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a b s t r a c t

Global forecasting models (GFMs) that are trained across a set of multiple time series
have shown superior results in many forecasting competitions and real-world applica-
tions compared with univariate forecasting approaches. One aspect of the popularity
of statistical forecasting models such as ETS and ARIMA is their relative simplicity and
interpretability (in terms of relevant lags, trend, seasonality, and other attributes), while
GFMs typically lack interpretability, especially relating to particular time series. This
reduces the trust and confidence of stakeholders when making decisions based on the
forecasts without being able to understand the predictions. To mitigate this problem, we
propose a novel local model-agnostic interpretability approach to explain the forecasts
from GFMs. We train simpler univariate surrogate models that are considered inter-
pretable (e.g., ETS) on the predictions of the GFM on samples within a neighbourhood
that we obtain through bootstrapping, or straightforwardly as the one-step-ahead global
black-box model forecasts of the time series which needs to be explained. After, we
evaluate the explanations for the forecasts of the global models in both qualitative and
quantitative aspects such as accuracy, fidelity, stability, and comprehensibility, and are
able to show the benefits of our approach.
© 2022 International Institute of Forecasters. Published by Elsevier B.V. All rights reserved.
1. Introduction

We are living in an era of big data. Big data in the
ield of time series forecasting do not usually mean a
ingle long time series. There are many applications and
atabases which consist of large quantities of time series
rom similar sources in the same domain. In this context,
orecasting based on traditional univariate time series
orecasting procedures leaves great potential untapped.
o address this issue, many works have recently ex-
lored the capabilities of global forecasting models (GFMs,
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Januschowski et al., 2020) that are trained across all avail-
able time series. Most notably, the M4 forecasting com-
petition (Makridakis, Spiliotis, & Assimakopoulos, 2018)
was won by a particular type of globally trained recurrent
neural network (RNN) (Smyl, 2020), the M5 competi-
tion (Makridakis, Spiliotis, & Assimakopoulos, 2022) was
dominated by globally trained LightGBM models, earlier
Kaggle competitions in this space were also dominated
by globally trained models (Bojer & Meldgaard, 2021),
and companies like Amazon (Salinas, Flunkert, Gasthaus,
& Januschowski, 2020), Walmart (Bandara, Shi, Bergmeir,
Hewamalage, Tran, & Seaman, 2019), Uber (Laptev, Yosin-
ski, Li, & Smyl, 2017), and others are relying on such
models.

However, the premise existing for decades in the fore-
casting space (most notably as a conclusion of compe-

titions such as the M and M3 competitions (Makridakis
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& Hibon, 2000)), that simple models are at least as ac-
curate as more complex ones, has been rendered ob-
solete by such GFMs, allowing them to be considerably
more complex while maintaining good generalisation and
extrapolation capabilities (Montero-Manso & Hyndman,
2021). In this sense, forecasting is following other areas,
such as medicine (Kaushik et al., 2020), where complex
machine learning models are often more accurate than
the relatively simple and interpretable predictive mod-
els established in these domains (Nanayakkara, Fogarty,
Tremeer, Ross, Richards, Bergmeir, et al., 2018). How-
ever, machine learning models usually have the drawback
of being black-box models that are not interpretable,
leading to their slow adoption, as practitioners do not
trust the models and are therewith often hesitant to
rely on them in production settings. Some notable ex-
ceptions exist with machine learning models that are
designed with interpretability in mind. One such model
in the forecasting space is NBEATS, proposed by Oreshkin,
Carpov, Chapados, and Bengio (2020), which is a deep
learning model that can decompose the series into human-
interpretable components (e.g., trend and seasonality).
These approaches are valuable but tied to particular deep-
learning methods and particular explanations. Thus, a
more flexible approach in machine learning is the concept
of local interpretability that has been developed to explain
individual predictions rather than a global interpretation
across all predictions.

Local interpretability is usually achieved by fitting an
interpretable surrogate model locally in the neighbour-
hood of a particular instance for which we want to explain
the output of a more complex black-box model that we
will call in this context the (black-box) background model.
In this way, local explanations for a specific instance
can be more accurate and relevant, as opposed to global
explanations that do not change across the dataset. In
general, to capture the generalisation behaviour of the
background model, or if no training data are available,
the surrogate model is trained on new instances that are
generated within the neighbourhood. Options are to per-
turb features or interpolate them between instances from
the training set. Then, predictions from the background
model on these new instances are obtained, and the sur-
rogate model is trained to mimic those predictions. One
of the first works in this space was the method of local
interpretable model-agnostic explanations (LIME, Ribeiro,
Singh, & Guestrin, 2016b). Here, the newly generated
instances are randomly perturbed around the instance to
be explained, and a linear model is fitted as a surrogate
model to the instances in a selected neighbourhood of
the prediction that needs to be explained. The linear
model is assumed to be interpretable in terms of its
coefficients. Later, Lundberg and Lee (2017) introduced
Shapley additive explanations (SHAP), a local interpretabil-
ity algorithm based on game theory that provides con-
sistent additive explanations for a prediction generated
by the black-box model. Both LIME and SHAP generate
explanations that identify the features which positively
or negatively influence the prediction of the background
model of an instance. Recent literature has also focused
on rule-based explainers, which provide arguably more
1425
interpretable and insightful explanations than the ex-
planations based on feature importance. The most rele-
vant works in this line are anchor-LIME (Ribeiro, Singh,
& Guestrin, 2018), local rule-based explanations (LORE,
Guidotti, Monreale, Ruggieri, Pedreschi, Turini, & Gian-
notti, 2018), and local rule-based model interpretabil-
ity with k-optimal associations (LoRMIkA, Rajapaksha,
Bergmeir, & Buntine, 2020).

In this paper, our aim is to apply the concept of lo-
cal interpretability to the forecasting domain, to provide
interpretability comparable to the traditional forecast-
ing approaches for the forecasts generated by black-box
GFMs such as RNNs. Here, we aim to generate these
explanations by developing a procedure to fit traditional
local forecasting approaches in a way that mimics the
behaviour of a GFM for a particular time series. As sur-
rogate models, we use traditional local statistical models,
such as exponential smoothing, ARIMA, and others. We
assume that these models are interpretable in terms of
decompositions like trend and seasonality, relevant lags,
and others. Therewith, we facilitate the adoption of GFMs
in practice, bridging the gap in terms of interpretabil-
ity between them and the traditional, well-established
techniques.

In the global forecasting context, we treat (the last
observations of) a single time series from the set of all
series as an instance to be explained. Following the lo-
cal interpretability approach, we then need to define a
neighbourhood and a way to sample from the neighbour-
hood, to obtain data on which to train a surrogate model.
Approaches to define the neighbourhood that we explore
include defining a similarity measure between series, or
simply to define the neighbourhood as the time series
under consideration. Then, sampling from the neighbour-
hood can be done with a bootstrapping procedure, or if
the forecasting model does not overfit or grossly underfit
the data and the fit is therewith somewhat representa-
tive, sampling can even be omitted and the series used
directly. We show in our work that the latter option is
not only a simpler procedure but also leads to better
explanations in many situations. We evaluate our local ex-
plainer methodology empirically on five different datasets
with nine different local explainers to verify the fidelity,
accuracy, stability, and comprehensibility of the local ex-
plainers. As such, we show that the local explainers are
viable techniques to explain global forecasting models
locally.

The remainder of this paper is structured as follows.
Section 2 presents our approach. Section 3 discusses the
experimental setup, Section 4 discusses computational
performance, and Section 5 discusses the results in both
qualitative and quantitative aspects. Section 6 concludes
the paper and discusses future work.

2. Our approach

The proposed framework—local model explanations
for forecasting (LoMEF)—is designed to make global
forecasting models as interpretable as local statistical
forecasting approaches, which are often inherently ex-
plainable white-box models, or offer a certain degree of
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explainability through interpretable components such as
trend and seasonality. As such, the main focus of our work
is not to argue that these local models are explainable,
but rather to lift GFMs to the same level of explainability
as these simpler widely used models. Therewith, LoMEF
enables forecasting practitioners to use more complex and
more accurate global forecasting models, while continu-
ing to communicate the trustworthiness of their forecasts
using their most convenient statistical forecasting model.
In particular, LoMEF complements more basic generic
approaches of residual diagnostics or in-sample forecast-
ing characteristics that offer more generic insights into
a model’s behaviour with a method that can be used to
explain a particular forecast. Furthermore, the framework
offers solutions for cases where the global models overfit,
with bootstrapping approaches.

In this section, we first formally define the concept of
ocal interpretability in general, and then introduce our
roposed approach of local interpretability in forecast-
ng with GFMs. Finally, we discuss the GFMs and local
xplainers employed in this study in detail.

.1. Local interpretability in regression and classification

Let X ∈ Rn×m be a training dataset consisting of n
instances and m features, and let z be an n-dimensional
vector of corresponding target values, which can be ei-
ther numerical in a regression setting or categorical in a
classification setting. Further, let g be a given black-box
background model that produces predictions ẑ from m-
dimensional input vectors x (i.e., g(x) = ẑ), so that an
error criterion between z and ẑ is minimised. The goal
of local interpretability algorithms is to find a surrogate
model e (e.g., a linear model), such that for a given in-
stance x for which the prediction ẑ of the background
model is to be explained, e(x) ≈ ẑ.

To build e, we define a neighbourhood for x using a
distance function, and now we can create a set of ran-
domly generated instances that lie in the neighbourhood.
We call this new set X̃ . We then apply g to all instances
in X̃ to obtain predictions z̃. With this, e is trained on X̃
to resemble z̃ as the target predictions. To generate X̃ ,
any algorithms first filter the original training set X for

nstances that lie in the neighbourhood of x, into a set
hat we call Xfilt . Then, X̃ is generated from Xfilt using a
ampling procedure that perturbs single instances from
filt by adding noise to the features and/or interpolates
etween instances of Xfilt .

.2. Local interpretability in forecasting

Transferring the local interpretability concept to the
orecasting domain, as the background model, we want
o use a GFM f that has been trained on a set of time
eries Y = {y1, . . . , yp}, where p is the total number of
ime series available. Now, let us consider the predictions
ˆ of a particular time series y, obtained from the GFM as
(y) = ŷ. We want to build a local explainer e as one or

more traditional forecasting models, such as ETS, ARIMA,
and theta, such that e(y) ≈ ŷ. Thus, it is straightforward
to use the original time series y as the neighbourhood, as
1426
the local explainer e is able to be fitted on a single time
series. We then need to find a sampling procedure from
the neighbourhood.

