 Conference on Fairness, Accountability, and Transparency, Barcelona, Spain, 27–30
January 2020; pp. 629–639.

74. Lécué, F.; Abeloos, B.; Anctil, J.; Bergeron, M.; Dalla-Rosa, D.; Corbeil-Letourneau, S.; Martet, F.; Pommellet, T.; Salvan, L.;
Veilleux, S.; et al. Thales XAI Platform: Adaptable Explanation of Machine Learning Systems-A Knowledge Graphs Perspective.
In Proceedings of the ISWC Satellites, Auckland, New Zealand, 26–30 October 2019; pp. 315–316.

75. Rabold, J.; Deininger, H.; Siebers, M.; Schmid, U. Enriching visual with verbal explanations for relational concepts–combining
LIME with Aleph. In Proceedings of the Joint European Conference on Machine Learning and Knowledge Discovery in Databases; Springer:
Berlin/Heidelberg, Germany, 2019; pp. 180–192.

76. Lakkaraju, H.; Kamar, E.; Caruana, R.; Leskovec, J. Interpretable & explorable approximations of black box models. arXiv 2017,
arXiv:1707.01154.

77. Nguyen, A.p.; Martínez, M.R. On quantitative aspects of model interpretability. arXiv 2020, arXiv:2007.07584.
78. Rosenfeld, A. Better metrics for evaluating explainable artificial intelligence. In Proceedings of the 20th international Conference

on Autonomous Agents and Multiagent Systems, Virtual, 3–7 May 2021; pp. 45–50.
79. Amparore, E.; Perotti, A.; Bajardi, P. To trust or not to trust an explanation: using LEAF to evaluate local linear XAI methods.

Peerj Comput. Sci. 2021, 7, e479. [CrossRef]
80. Samek, W.; Müller, K.R. Towards explainable artificial intelligence. In Explainable AI: Interpreting, Explaining and Visualizing Deep

Learning; Springer: Berlin/Heidelberg, Germany, 2019; pp. 5–22.
81. Pedreschi, D.; Giannotti, F.; Guidotti, R.; Monreale, A.; Pappalardo, L.; Ruggieri, S.; Turini, F. Open the black box data-driven

explanation of black box decision systems. arXiv 2018, arXiv:1806.09936.
82. El-Assady, M.; Jentner, W.; Kehlbeck, R.; Schlegel, U.; Sevastjanova, R.; Sperrle, F.; Spinner, T.; Keim, D. Towards XAI: Structuring

the Processes of Explanations. In Proceedings of the ACM Workshop on Human-Centered Machine Learning, Glasgow, UK, 4
May 2019.

83. Hsiao, J.H.w.; Ngai, H.H.T.; Qiu, L.; Yang, Y.; Cao, C.C. Roadmap of designing cognitive metrics for explainable artificial
intelligence (XAI). arXiv 2021, arXiv:2108.01737.

84. Hoffman, R.R.; Mueller, S.T.; Klein, G.; Litman, J. Metrics for explainable AI: Challenges and prospects. arXiv 2018,
arXiv:1812.04608.

85. Keane, M.T.; Smyth, B. Good counterfactuals and where to find them: A case-based technique for generating counterfactuals for
explainable AI (XAI). In Proceedings of the International Conference on Case-Based Reasoning; Springer: Berlin/Heidelberg, Germany,
2020; pp. 163–178.

86. Keane, M.T.; Kenny, E.M.; Delaney, E.; Smyth, B. If only we had better counterfactual explanations: five key deficits to rectify in
the evaluation of counterfactual XAI techniques. arXiv 2021, arXiv:2103.01035.

87. Verma, S.; Dickerson, J.; Hines, K. Counterfactual Explanations for Machine Learning: A Review. arXiv 2020, arXiv:2010.10596.
88. Mohseni, S.; Zarei, N.; Ragan, E.D. A multidisciplinary survey and framework for design and evaluation of explainable AI

systems. Acm Trans. Interact. Intell. Syst. (Tiis) 2021, 11, 1–45. [CrossRef]
89. Lage, I.; Ross, A.S.; Kim, B.; Gershman, S.J.; Doshi-Velez, F. Human-in-the-loop interpretability prior. arXiv 2018, arXiv:1805.11571.
90. Rozanec, J.M. Explainable demand forecasting: A data mining goldmine. In Proceedings of the Companion Proceedings of the

Web Conference 2021, Ljubljana, Slovenia, 19–23 April 2021; pp. 723–724.
91. Leban, G.; Fortuna, B.; Brank, J.; Grobelnik, M. Event registry: Learning about world events from news. In Proceedings of the

23rd International Conference on World Wide Web, Seoul, Korea, 7–11 April 2014; pp. 107–110.
92. Publications Office of the European Union. EU Open Data Portal: The Official Portal for European Data. Available online:

https://data.europa.eu (accessed on 15 December 2020).
93. Noy, N.; Gao, Y.; Jain, A.; Narayanan, A.; Patterson, A.; Taylor, J. Industry-scale knowledge graphs: Lessons and challenges.

Queue 2019, 17, 48–75. [CrossRef]
94. Kusner, M.; Sun, Y.; Kolkin, N.; Weinberger, K. From word embeddings to document distances. In Proceedings of the International

Conference on Machine Learning, Lille, France, 6–11 July 2015; pp. 957–966.
95. Brank, J.; Leban, G.; Grobelnik, M. Annotating Documents with Relevant Wikipedia Concepts. Available online: https:

//ailab.ijs.si/Dunja/SiKDD2017/Papers/Brank_Wikifier.pdf (accessed on 25 April 2022).
96. Lee, J.D.; See, K.A. Trust in automation: Designing for appropriate reliance. Hum. Factors 2004, 46, 50–80. [CrossRef]
97. Kilani, Y.; Alhijawi, B.; Alsarhan, A. Using artificial intelligence techniques in collaborative filtering recommender systems:

Survey. Int. J. Adv. Intell. Paradig. 2018, 11, 378–396. [CrossRef]
98. Karimi, M.; Jannach, D.; Jugovac, M. News recommender systems–Survey and roads ahead. Inf. Process. Manag. 2018,

54, 1203–1227. [CrossRef]



Future Internet 2022, 14, 134 13 of 13

99. Sidana, S.; Trofimov, M.; Horodnytskyi, O.; Laclau, C.; Maximov, Y.; Amini, M.R. User preference and embedding learning with
implicit feedback for recommender systems. Data Min. Knowl. Discov. 2021, 35, 568–592. [CrossRef]

100. Michael, J.; Stanovsky, G.; He, L.; Dagan, I.; Zettlemoyer, L. Crowdsourcing question-answer meaning representations. arXiv
2017, arXiv:1711.05885.



4.2. Explaining Bad Forecasts in Global Time Series Models 113

4.2 Explaining Bad Forecasts in Global Time Series Models

In our work Automotive OEM Demand Forecasting: A Comparative Study of Forecasting
Algorithms and Strategies [36] (published in MDPI Applied Sciences in 2022 (Q2 - IF
2.838)), we noticed that global models could produce erroneous demand forecasts based
on patterns learned from the many products considered when training a machine learning
model. Therefore, to trust such models, we must identify whether the prediction is reason-
able for a given product or could be wrong and why it could be considered anomalous. To
that end, we envisioned an application that would perform anomaly detection considering
multiple criteria and inform the user whether the forecasted value could be regarded as
anomalous in the context of past observed values for a given time series and the criteria
under which an anomaly detector considers it anomalous. While it is important to detect
anomalous forecasts and warn the end user about them, a step further can be taken to
provide additional information to the machine learning engineers to iterate and correct
the model. With a view to this purpose, we analyzed relevant features to a particular
forecast, retrieved training instances that could have influenced the model to learn the way
a forecast was observed, and provided counterfactual examples of how changes in a feature
vector can lead to a different example.

