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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 wrong 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 value changes, in the feature vector or the predicted value, 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 arquably the most important open problem currently in time series
forecasting”[3]. It is thus crucial to develop Explainable Artificial Intelligence (XAI) ap-
proaches 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].

© 2021 by the author(s). Distributed under a Creative Commons CC BY license.
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The paper focuses on understanding when and why GTSMLEMs 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. First, we make use of anomaly detection
algorithms to identify potentially bad forecasts. Then, we compute the models’ feature
attribution for those data instances, identify similar data instances in the train set, and
create counterfactual examples. Furthermore, we develop a dashboard with the insights
mentioned above that 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
GTSMLEFMs iteratively.

To evaluate our approach, we conduct a series of experiments and perform a quanti-
tative evaluation to measure the impact of the insights are developed when engineering
the GTSMLEM. 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 we followed to treat the dataset and train new
GTSMLFMs iteratively. In Section 5 we describe two different time series datasets we used
to test our approach, detailing preprocessing steps and features we created. In Section 6
we describe the experiments we performed, provide a more detailed overview regarding
the metrics used to measure the results, the results we obtained, and discuss possible
improvements. Finally, in Section 7 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 outper-
form 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
models” accuracy. By having more training data of similar time series, algorithms can
better distinguish common data patterns while also minimize 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 creat-
ing 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
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of how heterogeneous the data can 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 well understood,
and understanding why and when do global time series forecasting models work remains
an open research topic[3]. We envision anomaly detection algorithms can be used to detect
when the GTSMLFM provides accurate forecasts or not, and XAl 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 GTSMLEM 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: statistical,
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 the function is a probability density function[34,41-43].
Among the parametric methods we find the Gaussian methods, such 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
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number of instances that contain a given point in their neighborhood. However, a parame-
ter 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 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 ANNSs[70], or used ANNSs 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
XALI to understand which features were most influential to such forecast and provide
counterfactual examples highlighting value changes 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 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
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 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 perturbations 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
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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 XAl for time series has focused mainly on explainability for Deep
Learning models. One of the first 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]. Finally, several feature perturbation methods were
developed to measure the features’ contribution to the forecasted value when such features
are removed[91], or masked[92-94].

Methods such as Shapley values[95] and region partition trees[96] have been suc-
cessfully applied to explain detected anomalies. More systemic approaches have been
developed too, such as Exathlon[97], EXAD[98], and others[99]. 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)[100]. While most frequently applied to
classification models, counterfactual explanations are also applied to regression models.
While such counterfactual explanations most frequently use some threshold[101], other
implementations were developed based on potentials[102], or satisfiability modulo theories
solvers[103] 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[104].

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[105],
target a specific user profile[106], focus on actionability, and if possible, provide some
counterfactual examples[107]. An explanation should take into account relevant context,
which can be captured in three elements: the target user profile, the explanation goals (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 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.
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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 this
information helps investigate possible patterns learned by the model and how to engineer
a better model learning in the future.

The architecture (see Fig. 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 GTSMLEM 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 GTSMLEM, 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.
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e XAI Module: uses various XAl algorithms and models to craft forecast explanations
for the user. In particular, we envision 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 this
information provides the user a good insight into whether the forecast can be trusted
and understand the behavior of the underlying model.

e  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.

The interaction between the modules embodies the methodology we followed to en-
hance the GTSMLEM 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. 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 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 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 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 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
GTSMLEM 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 GTSMLEM, they can sometimes
provide a better prediction when the GTSMLEM 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 ndive forecast,
simple moving average, or exponential smoothing can be used.

Data = Global Model + Local Models + Noise 1)

Equation 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].
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Figure 2. Fluxogram detailing the methodology we applied to identify anomalous forecasts, most similar instances in the train set, and

their treatment to enhance the performance of future GFMs.

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[108], 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 [109], who did so using
influence functions.