Let us first consider the case where f is a purely
utoregressive model that has no internal state and only
ses lagged values as inputs, such as a feedforward neural
etwork. Then, we are in a similar situation to the re-
ression case discussed in Section 2.1. We can now first
ssume a procedure that does not sample any data, and
ll data that we use are data from the training set that is
ithin the neighbourhood. That is, X̃ and Xfilt are equal. In

the forecasting context, this means that the target values
we use to fit e are the predictions of the GFM along with
the time series, i.e., the in-sample fit of f on y. As we
want to use time series models as local explainers, we
choose also the input for e to be the in-sample fit (instead
of the original series). Thus, a first approach is to simply
fit e on the in-sample fit of f on y. In this work, we use
the one-step-ahead in-sample fit of f , even if f produces
ulti-step forecasts. Fig. 1 illustrates the one-step-ahead

n-sample fit of the global model. Here, each red dot
ndicates a one-step-ahead forecast or the fit of the global
odel. Note that this approach is easily extendable to
FMs that are not purely autoregressive.
This approach of not sampling data has the potential

rawback that the surrogate model cannot assess the
eneralisation capabilities of the global model, which can
e a problem, especially if the global model is overfitting.
n extreme cases, depending on the GFM, the fit cannot
ear any meaningful information. For example, it can be
dentical to the original time series if the GFM produces
perfect in-sample fit. However, motivated by the find-

ngs of Montero-Manso and Hyndman (2021) that GFMs
ypically lead to worse fitting than per-series models but
eneralise better, in this paper we first explore this simple
olution without sampling. In the remainder of the paper,
e call this the neighbourhood-fit (NF) method.
Then, we propose a bootstrapping technique to gener-

te samples from the neighbourhood to overcome the po-
ential limitation of the NF approach that the local model
annot assess the generalisation behaviour of the global
odel if the global model is overfitting the training data.
he next section discusses the neighbourhood generation
ethods based on bootstrapping. In what follows, we call

his the neighbourhood-bootstrap (NBoot) method. Thus,
n this work, we define two main approaches of explainer
ethods based on their neighbourhood generation proce-
ures. An overview diagram of the proposed framework is
hown in Fig. 2.

.3. Neighbourhood generation with bootstrapping

Bootstrapping time series has the difficulty that the
eries can be non-stationary and have autocorrelation.
on-stationarity can be addressed by time series decom-
osition, as proposed in the work of Bergmeir, Hyndman,
nd Benítez (2016), or by using sieve bootstrapping pro-
edures (Bühlmann, 1997), e.g., as done by Cordeiro and
eves (2009). The autocorrelation in the series can be
ddressed with the moving block bootstrap (MBB, Kunsch,
989), or again with the sieve bootstrap, fitting a model
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Fig. 1. A diagram that shows how to extract the fit of the global model.
Fig. 2. An overview diagram of the framework to generate local explanations for the global model predictions.
r,
l

and then bootstrapping the residuals, assuming that they
are uncorrelated. Also, more sophisticated bootstrapping
procedures have been introduced for time series, such as
the tapered block bootstrap (Paparoditis & Politis, 2001),
the extended tapered block bootstrap (Shao, 2010b), the
dependent wild bootstrap (DWB, Shao, 2010a), or the
linear process bootstrap (LPB, McMurry & Politis, 2010).
However, in this work, we focus on common and es-
tablished approaches based on MBB, decomposition, and
sieve bootstrapping.

In particular, we use the procedure from Bergmeir
et al. (2016) which uses the MBB technique together with
STL decomposition. Here, a remainder is extracted after
performing the STL decomposition on the original series.
Then, the decomposed trend and seasonality are added
to the bootstrapped series. In what follows, we call this
approach the neighbourhood STL-MBB (NSTL) method.
Another possibility we use is a sieve bootstrapping pro-
cedure where we fit a model and then bootstrap the
residuals. Similar to the NSTL approach, the MBB tech-
nique is used to generate the new set of remainders. We
call this approach neighbourhood sieve-MBB (NSieve) in
1427
the following. For NSTL we use the bld.mbb.bootstrap
function from the forecast package in R (Hyndman
et al., 2022; Khandakar & Hyndman, 2008).

After generating the neighbourhood as bootstrapped
series, we generate in-sample global model forecasts on
these series, and fit our local explainer models to these.
Note that, when considering the local explainer meth-
ods using bootstrapping procedures, one local explainer
model is built per bootstrapped time series, so that it is
necessary to select local explainers where the explana-
tions can be summarised across the bootstrapped series.

2.4. Global model forecasting procedure

Many different types of global forecasting models have
been proposed recently, from the earlier works of Smyl
and Kuber (2016), Wen, Torkkola, Narayanaswamy, and
Madeka (2017), Salinas et al. (2020), and Bandara, Bergmei
and Smyl (2020), to the winning method of the M4 by Smy
(2020), to Oreshkin et al. (2020) and others. As our work is
agnostic towards the global model used, we aim for a rel-
atively standard long short-term memory (LSTM) network
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implementation, following the guidelines of Hewamalage,
Bergmeir, and Bandara (2021). We detail the exact global
model that we use in the following.

Recurrent neural networks with long short-term memory
cells. RNNs are neural networks that have a feedback loop
o propagate an inner state (Elman, 1990), which makes
hem appropriate for sequential modelling tasks such as
atural language processing or speech recognition. LSTMs
re a special type of RNN that solve problems of van-
shing and exploding gradients in traditional RNNs by
ating mechanisms, which enable them, together with the
eedback loops, to capture non-linear long-term temporal
ependencies in sequences. They have recently gained
opularity in the forecasting space, in particular because
he winning method of the M4 competition (Smyl, 2020)
s based on LSTMs. Following the guidelines of Hewa-
alage et al. (2021), we use a stacked architecture com-
ined with LSTMs with peephole connections (Gers, Schmi
uber, & Cummins, 2000) and perform a number of pre-
rocessing steps.

ata preprocessing. Training and validation periods are
hosen according to Hewamalage et al. (2021). We reserve
separate section from each time series as the valida-

ion period to perform hyperparameter tuning. The global
STM model is built across a group of time series and
ay contain observations in different value ranges. Con-
equently, it may be beneficial to perform a normalisation
o scale the observations. We perform a mean scaling
ransformation as the normalisation strategy, which di-
ides the whole time series yi by its corresponding mean
alue, as indicated in Eq. (1):

i,normalised =
yi

1
Ti

∑Ti
t=1 yi,t

(1)

Thereafter, we take the logarithm of each series to sta-
bilise the variance in the time series. As the time series
in our experiments are all non-negative and may contain
zero values, we apply the log transformation, as defined
in Eq. (2):

yi,log_scaled =

{
log(yi), if min(Y ) > 0,
log(yi + 1), if min(Y ) = 0

(2)

Here, Y is the whole set of time series, and yi,log_scaled is
the time series i after logarithmic scaling. As such, if any
of the series used for modelling contains a zero, all series
are incremented by one before applying the logarithm.
Otherwise, the logarithm is applied directly.

In our approach, we use Fourier terms as additional
inputs (Hyndman & Athanasopoulos, 2021), where a set of
sine and cosine terms are used to model the seasonality of
the time series (Harvey & Shephard, 1993). Following Ban-
dara, Bergmeir, and Hewamalage (2021a) we train the
RNN model together with the preprocessed time series
and Fourier terms, where the Fourier terms are added as
an external variable to capture the periodic effects of the
time series.

Assume yi,t is an observation of time series i in a
particular point of time t . Eq. (3) defines the approach of
1428
approximating the periodic terms for the observation yi,t :

sin
(
2πkt
s1

)
, cos

(
2πkt
s1

)
, . . . , sin

(
2πkt
sn

)
, cos

(
2πkt
sn

)
(3)

Here, n is the number of seasonalities in the time series,
such that sn represents the nth seasonality of time series
i, and k = 1, . . . , K , so that there are K sine and cosine

pairs for each seasonality. The variable K controls the
regularity of the periodic patterns, and we determine its
value using a grid-search algorithm within the range of 1
to 25.

We use the multi-input multi-output (MIMO) strategy
when producing forecasts. Here, we transform a time
series yi into multiple pairs of (Ti − n − m) records,
where Ti is the length of series yi, n is the length of the
nput window, and m is the length of the output window.
hus, each record has (m + n) observations. The MIMO
trategy produces forecasts for the whole output window
t once. Hence, it avoids the accumulation of error in each
orecasting step of the time series when training neural
etworks. Following the aforementioned procedure, to
rain the global model, we use (Ti −m) observations from
ime series yi and reserve the last output window as the
alidation period for parameter tuning.

lobal model training. The RNN models we use have sev-
ral hyperparameters that need to be tuned: namely,
he cell dimension, mini-batch size, maximum number of
pochs, epoch size, number of hidden layers, L2-
egularisation weight, standard deviation of random nor-
al initialiser, and standard deviation of the Gaussian
oise. In line with Hewamalage et al. (2021), we per-
orm automatic hyperparameter tuning using sequential
odel-based algorithm configuration optimisation (SMAC,
utter, Hoos, & Leyton-Brown, 2011). We use continu-
us coin betting (COCOB) as the learning algorithm to
elect an optimal learning rate when training the global
odel (Orabona & Tommasi, 2017). The model generates

he final forecasts after training the model using the
ptimal hyperparameters. To address parameter uncer-
ainty due to the randomly chosen initial weights and
he stochastic nature of the optimisation procedure of
he NN, we train on ten different Tensorflow graph seeds
nd average the resulting forecasts that are then used
s final forecasts in the evaluation, effectively building
n ensemble of 10 models. Although the hyperparameter
uning has associated uncertainty, we do not re-tune the
yperparameters for separate seeds, as it would be com-
utationally too expensive. The initial hyperparameter
anges of the RNN model and their optimal values are
hown in Tables F.17 and F.18 in Appendix F.

ostprocessing global model forecasts. The forecasts are
ostprocessed as follows. First, we take the exponential
f the values to reverse the log transformation. Note that
he mean in the log-transformed scale is the median when
ransformed back to the original scale of the data, and no
ias adjustment is performed (Hyndman & Athanasopou-
os, 2021; Kolassa, 2020), so that the forecasts considered
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in this work are usually medians of the forecasting distri-
bution. Then, we subtract 1 if the original dataset contains
zero values. Afterwards, we de-normalise by multiplying
the forecasts of every series by its corresponding mean.
Then, if the original dataset that we consider contains
integer values, we round the forecasts to the nearest
integer. This is not a necessity for the forecasts, but we
assume that integer forecasts could be required in these
use cases. Finally, if the original dataset that we con-
sider contains only non-negative values, we convert all
negative values to zero.

2.5. Traditional local forecasting models used as local ex-
plainer models

In this section, we briefly discuss the forecasting mod-
ls that we use as surrogate explainer models. A more
etailed description of these methods and our way to
nterpret them can be found in Appendix A.

