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ABSTRACT ARTICLE HISTORY
Optimizing the time-series forecasting performance is a multi- Rec'_eived 16 May 2023
objective problem which enables the comparison of general Revised 3 May 2024

applicability of methods across multiple use cases such as  Accepted 17 June 2024
finance and demographics. Libra, a time-series forecasting fra-
mework which shifts the problem of optimization from mini-
mizing single to multiple evaluation measures and use cases, is
used as a benchmark to evaluate the performance of the Long
Short-Term Memory (LSTM) neural network. LSTMs with para-
meter tuning have been shown to perform well with time-series
forecasting. This paper applies LSTMs (mostly with standard
parameters and variations of some of them) to the Libra frame-
work and concludes that due to data characteristic variance and
without increased hardware and time constraints LSTMs do not
outperform the median measures of Libra.

Introduction

Until recently, there was no standardized benchmark for time-series forecast-
ing (Bauer et al. 2020, 2021; Huang et al. 2019). This leads to poor quality
evaluations of the generalized method accuracy and “fails to guide the choice
of an appropriate method for a particular use case” (Bauer et al. 2021).
A standardized benchmark would “accelerate the development of new algo-
rithms and ML systems” (Huang et al. 2019) and allow comparison between
methods and/or hyperparameters in order to increase the “quality of their
prediction in general” across “many branches of applied sciences and busi-
ness” (Peter and Matskevichus 2019).

Benchmarks exist for other branches of machine learning (ML) such as
MLPerf (Huang et al. 2019) and the UCR dataset for time-series classification
(Elsayed, Maida, and Bayoumi 2019). However, Bauer et al. (2020) show that
50% of their reviewed studies use “no more than three time series” for time-
series forecasting evaluation.
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Recently, Bauer et al. (2021) introduced Libra to fill this gap in bench-
marking. The dataset is composed of four use cases — economics, finance,
human access, and nature — each containing 100 heterogenous univariate
time series from different domains, and three types of evaluation. This
directly satisfies the benchmark suggestions of Huang et al. (2019): use
cases, data properties, domain assortment, and output variability. Libra sets
a standard with which new time-series forecasting methods may be gen-
erally evaluated.

The evaluation methods (EM) in Bauer et al. (2021) are ML but not deep
learning methods, e.g., random forests. However, deep learning methods are
commonly applied to time-series forecasting (Bauer et al. 2020; Elsayed,
Maida, and Bayoumi 2019; Elsworth and Giittel 2020; Huang et al. 2019;
Turkin 2017; Zaremba et al. 2014). Often, the Long Short-Term Memory
(LSTM) method, introduced by Hochreiter and Schmidhuber (1997), demon-
strates above-average performance (Elsworth and Giittel 2020; Huang et al.
2019). This paper applies the LSTM method to Libra to evaluate its generalized
performance against the methods and results of Bauer et al. (2021). Thus, the
contribution of this paper is twofold: We provide an experiment-based eva-
luation of LSTMs with standard parameters (with varying some of them, see
Section 4) within the Libra as a standard framework for time-series forecasting
(one-step-ahead forecast and multi-step-ahead forecast) considering data from
different fields. Secondly, we provide the study as a paradigm for applying
a rather wide range of performance measures related to time-series forecast-
ing. Our article is structured as follows: In Section 2, related works are
discussed with addressing contributions regarding time series, Libra, and
LSTM models. Section 3 provides a description of the considered problem.
The setup for our experiments is discussed in Section 4. Results are presented
in Section 5. In Section 6 our conclusions are provided.

Related Work
Time Series

A time series is a sequence of data points distributed over time, usually in
evenly spaced intervals. Time series can be univariate - one point of data per
interval, or multivariate — multiple data observations per interval.

Time series contain several differentiating factors (Bauer et al. 2020, 2021;
de Livera, Hyndman, and Snyder 2011), as with figurative data shown in
Figure 1. Trend indicates the general direction of the series. Seasonality
describes a regular pattern within series, e.g., annual Christmas shopping in
sales data. Frequency is the length of one season. A cycle describes a pattern
without a fixed frequency, e.g., stock market fluctuations. The remainder of the
data outside of these factors is the irregular component.
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Figure 1. Decomposition of a time series into factors (de Livera, Hyndman, and Snyder 2011).

Libra

Libra provides four elements of standardization for time-series forecasting:
three datasets, each of 100 time series of different domains, which forecast
methods can evaluate on three evaluation types to compute 10 performance
measures against benchmark representative evaluation methods (REM).

The source of time series varies, including publicly available datasets and
the M-Competitions (Makridakis, Spiliotis, and Assimakopoulos 2018), which
are commonly used for time-series forecasting, but display heterogeneity in
their time-series features (Bauer et al. 2021). A further comparison of the
datasets can be found in Bauer et al. (2021).