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)[110]. To ensure the performance of the
global models does not depend on the knowledge of a particular domain or characteristics
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 [111], 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.
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Dataset Original Reduced dataset Test window
#TS | % TSDM | #TIS | # TSDM | TS Datapoints | # instances | mean(target) | std(target)

M4CD 47983 55 | 2000 1097 45 90000 0,6598 0,4036 12

KWWTECD | 145063 74 | 2000 1488 56 112000 0,4782 0,3442 14

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.

Fig. 3A Fig. 3B
== target == target
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Probability
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04 0.6
Time series values Time series values

Figure 3. Target values distribution. Fig. 3A describes values for M4CD, while Fig. 3B describes values for KWWTEFCD.

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 July 1%, 2015, until September 11th, 2017. The
dataset distinguishes between zero and missing values.

We sampled 2,000 time series for each dataset and selected only a subsequence to
minimize the number of missing values (first 45 values for M4CD and first 56 values for the
KWWTEFCD). When designing the experiment, we considered 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 the sampling
respects 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 Fig. 3.

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 ndive 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 [112]. For the local machine
learning models, we perform feature selection selecting top K features based on their
mutual information[113].

Several kinds of preprocessing have been tried for GTSMLFMs in the scientific litera-
ture. [114] applied on the fly preprocessing to remove level and seasonality components.
[115] found that binning proved to be useful in almost all the cases they analyzed. [13]
understands that differences in magnitudes and variances can be removed either by stan-
dardizing the time series or using dimensionless dependent variables. [116] describe
applying a local normalization, deseasonalization, and log transformation to the features.


https://doi.org/10.20944/preprints202108.0246.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 11 August 2021 d0i:10.20944/preprints202108.0246.v1

10 of 20

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.
Count the number of datapoints above the mean, for a rolling window of last n observations.
above_mean_n | Double . . .
The value is normalized by windows length.
n-1 Double Last observed target value, normalized by maximum value observed in time window n=12.

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

I
!-TIME SERIES WE CONSIDER FOR ANOMALY DETECTION I : d
! | i FORECAST i
1
| .®
I

__________________

. 1
is anomaly? : ]

" PAST DATA POINTS

HISTORY |  FORECAST
WINDOW | HORIZON

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

k<VN &)

Equation 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 [112].

Finally, [27] describes 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.

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 Fig. 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.

6. Experiments, results, and analysis

To validate the architecture and methodology described in Section 3 and Section 4,
we conducted 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.
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Experiment Description

Experiment 1 | Compare the performance of GFM and LFM.

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.

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.

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.
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.

Experiment 2

Experiment 3

Experiment 4

Experiment 5

Table 3: Description of the experiments we performed.

Model name Description

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

Naiive 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)+naive .Forecasts are issu?n}l from GM(GBMR), except when the forecasted value is considered anomalous. In such cases,
it fallbacks to a Néive forecast.

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

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 néive 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 nive
model to issue fallback predictions when detecting an anomalous prediction was given by
the global model. We evaluated the models performing a nested cross-validation[118] 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 KWWTEFCD.

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()
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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

We devoted the first experiment to validate the premise of this work: that the global
forecasting model provides a better forecast than the local ones (Experiment 1). Once the
GTSMLFM was trained, we proceeded to identify outliers produced by the GTSMLFM
using an ensemble of time series anomaly detectors (COPOD[119], ABODI[120], and
KNNJ[121]), 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, and we created our own utility code to compute the
counterfactual examples (see algorithm’s pseudocode in Listing 1). When computing the
counterfactual examples, we restricted the values search to the most significant features
identified by LIME and ensured 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
ones identified through LIME, which received values of their own by drawing examples
from a Normal distribution. 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.

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 five most relevant features to each prediction. When doing
so, we considered two cases, which defined the rest of the experiments: compute the
similar instances in the train set for all GTSMLEFM anomalous forecasts (Experiment 2 and
Experiment 4), or compute the similar instances in the train set only for those GTSMLFM
anomalous forecasts where the local statistical model does not provide a good fallback
value (Experiment 3 and Experiment 5). When looking for similar instances in the train set,
we were also interested in understanding if considering the target value (or predicted value
in case of the forecast) could help towards a better instances selection (see Experiment 3
and Experiment 5). While we experimented with multiple similarity thresholds, we finally
adopted a threshold of 0,9999999, for which just a handful of train instances were identified
for the feature vectors producing anomalous forecasts in most cases. 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 top
ten train instances for each anomalous forecast.