The traditional models we consider in this work are
xponential smoothing (Brown & Meyer, 1961), seasonal
nd trend decomposition using loess (STL, Cleveland, Cleve
and, McRae, & Terpenning, 1990), the multiple STL (MSTL)
lgorithm (Bandara, Hyndman, & Bergmeir, 2021c), linear
utoregressive models (ARs, fitted locally; we also con-
ider a global version often called pooled regression, PR),
ynamic harmonic regression ARIMA (DHR_ARIMA, Hyn-
man & Athanasopoulos, 2021), a trigonometric Box–Cox
RMA trend seasonal (TBATS) model (De Livera, Hynd-
an, & Snyder, 2011), Prophet (Taylor & Letham, 2018),
nd the theta model (Assimakopoulos & Nikolopoulos,
000). Here, we assume that these traditional statistical
orecasting models are interpretable through components
uch as relevant lags, trend, seasonality, and other at-
ributes. In particular, exponential smoothing decomposes
time series into trend, seasonality, and remainder when
roducing forecasts. STL decomposition is an approach
o decompose time series with a single seasonality ad-
itively into seasonality, trend, and remainder. Similarly,
STL can be used to decompose time series with multiple
easonalities. TBATS also performs a decomposition of the
eries into complex seasonal patterns, trend, and irregular
omponents, and Prophet provides human-interpretable
arameters such as decomposed seasonalities, trend, and
oliday effects. For all these methods, the decomposed
omponents can be used as interpretable components
hen explaining forecasts.
For exponential smoothing, another interpretable char-

cteristic is the chosen model—for example, if a model
ith an additive or multiplicative trend or seasonality is
hosen, etc. Similarly, for the AR, PR, and DHR_ARIMA
odels, their coefficients and other model parameters,
uch as the amount of differencing, the model order, or
he amount of Fourier terms, can be considered as the
nterpretable components when explaining the forecasts.
n this work, we use PR as a local explainer in the NBoot
pproach. Hence, it produces explanations that are still
ocal to the time series that need to be explained. Finally,
s the theta method is identical to simple exponential
moothing with drift (Hyndman & Billah, 2003), it can be
onsidered explainable due to its simplicity.
1429
3. Experimental setup

In this section, we describe the benchmark datasets,
local benchmark models, error metrics, and the evaluation
criteria of the proposed LoMEF framework used for our
experiments.

3.1. Datasets

The aim of our paper is to explain predictions of global
models in situations where the global models have high
accuracy and are preferred over traditional univariate
models. Based on previously reported results (Bandara
et al., 2020; Hewamalage et al., 2021) and preliminary
experiments not reported here, we selected five main
benchmark time series datasets on which global fore-
casting models perform well. A brief description of the
benchmark datasets is as follows.

• Ausgrid-Energy half-hourly dataset (AusGridHH):
This dataset consists of data related to the energy
consumption of 300 households in Australia (Aus-
Grid, 2019). In our experiments, we select data re-
lated to general consumption (GC letter code in
the dataset), which is one of the primary energy
consumption categories. We extract a subset of half-
hourly data from July to October 2012.

• Ausgrid-Energy weekly dataset (AusGridW): This
dataset is an aggregated version of the Ausgrid-
Energy half-hourly dataset. Before aggregation, we
omitted one series which has missing values for
more than eight consecutive months. Thus, this
dataset contains 299 weekly series. We use the full
period for which data is available, namely from July
2010 to June 2013.

• San Francisco Traffic hourly dataset (SFTrafficH):
This dataset contains the hourly traffic data on San
Francisco Bay Area freeways from 2015 to 2016 (Cal-
trans, 2020).

• NN5 weekly dataset (NN5W): This dataset is an ag-
gregated version of the NN5-daily dataset used in
the NN5 forecasting competition and consists of data
on cash withdrawals from ATMs in the UK (Ben
Taieb, Bontempi, Atiya, & Sorjamaa, 2012). The miss-
ing values of the original daily dataset on a particular
day are replaced by the median across the same days
of the week along the whole series. Then the daily
time series are aggregated into weekly values.

• Kaggle Web Traffic daily dataset (WebTrafficD): This
dataset was used in the Kaggle Wikipedia Web Traf-
fic forecasting competition (Google, 2017). It consists
of the daily web traffic (number of hits) of around
145,000 Wikipedia pages. Following the configura-
tions used in the work of Hewamalage et al. (2021),
in our experiments, we use the first 997 series from
the dataset, for the period of July 1, 2015 to Decem-
ber 31, 2016. Unlike the other datasets in our study,
this dataset is count data. As this may be a require-
ment for certain applications (though a forecast as
a mean does not have to be a count, even for count
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Table 1
Dataset statistics.
Dataset No. of series Length Seasonal cycles Horizon

NN5W 111 105 52 8
AusGridW 299 148 52 8
WebTrafficD 997 549 No 60
SFTrafficH 963 726 (24, 168) 24
AusGridHH 300 4704 (48, 336) 96

data), we round the final forecasts to the closest non-
negative integer. Furthermore, as the dataset does
not exhibit seasonality, in this dataset we do not use
Fourier terms with the RNN.

• Kaggle Web Traffic100 daily dataset (WebTraffic100D
For the experiments of the NBoot approach, ran-
domly sampled records were selected from theWeb-
TrafficD dataset, since a considerable amount of mem
ory is required when dealing with the full dataset.

Table 1 shows summary statistics of the datasets used
n this study. We note that all series have equal lengths
ithin a dataset. Similar to the heuristics proposed by Ban-
ara et al. (2020) and Hewamalage et al. (2021), we chose
n input window size of 1.5×horizon, assuming that the
orizon has been chosen in relation to the autocorrelation
tructure and seasonality of the series.

.2. Benchmark models

We use ETS, TBATS, DHR_ARIMA, Prophet, STL_ETS,
heta, and MSTL_ETS as the benchmark models.

Table 2 illustrates the benchmark models used for each
ataset. Note that the benchmark models (local models)
re trained on the actual data, in contrast with the same
odels used as local explainers trained on the respective
ampled data for explanation.
The forecasting literature has established that the per-

ormance and accuracy of forecasting models will usu-
lly heavily depend on the characteristics of the dataset
Petropoulos, Makridakis, Assimakopoulos, & Nikolopou-
os, 2014). This enables practitioners to make informed
ecisions on method selection when facing new data. We
rgue that these approaches can be translated directly to
he case when selecting the best explainer model among
ultiple explainers, by considering the input data of the

ocal explainers as the underlying data from which to
xtract characteristics. In our experiments we use a sim-
lified procedure and select the local models and the local
xplainer models for each dataset, considering the length
f the series, number of seasonal periods, and type of sea-
onality. For example, seasonal series use seasonal local
odels and seasonal local explainers, and non-seasonal
eries use non-seasonal local models and non-seasonal
ocal explainer models, accordingly. In our experimental
etup, for the non-seasonal datasets like the WebTrafficD
ataset, we use non-seasonal ETS and theta as the local
odels and the local explainers. To forecast the time
eries with complex seasonalities we use TBATS, Prophet,
nd DHR_ARIMA in the NN5W, AusGridW, SFTrafficH, and
usGridHH datasets. Moreover, we categorise the bench-
ark models based on the number of seasonalities in
 f
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Table 2
Benchmark models for the datasets.
Dataset Benchmark models

NN5W TBATS, DHR_ARIMA, Prophet, PR
AusGridW TBATS, DHR_ARIMA, Prophet, STL_ETS
WebTrafficD ETS, theta, PR
SFTrafficH TBATS, Prophet, DHR_ARIMA, MSTL_ETS
AusGridHH TBATS, Prophet, DHR_ARIMA, MSTL_ETS

the dataset. We use MSTL_ETS for hourly datasets with
multiple seasonalities, and we use STL_ETS for weekly
datasets with a single seasonality.

3.3. Error metrics

To measure the performance of our models, we use
three different error metrics commonly used in the fore-
casting space, namely, the mean absolute scaled error
(MASE, Hyndman & Koehler, 2006), root mean squared
error (RMSE), and mean absolute error (MAE). The MASE
is a standard scale-free error measure common in fore-
casting, used in, e.g., the M4 (Smyl, 2020) competition.
The MAE and RMSE are scaled measures that therewith
avoid many of the problems that scale-free measures
have, and we use them as our datasets have the same
scale across different series. Eqs. (4), (5), and (6) define
the MASE, RMSE, and MAE measures, respectively (Hynd-
man & Koehler, 2006). Though some works in the liter-
ature argue against the use of different error measures
together (Kolassa, 2020), we use the measure for which
the forecasts have been optimised (RMSE as we use quad-
ratic loss) as the primary error measure, and report the
other measures for sanity checking and to assess how
much accuracy is lost under these other measures.

MASE =

1
h

M+h∑
t=M+1

|ŷt − yt |

1
M − S

M∑
t=S+1

|yt − yt−S |

(4)

RMSE =

√1
h

h∑
t=1

(ŷt − yt )2 (5)

MAE =
1
h

h∑
t=1

|ŷt − yt | (6)

ere, yt and ŷt denote the observation and the forecast at
ime t , respectively, M is the number of data points in the
raining series, S is the seasonality of the dataset, and h is
he forecast horizon.

.4. Evaluating the local explainers

When it comes to evaluating the local explainers, a
uestion is what are the desirable qualities of such ex-
lainers. Following the general literature on local ex-
lainability (Carvalho, Pereira, & Cardoso, 2019; Yang &
im, 2019), we evaluate our local explainers along the
ollowing dimensions.
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• Fidelity – How well does the explainer approximate
the forecast of the GFM?

• Comprehensibility – How interpretable are the ex-
planations?

• Stability – How consistent are the explanations of
the explainer across multiple runs?

• Accuracy – How well does an explainer forecast
unseen data?

Of these, fidelity and comprehensibility are arguably
he most important properties. Fidelity ensures that the
xplainer actually explains the relevant prediction and
an be trusted. Comprehensibility ensures that the ex-
lanations can be understood and are therefore useful.
idelity and accuracy are closely related in the sense
hat if the GFM is accurate and the explainer has fi-
elity, the explainer predictions are accurate. However,
f the GFM is inaccurate, the explainer should follow the
FM and try to achieve high fidelity at the cost of ac-
uracy. As such, accuracy becomes irrelevant in these
ituations (Molnar, 2018). Furthermore, there is a general
radeoff between accuracy and interpretability in ma-
hine learning (Ribeiro, Singh, & Guestrin, 2016a), which
s overcome by local post hoc explainers, such as the ones
sed in our paper, by changing it effectively to a tradeoff
etween interpretability and local accuracy. Nonetheless,
simpler model will arguably be more comprehensible
ut may need to tradeoff fidelity. Similarly, the stabil-
ty of a model is closely related to the variance (Mol-
ar, 2018), and through the well-known bias–variance
radeoff (Hastie, Tibshirani, & Friedman, 2009), simpler
xplainers will tend to be more stable, and complex ex-
lainers and explainers that have non-deterministic com-
onents, such as a neighbourhood sampling step, will
ave less stability.
To perform the evaluations, we first calculate error

easures among the actual observations, global model
orecasts, local statistical benchmark model forecasts, and
he local explainer model forecasts, as follows. Here,
rror(yt , ŷt ) can be one of MAE, RMSE, or MASE.

• Error(global, explainer): Error between the global
model forecasts and forecasts generated from the
local explainer model.

• Error(actual, global): Error between the actual obser-
vations and the forecasts generated from the global
model.