Bauer et al. (2021) shows that the frequency and length of the Libra datasets
are more diverse and extensive than other time-series forecasting datasets.
Across the Libra datasets, the length of the time series varies from 20 to
372,864 data points, and the frequency varies from 1 to 4,368. The median
lengths of the Economics, Finance, Human, and Nature use cases are 170, 682,
1464, and 714 data points. This means that Libra has a large variation of
horizon lengths hz (also known as the prediction interval) in time series across
use cases, with the smallest, hz =1 and the largest, hz = 74,572 (see Figure 2).

Libra provides three types of evaluation for methods to execute,
which vary on the ratio of training and test data, where training data
is the data used for method learning and test data is data to which the
method is not exposed during training and which is used for error
measurement (Bauer et al. 2021). The training data is sent to the EM
as a time series or history to be evaluated (hist). The length of the
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Horizon Length vs Use Case for Multi-Evaluation
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Figure 2. Multi-step-ahead forecast (MSAF) horizon (prediction) lengths by use case.

prediction (prediction interval) for the EM to make is the horizon hz
(Bauer et al. 2021; de Livera, Hyndman, and Snyder 2011). The length
of hist to be used to predict hz is known as the lag and varies according
to EM implementation.

The first evaluation type Libra offers is the one-step-ahead forecast (OSAF)
which provides hz = 1 and all values of the time series excluding the last as hist.
The multi-step-ahead forecast (MSAF) provides the first 80% of the time series
as hist and the length of the last 20% as hz. The rolling-origin forecast (ROF)
divides the time series into 100 equal indexes, is conscious of start/end indices,
and performs a MSAF that starts with each of these indices.

Multiple performance measures exist for time-series forecasting and many
papers use different measures to evaluate EM success. Bauer et al. (2021)
optimize on error and time-to-result. Peter and Matskevichus (2019) assesses
specific complexity, i.e., “the ratio of the number of model parameters. . . to its
median error.” Huang et al. (2019) suggest a broader difference between
system performance (including error and time-to-result) and workload
characterization.
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Within error and time measurement, many measures exist to compare
performance (de Livera, Hyndman, and Snyder 2011; Elsworth and Giittel
2020; Peter and Matskevichus 2019). To better measure the generalized
performance and prevent overfitting, Libra measures EM performance
across 10 measures to “counter the weakness of a specific error measure”
(Bauer et al. 2021). Some error measures make use of the baseline function,
sNaive, which simply predicts the same value(s) from the previous observa-
tion period. Each measure is listed below where hz is the forecast horizon,
x; the actual value at time ¢, y, the forecast value at time t, p the length of
the period, g the length of the history, and hist; the historical values at
time 1.

Symmetrical mean absolute percentage error (sMAPE) computes
a percentage error between two numeric vectors, is independent of
scale, and has an upper limit of 200%, but has a “heavier penalty when
forecasts are high” and may produce the upper error limit when actual or
prediction values are close to zero (Hyndman and Koehler 2006):

200% hz |xt _yt|
= . (1)
ZtZI ’xt +yt|

e = hz

Standard deviation of sMAPE, o,,,.

Mean absolute scaled error (MASE) computes the forecast error “scaled by
the in-sample mean absolute error obtained using the naive forecasting
method,” is less sensitive to outliers, but produces a less immediately
intuitive result (Hyndman and Koehler 2006):

Ly |x: — yi
_ =1
eMA ‘= hg = , : (2)
T 2ui=pt1 ‘hzst,- - hzsti,p‘

Standard deviation of MASE, o,,, .
Under mean wrong estimation is the relative number of forecast values
that underestimate the actual values:

1 hz .
Pu =7, Zt:I max(sin(x; — y1),0). ®)

Over mean wrong estimation is the relative number of forecast values that
overestimate the actual values:

Po = hiz : Zzl max(sin(y; — x¢),0). (4)

Under mean wrong accuracy share is the mean percentage error when
underestimating the actual values:
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1 hz max(x;—y,0)
Sy 1= Fepg 2=t 0 PuT 0 5)
0 otherwise,

e Over mean wrong accuracy share is the mean percentage error when
overestimating the actual values:

1 hz  max(y;—x;,0)
8o 1= Tepg 2=t a0 Po” 0 (6)
0 otherwise,

e Time-to-result, t., reflects the average time “normalized by sNiive” in
order to be independent of the underlying hardware, and includes only
the time “in which the forecasting method receives the time series,
estimates the parameters, creates the model, and performs the forecast”
(Bauer et al. 2021).

e Standard deviation of time-to-result, o,,.

Libra additionally provides pre-computed results for 10 REMs for EM com-
parison (Bauer et al. 2021):

e ETS (Error, Trend, Seasonal) decomposes time series into factors and
determines factor relationships, is “good for time series with a strong
trend,” but “is rather bad in detecting long and complex seasonal pat-
terns” (Bauer et al. 2020).

e SARIMA (Auto-Regressive Integrated Moving Average) is a seasonal var-
iant of the ARIMA method. ARIMA is a traditionally accurate and
popular EM, although its method selection can be time consuming
(Bauer et al. 2020; Peter and Matskevichus 2019; Siami-Namini,
Tavakoli and Siami Namin 2019).

e sNaive

e TBATS is an extension of ETS which further improves seasonality and
error modeling but requires positive values (Bauer et al. 2020).

e Theta de-seasonalizes and splits the data into short- and long-term
components to form a combined weighted forecast but “struggles with
long or multiple seasonal patterns” (Bauer et al. 2020).