While the work has shown promising results, we have not used it in a real-world setting.
We consider user feedback would be critical to assess its usefulness and determine how the
information displayed could be useful to persons consuming machine learning forecasts and
to machine learning engineers developing and debugging machine learning models.
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����������
�������

Citation: Rožanec, J.; Trajkova, E.;

Kenda, K.; Fortuna, B.; Mladenić, D.
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Featured Application: The outcomes of this work can be applied to understand better when and
why global time series forecasting models issue incorrect predictions and iteratively groom the
dataset to enhance the models’ performance.

Abstract: While increasing empirical evidence suggests that global time series forecasting models
can achieve better forecasting performance than local ones, there is a research void regarding when
and why the global models fail to provide a good forecast. This paper uses anomaly detection
algorithms and explainable artificial intelligence (XAI) to answer when and why a forecast should
not be trusted. To address this issue, a dashboard was built to inform the user regarding (i) the
relevance of the features for that particular forecast, (ii) which training samples most likely influenced
the forecast outcome, (iii) why the forecast is considered an outlier, and (iv) provide a range of
counterfactual examples to understand how value changes in the feature vector can lead to a different
outcome. Moreover, a modular architecture and a methodology were developed to iteratively remove
noisy data instances from the train set, to enhance the overall global time series forecasting model
performance. Finally, to test the effectiveness of the proposed approach, it was validated on two
publicly available real-world datasets.

Keywords: explainable artificial intelligence; XAI; time series forecasting; global time series models;
machine learning; artificial intelligence

1. Introduction

Time series forecasting is a relevant problem with application in many domains [1],
gaining further relevance with the increasing availability of historical data [2]. Historically,
much research focused on time series models trained on a single time series [3]. Though
global machine learning models issued good results in the past, they gained new attention
with the advent of deep learning [4], and recent success on the M4 and M5 time series
forecasting competitions [5,6]. Such models can learn patterns shared across multiple time
series, enhancing the overall forecasting performance. The usage of multiple time series to
train the model can be considered a source of explainability: each forecast can be explained
not only through past behavior on a single time series, but similar patterns can be found in
other time series, providing a different perspective and complementary insights [7]. The
ability to develop global time series models implicates scaling advantages too: it reduces
the number of forecasting models, and thus the amount of human supervision required to
build them, and fewer deployments, monitoring, and maintenance [8].

While authors have shown that global time series machine learning forecasting models
(GTSMLFM) can achieve better performance overall, “understanding when and why global
forecasting models work, is arguably the most important open problem currently in time
series forecasting” [3]. It is thus crucial to develop Explainable Artificial Intelligence (XAI)
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approaches to answer those questions. The approaches can differ based on the goal they
aim to tackle (e.g., increase trust in the model or provide insights that can be used to
improve the model), the user profile they target and focus (if the explanations provided are
either local or global) [9].

The paper focuses on understanding when and why GTSMLFMs work, providing
relevant information to the end-users and the machine learning engineers. The end-
users must understand if a particular forecast instance can be relied upon (e.g., detect
if it can be considered anomalous) and what features do influence the forecast. If the
forecast is anomalous, the user can be interested in getting to know some counterfactual
examples. While machine learning engineers will appreciate this information, they can
also find which instances from the train set most likely influenced the models’ learning
to issue an unlikely forecast. To provide such an understanding to the users, we use local
features relevance, anomaly detection models, and develop a novel approach to provide
counterfactual explanations for regression methods. Furthermore, we integrate the insights
into a dashboard that can serve the end-users and the machine learning engineers, to
understand better when and why global time series forecasting models work.

This research provides several contributions, with which we address the gap of pro-
viding means to answer when and why a GTSMLFM prediction should be considered a
bad forecast [3]. First, we make use of anomaly detection algorithms to identify potentially
wrong forecasts. Then, we compute the models’ feature attribution for those data instances,
identify similar data instances in the train set, and create counterfactual examples. Further-
more, we develop a dashboard integrating the insights mentioned above and a line plot
showing the time series, with a relevance heatmap overlay to inform the influence of data
points on a given forecast. While such relevant heatmaps have been widely applied for
deep learning models, they are not frequently used for other time series models. In addi-
tion, such a dashboard enables a visual inspection of time series and forecasts—a valuable
tool for end-users and machine learning engineers. Finally, based on our experience, we
outline an architecture and a methodology that can be followed to enhance the dataset and
GTSMLFMs iteratively.

To evaluate our approach, we conduct a series of experiments and perform a quantita-
tive evaluation to measure the impact of the insights are developed when engineering the
GTSMLFM. In particular, we measure the Mean Absolute Scaled Error (MASE) [10], the
number of outliers observed in the test set, and the number of instances removed from the
train set, based on the detected anomalous predictions.

We organized the remainder of this paper as follows. In Section 2, we review related
scientific works; in Section 3, we introduce the proposed architecture, while in Section 4,
we provide details on the methodology that we followed to treat the dataset and train
new GTSMLFMs iteratively. In Section 5, we describe two different time series datasets
that we used to test our approach, detailing the preprocessing steps and features that we
created. In Section 6, we describe the experiments that we performed, provide a more
detailed overview regarding the metrics used to measure the results, and the results we
obtained, while in Section 7 we address the limitations of this research. Finally, in Section 8,
we conclude by summarizing this research, and outline future work.

2. Review of Related Scientific Works
2.1. Forecasting Time Series: Local vs. Global Approach

For many decades, most research on time series forecasting assumed that the time
series are generated by independent processes and can be tackled as a regression problem,
creating a single model per time series (local models) [8,11]. Growing empirical evidence
suggests that creating a single model to forecast multiple time series (under the assumption
of forecasts’ independence for different time series) known as global models can outperform
local ones. Seminal research on using global models developed decades ago [12], and the
concept was further explored by many researchers afterwards [13]. The first approaches
towards global models considered pooling similar time series, which improves the overall
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models’ accuracy. By having more training data of similar time series, algorithms can
better distinguish common data patterns, while also minimizing distortions introduced
by outlier data points [14]. On the other side, this approach requires defining some time
series grouping criteria, which can lead to suboptimal groupings [15]. Among pooling
strategies, we can find model-based clustering [14,16,17], random clustering [8], grouping
based on similarity measures [18–20], or expert judgement [21]. Recent research has
explored creating global models considering all available time series, regardless of their
heterogeneity, obtaining promising results [3,8,22]. Furthermore, it has been demonstrated
that, for every dataset, some global model exists that can equal or outperform a local
model, regardless of how heterogeneous the data may be [8]. Such models make the strong
assumption that some relationship exists between time series, though the forecasts are
independent of each other [11].

These insights, the good results obtained by applying global neural network models
for time series forecasting [11,23–27], and success of global models at the M4 and M5
competitions [5,6], have renewed the research interest on global models for time series
forecasting [3]. In such models, the relationship between time series is not very well
understood, and understanding why and when do global time series forecasting models
work remains an open research topic [3]. We envision that anomaly detection algorithms
can be used to detect when the GTSMLFM provides accurate forecasts or not, and XAI
approaches can provide insights to understand better factors affecting the forecasts, and
provide prototype (local) explanations [28], and counterfactual examples.

2.2. Time Series Anomaly Detection

One of the open research questions regarding GTSMLFM is, when do such models
provide acceptable forecasts [3]? Such response can be obtained from anomaly detection
algorithms and models, which can alert on point anomalies. In this section, we provide an
overview of anomaly detection techniques, focusing on the ones developed and applied in
a time series setting. We use the terms anomaly, outlier, or deviant interchangeably [29], to
denote “observations that deviate so much from others as to arouse suspicion that it was
generated by another mechanism” [30]. In particular, outliers related to time series data
must also consider the behavior across time [31].

Outliers can be characterized into many types. The first characterization of this type
can be found in [32], who introduced the concepts of two time series’ outlier types: those
(a) that affect a single observation (type I), and those (b) that affect an observation and the
subsequent ones (type II). More recently, [31] distinguishes between point outliers (single
point in the time series, which has an unusual value when compared to the whole time
series or the neighboring points) and subsequence outliers (points which may not be outliers
by themselves, but the sequence arrangement is anomalous). Subsequence outliers are further
classified into contextual anomalies (they are anomalous in the context of the surrounding
observations) or pattern anomalies (they are anomalous regardless of the surrounding
observations) [33]. In this research, we limit ourselves to point outliers.