• Error(actual, local): Error between the actual obser-
vations and the forecasts generated from the local
statistical model.

• Error(global, local): Error between the global model
forecasts and the forecasts generated from the local
statistical model.

• Error(actual, explainer): Error between the actual ob-
servations and the forecasts generated from the local
explainer model.

Based on these primary error measures, we can then
calculate secondary error measures as follows:

Fidelity_Actual = Error(global, explainer)
− Error(global, actual) (7)
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Fidelity_Actual, as defined in Eq. (7), verifies whether the
local explainer forecasts are closer to the GFM forecasts
than the GFM forecasts to the actuals. Thus, a value of
Fidelity_Actual of less than zero shows that the explainer
model resembles the behaviour of the global model on the
given time series better than the global model is able to
predict the actuals. As such, this measure is a rather indi-
rect approximation of the performance of the explainer,
as it depends on the accuracy of the global model and
is more useful for accurate GFMs than for models that
do not perform well. It can be seen as a form of sanity
checking, where positive values should be used for further
investigation but do not necessarily indicate a problem.

Fidelity_Local = Error(global, explainer)

− Error(global, local) (8)

Fidelity_Local, as defined in Eq. (8), assesses whether the
local explainer forecasts are closer (indicated by a nega-
tive value of the measure) to the GFM forecasts than the
local model forecasts to the GFM forecasts. This measure
is arguably the most important fidelity measure among
those used in our work. It shows whether the explainer
actually resembles the GFM, compared with a similar
model trained directly on the data without the involve-
ment of the GFM. The main drawback of this measure is
that it does not directly compare the local model with
the explainer, and as such only measures whether the
local model or the explainer is relatively closer to the
global model. There may be situations when both the local
model and the explainer are far away from the global
model (but close to each other). Especially in situations
when the global model overfits the data, the explainer will
be trained on data close to the original data, and therefore
the explainer model will be close to the local model. This
measure may often still show negative values even in this
situation, as long as the explainer is relatively closer to the
global model than the local model, even though both are
far from the global model.

Fidelity_with_Explainer = Error(global, explainer)

− Error(local, explainer) (9)

Eq. (9) shows the formula to verify whether the local ex-
plainer is closer to the global model than the local model.
If the value is less than zero, the explainer model is closer
to the global model than the local model, and vice versa,
and therefore a good explainer. The Fidelity_with_Explainer
measure evaluates the fidelity of the explainer by examin-
ing whether the explainer is mimicking the global model
better than the local model, regardless of the accuracies of
the global and local models. As such, it is able to indicate
problems with overfitting, in contrast to the Fidelity_Local
measure. The drawback of this measure is that if the local
model forecasts and the explainer model forecasts are
on different sides of the global model, this measure may
still show negative values, even though the explainer is
further away from the global model than the local model
is from the global model.

Hence, all fidelity measures defined thus far indicate
important properties of the explainer, and the different

fidelity measures enable us to evaluate different aspects
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of the fidelity of the local explainer. Thus, we use an
average over all of them to achieve a general indication
of fidelity, as shown in Eq. (10):

Fidelity_Average = (Fidelity_Actual + Fidelity_Local

+ Fidelity_with_Explainer)/3 (10)

Next, we define measures of accuracy for the local
xplainers. Accuracy is arguably less important, as the
ain goal of a local explainer is to explain well, not to
redict well.

cc_Global_LocalModel = Error(actual, global)

− Error(actual, local) (11)

q. (11) shows the formula to verify whether the global
odel performs better than the local model. If the value

s less than zero, the global model performs better than
he local model, and vice versa. This measure does not
irectly evaluate the local explainer, but for a complete
icture and to put the other evaluations into context, it is
ecessary to know whether the global model outperforms
he local models.

cc_Explainer_LocalModel = Error(actual, explainer)

− Error(actual, local) (12)

cc_Explainer_LocalModel, defined in Eq. (12), assesses
hether the local explainer performs better than the local
odel when forecasting. If the value is less than zero, the
xplainer model performs better than the local model, and
ice versa. Thus, Acc_Explainer_LocalModel evaluates the
ccuracy of the explainer compared to the local model.
e expect negative values as the results of this measure
hen the global model is performing better than the local
odel. In other words, we expect negative results for this
easure when the results of the Acc_Global_LocalModel
easure are negative.

cc_Explainer_GlobalModel = Error(actual, explainer)

− Error(actual, global) (13)

q. (13) shows the formula to assess whether the local
xplainer performs better than the global model. If the
alue is less than zero, the explainer model performs
etter than the global model, and vice versa. In other
ords, Acc_Explainer_GlobalModel evaluates the accuracy
f the explainer compared to the global model.
To understand the broader view of the model perfor-

ance, we further calculate the mean and median values
cross time series of the per-series performance measures
Fidelity_Actual, Fidelity_Local, Fidelity_with_Explainer,
cc_Global_LocalModel, Acc_Explainer_LocalModel, and
cc_Explainer_GlobalModel). In our results both mean and
edian values across time series of the per-series per-

ormance measures are similar. Hence, we here report
he mean values of the performance measures, and the
edian values are listed separately in the supplementary
aterials. These measures evaluate the fidelity and accu-

acy dimensions of the local explainers. For further clarity,
he fidelity measures are summarised in Fig. 3.

To evaluate the stability of the local explainer models,
e calculate the Error(global, explainer) over independent
1432
Table 3
Execution times for the NN5 weekly dataset.
Dataset No. of series RNN Prophet DHR_ARIMA TBATS

NN5W 111 994 40 20 420

Times are in seconds.

runs of the bootstrapping explainer method, as well as
the NF method, and afterwards measure the stability of
these errors with boxplots and the interquartile range
(IQR) over these runs. We note that, as the NF method
executes the local explainer on only a single time series,
stability here effectively measures the stability of the local
forecasting model.

To evaluate the comprehensibility of the explainer
models, we follow a functionally grounded evaluation
procedure (proxy tasks) in our experiments (Doshi-Velez
& Kim, 2017). This technique can be applied when the
class of local explainer models has already been validated
as being interpretable, e.g., using a user study or, as in our
case, assuming that these models are well established in
practice for interpretations.

Furthermore, we show many examples of how the
models can be used for interpretations in practice, e.g., with
components such as trend, seasonality, model coefficients,
and other characteristics of the models. Those are con-
sidered as a proxy for the quality of the explanations,
and a qualitative evaluation with examples is given in
Section 5.2.

4. Computational performance

The computational performance of our framework heav
ily depends on the execution time of the local explainer
models. While oftentimes the notion in forecasting is that
local models are trained much faster than global models,
this is mainly true for single series and less so when fore-
casts on a large set of series are required (for some timing
results along these lines, see e.g., Godahewa, Bergmeir,
Webb, Hyndman, & Montero-Manso, 2021). Generally,
the idea of local explainability is that the explanations
are only generated for a few specific series where ex-
planations are needed. Hence, in our LoMEF framework,
the local model is used as a local explainer only in the
neighbourhood of the single intended series, where the
execution time of the local explainer model is relatively
low. Table 3 illustrates the average time taken for an RNN
global model and Prophet, DHR_ARIMA, and TBATS local
models for the NN5 weekly dataset in the experiments
of Bandara, Hewamalage, Liu, Kang, and Bergmeir (2021b)
and Godahewa et al. (2021). Those experiments were run
on an Intel(R) Core(TM) i7-8700 processor (3.2 GHz) with
65 GB of main memory.

The proposed NF approach considers the fit of the
global model as the neighbourhood of the series to be
explained. Hence, the time taken to execute the Prophet,
DHR_ARIMA, and TBATS local explainer models on the fit
of the global model will be similar to the execution time
of the local models mentioned in Table 3. For example, if
we consider Prophet as the local explainer, the total time
to produce the RNN forecasts for the whole dataset would
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Fig. 3. Illustration of the different fidelity measures. The fidelities all calculate an error between the respective forecasts/actuals, and then subtract
their error from the ‘‘Reference’’ error between the GFM and the local explainer. As such, if the measures are negative, this indicates the desired
property that the reference error is smaller than the error currently under consideration. The Fidelity_Average measure is an average of all the
easures, indicating average performance against the reference.
Table 4
Mean performance measures of the NF approach based on the RMSE measure for datasets on different local explainer models.
Dataset Local

Explainer
Fidelity
_Actual

Fidelity
_Local

Fidelity_with
_Explainer

Fidelity
_Average

Acc_Global
_LocalModel

Acc_Explainer and
Local Model

Acc_Explainer and
Global Model

NN5W Prophet −9.154∗
−3.152∗

−1.908 −4.738∗
−0.739 −0.222 0.517

DHR_ARIMA −10.353∗
−3.311∗

−2.233∗
−5.299∗

−0.422 −0.450 −0.028
TBATS −11.119∗

−4.206∗
−1.787 −5.704∗

−3.041∗
−2.111∗ 0.931

AusGridW Prophet −9.170∗
−2.950∗ 8.039 −4.081∗

−4.352 −2.209∗ 2.143
DHR_ARIMA −11.223∗

−3.658∗ 5.289 −3.197∗
−3.088 −1.689 1.399

TBATS −12.602∗
−2.231 2.104 −4.243∗

−3.248 −0.741 2.508
STL_ETS −9.967∗

−5.769∗ 0.678 −5.019∗
−6.435∗

−4.240∗ 2.194

WebTrafficD ETS −20.205 −9.778∗
−8.909∗

−12.964∗
−4.706 −4.708 −0.002

Theta −20.322∗
−6.033∗

−5.365∗
−10.573∗

−2.248 −2.198 0.050

SFTrafficH TBATS −0.007∗
−0.008∗

−0.006∗
−0.006∗

−0.003∗
−0.004∗

−0.001∗

Prophet −0.006∗
−0.007∗

−0.004∗
−0.006∗

−0.008∗
−0.006∗ 0.002

DHR_ARIMA −0.006∗
−0.009∗

−0.005∗
−0.006∗

−0.005∗
−0.007∗

−0.001∗

MSTL_ETS −0.002 −0.006∗
−0.003∗

−0.003∗
−0.006∗

−0.004∗ 0.002

AusGridHH TBATS −0.136∗
−0.156∗

−0.133∗
−0.142∗

−0.088∗
−0.090∗

−0.002
Prophet −0.106∗

−0.178∗
−0.136∗

−0.140∗
−0.120∗

−0.110∗ 0.010
DHR_ARIMA −0.119∗

−0.079∗
−0.026∗

−0.074∗
−0.029∗

−0.029∗ 0.000
MSTL_ETS 0.013 −0.135∗

−0.169∗
−0.097∗

−0.186∗
−0.085 0.101

Asterisks indicate statistically significant results, and boldface font indicates negative values (which are desirable).
M

be 994 s, whereas the generation of an explanation for a
single series would take approximately (40/111) ≈ 0.36
. In contrast, in the NBoot approach, the execution time
aken to explain the forecast of a single series is the time
aken to fit the local explainer model per series times the
umber of bootstrapped series generated when defining
he neighbourhood of the series to be considered. If, for
xample, we use 100 bootstrapped time series, in the
xample above, the explanation would take 36 s for a
ingle time series.