This list includes the following ML REMs:

e GPyTorch applies Gaussian inference — a probability mapping over a set of
functions.

e NNetar “is a feed-forward neural network with one hidden layer” (Bauer
et al. 2021).
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e SVR (Support Vector Regression Machine) attempts to separate data
using mathematical methods but is sensitive to parameterization and
training can be computationally expensive (Bauer et al. 2020).

e RF (Random Forest) is a set of decision trees, each trained on a random
sample of the features.

» XGBoost is also a set of decision trees, except that each is grown “sequen-
tially with knowledge from the preceding tree” (Bauer et al. 2021). It
“requires many hyper-parameter settings and is sensitive to overfitting if
the data are noisy” (Bauer et al. 2020).

For each evaluation of an EM on a given use case for a given evaluation type
(use case evaluation), Libra outputs a comma-separated-values file of a (pre-
computed) matrix of performance measure - REM result values. In Bauer et al.
(2021) full results are included only for MSAF, and the combined results of
MSAF across all use cases are provided below for basic reference.

The Long Short-Term Memory Method

A neural network is a processing network which contains at least one input,
hidden, and output layer where the input and output layers are connected to
the hidden layer. The hidden layer is composed of nodes (also known as units)
which learn and hold processing weights as information passes through. In its
basic form, a neural network is feed-forward, meaning information passes
from input to output. For continuous learning networks, backpropagation
can be programmed, enabling the error of the output (the loss function) to be
fed back into the hidden layers, resulting in a learning phenomenon where the
network becomes more accurate over time (Elsworth and Giittel 2020;
Hochreiter and Schmidhuber 1997; Siami-Namini, Tavakoli, and Siami
Namin 2019).

Recurrent Neural Networks (RNNs) are back propagated neural networks
which are designed for sequences. Their input consists of the next weighted
element of the sequence, combined with the output from the previous
sequence RNN output. The benefit is that the method is “independent of
sequence length” (Elsworth and Giittel 2020) and learning is influenced by
previous sequence elements, although this memory via weights is short term
and learned patterns are easily forgotten by new input (Connor and Atlas
1991; Rumelhart et al. 1986; Siami-Namini, Tavakoli, and Siami Namin 2019).
This is known as the vanishing gradient problem (Elsworth and Giittel 2020).

To counter the vanishing gradient, Hochreiter proposed the LSTM, com-
posed of an input gate, memory cell, and output gate, a similar structure as for
the RNN (Hochreiter and Schmidhuber 1997; also cf.; Elsworth and Giittel
2020). However, the LSTM retains information for a longer time by leveraging
three internal gates which use the sigmoid function to make decisions on
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values which approach 0 or 1. The forget gate (f_g) determines whether to keep
or forget the cell state, the input gate (i_g) determines whether to accept new
data into the cell state, and the output gate (0_g) determines which cell states
should leave the cell and feed into the next hidden state (Elsworth and Giittel
2020; Siami-Namini, Tavakoli, and Siami Namin 2019). The input gate also
contains a cell update layer (c_u), also known as the candidate gate which
transforms the input into a “vector of new candidate values” (Siami-Namini,
Tavakoli, and Siami Namin 2019).
The input-output of the LSTM can be described as:

(h<f>,c<f>) — L(h“—l),c(f—l),x(f)), @)

where h(®is the hidden state and ¢ the cell state at time t with

K0 0 e [=1,1], x) the element of the sequence R? (Elsworth and Giittel
2020).

LSTMs have been shown to perform well with long lag times and generalize
well (Hochreiter and Schmidhuber 1997), although they require “very large
amounts of training data and rather long training time” (Bauer et al. 2020). To
provide greater lag in cases of a small horizon (such as the OSAF), a difference
in input/output size may be required. The Encoder-Decoder architecture of
the RNN (see Figure 3) can be used to map “a variable-length source sequence
to a fixed-length vector” and further into “a variable-length target sequence”
(Cho et al. 2014). Such an architecture (see Figure 3) is often used for
translations (len, words of English to len; words of French), or in the case of
time series, len;, length of lag to leny, of horizon).

During recent years, various studies investigated LSTM models for
time-series prediction in different scenarios. Karasu and Altan (2022)

Decoder

T 1

X1 X2 Xt

Encoder

Figure 3. An encoder-decoder architecture which maps the output of a method (the encoder
LSTM) to a vector which is used for the input of the decoder LSTM.
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suggest an LSTM model with hyperparameter optimization by two
metaheuristic methods for predicting volatile oil prices. Abbasimehr
and Paki (2022) apply LSTM and a multi-head attention model to time-
series prediction, which are compared with some standard time-series
forecasting techniques and hybrid approaches. A comparison of LSTM
and CNN models for predicting financial time series is provided by
Mehtab and Sen (2022). Studies on multivariate time-series prediction
using LSTMs are provided by Guo et al. (2020) and Ghanbari and Borna
(2021). A recent survey of applications of LSTM to time-series predic-
tion is given by Lindemann et al. (2021). Although comparative results
are provided in various of these studies, they do not make use of
a rather comprehensive library of test data, such as Libra which allows
to evaluate and benchmark the results under various performance mea-
sures as discussed above.