Anomaly detection techniques are frequently classified into three categories: statis-
tical, distance-based approaches, and model-based approaches [34]. The first anomaly
detection techniques were developed in statistics and remained among the most frequently
used ones. Non-parametric techniques usually allow fast computations and are adopted
where such speed is of primary importance. Among them, we find the histogram-based
approaches, which assume feature independence and determine the outliers based on the
histogram distribution [35–38]. Other non-parametric approaches are bitmap time series
anomaly detectors, which compute the relative frequency of its features to create a bitmap
and identify anomalous time series [39,40], and statistical methods that allow estimating
outliers based on a kernel density estimation by using a kernel function. Such kernel
functions can provide a probability estimate, given that function is a probability density
function [34,41–43]. Among the parametric methods, we find the Gaussian methods, such
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as box-plot anomaly detection [44], the Gaussian process [45,46], or regression approaches
such as least squares regression [47–49].

Statistical anomaly detection methods cannot be applied on datasets with an unknown
distribution [38]. Different approaches were developed to overcome this issue. When con-
sidering the distance between data points, we find the k-nearest-neighbors (kNN), which
determines the outliers based on the kNN distance. While approaches were developed to
determine the best k parameter [50], some techniques attempted to avoid dependence on
the k-value. One such method is the local outlier factor (LOF) method, which computes
the distance from a point to all other points in the dataset [51]. A similar approach was
followed at the outlier detection using indegree number (ODIN), which computes the num-
ber of instances that contain a given point in their neighborhood. However, a parameter
is required to determine the outlier threshold [52]. A different method was developed
by [53], who introduced the multi-granularity deviation factor to identify local density
variations that lead to isolated outliers or outlying clusters. Variations to the LOF method
were developed to solve some of its shortcomings. For example, the connectivity-based
outlier factor (COF) aims to capture better clusters where the data points are distributed in
a linear manner [54], while influenced outlierness (INFLO) attempts to better discriminate
points nearby two clusters with different densities [55]. Finally, to account for the different
feature importance, [56] developed an alternative anomaly detection algorithm, using a
weighted kNN.

Model-based techniques can be divided into (i) models that learn and predict whether
the value is anomalous and (ii) models that compare the potential outlier with expected
values drawn from a generative model or data distribution. Since model-based techniques
require labeled data, active learning can be utilized to minimize the labeling effort [57].
Among the models of the first group, we find the SVM-based models, such as the one-class
support vector machine (OC-SVM), which was introduced by [58], and later enhanced by
many authors [59,60]. Since the regular SVM algorithm can provide poor generalization on
an imbalanced dataset, the authors suggested representing the anomalous classes with the
high dimensional space origin and mapping anomalous instances close to it. Other SVM
variants used for anomaly detection include support vector data description (SVDD) [61],
and SVM-SVDD [62]. A different intuition is followed in the Isolation Forest. This tree-
based model is based on the principle that the fewer instances of anomalies generate a
smaller number of partitions, and thus are likely to have short paths in the tree structure
[63]. Other models reported in the literature involve the use of random forests [64], gradient
boosted machines [65], artificial neural networks [66], or voting ensembles [67]. Models
from the second group have multiple configurations, varying the generative methods
and outlier detection criteria. Some examples are the use of ARIMA models to predict
future time series values and mark incoming readings as anomalies if they exceed a certain
threshold when compared with the forecast [68,69]. Other approaches fused statistical
methods and ANNs [70], or used ANNs alone [31,71].

Anomaly detection algorithms can identify anomalous forecasts in the context of a
particular time series. Based on the algorithm type, insights can be gained on why the
point forecast is considered anomalous. Additional insights can be obtained through
XAI to understand which features were most influential to such forecast and provide
counterfactual examples, highlighting value changes to those features that would produce
a better outcome.

2.3. Explainable Artificial Intelligence

The increasing adoption of artificial intelligence demands understanding the logic
beneath the forecasts so that a decision can be made as to whether such forecasts can be
trusted or not [72]. The sub-field of artificial intelligence devoted to research on obtaining
and providing such understanding is called explainable artificial intelligence (XAI). Authors
identify two sources of model opacity [73]. The first one is the complexity of the formal
structure of the model, which can be beyond human comprehension, or alien to human
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reasoning. When the opacity cannot be removed even by human experts, we speak about
deep opacity [74]. The second source of opacity is the intentionally induced opaqueness to
avoid revealing sensitive model details (e.g., due to their proprietary nature).

Researchers developed multiple approaches to provide black-box explanations of
forecasting models. Among the most frequently cited, we find LIME [75] and its variants
(e.g., k-LIME [76], DLIME [77], and LIMEtree [78]), Anchors [79], Local Foil Trees [80], or
LoRE [81]. These approaches build surrogate models for each prediction sample, learning
the reference model’s behavior on the particular case of interest by introducing perturba-
tions to the feature vector variables. The Shapley additive explanations take a different
approach (SHAP) [82,83], which are grounded in cooperative game theory. The feature
relevance is computed based on the approximate computation of Shapley values. Shapley
values are also used to explain features relevance in a time series setting. In particular, the
TimeSHAP implementation measures which features and past events are most relevant to
a recurrent model [84].

Research regarding XAI for time series has focused mainly on explainability for deep
learning models. One of the first of such methods was introduced by [85], who computed
feature attributions by taking the partial derivative of the output class with respect to the
input. This method was later improved in the Gradient*Input method, which computes
neuron and filter activations for a specific instance by multiplying the input by the partial
derivative of a layer with respect to the input [86]. Similar approaches followed, such
as the Deep Learning Important FeaTures (DeepLIFT) [87], integrated gradients [88], or
Smooth-Grad [89]. The introduction of attention mechanisms to deep learning models was
also envisioned as a source of explainability, since it provides insights regarding which
points in time are relevant to the forecast [90]. Such information is frequently presented in
heatmaps [91,92], saliency maps [85,93], and custom visualizations [94]. Finally, several
feature perturbation methods were developed to measure the features’ contribution to the
forecasted value when such features are removed [95], or masked [96–98].

Methods such as Shapley values [99] and region partition trees [100] have been suc-
cessfully applied to explain detected anomalies. More systemic approaches have been
developed too, such as Exathlon [101], EXAD [102], and others [103]. While EXAD focuses
on explanation discovery for each anomaly, Exathlon crafts the explanations, providing
two pieces of information to the user: why the data point was identified as an anomaly
and the root causes of such anomaly.

Along with feature relevance, it is sometimes important to know how values should
change to achieve a different forecast. Such examples are known as counterfactual expla-
nations. When counterfactual explanations are provided as actionable advice, they are
known as directive explanations. Directive explanations can be either directive-specific
(suggest a concrete action to change the forecasted value), or directive-generic (suggest
a generic action to alter the forecasted value) [104]. While most frequently applied to
classification models, counterfactual explanations are also applied to regression models.
While such counterfactual explanations most frequently use some threshold [105], other im-
plementations were developed based on potentials [106], or satisfiability modulo theories
solvers [107], among others.

While counterfactual examples provide value to understand how to change a certain
target state, sometimes it is useful to visualize prototypical instances similar to the feature
vector used to issue a prediction. Such examples are known as prototype explanations, and
allow us to understand better which instances influenced a certain forecast [108].

As described above, multiple methods exist to obtain relevant information that can
explain the underlying reasoning of an artificial intelligence model. Along with them,
it is also important to consider how such information is presented to the users. Good
explanations should convey meaningful information, resemble a logic explanation [109],
target a specific user profile [110], focus on actionability, and if possible, provide some
counterfactual examples [111]. An explanation should take into account relevant context,
which can be captured in three elements: the target user profile, the explanation goals
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(e.g., improve the model, or enhance trust in the system), and the focus (if the explanations
provided are meant at a global or local level).