. Results and discussion

In this section, we first discuss the quantitative re-
ults of our study, measuring the quality of the local
xplainers in terms of the fidelity, accuracy, and stability
imensions of the explainer models. Then, we provide
xamples of explanations of the local explainers for a
ualitative assessment to examine the quality of local
xplainer models in terms of their comprehensibility. Fi-
ally, we provide a brief discussion on the approach of
electing local explainer models according to the datasets.
 A

1433
Note that the reported results for the NBoot approach
are from the NSTL method. In our experiments, the NSTL
explainer method outperforms the NSieve method. Since
both of these methods demonstrate the potential benefits
of generating neighbourhoods with bootstrapping, we re-
port the results of the best-performing method, which is
NSTL under the NBoot approach. The other results related
to the NSieve approach are provided in the supplementary
materials.

5.1. Quantitative results

In the following, we discuss the quantitative results of
the NF and NBoot explainer methods.

5.1.1. Evaluating the accuracy and fidelity of the explainer
methods

Table 4 shows the mean values of the performance
measures Fidelity_Actual, Fidelity_Local, Fidelity_with_
Explainer, Fidelity_with_Explainer, Acc_Explainer_Global
odel, Acc_Explainer_LocalModel, and
cc_Global_LocalModel relevant to the NF explainer method
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Table 5
Mean and median performance measures based on RMSE measures of the datasets on different local explainer models using the NBoot approach.
Dataset Local

explainer
Fidelity
_Actual

Fidelity
_Local

Fidelity_with
_Explainer

Fidelity
_Average

Acc_Global
_LocalModel

Acc_Explainer and
Local Model

Acc_Explainer and
Global Model

Mean values

NN5W PR −6.755∗ 0.967 −0.266 −2.365 −2.018 −1.865 0.501
ETS – – – – – – –

WebTraffic100D PR −14.156∗
−1.547∗

−1.661∗
−5.788∗

−0.399 −0.416 −0.017
ETS −15.282∗

−10.474∗
−10.391∗

−12.049∗
−4.773 −4.824 −0.050

AusGridW PR −10.922∗ 0.852 2.353 −2.572 ∗
−4.780∗ 0.974 5.754

ETS – – – – – – –

Median values

NN5W PR −6.443∗
−0.079 0.918 −2.411 −0.946 −0.626 0.115

ETS – – – – – – –

WebTraffic100D PR −9.302∗
−0.753∗

−0.957∗
−3.846∗ 0.052 0.075 0.000

ETS −10.186∗
−2.946∗

−3.027∗
−6.097∗

−0.018 −0.030 0.000

AusGridW PR −6.459∗ 0.748 −1.051 −2.474∗
−2.807∗ 0.840 5.538

ETS – – – – – – –

Asterisks indicate statistically significant results, and boldface font indicates negative values (which are desirable).
for the RMSE measure. As the results of the explainer
methods based on the bootstrapping procedure, Table 5
shows the mean and median values of the performance
measures relevant to the NBoot approach for the RMSE
measure. Note that for the NBoot approach, no results are
reported for the NN5W and AusGridW datasets with the
ETS explainer, as ETS cannot be applied to weekly datasets
due to their long seasonal cycles. In the following, we
discuss the results related to the RMSE. The results for the
MASE and MAE measures are similar and lead to the same
conclusions. They are reported in Tables B.7, B.8, C.9, and
C.10 in the Appendix.

Considering the NF explainer method, all of the mean
idelity_Actual values of the RMSE are negative except the
ean Fidelity_Actual value of the MSTL local explainer
hich is used in the AusGridHH dataset. With regard
o the NBoot approach, for all three datasets, the mean
idelity_Actual measures show negative values. This im-
lies that in most cases the forecasts produced by the
lobal models are closer to the forecasts produced by the
xplainers than the actual values. Therefore, the analysis
f Fidelity_Actual allows us to conclude that the explainers
pproximate the global model considerably better than
he actuals.

In both explainer methods, the Fidelity_Local measures
how negative values in all cases, except for the NN5W
nd AusGridW datasets when the NBoot approach is used,
hich indicates that the explainer model forecasts ap-
roximate the forecasts of the global model better than
he local model forecasts approximate the global model
nder both techniques. The worse performance of NBoot
or weekly datasets with the PR explainer is likely due
o PR being a global model that trains across all the
ootstrapped series, and as such, the explainer model is
ess localised.

The mean Fidelity_with_Explainer measures show neg-
ative values except for the NF explainer methods in the
AusGridW dataset. As such, except for AusGridW, the
forecasts from the explainers are considerably closer to
the forecasts of the global model compared with the
1434
forecasts of the local models. The positive values for Aus-
GridW show a certain degree of overfitting of the GFM
(which we could confirm with a check of some exam-
ple series). Thus, the results on the AusGridW dataset
illustrate well the limitation of the NF approach, which
may lead to explainers that are very close to the local
models, if the in-sample fit of the GFM is close to the
original data. To overcome this limitation, we perform the
NBoot technique on the AusGridW dataset. With NBoot,
the mean of Fidelity_with_Explainer is still positive, al-
though the negative values we now obtain for the median
show that NBoot is able to overcome the problem in the
majority of cases.

The summarised mean fidelity, Fidelity_Average, is
negative for all cases in the NF and NBoot explainer
approaches, implying that the local explainer models gen-
erally approximate the global model forecasts well.

The mean Acc_Global_LocalModel measures show neg-
ative values in both approaches across all the explainer
models, which implies that the actual values are closer to
the global model forecasts than the local model forecasts.
This indicates that the global model is better than the
local model in terms of accuracy measured against the
actual values (which is not surprising, as the datasets have
been selected in such a way that global models perform
well, as outlined in Section 3.1).

The mean Acc_Explainer_LocalModel performance mea-
sures show negative values for all three types of error
measures with regard to both the NF and NBoot ap-
proaches. This implies that the forecasts of the explainer
model are closer to the actual values than the forecasts
of the local model. Thus, the performance of the ex-
plainer model is better than that of the local model when
compared with the actual values, which is an interest-
ing property and an interesting avenue to achieve more
accurate but still simple local models.

Considering both the NF and NBoot explainer
approaches, the mean Acc_Explainer_GlobalModel mea-
sures show mostly positive values, except for few cases.
This implies that the forecasts of the global model are
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closer to the actual values than the forecasts of the ex-
plainer model. Thus, the performance of the global model
is better than that of the explainer model, which is not
surprising, as the main aim of an explainer model is to
explain well, not to achieve the best possible accuracy.

We furthermore perform Student’s t-tests, as imple-
ented in the function t.test in the stats package
f the R programming language (R Core Team, 2021),
o evaluate the statistical significance of our results. In
articular, we perform one-sided tests to test whether
he values are significantly smaller than zero. Assuming
ndependence in the results between the datasets and
ocal explainers, but dependence across error measures
RMSE, MASE, and MAE), we use a Bonferroni correction
eparately on each error measure to control the family-
ise error across multiple tests, and to avoid spurious
esults. We use an initial significance level of 0.05, and as
e perform 350 tests in total per error measure (RMSE,
ASE, and MAE), this leads to a corrected significance

evel of α ≈ 1.4 × 10−4. The statistically significant
results are marked with an asterisk (*) in Tables 4 and 5
of the main paper, and in Tables B.7, C.9, B.8, and C.10 in
the Appendix. Furthermore, in the Appendix, Tables D.11,
D.12, D.13, E.14, E.15, and E.16 show the corresponding
unadjusted p-values. In these tables with p-values, val-
es in boldface font indicate values that are statistically
ignificant.
In summary, by analysing Fidelity_Actual, Fidelity_Local,

and Fidelity_with_Explainer, we conclude that the local ex-
plainer model is explaining the global model for the given
benchmark datasets and their particular local explainers
well. In both the fidelity and accuracy performance mea-
sures of the explainers, the NF approach outperforms the
NBoot approach. In the NBoot approach, we add noise
during the bootstrapping process, which may make the
explanations less local and bring the explanations further
away from the actual values. However, NBoot is able to
overcome problems that NF has in situations where the
GFM is overfitting.

By analysing the results of Acc_Explainer_LocalModel,
we have shown that it is possible to increase the accuracy
of the forecasts of the local models by training them as
local explainers following our methodology.

We further perform experiments to identify the best
local explainer model for each dataset, considering the
fidelity and accuracy dimensions of the performance met-
rics. Fig. 4 shows the summary plots for the NN5W, Web-
TrafficD, SFTrafficH, and AusgridHH datasets. In each of
these radar plots, the performance measures are shown
on the individual axes. Each axis shares the same tick
mark where the higher values increase the error, and the
lower values decrease the error. In particular, we consider
the models to be better when they cover a smaller area
in the radar plot, so that a minimal area covered yields
the best local explainers. Using this criterion, according
to Fig. 4, the best local explainer models for NN5W, Web-
TrafficD, SFTrafficH, and AusgridHH are the TBATS, ETS,
DHR_ARIMA, and Prophet explainers, respectively. Here,
we do not consider the AusgridW dataset, as it already
revealed positive values in Table 4 that deviated from the
1435
Table 6
Stability of the proposed explainer methods based on
bootstrapping.
Dataset Local explainer NF NBoot

NN5W PR 0.000 0.229
ETS – –

WebTraffic100D PR 0.000 0.073
ETS 0.000 0.069

AusGridW PR 0.000 0.284
ETS – –

expected values for the fidelity and accuracy evaluation
metrics.

5.1.2. Evaluating the stability of the explainer methods
For this experiment, we consider the same datasets

and explainer models that were used when producing
explanations using the NF and NBoot approaches. Fig. 5
shows boxplots of the median RMSE between the global
model forecast and the PR local explainer on the NN5W
dataset, the PR local explainer on the WebTraffic100D
dataset, the ETS local explainer on the WebTraffic100D
dataset, and the PR local explainer for the AusGridW
dataset, over 10 independent runs. Note that for NF, the
PR model is fitted on a single time series and effectively
falls back to an AR model. Table 6 shows the according
IQRs. From the plots and the table, we see that the NF
approach is unsurprisingly the most stable approach, as it
does not introduce uncertainty through a bootstrapping
procedure, and only reflects the uncertainty in the fitting
of the local model.

5.2. Qualitative results

This section qualitatively evaluates the comprehen-
sibility of the explanations, with example explanations
generated using the different local explainers for two
explainer approaches.

5.2.1. Example explanations for the NF method
In the following, we discuss two examples for different

local explainer models that can explain the forecasts via
decompositions.