Problem Description

The problem considered in Bauer et al. (2021), Bauer et al. (2020), Peter and
Matskevichus (2019) and Elsayed, Maida, and Bayoumi (2019) is the multi-
objective “selection of the most appropriate forecasting method for a given use
case” (Bauer et al. 2021) with a focus on minimization of method error across
a dataset constrained to univariate time series. Bauer et al. (2021) conclude
that “no method performs best for all use cases.” Peter and Matskevichus
(2019) show that the application of certain method architectures is more
common among certain domains, such as finance. Elsayed, Maida, and
Bayoumi (2019) demonstrate how the variability of deep learning parameters
affects “the optimal neural network architecture for forecasting time series.”

Time-Series Forecasting

In time-series forecasting, an EM is given a time series (ts) of length n and
horizon to predict the values ts,, 1 11, denoted py_n.—1. These values are used
as inputs for a performance measure, which typically measures the difference
to a baseline method or the actual future values, denoted ay_j,—1, producing
the error, eg_jz—1.

In the context of this study, the horizon depends on the evaluation type
(OSAF, MSAF, ROF). Given the time and complexity requirements, this study
only focuses on the OSAF and MSAF. This means, values of hz will be one- or
two-dimensional and avoid the third dimension of the ROF.

The time series and horizon are both programmatically provided by Libra to
the EM, as well as the 10 performance measures. For each use case evaluation,
the EM generates po_,,—; which Libra uses as input to output a value for each
performance measure.
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The difficulty in optimization with many performance measures is choosing
which measure to optimize on. Because the function of optimization depends
on the performance measure (e.g., minimizing or maximizing a value), for
simplicity an optimized outcome will now be referred to as well performing. An
EM can perform well in any number of performance measures (Elsworth and
Giittel 2020).

To draw meaningful conclusions about the generalized performance of an
EM and prevent numerous comparisons across the matrix of measures, certain
heuristics can be evaluated. In this study, the focus is on maximizing the sum of
best performance measures (wins), as well as comparing the performance mea-
sure of the EM to the mean and median across all REMs (above or below average
performance).

For example, in the LIBRA results for MSAF on all use cases reported in
Bauer et al. (2021), XGBoost exhibits five wins, and performs well with a below
average eya (1.00) compared to the mean (1.41), and a below average €pa
(1.00) compared to the median (1.12). This aligns with the conclusion of Bauer
et al. (2021) that XGBoost is “the most accurate” and “for two use cases, the
best” machine learning method.

LSTM Parameterization

The complexity of the LSTM method provides many parameters, such as
weight bias, activation functions, the number of hidden units, and stacked
layers (ensembling; see below). It is common to use ML frameworks which
provide out of the box solutions with reasonably preset parameter values
(Bauer et al. 2021). This prevents over-parameterization, and as demonstrated
by Peter and Matskevichus (2019), “an increase in the number of parameters
does not greatly affect the accuracy of the models.” In the next section, these
parameters are described along with their values for the LSTM evaluation.

Computation Framework and Setup for Experiments

The Libra framework is written in the R programming language and consists
of three core files: benchmark.R, used as a test harness or runner to be called
from the implemented EM, forecasting.R which defines the evaluation types
and iterates through the use case datasets, and measures.R which defines the
performance measures for standardized implementation. The EM is to be
written in a separate file, such as Istm.R, and call the runner. The implementa-
tion decisions of the EM and the frameworks used are left to the researcher.
In this study, the LSTM method was implemented using the Keras
framework (Keras 2021). Keras is an API layer on top of the popular
TensorFlow core, a provider of ML methods and accessory functions.
Keras includes an LSTM layer which was used. However, a few
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parameters were modified in this study to 1) build a method which
generalizes over the datasets, 2) provide a means of optimization testing,
and 3) limit the constraints on hardware and time. Apart from the
parameters for which the Libra is responsible (such as variation on
the horizon), parameters inside of the EM corresponding to this study
are listed below.