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 nive forecast. We measured the MASE values for the
MA(3), GM(GBMR), GM(GBMR)+niive, 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 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)+ndive predictions were identified as anomalous, and their
overlap regarding the GM(GBMR)+ndive 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
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Experiment Dataset MASE Anomalies in test ETI

MA@Q) | GM(GBMR) | GM(GBMR)+niive | LM(GBMR) | GM(GBMR) vs. TD | Target | GM(GBMR) | GM(GBMR)+niive | # ETI | Ratio ETI

Experiment 1 M4CD 1,8473 0,7387 0,7644 4,3261 304 4337 | 1553/1857 (0,84) 1555/2249 (0,69) NA NA
KWWTECD | 14871 0,6828 0,7216 1,0360 407 2750 | 991/1398 (0,71) | 924/1916 (0,48) NA NA

Experiment 2 M4CD 1,8473 0,7392 3,0213 4,3261 290 4337 | 1567/1857 (0,84) 1555/2249 (0,69) | 1857 0.0281
KWWTECD | 1,4871 0,6832 1,5915 1,0360 374 2714 | 919/1293 (0,71) | 869/1808 (0,48) | 1293 0.0154

Experiment 3 M4CD 1,8473 0,7361 3,0228 4,3261 283 4337 | 1588/1871 (0,85) 1555/2249 (0,69) 1365 0.0207
KWWTFCD | 14871 0,6829 1,5912 1,0360 375 2714 925/1300 (0,71) | 869/1808 (0,48) 813 0.0097

Experiment 4 M4CD 1,8473 0,7392 3,0213 4,3261 290 4337 | 1567/1857 (0,84) 1555/2249 (0,69) | 1857 0.0281
KWWTFCD | 14871 0,6832 1,5915 1,0360 374 2714 | 919/1293 (0,71) | 869/1808 (0,48) | 1293 0.0154

Experiment 5 M4CD 1,8473 0,7361 3,0229 43261 283 | 4337 | 1588/1871 (0,85) 1555/2249 (0,69) | 1365 0.0207
KWWTFCD | 14871 0,6828 1,5911 1,0360 374 2714 925/1299 (0,71 | 869/1808 (0,48) 813 0.0097

Table 5: Results obtained for the experiments. For columns GM(GBMR) and GM(GBMR)+niive 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.

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.

When conducting the experiments, we initially verified the global model outperformed
the local ones (GM(GBMR) vs. MA(3) and LM(GBMR) in Experiment 1), and even the
GM(GBMR)+néive, showing the fallback to the Naive forecast did not provide the expected
performance improvements. This was confirmed in the rest of the experiments. Our
intuition behind the result is that the anomaly detector issued a high number of false
positives for which the GM(GBMR) model would have a better prediction, thus leading
to suboptimal results. We then performed four additional experiments to understand
if removing instances from the train set similar to the reference vector generating an
anomalous forecast could improve the performance of the global model.

In Experiment 2 and Experiment 4, we considered all the feature vectors generating
anomalous forecasts by the GM(GBMR) model, enlarging the reference vector with the
predicted value (or the target value for the vectors in the train set) for Experiment 4. In
both cases, we observed that the model’s performance decayed (MASE measurements
for GM(GBMR) and GM(GBMR)+néive), while the discrepancy between GM(GBMR)
predictions and target values that were considered anomalous reduced, indicating a better
adjustment to the real data behavior for unexpected values.