Example 1: Decomposition explanations using the MSTL local
explainer. Fig. 6(a) shows a plot of forecasts based on the
MSTL model for a single time series of the San Francisco
Traffic hourly dataset. The figure allows us to visually
verify fidelity and accuracy as follows. We can see that
the global RNN model outperforms the local MSTL model,
since the RNN forecasts are closer to the actuals than
the local MSTL model. Moreover, we can observe that
the MSTL explainer model approximates the global model
better than the MSTL local model. Both of these obser-
vations show that the MSTL explainer is performing as
expected. Fig. 6(b) gives an example of explanations of the
global model forecasts provided by the TBATS explainer
model. It provides components (ideally of the forecasts,
but in our plot of the training set), namely, daily and
weekly seasonalities and the trend as the decomposed
components, to give insights into the forecast.
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Fig. 4. Summary plots for the fidelity and accuracy error measures for the benchmark datasets.
s

xample 2: Decomposition explanations using the Prophet
ocal explainer. Fig. 7(a) shows the forecast plot based on
he Prophet model for a single time series of the Aus-
rid half-hourly dataset. The plot shows that the global
NN model outperforms the local Prophet model, and
hat the Prophet explainer model approximates the global
odel better than the Prophet local model approximates

he global model. Both of these observations allow us to
onclude that the Prophet explainer is performing as ex-
ected. Fig. 7(b) shows the explanations for the forecasts
enerated by the global model using the Prophet ex-
lainer. Here, the Prophet explainer provides daily, yearly,
nd weekly seasonalities and the trend as components
f the forecasts that can be used to attribute parts of
he forecasts of the global model to these components
irectly.

.2.2. Example explanations for bootstrapped neighbourhood
In contrast to the NF approach, in the NBoot ap-

roach, the explanations are produced by training an
nterpretable statistical model on the in-sample global
odel forecasts of the bootstrapped series. Therefore,

n this case, there are N explainer models, where N is
he number of bootstrapped series per original series.
n our experiments, we bootstrap 100 series from the
eekly series and 50 series from the daily series. With N
xplainer models instead of just one, it now also becomes
mportant to be able to summarise the models. In the
1436
following, we illustrate this for the NBoot approach and
for PR and ETS as the local explainers.

Example 1: Decomposition explanations using the ETS local
explainer. Fig. 8 shows the forecast plot based on the ETS
model for a single time series of the Kaggle Web Traffic
daily dataset. Here, the forecasts of the explainer are
calculated by bagging, i.e., by averaging the forecasts over
the bootstrapped series. From the plot, we can see that
the global RNN model outperforms the local ETS model,
and that the ETS explainer model approximates the global
model better than the ETS local model approximates the
global model. Both of these observations allow us to con-
clude that the ETS explainer is performing as expected
using the NBoot approach.

Fig. 9 summarises the resulting ETS models fitted on
the bootstrapped series, following a procedure from
Petropoulos, Hyndman, and Bergmeir (2018). As an expla-
nation, Fig. 9 shows us that the predictions are based on
no seasonality and a trend that is between no trend and
a linear trend; i.e., a weak linear trend can be assumed.

Example 2: Decomposition explanations using a PR local
explainer. Though PR is a global model, as outlined above,
here we use it as a local explainer by fitting it across all
bootstrapped series for a particular series to be explained.

Fig. 10 shows the forecast plot based on the PR model
for a single time series of the NN5 weekly dataset. From
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Fig. 5. Distribution of RMSEs across 10 independent runs of the proposed explainer methods.
the plot, we see that the global RNN model outperforms
the PR model, and that the PR explainer model approxi-
mates the global model better than the (local) PR model.

Fig. 11 shows the PR interpretation based on the
coefficients of the regression function. Similar to the ex-
planations provided by the LIME algorithm (Ribeiro et al.,
2016b), here we plot the coefficients in a bar graph as the
explanation of feature importance for the global model
forecast, as the coefficients show how much a feature
contributes towards a higher or lower prediction. From
the figure, we can see that lag1 contributes towards
higher values, whereas lag2 and lag8 contribute to lower
values of the global model prediction.

6. Conclusions and future work

We presented local model explanations for forecast-
ing (LoMEF), a model-agnostic framework for the local
explainability of global forecasting models. It employs
statistical forecasting techniques that can be deemed in-
terpretable in a locally defined neighbourhood to explain
the global model forecast of a particular time series using
interpretable components such as trend, seasonality, co-
efficients, and other model attributes. We proposed two
approaches to define the neighbourhood, one based on
bootstrapping and the other based on model fitting. The
1437
bootstrapping procedure of the neighbourhood is appro-
priate when the global model is overfitting to the training
dataset. Otherwise, we recommend the simpler procedure
based on model fitting.

We evaluated our framework on five different bench-
mark datasets from energy, web traffic, and road traffic
forecasting applications. The experiments performed in
both quantitative and qualitative aspects showed that the
two approaches in our LoMEF framework lead to ex-
plainers that approximate the global model forecast well
and lead to comprehensible explanations. Thus, LoMEF
promises to be a versatile tool in the forecaster’s toolbox
to explain GFMs through local models.

However, our approach also has some limitations. The
NF approach is usually the approach of choice, as it runs
much quicker than the NBoot approach and is as localised
as possible to the series under consideration. Its main
limitation is that it depends on the in-sample fit of the
GFM. If the fit is not meaningful, through heavy under-
or over-fitting of the GFM, the NF approach’s ability to
provide faithful explanations is limited. If the GFM fits
the data perfectly, the local explainer and the local model
are in fact identical. The Fidelity_with_Explainer measure
is able to detect such situations, where the local model
and the explainer coincide better than the explainer and
the GFM.
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Fig. 6. MSTL local explainer forecasts and interpretation.
The NBoot approach is able to address this problem,
ince it uses bootstrapping techniques to generate a neigh-
ourhood. However, the procedure is rather slow and,
epending on the bootstrapping procedure, certain as-
umptions about the data need to be made. Furthermore,
1438
noise added during the bootstrapping procedure may
make the procedure less localised (as indicated by the
Fidelity_Local measure), especially when using a global
model across the bootstraps as an explainer. When us-
ing a local explainer per bootstrap, the NBoot approach
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Fig. 7. Prophet local explainer forecasts and interpretation.
enerates multiple local explanations for the forecasts
enerated for a single series, and it may be a challenge
o aggregate and summarise explanations.

In the future, we hope to validate the robustness of
he LoMEF framework by applying it to different types
f global forecasting models and different types of time
1439
series datasets used in various applications (e.g., medi-
cal applications). When providing these explanations, the
multivariate factors of the time series are not considered
in our framework. Therefore, this will be an excellent
research question on interpretability in forecasting. More-
over, similar to other ML models, this model is susceptible
to biases in the data. A plethora of works in this line
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Fig. 8. ETS interpretation: Forecast plot.
Fig. 9. ETS interpretation: Chosen model summary plot.
how that post hoc explanations can assist in detecting
odel biases. Uncovering model biases using post hoc
xplanations was not addressed in the current work but
ould be an excellent research question for future work.
urthermore, theoretically defining the ‘‘right’’ level of
ocality for explanations is unexplored in the time series
orecasting domain, and this could also be explored in the
uture.
1440
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Appendix A. Local explainer models

Exponential smoothing

Exponential smoothing is a very popular family of
nivariate forecasting models. It uses decompositions and
eighted averages of past observations, where the weights
re decaying exponentially over time (Brown & Meyer,
961). In its simplest form, called simple exponential
moothing, it does not model trend or seasonality. More
ophisticated models have been introduced subsequently
o model trends and seasonalities (Brown, 1957; Winters,
960) in additive and multiplicative ways.
In this work, we use the ets function from the fore-

ast package (Hyndman et al., 2022; Khandakar & Hynd-
an, 2008) in the R programming language. The function

its different exponential smoothing models with differ-
nt trends and seasonalities, and then selects one model
ased on a criterion such as the AICc. Thus, both the
ype of model (for example, a model with a local linear
rend and a multiplicative seasonality) as well as the
ecomposed time series components (trend, seasonality,
emainder) can be used to interpret the predictions.

TL decomposition

Seasonal and trend decomposition using loess (STL,
leveland et al., 1990) is a statistical approach of decom-
osing a time series xt additively into three components—
easonality St , trend Tt , and residuals Rt—as shown in
Eq. (A.1):

xt = St + Tt + Rt (A.1)

The components can be used to interpret the forecast.
STL is limited to series with a single seasonality. If a
series has multiple seasonalities, multiple STL (MSTL)
decomposition can be used (Bandara et al., 2021c).

Similar to STL, MSTL decomposes the time series into
seasonal components, trend, and remainder. It extracts
multiple seasonal components by applying the STL pro-
cedure iteratively. Thus, Eq. (A.1) can be extended to
Eq. (A.2):

xt = S1t + S2t + · · · + Snt + Tt + Rt (A.2)

Here, S1t , S
2
t , . . . , S

n
t denote the multiple seasonal compo-

nents. Again, we consider the decomposed components
of the time series as interpretable features of a forecast.
We use the implementations of STL and MSTL available in
the functions stl and mstl from the stats and fore-
cast packages in R (Hyndman et al., 2022; Khandakar &
Hyndman, 2008; R Core Team, 2021).

Linear autoregressive models

We also consider univariate linear autoregressive mod-

els, since they can be fitted both locally and globally (also

1442
called pooled regression, PR) but with the same inter-
pretability through their coefficients. In the pooled regres-
sion, coefficients are the same across all time series. In our
experiments we use PR as a local explainer in the NBoot
approach. In this context, the term ‘‘global’’ means train-
ing across the bootstrapped series of the instance that
needs to be explained. Hence, it produces explanations
that are still local to the time series under consideration.
To implement the PR models, we use the glm function
in the stats package of the R programming language (R
Core Team, 2021).

Dynamic harmonic regression ARIMA

Dynamic harmonic regression (DHR) is a statistical
forecasting approach which is often used to forecast series
with long seasonal periods, such as weekly and daily se-
ries, where ARIMA and ETS tend to produce less accurate
results (Hyndman & Athanasopoulos, 2021).

In the approach of DHR_ARIMA, we use Fourier terms
to model the seasonality, and ARIMA errors to model the
short-term time series dynamics, while assuming that the
seasonal pattern is constant over time. In terms of inter-
pretation, the value of K Fourier terms, selected through
grid search, gives an indication of the complexity of the
seasonal pattern. The value of the first two coefficients,
i.e., for cos(2π t/s) and sin(2π t/s), can be interpreted as
the relative importance of the corresponding seasonal
period. We use the auto.arima function from the fore-
cast package in R (Hyndman et al., 2022; Khandakar &
Hyndman, 2008) together with the Fourier terms gener-
ated by the function fourier from the same package to
implement the model.

Trigonometric Box–Cox ARMA trend seasonal model: TBATS

TBATS is a state-of-the-art approach to forecast time
series with complex multiple seasonalities (De Livera
et al., 2011). To model complex multiple seasonalities,
TBATS uses trigonometric representation terms based on
Fourier series. Additionally, TBATS has the ability to model
both linear and non-linear time series with single season-
alities, multiple seasonalities, high-period seasonalities,
non-integer seasonalities, and dual calendar effects. As a
local explainer, TBATS performs a decomposition of the
series into complex seasonal patterns, trend, and irregular
components. We use TBATS in its implementation in the
tbats function from the forecast package in R.