« Data normalization: Because of the trigonometric functionality of LSTMs,
data can be normalized in different manners to standardize the scale of
weights. Z-Score (standard score) was used to represent input values as the
number of standard deviations away from the mean. The data were scaled with

z=2"# (8)
o

and descaled with
Z'=x-0+u, 9)

where x is the raw value, y is the data mean, and o is the data standard
deviation.

e Lag: computed as 10% of the time-series length to adapt to assorted
lengths. Setting lag equal to the horizon was considered but did not
perform well in preliminary tests when hz=1.

e Architecture: LSTMs can be ensembled (combined) for increased accuracy
(Bauer et al. 2020; Elsayed, Maida, and Bayoumi 2019). Using the
Encoder-Decoder architecture, a preliminary test led the design such
that the Encoder consists of two stacked LSTMs and the Decoder
a single LSTM followed by a single node to combine the output into
one value.

o Number of samples: The number of slices of lag from each time series
which was used for learning. Generally, LSTMs perform better with more
training data (Bauer et al. 2020). As mentioned in the results section, tests
were conducted with 100 to 1024 samples.

e Number of hidden layer units: The input is univariate, and therefore
a direct relation between number of internal units and features cannot
be easily determined. Feature extraction prior to training was not used. As
discussed in the results section, experiments were conducted with 16 to
1024 Encoder hidden units and 8 to 512 Decoder hidden units.

e Batch size: The number of samples processed in a single iteration of back
propagation before the weights are updated. A higher number decreases
training time but can lead to less performant methods. This value was set
to 32 as a balance between performance and hardware constraints.

e Epochs: The number of passes over the training dataset. As mentioned in
the results section, tests were conducted with 16 to 200 epochs.
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e Kernel regularizer: Applies a regression analysis on the weights of the
LSTM. This was set to 10% lasso regression.

e Bias regularizer: Applies a regression analysis on the biases of the LSTM.
This was set to 10% lasso regression.

e Kernel initializer: The initial weights for the LSTM. This was set to
orthogonal following the study of Hu, Xiao, and Pennington (2020).

e Loss function: This was set as mean squared error to add penalty to
estimations further from the mean which is formalized as MSE:

L 1 hz 2
MSE := EZ:‘:O (@i — x;)%, (10)

e Optimizer learning rate: The gradient descent algorithm and rate to
update network weights. Adam - the default optimizer — was used with
a learning rate of 0.001.

e Loss reduction: The Keras training loop provides a callback which can
reduce the learning rate if a plateau is detected. This is set to a reduction of
0.01 if the learning rate has not changed in two epochs.

e Validation split: The percent of data to withhold from the training data to
provide an out-of-sample dataset for monitoring the unbiased accuracy of
the method. The size of this test data set was set to 10%. For training
purposes, 90% of the data was used.

e Sample shuffle: Shuftles the samples to promote diversified sample learn-
ing. This was set to True.

e Early stopping: A Keras callback which stops training earlier than the
number of epochs if no change in loss is detected. This was set to 10
epochs.

Although this is not essential for the analysis of the computational effort (as we
use the hardware-independent normalized time-to-result measure suggested
by Bauer et al. (2021) as discussed in Section 2.2) we would like to mention,
that all experiments have been conducted on a computer with a 2.3 GHz Quad
Core Intel Core i7 CPU (with Turbo Boost up to 4.1 GHz), an Onboard GPU
(Intel Iris Plus Graphics) (not used for the experiments), 32 GB 3733 MHz
LPDDR4X RAM, and a 512 GB SSD.

Results

OSAF was first tested by training a method of 1000 samples, 64 Encoder
hidden units, 32 Decoder hidden units, and 100 epochs for each time series.
Each of the four use cases were tested and their results are given in Tables A1-
A5 in Appendix A. A summary overview across use cases via mean average
was made; the results are listed in Table 1. A cell entry in italics indicates above
average (worse) performance, and a bold value, below average (better).
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When predicting one step ahead, the LSTM had zero wins, i.e., did not
perform well (Min Measure column) for any of the measures. When compar-
ing error measures (esy and epa ), the LSTM was above the median value for
most measures but below the mean value for ey, its standard deviation, and
0Oe,,- For over- and underestimation, the LSTM tended to underpredict,
although accuracy was comparable to the accuracy of its overpredictions.
The time-to-result (fy) of the LSTM was below the mean, but over the
median.

The MSAF was tested with 100 samples, 16 Encoder hidden units, 8
Decoder hidden units, and 16 epochs. The reduced values compared to the
OSAF case are chosen to have a similar computational effort. Again, each of
the four use cases with detailed statistics are given in Tables A6-A10 in
Appendix B. These parameters were intentionally set low due to hardware
constraints and some of the maximum time-series lengths (the size of the
Decoder LSTM is equal to the horizon). The mean average results for MSAF
across each use case are shown in Table 2.

With MSAF, the LSTM achieved a minimum share of overpredictions, but
this is complemented by the maximum share of underpredictions, p;,. Again,
the LSTM was under-mean and over-median for ey, 0.,,, t:N, and o, similar
to the OSAF. These statements together imply that the LSTM on the MSAF
tends to consistently predict the mean trend, with a bias toward
underprediction.

Table 1. OSAF abbreviated results of combined use cases.