When developing our architecture and dashboard, we considered different intuitive
ways to present the information, ranging from plots and tables to human-readable sen-
tences. When the forecasts are considered anomalous, it is helpful to the user to understand
why such a forecast is considered anomalous, which are the most relevant features to that
forecast, provide counterfactual examples, and examples from the training set that could
have influenced the forecast.

3. The Proposed Architecture

We propose a modular architecture to provide forecast explanations for global time
series forecasting models. We combine anomaly detection and explainability methods
to enhance the forecasting precision and provide valuable contextual information to the
end-users. The anomaly detection module provides a means to identify potentially bad
forecasts. In such cases, we can fall back to a local statistical model, or alert the user that a
given forecast should not be trusted given past time series’ behavior. The feature relevance
informs the user on which variables exercised the most influence on the forecast. We use
them as an input when computing the counterfactual examples to understand better what
value changes on those variables would produce an outcome that is no longer considered
an outlier. Finally, we provide insight to the user on which data instances could have
influenced the forecasting models to provide such a forecast by identifying them in the
train set based on their similarity regarding the forecasted one. We consider that this
information helps investigate possible patterns learned by the model and how to engineer
a better model learning in the future.

The architecture (see Figure 1) comprises the following components:

• Data Module: provides a dataset to train machine learning GTSMLFMs. The dataset
comprises time series data, either considering their raw values and derivative features
or a refined version where specific instances that could cause outlier forecasts were
treated. The module wraps a set of strategies to find and treat data instances that are
similar to the ones producing outlier forecasts, identified by the anomaly detection
module.

• Forecasting Module: comprises a machine learning GTSMLFM, and a set of local
statistical models to forecast the time series. The machine learning GTSMLFM is
created based on a dataset obtained from the Data Module. The Forecasting Module
makes use of the input provided by the Anomaly Detection Module to decide whether
the outcome should be the forecast obtained from a GTSMLFM, or a local statistical
model.

• Anomaly Detection Module: leverages algorithms and models to analyze the forecast
in the context of a time series and classify it as an anomaly or not. It interacts with the
Forecasting Module and the XAI Module, providing feedback on whether a forecast
can be considered anomalous or not.

• XAI Module: uses various XAI algorithms and models to craft forecast explanations
for the user. In particular, we envision that this module (i) indicates if the forecast is
anomalous, (ii) crafts a text explanation highlighting most relevant features influencing
a specific forecast, (iii) shows a sample of n data instances found in the train set that
most likely influenced the GTSMLFM towards the given forecast, and (iv) shows a set
of counterfactual examples created considering (a) the relevant features to that specific
forecast, and (b) past values observed for that particular time series. We consider that
this information provides the user a good insight into whether the forecast can be
trusted and understand the behavior of the underlying model.

• API: a standard Application Programming Interface (API) endpoint can be used to
serve the user as a front-facing interface, masking the structure, complexity, and
deployment configuration of each of the modules mentioned above.
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Figure 1. Architecture overview.

The architecture was implemented in a prototype application for the purpose of this
paper, and not deployed into production. The backend was built using the Python 3.6
language, and leveraging multiple open-source data processing and machine learning
libraries (Numpy [112], Pandas [113], Scikit-Learn [114], Scipy [115], Lime [75], Pyod [116],
LightGBM [117]), and exposing relevant data through an HTTP REST API, using the Flask
framework [118]. To build the frontend, we used HTML to layout the core of the dashboard,
the Bootstrap framework to embellish the user interface, Plotly-js [119] to draw the plot,
and jQuery [120] to interface with the HTTP REST API, retrieving the data and serving the
content to the web page.

The interaction between the modules embodies the methodology we followed to en-
hance the GTSMLFM performance iteratively and provide an insight to the user regarding
when and why does a GTSMLFM model provides an adequate forecast or not. We detail
the methodology in Section 4.

4. Methodology

In this section, we describe how we leveraged the information provided by a prototype
application built following the architecture described in Section 3, to enhance a GTSMLFM.
To that end, we developed an iterative methodology inspired by work done by several
authors, and summarized in Figure 2. Scientific literature on GTSMLFMs agrees that
pooling similar time series does provide an advantage over local models [3,4,13,21], while
pooling and time series similarity criteria remain an arbitrary choice [15]. Furthermore,
some research indicates that GTSMLFMs can be trained over disparate time series and
still obtain good forecasting results. We propose training an initial model over all the
time series and measuring its performance. We then identify anomalous forecasted values.
We consider that these values are a consequence of a subset of train data instances with
a similar feature vector but different target values. To identify such instances, we first
compute the feature relevance for a particular forecast. Given the N most relevant features
to that forecast, we search for similar instances in the train set computing the cosine
distance across the feature vectors, considering only the subset of the aforementioned N
features. To avoid distortions due to different feature magnitudes, we scaled the features
between zero and one. To decide which train instances to remove, we set an arbitrary
similarity threshold. It is important to consider that the GTSMLFM performance can be
affected by train data instances that lead to learning inaccurate forecasting patterns and
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the amount of data available, which can eventually lead to better predictions. Thus, setting
the right threshold requires a compromise between both factors and can be subject to trial
and error. To conclude an iteration, we assess the GTSMLFM quality. In particular, we
decided to measure it through three metrics (see Section 6): (i) mean absolute scaled error
(MASE) [10], (ii) the number of outliers detected in the test set, and (iii) the number of
train instances removed from the dataset to train that particular GTSMLFM. Following
the Equation (1) [28], we argue that, while local statistical models do not match the overall
performance of a good GTSMLFM, they can sometimes provide a better prediction when
the GTSMLFM provides an anomalous forecast. To retain the scaling advantages, such as
ease of deployment, and avoid dedicating human resources to developing and maintaining
such models, simple heuristics such as the näive forecast, simple moving average, or
exponential smoothing can be used.

Data = Global Model + Local Models + Noise (1)

The equation represents that local models can make better forecasts when the global
model fails to predict reasonably. The equation was reproduced from [28].

Figure 2. Fluxogram detailing the methodology that we applied to identify anomalous forecasts,
most similar instances in the train set, and their treatment to enhance the performance of futureGFMs.

Once we finalize an iteration, we start a new one by retraining the GTSMLFM on the
new dataset, following the steps mentioned above. Iterative model retraining is based on
the RemOve And Retrain (ROAR) method [121], developed to identify features relevance
measuring the model performance change between iterations when a feature is nullified.
In our case, we do not measure the impact of the features but of a subset of training
instances when removed from the dataset. Furthermore, inspiration to look into training
instances to understand their impact on a given forecast was obtained from [122], who did
so using influence functions.
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5. Case Study

In this research, we considered two open datasets that are widely used in time series
forecasting research: M4 competition dataset (M4CD) [5], and the Kaggle Wikipedia Web
Traffic forecasting competition dataset (KWWTFCD) [123]. To ensure that the performance
of the global models does not depend on the knowledge of a particular domain or charac-
teristics of the time series data, we defined the same set of generic features for both cases.
In this section, we describe the characteristics of each dataset, provide details on how we
sampled instances from them, and the preprocessing steps we performed before training
the GTSMLFM.

The M4CD comprises 100,000 time series selected from the ForeDeCk database, cor-
responding to multiple business domains, such as industries, government, transport,
household, and natural resources. While the dataset includes time series at different fre-
quencies (from hourly to yearly frequency), we focused on those provided monthly, which
account for 48,000 time series. When analyzing their metadata and the actual time series
length, we found some discrepancies. We clarified them with the authors from [124], who
researched how representative it is of the reality. In private correspondence, the authors
confirmed that such discrepancies existed, attributing them to the original public sources
from which they were obtained. Since such time series represented only a tiny proportion
of the total dataset, we ignored them.

The KWWTFCD was provided by Google and introduced in a Kaggle competition in
2017. The dataset comprises time series accounting for the daily views of approximately
145,000 Wikipedia articles, starting from 1 July 2015, until 11 September 2017. The dataset
distinguishes between zero and missing values.