Assuming that more data is beneficial to global model performance and that the Néive
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 Naéive 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 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 they can be generalized to other domains. Moreover, though the research
was applied to time series datasets, we consider the findings can be ported to regression
problems in general due to how we formulated the forecasting problem.
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I Forecast explanation for time series with ID #&7<#_ja.wikipedia.org_desktop_all-agents in month 2015-08-19 from KWWTFCD dataset -I

Point forecast is 1792, and is considered an outlier. A I
I Main features driving the forecast are "skew_12", "skew_5", and "mean_12". I
IR IS————————————_———————
I 18K 2 _ja.wikipedia.org_desktop_all-agents timeseries from KWWTFCD dataset .I
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I We consider it an outlier based on how close the predicted value is to the existing ones, its location in the data distribution, and the outlierness on

the variance of the angle. I
L e

Training samples influencing bad forecast

Training instances that provide cues to this forecast are:

10.4985 -64.1714 0.677 0.6257 0.8561 efe0765599584c84886f83760d4799dc

D skew_12 skew_5 mean_12 min_3 mean_3 hash I

5.7262 -87.5561 0.6794 0.6287 0.8596 5c7ed3425057d1758bc10ff1b334140e
11.3107 -51.934 0.6795 0.6373 0.8504 ab190125e0c46ba8c57fbb19d080e030 I

I Counterfactual examples that revert the bad forecast Values expected to make a better forecast

skew_12 skew_5 mean_12 min_3 mean_3 I I Minimum/Median/Maximum values: 287 / 1408 / 2164

Other possible sample values are: I
1.6321 07072 0.2083 05187  0.2739
I . 753 I
0.9602 20324 08504 03268  0.6622 II . 132
. 1275 I

-3.6857 1.0560 0.3733 0.1830 0.8440 I 1464

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.

To inform the user when and why a given forecast should be trusted, we built a
dashboard (see Fig. 5). The dashboard has six sections, each of which provides specific
information to the user. At the top of the dashboard (Fig. 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 (Fig.
5B). We use a gray dashed vertical line (see the Fig. 5B1 arrow) to indicate the start of the
forecasting horizon, and a red dashed vertical line (see the Fig. 5B2 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 (Fig. 5C). Next, we display a
set of training instances that probably influenced the forecast (prototype local explanations
in Fig. 5D), followed by two counterfactual examples: a set of instances that would result
in a non-anomalous forecast (Fig. 5E), and a set of forecast values that we expect make
a better forecast (Fig. 5F). Values for Fig. 5E are generated by drawing ninety thousand
values, where all feature values, except the most relevant ones, are approximated with the
mean of the feature values for that given time series. Relevant feature values are generated
by 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. We then filter the instances for which the forecast
is not considered anomalous and randomly select a subset of them to show them to the
user. A similar procedure is followed to obtain the values for Fig. 5F. Those are created
drawing 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 are then filtered by
performing the same anomaly detection procedure as for the GTSMLFM forecasts, keeping
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only those not considered anomalous. Fig. 5F display 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. Given the architecture’s modular
structure, these can be replaced as black boxes, impacting the quality of the content
displayed in the dashboard.

From the experience we obtained through the experiments and results described
above, we envision several improvement opportunities. Following research done by [109],
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 affect the instance selection based on the similarity to the detected
anomalous forecasts. Another improvement can be made regarding the anomaly detection
module. In our case, we observed that the anomaly detector issued many false positives.
Thus, 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.

7. 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
contained in the noisy instances, we could leverage generative adversarial sampling to
enrich the dataset with synthetic train instances that resemble the ones considered noisy.
Such enrichment could help the model learn better the decision boundaries, increasing the
overall model’s performance.
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Abbreviations

The following abbreviations are used in this manuscript:

AF Anomalous Forecast

COF Connectivity based Outlier Factor

ETI Erased Train Instances

GBMR Gradient Boosted Machine Regressor

GFM Global Forecasting Model

GTSMLEM  Global Time Series Machine Learning Forecasting Model
INFLO Influenced Outlierness

kNN n-Nearest Neighbor

KWWTECD Kaggle Wikipedia Web Traffic Forecasting Competition Dataset
LM 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

D Target Discrepancy

TS Time Series

TSDM Time Series with Different Magnitude values

XAI Explainable Artificial Intelligence
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