Measures LSTM Min Measure Max Measure Mean Median

esm 5.03E + 03 Theta sARIMA 4.24E + 04 2.48E + 02
Oeyyy 3.86E + 03 sNaive sARIMA 3.00E + 05 4.13E+02
ema 9.72E + 00 NNetar GPyTorch 8.18E + 00 8.06E + 00
Oeun 1.28E+01 NNetar Theta 1.44E + 01 1.29E + 01
Pu 4.09E - 01 TBATS sNaive 3.64E - 01 3.83E-01
Po 4.33E - 01 GPyTorch sARIMA 4.88E - 01 4.73E - 01
by 2.23E - 01 Theta XGBoost 2.04E - 01 2.12E - 01
6o 2.05E + 00 sNaive LSTM 511E-01 2.99E - 01
ton 1.00E + 04 Theta sARIMA 4.77E + 05 4.45E + 02
Oty 8.55E+ 03 Theta sARIMA 2.49E + 06 2.07E+ 03

Table 2. MSAF abbreviated results of combined use cases.

Measures LSTM Min Measure Max Measure Mean Median

esm 413E+01 sARIMA NNetar 5.95E + 01 2.57E+01
Oeyy 747E+01 sNaive NNetar 3.69E + 02 5.14E+ 01
emn 2.26E + 00 sARIMA LSTM 1.28E + 00 1.12E+ 00
Oy 6.06E + 00 sARIMA SVR 3.35E+ 00 2.43E+ 00
Py 6.32E - 01 sARIMA LSTM 5.79€ - 01 591E-01
Po 3.68E - 01 LSTM sARIMA 4.20E - 01 4.09E - 01
by 2.39E - 01 Theta ETS 2.37E - 01 1.71E - 01
6o 1.03E+01 TBATS ETS 9.23E+ 00 7.48E + 00
tn 1.13E+ 04 sNaive sARIMA 7.99E + 04 6.19E + 02

Oty 1.11E+ 04 sNaive SARIMA 5.10E + 05 1.76E + 03
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To understand how different parameters affected the performance mea-
sures, further tests were made applying the LSTM to MSAF on the Economics
dataset, due to its lowest mean length, with the changes in parameters listed
below.

e Test 1: Testing more robust parameters. Entire economic dataset (median
length = 170), 1024 samples, 256 Encoder hidden units, 128 Decoder
hidden units, 200 epochs.

o Test 2: Testing a smaller mean length. Series 1-10 of the Economic dataset
(median length =20), 1024 samples, 256 Encoder hidden units, 128
Decoder hidden units, 200 epochs. This test was further developed due
to its faster execution time.

e Test 3: Testing equal Encoder/Decoder units. Series 1-10 of the Economic
dataset, 1024 samples, 256 Encoder hidden units, 256 Decoder hidden
units, 200 epochs.

e Test 4: Testing more Encoder/Decoder units. Series 1-10 of the Economic
dataset, 1024 samples, 1024 Encoder hidden units, 512 Decoder hidden
units, 200 epochs.

e Test 5: Testing fewer Encoder/Decoder units. Series 1-10 of the Economic
dataset, 1024 samples, 64 Encoder hidden units, 32 Decoder hidden units,
200 epochs.

e Test 6: Testing a longer lag. Series 1-10 of the Economic dataset, 1024
samples, 256 Encoder hidden units, 128 Decoder hidden units, 200
epochs, and a lag of 60% instead of 10% of hist length.

The results of the six tests (see Table 3) indicates that adding more hidden
units (Test 4) has a negative effect across most measures, which could be due
to the small median lengths of the time series (too many units are “under-
weighted”). In comparison to Test 1, Tests 2, 3, 5, and 6 improve on eysand
tvbut perform worse on é,. This inconsistency could be due to the fact that
these tests use only 10% of the dataset of Test 1, which is consistent with the
warning of Bauer et al. (2020) that LSTMs require a lot of training data. Their
lack of minimization across other measures could indicate that the test series

Table 3. LSTM MSAF parameter testing.

Measures Test 1 Test 2 Test 3 Test 4 Test 5 Test 6

esm 2.55E + 01 4.93E+01 443E+01 5.99E + 01 5.05E + 01 3.84E+01
Oe,y, 2.39E+ 01 4.07E+ 01 3.57E+01 8.01E + 01 3.90E + 01 2.20E + 01
emn 1.39E+ 00 9.97E - 01 1.01E+ 00 1.81E + 00 1.11E+ 00 8.37E - 01
Oy 3.33E+ 00 9.52E - 01 9.88E - 01 3.13E+00 9.30E - 01 5.50E - 01
Py 6.76E — 01 6.13E - 01 4.75E - 01 4.50E - 01 5.63E - 01 6.50E - 01
Po 3.24E - 01 3.88E - 01 5.25E - 01 5.50E - 01 4.38E - 01 3.50E - 01
by 1.56E - 01 2.68E - 01 2.65E - 01 3.95E - 01 2.48E - 01 2.22E - 01
6o 4.39E + 00 2.99E - 01 5.25E - 01 8.35E - 01 3.86E - 01 2.89E - 01
ton 1.13E+05 1.98E + 04 2.47E + 04 1.23E+05 1.14E + 04 4.64E + 04

Oty 9.65E + 04 7.23E+ 03 9.56E + 03 4.79E + 04 4.63E+03 5.84E + 03
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had too few data. Test 6 shows an error measure improvement at the sacrifice
of ty and p;. Given the correct hardware, future research could test the longer
lag of Test 6 with the full use case dataset of Test 1.