Prophet

Prophet (Taylor & Letham, 2018) is another popular
univariate forecasting software based on decompositions
of the time series. It fits an additive decomposition model
where non-linear trends are fitted with multiple seasonal-
ities (e.g., yearly, weekly, and daily seasonality), together
with holiday effects, as defined in Eq. (A.3):

x = S1 + S2 + · · · + Sn + T + R + H (A.3)
t t t t t t t
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Table B.7
Mean performance measures based on the MASE measure for datasets on different local explainer models using the NF approach.
Dataset Local

explainer
Fidelity
_Actual

Fidelity
_Local

Fidelity_with
_Explainer

Fidelity
_Average

Acc_Global
_LocalModel

Acc_Explainer and
Local Model

Acc_Explainer and
Global Model

Mean values

NN5W Prophet −0.375∗
−0.146∗

−0.086 −0.202 −0.033 −0.005 0.028
DHR_ARIMA −0.439∗

−0.147∗
−0.086 −0.224 −0.026 −0.017 0.009

TBATS −0.503∗
−0.246∗

−0.130 −0.293 −0.187∗
−0.140∗ 0.047

AusGridW Prophet −0.268∗
−0.083∗ 0.272 −0.026 −0.126∗

−0.063∗ 0.063
DHR_ARIMA −0.335∗

−0.128∗ 0.179 −0.095 −0.099 −0.066∗ 0.033
TBATS −0.360∗

−0.087∗ 0.075 −0.124 −0.124∗
−0.046 0.078

STL_ETS −0.302∗
−0.183∗ 0.049 −0.145 −0.186∗

−0.127∗ 0.058

WebTrafficD ETS −1.101∗
−0.773∗

−0.739∗
−0.871 −0.431 −0.430 0.001

Theta −1.110∗
−0.424∗

−0.394∗
−0.643 −0.157∗

−0.155∗ 0.003

SFTrafficH TBATS −0.364∗
−0.480∗

−0.413∗
−0.419 −0.170∗

−0.182∗
−0.013

Prophet −0.232∗
−0.354∗

−0.194∗
−0.260 −0.453∗

−0.298∗ 0.155
DHR_ARIMA −0.262∗

−0.547∗
−0.274∗

−0.361 −0.291∗
−0.308∗

−0.018
MSTL_ETS −0.032 −0.366∗

−0.210∗
−0.203 −0.334∗

−0.183∗ 0.152

AusGridHH TBATS −0.462∗
−0.510∗

−0.446∗
−0.473 −0.285∗

−0.291∗
−0.006

Prophet −0.337∗
−0.680∗

−0.578∗
−0.531 −0.533∗

−0.449∗ 0.083
DHR_ARIMA −0.408∗

−0.347∗
−0.160 −0.305 −0.155∗

−0.142∗ 0.013
MSTL_ETS 0.110 −0.393∗

−0.595∗
−0.293 −0.645∗

−0.197 0.448
Asterisks indicate statistically significant results, and boldface font indicates negative values (which are desirable).
Table B.8
Mean performance measures based on the MAE measure for datasets on different local explainer models using the NF approach.
Dataset Local

explainer
Fidelity
_Actual

Fidelity
_Local

Fidelity_with
_Explainer

Fidelity
_Average

Acc_Global
_LocalModel

Acc_Explainer and
Local Model

Acc_Explainer and
Global Model

NN5W Prophet −6.454∗
−2.794∗

−1.427 −3.558∗
−0.683 −0.131 0.552

DHR_ARIMA −7.673∗
−2.793∗

−1.651 −4.039∗
−0.586 −0.406 0.180

TBATS −8.419∗
−4.555∗

−2.179 −5.051∗
−3.332∗

−2.392∗ 0.940

AusGridW Prophet −6.093∗
−2.643∗ 7.969 −0.256 −4.649∗

−2.045∗ 2.604
DHR_ARIMA −8.242∗

−3.282∗ 5.105 −2.140∗
−3.142 −1.689 1.453

TBATS −9.319∗
−1.956 1.915 −3.120∗

−3.000∗
−0.568 2.432

STL_ETS −7.244∗
−4.689∗ 2.067 −3.289∗

−5.748∗
−3.518∗ 2.229

WebTrafficD ETS −10.887∗
−8.669∗

−7.772∗
−9.109∗

−5.156∗
−5.215∗

−0.059
Theta −11.045∗

−5.904∗
−5.250∗

−7.400∗
−2.798 −2.796 0.001

SFTrafficH TBATS −0.005∗
−0.006∗

−0.005∗
−0.005∗

−0.002∗
−0.002∗ 0.000

Prophet −0.003∗
−0.005∗

−0.003∗
−0.004∗

−0.006∗
−0.004∗ 0.002

DHR_ARIMA −0.004∗
−0.008∗

−0.004∗
−0.005∗

−0.004∗
−0.004∗ 0.000

MSTL_ETS 0.000 −0.005∗
−0.002∗

−0.002∗
−0.005∗

−0.002∗ 0.003

AusGridHH TBATS −0.075∗
−0.115∗

−0.102∗
−0.097∗

−0.078∗
−0.078∗ 0.000

Prophet −0.046∗
−0.142∗

−0.121∗
−0.103∗

−0.122∗
−0.103∗ 0.019

DHR_ARIMA −0.061∗
−0.056∗

−0.016∗
−0.044∗

−0.035∗
−0.029∗ 0.005

MSTL_ETS 0.055 −0.087 −0.132∗
−0.054 −0.165∗

−0.061 0.104

Asterisks indicate statistically significant results, and boldface font indicates negative values (which are desirable).
Table C.9
Mean performance measures based on MASE measures of the datasets on different local explainer models using the NBoot.
Dataset Local

explainer
Fidelity
_Actual

Fidelity
_Local

Fidelity_with
_Explainer

Fidelity
_Average

Acc_Global
_LocalModel

Acc_Explainer and
Local Model

Acc_Explainer and
Global Model

NN5W PR −0.236∗ 0.145 0.060 −0.010 −0.087∗
−0.052 0.034

ETS – – – – – – –

WebTraffic100D PR −0.862∗
−0.120 −0.167∗

−0.324∗
−0.081 −0.091 −0.010

ETS −0.929∗
−0.735∗

−0.728∗
−0.451∗

−0.479 −0.421 0.058

AusGridW PR −0.159∗ 0.037 −0.047 −0.092 −0.093∗ 0.072 0.218
Here, Ht represents the holiday effects. Most importantly,
n Prophet, human-interpretable parameters (i.e., decom-
osed seasonalities, trend, and holiday effects) can be
ncompassed based on domain knowledge to improve
he forecast. In this paper, we use the implementation of
rophet in the prophet package in R (Taylor & Letham,

2018).
1443
Theta

The theta method was initially introduced by Assi-
makopoulos and Nikolopoulos (2000) and attracted the
interest of forecasting practitioners after winning the M3
forecasting competition (Makridakis & Hibon, 2000). It
was later shown by Hyndman and Billah (2003) that the
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Table C.10
Mean performance measures based on MAE measures of the datasets on different local explainer models using the NBoot approach.
Dataset Local

explainer
Fidelity
_Actual

Fidelity
_Local

Fidelity_with
_Explainer

Fidelity
_Average

Acc_Global
_LocalModel

Acc_Explainer and
Local Model

Acc_Explainer and
Global Model

NN5W PR −3.879∗ 1.072 −0.277 −1.028 −2.556 −2.033 0.523
ETS – – – – – –

WebTraffic100D PR −7.896∗
−1.489∗

−1.550∗
−3.645∗

−0.924∗
−0.807 0.118

ETS −8.826∗
−9.175∗

−9.126∗
−9.043∗

−5.470 −5.511 −0.041
AusGridW PR −7.908∗ 0.895 1.358 −1.885 −3.965∗ 1.568 5.533
Table D.11
Unadjusted p-values for mean RMSE measures of the datasets for different local explainer models using the NF approach.
Dataset Local

explainer
Fidelity
_Actual

Fidelity
_Local

Fidelity_with
_Explainer

Fidelity
_Average

Acc_Global
_LocalModel

Acc_Explainer
and Local Model

Acc_Explainer and
Global Model

NN5W Prophet 2.190E−18 2.435E−08 2.134E−04 2.831E−16 1.436E−01 3.476E−01 8.794E−01
DHR_ARIMA 2.226E−23 5.478E−09 2.519E−05 3.213E−19 2.538E−01 1.976E−01 4.720E−01
TBATS 5.584E−23 6.950E−10 1.514E−03 7.598E−20 6.954E−07 4.983E−05 9.962E−01

AusGridW Prophet 5.439E−12 5.639E−09 1.000E+00 1.786E−07 1.991E−04 3.034E−06 9.791E−01
DHR_ARIMA 4.533E−17 5.756E−11 1.000E+00 1.909E−09 1.506E−03 1.733E−04 9.324E−01
TBATS 3.698E−19 5.226E−04 9.916E−01 1.909E−09 1.435E−04 1.571E−01 9.985E−01
STLETS 7.380E−14 1.283E−27 8.121E−01 5.041E−15 2.548E−09 2.475E−15 9.908E−01

WebTrafficD ETS 4.244E−16 1.480E−10 1.212E−10 1.089E−18 3.546E−04 3.240E−04 4.947E−01
Theta 3.750E−16 4.276E−06 3.301E−06 5.651E−13 2.313E−02 2.419E−02 6.443E−01

SFTrafficH TBATS 1.068E−78 1.729E−121 1.070E−84 5.792E−144 5.388E−17 1.623E−28 1.447E−12
Prophet 1.806E−51 7.091E−182 1.461E−68 1.307E−129 2.253E−189 8.686E−150 1.000E+00
DHR_ARIMA 1.984E−51 3.659E−166 6.729E−54 3.420E−130 2.720E−60 4.436E−99 1.176E−15
MSTLETS 2.585E−04 3.117E−77 2.843E−18 1.419E−34 2.189E−66 3.198E−37 1.000E+00

AusGridHH TBATS 1.245E−67 6.560E−19 1.973E−15 5.588E−29 1.983E−10 9.561E−11 1.565E−01
Prophet 1.642E−49 5.192E−47 7.933E−37 5.509E−60 2.166E−31 1.721E−30 1.000E+00
DHR_ARIMA 5.191E−60 4.320E−57 3.081E−11 8.130E−64 1.910E−11 5.424E−18 4.452E−01
MSTLETS 7.082E−01 1.641E−06 2.203E−20 1.036E−06 1.884E−27 4.016E−04 1.000E+00