We randomly sampled 2000 time series for each dataset and selected only a subse-
quence to minimize the number of missing values (first 45 values for M4CD and first
56 values for the KWWTFCD). We considered 2000 time series as a big enough sample to
evaluate diverse time series and provide meaningful results, while avoiding processing
the whole dataset. The need for sampling is grounded in the fact that a feature vector is
created per time step for each time series, requiring extensive computational resources and
time to train the models.

When designing the experiment, we considered that a global model is more likely
to produce anomalous forecasts if trained over a dataset that contains two types of time
series: (i) the ones whose values remain in the same order of magnitude, and (ii) the
ones whose values comprehend different orders of magnitude (TSDM). We thus analyzed
the proportion of time series with such properties in each dataset and ensured that the
sampling respected those proportions. The new datasets comprised 903 of type (i) and 1097
of type (ii) time series for the M4CD, and 512 type (i) and 1488 type (ii) time series for the
KWWTFCD. We provide further details on the original and reduced dataset in Table 1, and
describe the target values distribution in Figure 3.

Figure 3. Target values distribution. (A) describes values for M4CD, while (B) describes values for KWWTFCD.
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Table 1. Descriptive data for the M4CD and KWWTFCD datasets. TSDM is used as an abbreviation for time series with
values of different orders of magnitude, while TS abbreviates time series.

Dataset
Original Reduced Dataset

Test Window
# TS % TSDM # TS # TSDM TS Datapoints # Instances Mean (Target) Std (Target)

M4CD 47,983 55 2000 1097 45 90,000 0.6598 0.4036 12

KWWTFCD 145,063 74 2000 1488 56 112,000 0.4782 0.3442 14

To describe the time series, we created a set of features, presented in Table 2. We
considered three types of features: (i) the features that describe the values observed for a
given time series (e.g., minimum, mean, median values, along with the standard deviation),
(ii) the features that describe the time series shape (e.g., skew, kurtosis, the number of
peaks we observed, and the number of values above the mean), and (iii) the features that
describe the context close to the forecasted value (e.g., last observed value—which can
be used as a näive forecast). We compute thirty-three features for each dataset. For the
global models, we do not perform feature selection, given that in all cases, we observe the
number of features satisfies the Equation (2), as suggested in [125]. For the local machine
learning models, we perform feature selection selecting top K features based on their
mutual information [126].

k ≤
√

N (2)

k represents the maximum number of features used to train a model to avoid overfitting. N
represents the number of data instances available in the train set. The equation is based on
research done by [125].

Several kinds of preprocessing have been tried for GTSMLFMs in the scientific lit-
erature. Smyl [127] applied on the fly preprocessing to remove level and seasonality
components. Rabanser et al. [128] found that binning proved to be useful in almost all the
cases they analyzed. Duncan et al. [13] understands that differences in magnitudes and
variances can be removed, either by standardizing the time series or using dimensionless
dependent variables. Hewamalage et al. [129] describe applying a local normalization,
deseasonalization, and log transformation to the features. Finally, Salinas et al. [27] de-
scribes scaling the features by their average value. In our case, we opted to scale the values
of a feature vector between zero and one by dividing the entries by the maximum value
observed in the period of interest. Such scaling forced most feature values to a standard
interval between zero and one, helping the model learn similar patterns, regardless of the
original time series magnitudes. To further ease the learning process to the model, we
scaled the target values too.

Table 2. Description of features we created for each dataset. We used n = 3, 5, 7, 12.

Feature Data Type Description

min_n Double Minimum value in rolling window of last n observations.

mean_n Double Mean of values in rolling window of last n observations.

std_n Double Standard deviation for values in rolling window of last n observations.

median_n Double Median value in rolling window of last n observations.

skew_n Double Skew value in rolling window of last n observations.

kurt_n Double Kurtosis value in rolling window of last n observations.

peaks_n Integer Count the number of peaks for a rolling window of last n observations.

above_mean_n Double Count the number of datapoints above the mean, for a rolling window of last n observations.
The value is normalized by windows length.

n − 1 Double Last observed target value, normalized by maximum value observed in time window n = 12.
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Outlier detection was performed considering a time series comprised of the original
time series data points up to the start of the forecasting horizon and then adding the
forecasted value, since we only performed one step ahead forecasts (see Figure 4). Doing so
enables us to use multiple anomaly detection approaches to evaluate aspects under which
a particular value can be considered an outlier within the time series.

Figure 4. Diagram describing the data that we provide to build the time series context for anomaly detection.

6. Experiments, Results, and Analysis

To validate the architecture and methodology described in Sections 3 and 4, we con-
ducted a series of experiments (summarized in Table 3) comparing four models (described
in Table 4) on the reduced version of two open datasets presented in Section 5. We built our
local and global forecasting model with a gradient boosted machine regressor (GBMR) [117],
considering that all but one of the top five solutions of the M5 forecasting competition
were based on it [6]. We configured the GBMR model to be deterministic, have a maximum
depth of five, and at most a hundred estimators. All GBMR models were instantiated with
the same random seed (using the value 744) and an L2 loss. For every time series, we also
created two simple local statistical models: a simple moving average, based on the last
three points of data, and a näive forecast, providing a forecast based on the last observed
value. On top of the models we described, we built an additional model, which considered
the predictions issued by the GM(GBMR) model, and used the nïve model to issue fallback
predictions when detecting an anomalous prediction was given by the global model. We
opted to use a näive model as fallback, since it is considered a baseline model in most of
timeseries literature. In addition, the näive model is cheap to compute, and requires no
previous knowledge regarding specific timeseries, making it a more scalable solution. We
evaluated the models performing a nested cross-validation [130] over the last twelve data
points (a year of data monthly) for M4CD and the last fourteen data points (two weeks of
data daily) for KWWTFCD.

To evaluate the experiments, we considered three groups of metrics. First, we used
MASE [10] to measure the model’s performance. The MASE metric provides a magnitude
agnostic estimate of the forecasting precision achieved by the model, comparing the
model’s performance against a nïve forecast. We measured the MASE values for the
MA(3), GM(GBMR), GM(GBMR)+näive, and LM(GBMR) models. Second, we assessed
the anomalies detected in the test set. We measured (i) how many GM(GBMR) predictions
were considered anomalous when the target values were not (GM(GBMR) vs. Target
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discrepancy column in Table 5); (ii) how many target values were identified as anomalous
(Target column in Table 5); (iii) how many GM(GBMR) predictions were identified as
anomalous, and their overlap regarding the GM(GBMR) column under Anomalies in test in
Table 5); and (iv) how many GM(GBMR)+näive predictions were identified as anomalous,
and their overlap regarding the GM(GBMR)+näive column under Anomalies in test in
Table 5). Finally, we measured how many instances were erased from the train set based
on their similarity to feature vectors producing anomalous forecasts. Through these sets
of metrics, we could assess the model’s performance when changing the experimental
conditions, understand if the detected outliers correspond to true or false positives, and
how successfully does the global model behave in such cases, and if there is any correlation
between the number of train instances removed and the global model’s performance.

Table 3. Description of the experiments that we performed.

Experiment Description

Experiment 1 Compare the performance of GFM and LFM.

Experiment 2 Remove instances similar to the cases where the forecast was considered anomalous.
The similarity of the train instances is measured on relevant features of the forecast feature vector.

Experiment 3 Remove only instances similar to the cases where the fallback was considered anomalous.
The similarity of the train instances is measured on relevant features of the forecast feature vector.

Experiment 4 Remove instances similar to the cases where the forecast was considered anomalous.
The similarity of the train instances is measured on relevant features of the forecast feature vector and target value.

Experiment 5 Remove only instances similar to the cases where the fallback was considered anomalous.
The similarity of the train instances is measured on relevant features of the forecast feature vector and target value.

Table 4. Description of the models we evaluated through the experiments that we performed.

Model name Description

MA(3) Moving average over last three time steps.

näive Last time step actual is used as the forecast value.

GM(GBMR) Global model built with GBMR.