Conclusions and Outlook

In relation to the REM values provided by Libra, the LSTM performed under-
mean and over-median for e, and over-mean and over-median for ey,
indicating that the LSTM learned to predict the mean value but not the
distinguished patterns (frequency or seasonality) of the training data.
Indeed, Elsworth and Giittel (2020) state that high frequency, low data time
series can “appear as noise” to LSTMs, and finding a suitable lag size is “tricky”
because as lag increases, “the size of the training set decreases.”

A difficulty of this study was the large variance of time series found in the
Libra dataset. Although this is a benefit for diversified testing, many studies
mention “tuning” LSTM parameters for the given training data (Bauer et al.
2020; Elsworth and Giittel 2020; Hochreiter and Schmidhuber 1997; Siami-
Namini, Tavakoli and Siami Namin 2018), which is difficult for time series of
such varied nature. Additionally, some time series required a large horizon
(predicting 74,572 values at once) which increased the size of the method
structures, and therefore significantly impacts the training time. Parameter
tuning of an LSTM to achieve optimal generalized performance across the full
Libra dataset would require a significant amount of hardware potential and
time. This challenges Libra’s purpose as a “level playing field” (Bauer et al.
2021) as the complexity could be prohibitive for new experimental methods.

This study can serve as a basis for LSTM generalization and the development of
the Libra framework. To begin with, the method parameters provided were based
on previous studies, but so far, the studies did not explicitly indicate optimal
values. Further experimentation of the parameter values such as batch sizes
discussed in Section 4 could indicate how certain parameters influence the
performance measures of Libra and what most preferable settings might be. It
should be noted, however, that such a tuning of parameters for a domain over-
arching set of time series (as provided in Libra) has its limitations regarding
prediction quality as already indicated by our current findings. Therefore, the
way better results by parameter fine tuning should be focusing on more homo-
genous time-series data.

Another interesting topic for future research could be the measure-
ment of the effect of graphics processing units on f,. Also, gated-
recurrent neural network which have a similar structure to the LSTM,
but lower memory requirements (Elsayed, Maida, and Bayoumi 2019)
could be evaluated for performance differences. The trends and season-
ality of the time series was not removed before training, but is
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a recommendation by Elsworth and Giittel (2020). A key design choice
in this study was to train a new LSTM based on each incoming time
series. A future study could investigate first training the LSTM on all
time series before making the first prediction, although this would
require an architectural change of Libra. Likewise, instead of predicting
all values at once, the LSTM could be changed for MSAF to always
predict one value, and repeat hz times, which might decrease complex-
ity. Finally, offering Libra in other programming languages, such as
Python, could indicate how frameworks such as Keras or methods
such as the LSTM differ in performance, as well as broaden the expo-
sure of the benchmarking framework.

Libra fills a gap in time-series forecast benchmarking by providing
a diverse dataset of time series of wide characteristic variance. Studies of
LSTMs have shown success in forecasting, albeit with predictions on single
or few time series. Applying the LSTM method with common parameters
to the Libra dataset results in a prediction of the mean but results which do
not perform better than existing representative methods, such as sSARIMA
or XGBoost. For improved performance of the LSTM on Libra, the com-
plexity of hardware and/or time would need to increase, or a subset of the
data should be evaluated.

Increasing hardware power and the availability of high-performance com-
puting clusters may allow for LSTM neural networks (or other architectures) to
become available with increased complexity and aspects of computation time
may become less relevant. As a consequence, our suggested set of measures
might be modified, e.g., by omitting time-related measures such as time-to-
result. It could also be useful to consider weights for specifying user-specific
preferences. For instance, prediction accuracy could be weighted higher than
other measures if this aspect is the main concern. This could be considered in
an approach from the field of multiple criteria decision-making (Hanne 2012).

Another suggestion, for future research, would be to analyze in detail the
factors that prevent LSTMs from doing better. This could be done by inves-
tigating the considered dataset regarding properties that either let LSTMs
struggle or perform well.

Disclosure Statement

No potential conflict of interest was reported by the author(s).

ORCID

Ryan Prater (°) http://orcid.org/0000-0003-3698-0111
Thomas Hanne (2 http://orcid.org/0000-0002-5636-1660



APPLIED ARTIFICIAL INTELLIGENCE . €2377510-17

Statements and Declarations

The authors have no relevant financial or non-financial interests to disclose. No funding was
received to assist with the preparation of this manuscript. All data used in this study is included
in the Libra database available at Zenodo: http://doi.org/10.5281/zenodo.4399959.

References

Abbasimehr, H., and R. Paki. 2022. Improving time series forecasting using LSTM and
attention models. Journal of Ambient Intelligence and Humanized Computing
13 (1):673-91. doi: 10.1007/512652-020-02761-x.