Values that are significant according to the Bonferroni-corrected significance level of 1.4 × 10−4 are shown in boldface.
Table D.12
Unadjusted p-values for mean MASE measures of the datasets for different local explainer models using the NF approach.
Dataset Local

explainer
Fidelity
_Actual

Fidelity
_Local

Fidelity_with
_Explainer

Fidelity
_Average

Acc_Global
_LocalModel

Acc_Explainer
and Local Model

Acc_Explainer and
Global Model

NN5W Prophet 5.601E−18 1.220E−06 2.123E−03 8.808E−14 1.447E−01 4.318E−01 8.990E−01
DHR_ARIMA 5.788E−24 2.087E−09 4.433E−04 1.616E−20 1.883E−01 2.640E−01 6.748E−01
TBATS 2.693E−23 1.843E−10 2.421E−04 1.229E−18 1.942E−08 6.629E−06 9.943E−01

AusGridW Prophet 2.959E−11 5.273E−08 1.000E+00 8.001E−02 5.919E−05 1.181E−05 9.834E−01
DHR_ARIMA 3.708E−16 2.295E−14 1.000E+00 2.019E−07 5.523E−04 5.674E−06 8.919E−01
TBATS 3.970E−17 7.418E−05 9.973E−01 1.298E−08 1.671E−05 2.668E−02 9.988E−01
STL_ETS 1.917E−13 3.732E−28 9.848E−01 3.172E−09 1.564E−09 5.238E−14 9.865E−01

WebTrafficD ETS 4.714E−22 8.557E−05 1.595E−04 3.172E−09 1.609E−02 1.629E−02 6.384E−01
Theta 2.762E−22 7.716E−27 1.104E−24 8.788E−30 3.261E−07 4.623E−07 9.452E−01

SFTrafficH TBATS 9.907E−108 2.046E−113 1.157E−92 1.728E−140 1.916E−22 1.037E−24 7.013E−02
Prophet 2.247E−44 5.228E−161 1.583E−63 2.030E−115 3.434E−195 5.045E−131 1.000E+00
DHR_ARIMA 2.122E−63 1.974E−162 9.674E−57 9.566E−135 7.890E−54 4.229E−72 3.098E−02
MSTL_ETS 5.427E−02 6.423E−71 1.327E−26 4.543E−34 1.091E−65 1.171E−21 1.000E+00

AusGridHH TBATS 6.712E−09 9.007E−29 1.024E−23 1.629E−20 3.758E−14 1.045E−16 1.871E−01
Prophet 3.228E−05 3.803E−22 1.488E−21 5.275E−15 9.039E−50 4.749E−41 1.000E+00
DHR_ARIMA 8.148E−07 4.004E−06 2.162E−02 6.830E−05 9.206E−24 4.065E−19 9.085E−01
MSTL_ETS 8.287E−01 1.346E−04 1.448E−13 8.453E−04 6.323E−33 1.209E−02 1.000E+00

Values that are significant according to the Bonferroni-corrected significance level of 1.4 × 10−4 are shown in boldface.
s
u

ethod is in fact identical to simple exponential smooth-
ng with drift, where the drift parameter is chosen as half
he slope of a linear trend that is fitted to the data. As
he method is simple and interpretable, and has been very
1444
uccessful in the past, we use it as a local explainer. We
se the implementation of theta in the thetaf function

from the forecast package in R.
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Table D.13
Unadjusted p-values for mean MAE measures of the datasets for different local explainer models using the NF approach.
Dataset Local

explainer
Fidelity
_Actual

Fidelity
_Local

Fidelity_with
_Explainer

Fidelity
_Average

Acc_Global
_LocalModel

Acc_Explainer
and Local Model

Acc_Explainer and
Global Model

NN5W Prophet 5.404E−14 4.141E−07 3.266E−03 3.540E−12 1.445E−01 4.007E−01 9.192E−01
DHR_ARIMA 1.002E−19 2.037E−07 6.889E−04 1.238E−15 1.608E−01 2.058E−01 6.853E−01
TBATS 1.510E−19 1.011E−10 2.219E−04 6.320E−18 1.570E−07 8.564E−06 9.944E−01

AusGridW Prophet 2.293E−07 1.539E−07 1.000E+00 3.316E−01 4.115E−05 2.117E−05 9.956E−01
DHR_ARIMA 8.960E−13 5.240E−09 1.000E+00 1.061E−04 5.632E−04 1.881E−04 9.553E−01
TBATS 1.877E−14 1.230E−03 9.911E−01 1.052E−06 1.445E−04 2.180E−01 9.991E−01
STL_ETS 4.926E−10 3.390E−21 9.974E−01 1.128E−08 5.320E−09 2.228E−12 9.954E−01

WebTrafficD ETS 1.784E−15 2.249E−10 1.665E−10 1.300E−16 2.581E−05 3.233E−05 2.908E−01
Theta 2.122E−15 8.827E−06 6.573E−06 4.405E−10 5.022E−03 6.546E−03 5.068E−01

SFTrafficH TBATS 3.017E−91 5.435E−117 5.991E−97 3.493E−148 1.257E−14 1.635E−12 8.229E−01
Prophet 2.441E−36 3.805E−137 8.329E−57 3.826E−101 5.589E−200 7.903E−107 1.000E+00
DHR_ARIMA 1.497E−54 4.944E−137 4.781E−49 3.132E−115 7.527E−52 1.049E−59 7.206E−01
MSTL_ETS 5.143E−01 8.950E−59 4.502E−17 6.076E−23 2.143E−56 4.498E−11 1.000E+00

AusGridHH TBATS 3.109E−61 1.864E−15 4.808E−13 5.241E−22 5.149E−10 2.780E−10 5.214E−01
Prophet 4.907E−28 2.156E−38 3.959E−32 3.412E−45 4.740E−35 2.390E−30 1.000E+00
DHR_ARIMA 6.519E−48 7.832E−58 5.449E−07 1.044E−52 1.955E−22 2.485E−27 9.996E−01
MSTL_ETS 9.961E−01 5.608E−04 5.263E−14 1.540E−03 1.292E−21 5.488E−03 1.000E+00

Values that are significant according to the Bonferroni-corrected significance level of 1.4 × 10−4 are shown in boldface.
Table E.14
Unadjusted p-values for mean RMSE measures of the datasets for different local explainer models using the NBoot approach.
Dataset Local

explainer
Fidelity
_Actual

Fidelity
_Local

Fidelity_with
_Explainer

Fidelity
_Average

Acc_Global
_LocalModel

Acc_Explainer
and Local Model

Acc_Explainer and
Global Model

NN5W PR 9.128E−12 7.651E−01 3.846E−01 9.310E−03 5.501E−04 3.022E−03 8.623E−01

WebTraffic100D ETS 9.445E−16 6.354E−05 6.883E−05 1.358E−08 1.187E−02 1.101E−02 2.357E−01
PR 6.398E−15 1.518E−05 1.578E−05 6.569E−17 5.655E−02 4.098E−02 4.593E−01

AusGridW PR 2.044E−14 9.214E−01 9.984E−01 2.623E−05 7.320E−08 9.113E−01 1.000E+00

Values that are significant according to the Bonferroni-corrected significance level of 1.4 × 10−4 are shown in boldface.
Table E.15
Unadjusted p-values for mean MASE measures of the datasets for different local explainer models using the NBoot approach.
Dataset Local

explainer
Fidelity
_Actual

Fidelity
_Local

Fidelity_with
_Explainer

Fidelity
_Average

Acc_Global
_LocalModel

Acc_Explainer
and Local Model

Acc_Explainer and
Global Model

NN5W PR 6.164E−06 9.922E−01 9.531E−01 4.041E−01 1.409E−04 2.856E−02 9.374E−01

WebTraffic100D ETS 8.372E−12 2.166E−05 1.901E−05 1.243E−09 1.059E−03 3.423E−03 9.987E−01
PR 2.250E−11 9.054E−04 3.868E−06 7.610E−15 7.678E−04 1.913E−03 2.175E−01

AusGridW PR 3.833E−09 9.785E−01 9.796E−01 1.833E−02 1.986E−06 9.999E−01 1.000E+00
Table E.16
Unadjusted p-values for mean MAE measures of the datasets for different local explainer models using the NBoot approach.
Dataset Local

explainer
Fidelity
_Actual

Fidelity
_Local

Fidelity_with
_Explainer

Fidelity
_Average

Acc_Global
_LocalModel

Acc_Explainer
and Local Model

Acc_Explainer and
Global Model

NN5W PR 2.454E−05 7.897E−01 3.816E−01 1.192E−01 2.299E−04 1.254E−03 8.786E−01

WebTraffic100D ETS 4.056E−16 7.766E−05 7.929E−05 3.156E−07 2.698E−03 2.625E−03 2.652E−01
PR 3.172E−15 6.637E−06 1.132E−05 3.637E−17 7.251E−05 3.468E−04 7.666E−01

AusGridW PR 1.230E−10 9.403E−01 9.582E−01 7.343E−04 7.901E−07 9.855E−01 1.000E+00

Values that are significant according to the Bonferroni-corrected significance level of 1.4 × 10−4 are shown in boldface.
Table F.17
Initial hyperparameter ranges of the global forecasting model.
Dataset Cell di-

mension
Gaussian noise
stdev

L2 regularisation Max epoch
size

Max no.
epochs

Mini batch
size

No. hidden
layers

Random
initialiser stdev

NN5W 20–50 0.0001–0.0008 0.0001–0.0008 2–10 2–25 5–30 1–2 0.0001–0.0008
AusGridW 20–50 0.0001–0.0008 0.0001–0.0008 2–10 2–25 2–50 1–2 0.0001–0.0008
WebTrafficD 20–50 0.0001–0.0008 0.0001–0.0008 2–10 2–25 200–700 1–2 0.0001–0.0008
SFTrafficH 20–50 0.0001–0.0008 0.0001–0.0008 3–6 3–10 200–300 1–2 0.0001–0.0008
AusGridHH 20–50 0.0001–0.0008 0.0001–0.0008 2–4 5–20 10–50 1–2 0.0001–0.0008
1445
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Table F.18
Optimal hyperparameter values of the global forecasting model.
Dataset Cell di-

mension
Gaussian noise
stdev

L2 regulari-
sation

Max epoch
size

Max no.
epochs

Mini batch
size

No. hidden
layers

Random
initialiser stdev

NN5W 35 0.00045 0.00045 6 14 18 2 0.00045
AusGridW 35 0.00045 0.00045 6 14 35 2 0.00045
WebTrafficD 22 0.00045 0.00045 6 14 450 2 0.00045
SFTrafficH 35 0.00045 0.00045 4 6 250 2 0.00045
AusGridHH 35 0.00045 0.00045 3 12 30 2 0.00045
Appendix B. Fidelity and accuracy measures for the NF
method

See Tables B.7 and B.8.

ppendix C. Fidelity and accuracy measures for the
Boot method

See Tables C.9 and C.10.

ppendix D. Statistical significance of the results of the
F explainer

See Tables D.11–D.13.

ppendix E. Statistical significance of the results of
Boot approach

See Tables E.14–E.16.

ppendix F. Hyperparameter values of the global model

See Tables F.17 and F.18.

ppendix G. Supplementary data

Supplementary material related to this article can be
ound online at https://doi.org/10.1016/j.ijforecast.2022.
6.006.
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