LM(GBMR) Local model built with GBMR.

GM(GBMR)+näive Forecasts are issued from GM(GBMR), except when the forecasted value is considered anomalous. In such cases,
it falls back to a näive forecast.

Table 5. Results obtained for the experiments. For columns GM(GBMR) and GM(GBMR)+näive under anomalies in test,
we use the following convention to present the results: A/B (C), where A denotes the number of datapoints considered
anomalies both, in the prediction and effective target value; B denotes the number of forecasts issued by the model that
were considered anomalous; and C provides the ratio between A and B. ETI is used as an abbreviation for erased train
instances. TD is used as an abbreviation for target discrepancy.

MASE Anomalies in Test ETIExperiment Dataset MA(3) GM(GBMR) GM(GBMR)+näive LM(GBMR) GM(GBMR) vs. TD Target GM(GBMR) GM(GBMR)+näive # ETI Ratio ETI
M4CD 1.8473 0.7387 0.7644 4.3261 304 4337 1553/1857 (0.84) 1555/2249 (0.69) NA NAExperiment 1 KWWTFCD 1.4871 0.6828 0.7216 1.0360 407 2750 991/1398 (0.71) 924/1916 (0.48) NA NA
M4CD 1.8473 0.7392 3.0213 4.3261 290 4337 1567/1857 (0.84) 1555/2249 (0.69) 1857 0.0281Experiment 2 KWWTFCD 1.4871 0.6832 1.5915 1.0360 374 2714 919/1293 (0.71) 869/1808 (0.48) 1293 0.0154
M4CD 1.8473 0.7361 3.0228 4.3261 283 4337 1588/1871 (0.85) 1555/2249 (0.69) 1365 0.0207Experiment 3 KWWTFCD 1.4871 0.6829 1.5912 1.0360 375 2714 925/1300 (0.71) 869/1808 (0.48) 813 0.0097
M4CD 1.8473 0.7392 3.0213 4.3261 290 4337 1567/1857 (0.84) 1555/2249 (0.69) 1857 0.0281Experiment 4 KWWTFCD 1.4871 0.6832 1.5915 1.0360 374 2714 919/1293 (0.71) 869/1808 (0.48) 1293 0.0154
M4CD 1.8473 0.7361 3.0229 4.3261 283 4337 1588/1871 (0.85) 1555/2249 (0.69) 1365 0.0207Experiment 5 KWWTFCD 1.4871 0.6828 1.5911 1.0360 374 2714 925/1299 (0.71) 869/1808 (0.48) 813 0.0097

6.1. Premise Validation (Experiment 1)

We devoted the first experiment to validate the premise of this work: that the
global model outperformed the local ones (GM(GBMR) vs. MA(3) and LM(GBMR) in
Experiment 1), and even the GM(GBMR)+näive, showing that the fallback to the näive
forecast did not provide the expected performance improvements. This was confirmed
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in the rest of the experiments. Our intuition behind the result is that fallback forecasts re-
placing the original prediction in false positives issued by the anomaly detector (for which
the GM(GBMR) model would have a better prediction) degrade the overall performance
and lead to suboptimal results. We then performed four additional experiments to under-
stand if removing instances from the train set similar to the reference vector generating an
anomalous forecast could improve the performance of the global model.

It must be noted that the anomaly detection is run on forecasted values. Thus, while
anomalies can be subjective, we consider that objective criteria can be established to
identify suspicious data points (or forecasts) that meet those criteria, and are most likely to
be considered outliers (or anomalous).

6.2. Dealing with Anomalous GTSMLFM Forecasts (Experiment 2 and Experiment 4)

Once the GTSMLFM was trained, we proceeded to identify outliers produced by the
GTSMLFM using an ensemble of time series anomaly detectors (COPOD [131], ABOD [132],
and KNN [133]), and considering a given forecast anomalous only when all the detectors
agreed it should be considered as such. Next, we used the LIME [75] to compute features
relevance for each anomalous forecast.

The most similar instances between the feature vector generating an anomalous
prediction and data available in the training set were obtained, computing the cosine
distance over a subset of the five most relevant features to each prediction. In Experiment 2
and Experiment 4, we computed such similarity against the data instances in the train set
for all GTSMLFM anomalous forecasts. For Experiment 2, we considered a vector built
with the most relevant features to a specific forecast, while in Experiment 4, we enlarged
that vector with the target value for the train set instances and the predicted value for the
reference vector. The intuition behind including such value in the vector is that instances
most likely influence the model with similar input values and teach a target value close to
the observed prediction.

While we experimented with multiple similarity thresholds, we finally adopted a
threshold of 0.9999999, for which, in most cases, just a handful of train instances were
identified as similar to the feature vectors producing anomalous forecasts. However, due
to some exceptional cases resulting in a relatively high number of similar instances despite
the tight threshold, we decided to provide an additional bounding criterion, collecting,
at most, ten top train instances for each anomalous forecast. This limit was established
considering the relationship between the size of the test set, the number of anomalies, and
an upper bound to the number of instances to be removed. While such a procedure helped
us identify and remove instances that distorted the GTSMLFM’s training, future work will
develop a better procedure to determine the parameters and identify such instances.

When analyzing the results, we observed, in both cases, that the model’s performance
decayed (MASE measurements for GM(GBMR) and GM(GBMR)+näive), while the discrep-
ancy between GM(GBMR) predictions and target values that were considered anomalous
reduced, indicating a better adjustment to the real data behavior for unexpected values.
While the MASE improvement was slight, it must be noted that such improvement was
consistent and thus is improbable that it could be attributed to models’ variance. Further-
more, we expect that the forecast improvements are minor in terms of MASE: reducing the
number of anomalies across a test set of 24,000 records for dataset M4CD, and 28,000 for
dataset KWWTFCD, should not have a substantial impact on the overall MASE. While the
MASE is indicative of the overall models’ forecast adjustment, the improvement regarding
anomalous forecasts should be considered in terms of a reduction of the target discrepancy
(the model better adjusts to the observed target values in the test set). We observe that
the number of anomalous forecasts is reduced in both cases, showing that the new model
better adjusts to the time series behavior.
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6.3. Dealing with Anomalous Fallback Forecasts (Experiment 3 and Experiment 5)

Assuming that more data is beneficial to global model performance and that the näive
forecast can provide a reasonable estimate when the GM(GBMR) issues an anomalous
forecast, we conducted two additional experiments (Experiment 3 and Experiment 5),
removing only the train instances that were similar to feature vectors for which both, the
GM(GBMR) and the näive forecast provided an anomalous forecast. For Experiment 5, we
enlarged the reference vector with the predicted value (or the target value for the vectors
in the train set). In both experiments, we observed an improved MASE score regarding
Experiment 2 and Experiment 4 and a reduced discrepancy between values considered
anomalous for GM(GBMR) predictions and target values. In particular, we found that
the best results for all metrics in both datasets were obtained for Experiment 5, reducing
outliers discrepancy regarding the original model for at least seven percent in both datasets.

From the results that we obtained, we consider the vector structure used to measure
the similarity between the instances (using the most relevant features either with the target
(or predicted) value or not), did not influence the results. We confirmed that improving
the global model performance is possible by removing particular data instances from the
train set. When searching for such instances, it is crucial to ensure that the least possible
data is removed. Since the M4CD dataset comprises a wide variety of time series and the
same architecture and methodology were used to replicate the findings on the KWWTFCD
dataset, we expect that they can be generalized to other domains. Moreover, though the
research was applied to time series datasets, we consider that the findings can be ported to
regression problems in general, due to how we formulated the forecasting problem.

6.4. Dashboard

To inform the user when and why a given forecast should be trusted, we built a
dashboard (see Figure 5). The dashboard has six sections, each of which provides specific
information to the user. At the top of the dashboard (Figure 5A), we provide information
regarding the time series identifier, the dataset they belong to, the forecast date and
value, if considered an outlier, and the most relevant features to that particular forecast.
We then created a line plot of the time series, where the last value corresponds to the
forecast (Figure 5B). We use a gray dashed vertical line (see the Figure 5(B2) arrow)
to indicate the start of the forecasting horizon, and a red dashed vertical line (see the
Figure 5(B3) arrow) to highlight the occurrence of an anomalous forecast. We provide
a short explanation regarding the criteria applied to the forecast to determine if it is
anomalous or not (Figure 5C).

Given that the machine learning models that we consider assume manually crafted
features, insights regarding the time dimension can be conveyed only through the features
and their metadata. Inspired by related work [91,93], we map features metadata regarding
the time dimension and compute how strongly that the referenced time windows and
points-in-time are from the most relevant features to a particular forecast overlay. Based on
that information and the values of the time series data points within each range considered,
we overlayed a heatmap to the time series line plot, showing how influential those data
points are to the forecast. In particular, in Figure 5(B1), we show a heatmap with a heat
scale ranging from yellow (low relevance) to red (high relevance). The relevance heatmap’s
area is determined by the time windows of the relevant features and the values of the data
points that fall within the aforementioned time window.

In Figure 5D, we display a set of training instances that probably influenced the
forecast (prototype local explanations), followed by two counterfactual examples: a set of
instances that would result in a non-anomalous forecast (Figure 5E). We created our utility
code to compute the counterfactual examples (see algorithm’s pseudocode in Listing 1). To
compute them, we restricted the values search to the most significant features identified
by LIME and ensured that the values were plausible. To decide whether there was a
significant change in the forecasted value when computing counterfactual examples, we
created a feature vector with the mean values of all the features, except for the meaningful
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ones identified through LIME, which received values of their own by ninety thousand
values from a normal distribution. The normal distribution was parameterized with a
mean equal to the mean of past time series values, and a standard deviation equal to three
times the standard deviation measured in the past for that same time series. We then used
the GTSMLFM to issue a forecast and the anomaly detector to determine if the proposed
sample instance qualified as an outlier or not, and randomly selected a subset of them to
show them to the user.

Listing 1: Algorithm used to compute counterfactual examples.

# X_train: dataset train instances
# feature_vector: feature vector used to issue the forecast
# relevant_features : list of relevant features to the given forecast
# model: forecasting model
# anomaly_detector: some anomaly detector
# n_samples: number of samples to draw from the Normal distribution
given X_train, feature_vector, relevant_features , model, anomaly_detector
synthetic_samples = new dictionary()

for each feature in relevant_features :
feature_mean = mean(X_train[feature])
feature_std = standard_deviation(X_train[feature])
feature_perturbed_values = normal(feature_mean, 3*feature_std, n_samples)
synthetic_samples[feature]=feature_perturbed_values

# create new dataset, merging data from non relevant features, and perturbed ones
new_dataset = create_dataset(X_train, synthetic_samples)

counterfactual_examples = new list()
for each feature_vector in new_dataset:

y_pred = model.predict(feature_vector)
if not anomaly_detector.is_anomaly(y_pred):

counterfactual_examples.append(feature_vector)
return counterfactual_examples

The last dashboard square is devoted to providing a set of values expected to make
a better forecast (Figure 5F). To obtain them, we drew ten thousand values following
a normal distribution, with a mean equal to the mean of past time series values and a
standard deviation equal to three times the standard deviation measured in the past for
that same time series. The values were then filtered by performing the same anomaly
detection procedure as for the GTSMLFM forecasts, keeping only those not considered
anomalous. Figure 5F displays just a subset of them: the minimum, median, and maximum
values, and additional four random samples drawn from them.

In this work, we used a particular selection of models and algorithms to create the
forecasts, detect anomalies, and craft the explanations. However, given the architecture’s
modular structure, these can be replaced as black boxes, impacting the quality of the
content displayed in the dashboard.
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Figure 5. Dashboard screenshot. We highlight different areas devoted to explaining a given forecast, providing a context
within the time series, indicating the most relevant features to the forecast, train instances that most likely influenced the
forecast, counterfactual examples, and alternative values expected to make a good forecast.

7. Limitations and Improvement Opportunities

We identify two significant limitations of the research described above. It must first
be noted that, while the methodology and dashboard that we developed are generic, they
target global time series models constrained to machine learning algorithms whose input
features are intelligible to the human. Furthermore, many of the explanations assume the
features convey a particular meaning to the user—which is, in our view, a criterion that
handcrafted features can only meet. Due to this limitation, we consider this approach is
not suitable for deep learning models. In addition, given how the features are framed for
such machine learning models, insights regarding the time dimension can be conveyed
through the features and their metadata. Second, the current approach to selecting train
data instances similar to the data instances creating the anomalous forecast requires some
tuning to find an appropriate instances’ similarity threshold and set proper constraints
towards the maximum number of instances to consider for each case. While this could be
replaced by an automatic procedure searching for the best similarity measure, threshold,
and instances’ limit, such a procedure would come at a high cost, since it would require
computing the similarities across all instances for each run. Further research is required to
understand better alternative procedures to identify similar train data instances that drive
the forecast towards an anomalous value.

From experience that we obtained through the experiments and results described
above, we identified improvement opportunities. Following research done by [122], finding
the most influential instances in the train set for an anomalous forecast can be done using
influence functions. Other possible enhancements would be to use a more stable model to
estimate feature relevance for each prediction. In particular, we could replace LIME for
DLIME, since LIME is not deterministic, and changes in feature ranking computations can
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affect the instance selection based on the similarity to the detected anomalous forecasts.
Another improvement can be made regarding the anomaly detection module. Reducing
the number of false positives correlates to the number of instances removed from the train
set. Furthermore, removing only instances similar to the ones where the global model and
fallback provide anomalous forecasts has been shown to improve the performance of the
model trained without such instances. Following this intuition, we can use our current
anomaly detector for unsupervised anomalies labeling. By labeling instances as anomalous
only when the current anomaly detector predicts the actual value is not anomalous when
the forecast was, we can later train more precise supervised machine learning models to
detect outliers.

8. Conclusions

In this work, we developed a modular architecture, a methodology, and a dashboard,
that provide insights when a GTSMLFM forecast can be trusted or not and the reasons
behind anomalous forecasts. The architecture, methodology, and dashboard support the de-
velopment and engineering of GTSMLFMs, providing means to enhance their performance.
We evaluated our approach through a series of experiments conducted on a reduced ver-
sion of two publicly available datasets and measuring the performance improvements of
the GTSMLFM when following the methodology described in Section 4. Our research con-
firmed that removing particular instances from the train set can lead to a better GTSMLFM
performance and compared several approaches to achieve the best outcome.

As future work, we envision extending the current application to support explainable
anomaly detection algorithms and include a semantic model to enrich the explainability
of any anomaly detection model. Such a semantic model can provide additional insights
based on domain knowledge regarding the inner workings of the anomaly detection model
and the data of a particular time series and forecast. Finally, we would like to explore
different policies to deal with problematic train instances. In particular, we are interested
in studying if replacing the values of a subset of features of interest with some imputation
criteria can be an effective alternative to removing such data instances. Such a technique
would retain the advantages of keeping all the data to train a global model, while removing
patterns that create outlier forecasts. Moreover, to avoid losing valuable information in the
noisy instances, we could leverage generative adversarial sampling to enrich the dataset
with synthetic train instances that resemble noisy ones. Such enrichment could help the
model better learn the decision boundaries, increasing the overall model’s performance.
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AF Anomalous Forecast
COF Connectivity based Outlier Factor
ETI Erased Train Instances
GBMR Gradient Boosted Machine Regressor
GFM Global Forecasting Model
GTSMLFM Global Time Series Machine Learning Forecasting Model
INFLO Influenced Outlierness
kNN n-Nearest Neighbor
KWWTFCD Kaggle Wikipedia Web Traffic Forecasting Competition Dataset
LFM Local Forecasting Model
LOF Local Outlier Factor
M4CD M4 Competition Dataset
MASE Mean Absolute Scaled Error
ODIN Outlier Detection using Indegree Number
ROAR RemOve And Retrain
TD Target Discrepancy
TS Time Series
TSDM Time Series with Different Magnitude values
XAI Explainable Artificial Intelligence
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Chapter 5

Conclusions and Future Work

This thesis studies how machine learning can be applied to enhance demand forecasts. In
particular, for smooth and erratic demands, we study how the forecasting error in global
models can be constrained by pooling product data based on the past demand magnitude.
For lumpy and intermittent demands, we propose a novel forecasting approach and a
set of metrics to evaluate the quality of such forecasts. Given the sparse demand event
occurrence in lumpy and intermittent demands, forecasting such events is paramount.
When forecasting them, we are interested in two goals: (a) creating models that can
discriminate between demand and non-demand events optimally, and (b) probabilistically
calibrated so that the output scores convey information about how probable the demand
event can be and therefore inform decision-making. While multiple metrics have been
proposed to assess calibration quality, they have several shortcomings. In this research,
we propose a set of novel metrics that overcome some shortcomings of the widely adopted
Expected Calibration Error metric.

While accurate demand forecasting is of key importance, explainability of the forecast-
ing models cannot be neglected. In our research, we have shown how explainable artificial
intelligence approaches can be used to inform the user on relevant aspects affecting a
given forecast. Furthermore, we considered semantic abstractions of the machine learning
features to create human-friendly explanations while also leveraging such abstractions to
preserve confidentiality, inform the user regarding possible events of interest, and suggest
datasets for data enrichment. The role of semantic technologies in the context of demand
forecasting is not limited to machine learning explainability. The forecasting models and
semantic technologies are some of the key enablers of cognitive digital twins [48]. While
forecasts can provide a glimpse into the future, the semantic technologies can connect a
diverse set of data sources and models enabling the use of factual, inductive, and deductive
knowledge and thus drive greater value to the end users.

The research performed regarding demand forecasting and explainability remained at
a prototype level. Ensuring readiness of such approaches in production environment re-
quires considering multiple scalability aspects, such as the amount of manual work to be
performed, the magnitude of the data and requests processed, tolerated response times,
and hardware requirements. We consider certain amount of manual work inevitable. When
creating semantic technologies, such effort can be decreased by the use of proper tooling
and by building a comprehensive ontology over time. When building machine learning
models, the first models will require learning about the domain and ensure such expert
knowledge is translated into features. Nevertheless, when such models are applied to new
clients, semantic mappings can be created to identify data with same semantic meaning
across different sources. Furthermore, semantic descriptions of the machine learning mod-
els can be used to automate training of existing and new models. Finally, best practices
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regarding machine learning operations must be applied to automate model training, assess-
ment, and deployment when new data is available. To deal with the magnitude of data,
there is no upfront response: different types of data and use case requirements require
vastly different solutions. Constraints regarding the velocity at which new data must be
considered, the level of consistency required, and whether the data must be kept or not
will influence decisions regarding data storage, processing and the type of machine learning
models considered (e.g., streaming or batch). When considering requests latency, depend-
ing on the load and use case requirements, different software engineering approaches can
be applied, leveraging asynchronous processing, multiple cache levels, load balancers, and
autoscalers, among others.

5.1 Contributions to Science

The main scientific contributions of the thesis are discussed below.
SC 1. Development of a novel approach to forecasting intermittent and

lumpy demand. We have shown that while intermittent and lumpy demand are char-
acterized by sparse demand occurrence, most scientific work considered it a regression
problem. While many authors understood that information regarding demand events oc-
currence should be included in the model, they mostly did so to hint at a regression model
of whether the demand would be zero or greater than zero. We propose a novel approach
by separating lumpy and intermittent demand forecasting into two separate problems: (a)
classification, to determine whether the demand takes place for a given fixed forecasting
horizon, and (b) regression, to determine the amount of product that would be demanded
in case of demand event. The proposed approach has shown state-of-the-art performance:
while most approaches described in the literature could not determine whether a demand
event would take place, and the best model did so with an AUC ROC of 0.6955, our models
could predict demand occurrence with an AUC ROC of 0.9700 (Rožanec et al. [34]).

SC 2. Definition of a novel set of metrics for assessing the quality of fore-
casting intermittent and lumpy demands. Through an extensive metrics analysis
of the related work reporting research on lumpy and intermittent demand forecasting, we
show that the authors considered only regression and inventory metrics to evaluate the
forecasts’ quality. In our work (Rožanec et al. [34]), we advocate measuring the fore-
cast quality considering three dimensions: quality of demand event forecasts, quality of
demand quantity forecasts, and quality of forecasts when considering inventory behavior.
We proposed measuring the quality of demand event forecasts through a classification met-
ric (AUC ROC) unaffected by the class imbalance. We propose two MASE variations to
measure the quality of demand quantity forecasts. Our choice for MASE is grounded on
the fact that the metric is independent of the scale of the data. Therefore, it enables com-
paring models regardless of the products considered and the differences in the magnitudes
of their demand. To measure the quality of the forecast from an inventory perspective, we
adopt the SPEC metric, which provides means to weigh the costs of stocking a product
over time and the cost of not satisfying particular demand.

SC 3. Development of novel metrics to assess the quality of probability cali-
bration of classification models without using ground truth. Expected Calibration
Error is one of the most widely adopted calibration metrics. Nevertheless, it suffers from
several shortcomings. Through the research conducted on a real-world use case (Rožanec et
al. [35]), we propose a set of novel metrics and show that they capture the calibration dy-
namics better than the aforementioned metric. Furthermore, the proposed metrics enable
additional calibration scenarios, such as calibrating only for an interval of interest (e.g., an
interval relevant to decision-making) and multi-class probability calibration definitions.
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The main conclusions of the experiments and research presented in this thesis are:

• Demand occurrence for lumpy and intermittent demands should be considered a
separate forecasting problem and decoupled from forecasting demand quantity.

• For fixed forecasting horizons, demand events can be framed as a classification prob-
lem.

• When assessing the forecasts’ quality for lumpy and intermittent demands and work-
ing with a fixed horizon, three metrics should be considered: (a) AUC ROC to
determine how accurate the forecasts are when predicting demand occurrence, (b)
MASE to determine how accurate the forecasts are when predicting demand quantity,
and (c) SPEC to determine how the forecasts impact inventory.

• The newly proposed metrics for assessing the calibration quality overcome shortcom-
ings from the widely adopted Expected Calibration Error metric. Furthermore, the
proposed metrics can be extended to multi-class problems and adapted to address
two possible probability calibration definitions: (a) confidence calibration and (b)
class-wise calibration.

5.2 Future Work

Demand forecasting is key to effective supply chain management. This thesis has shown
how machine learning can be applied to enhance demand forecasts. We have presented new
approaches and metrics to forecast demand. Furthermore, we have developed novel metrics
to assess the quality of probability calibration models. The contributions described in this
thesis open new research directions and applications. First, we consider the approach we
developed to forecast lumpy and intermittent demand in B2B could be applied for other
sparse time series problems (e.g., forecasting demand in electric vehicle charging stations
[49], or forecasting sparse sales [50]). Specific domain knowledge would guide the search
for features that could signal an event occurrence. Furthermore, the external data could be
used to further enhance the predictive power of the existing model. Second, our approach
to measuring the calibration quality opens new research venues. We want to explore new
calibration methods that could exploit information regarding the distance between the ref-
erence calibration distribution and the distribution of predicted values. Furthermore, we
are interested in some calibration methods that can achieve better calibration over time
even when no ground truth is available, given a set of premises are fulfilled (e.g., no concept
drift takes place). Both contributions have a direct impact when implemented in applica-
tions. Our new approach for lumpy and intermittent demand forecasting delivers nearly a
40% improvement against the best existing approach described in the scientific literature
when predicting demand occurrence in the use case we considered. On the other hand, the
calibration metrics have been shown to better summarize the calibration quality than the
widely adopted Expected Calibration Error while also providing informative insights when
measuring the calibration quality without a ground truth and without concept drift.
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