Bauer, A., M. Ziifle, S. Eismann, J. Grohmann, N. Herbst, and S. Kounev. 2021. Libra:
A benchmark for time series forecasting methods. In Proceedings of the ACM/SPEC
International Conference on Performance Engineering, 189-200, ACM. doi: 10.1145/
3427921.3450241.

Bauer, A., M. Zufle, N. Herbst, A. Zehe, A. Hotho, and S. Kounev. 2020. Time series forecasting
for self-aware systems. Proceedings of the IEEE 108 (7):1068-93. doi: 10.1109/JPROC.2020.
2983857.

Cho, K., B. Van Merriénboer, C. Gulcehre, D. Bahdanau, F. Bougares, H. Schwenk, and
Y. Bengio. 2014. Learning phrase representations using RNN encoder-decoder for statistical
machine translation. In Proceedings of the 2014 Conference on Empirical Methods in Natural
Language Processing (EMNLP), Association for Computational Linguistics, 1724-34. doi: 10.
3115/v1/d14-1179.

Connor, J., and L. Atlas. 1991. Recurrent neural networks and time series prediction. In IJCNN-
91-Seattle International Joint Conference on Neural Networks, vol. 1, 301-06, IEEE. doi: 10.
1109/IJCNN.1991.155194.

de Livera, A. M., R.]J. Hyndman, and R. D. Snyder. 2011. Forecasting time series with complex
seasonal patterns using exponential smoothing. Journal of the American Statistical
Association 106 (496):1513-27. doi: 10.1198/jasa.2011.tm09771.

Elsayed, N., A. S. Maida, and M. Bayoumi. 2019. Gated recurrent neural networks empirical
utilization for time series classification. In 2019 International Conference on Internet of
Things (iThings) and IEEE Green Computing and Communications (GreenCom) and IEEE
Cyber, Physical and Social Computing (CPSCom) and IEEE Smart Data (SmartData),
1207-10, IEEE. doi: 10.1109/iThings/GreenCom/CPSCom/SmartData.2019.00202.

Elsworth, S., and S. Giittel. 2020. Time series forecasting using LSTM networks: A symbolic
approach. arXiv preprint arXiv:2003.05672. 1-12. doi: 10.48550/arXiv.2003.05672.

Ghanbari, R., and K. Borna. 2021. Multivariate time-series prediction using LSTM neural
networks. In 2021 26th International Computer Conference, Computer Society of Iran
(CSICC), Tehran, Iran, March 3-4, 2021, 1-5. IEEE.

Guo, Z., P. Liu, J. Yang, and Y. Hu. 2020. Multivariate time series classification based on
mcnn-Istms network. In Proceedings of the 2020 12th International Conference on Machine
Learning and Computing, Shenzhen China, February, 510-17.

Hanne, T. 2012. Intelligent strategies for meta multiple criteria decision making, Reprint ed. New
York: Springer.

Hochreiter, S., and J. Schmidhuber. 1997. Long short-term memory. Neural Computation
9 (8):1735-80. doi: 10.1162/neco.1997.9.8.1735.

Hu, W., L. Xiao, and ]. Pennington. 2020. Provable benefit of orthogonal initialization in
optimizing deep linear networks. arXiv preprint arXiv:2001.05992 1-16. doi: 10.48550/arXiv.
2001.05992.


http://doi.org/10.5281/zenodo.4399959
https://doi.org/10.1007/s12652-020-02761-x
https://doi.org/10.1145/3427921.3450241
https://doi.org/10.1145/3427921.3450241
https://doi.org/10.1109/JPROC.2020.2983857
https://doi.org/10.1109/JPROC.2020.2983857
https://doi.org/10.3115/v1/d14-1179
https://doi.org/10.3115/v1/d14-1179
https://doi.org/10.1109/IJCNN.1991.155194
https://doi.org/10.1109/IJCNN.1991.155194
https://doi.org/10.1198/jasa.2011.tm09771
https://doi.org/10.1109/iThings/GreenCom/CPSCom/SmartData.2019.00202
https://doi.org/10.48550/arXiv.2003.05672
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.48550/arXiv.2001.05992
https://doi.org/10.48550/arXiv.2001.05992

€2377510-18 R. PRATER ET AL.

Huang, X., G. C. Fox, S. Serebryakov, A. Mohan, P. Morkisz, and D. Dutta. 2019.
Benchmarking deep learning for time series: Challenges and directions. 2019 IEEE
International Conference on Big Data (Big Data), 5679-82, IEEE. doi: 10.1109/
BigData47090.2019.9005496.

Hyndman, R. J., and A. B. Koehler. 2006. Another look at measures of forecast accuracy.
International Journal of Forecasting 22 (4):679-88. doi: 10.1016/j.ijforecast.2006.03.001.

Karasu, S., and A. Altan. 2022. Crude oil time series prediction model based on LSTM network
with chaotic Henry gas solubility optimization. Energy 242:122964. doi: 10.1016/j.energy.
2021.122964.

Keras. 2021. Keras - LSTM layer. https://keras.io/api/layers/recurrent_layers/Istm/.

Lindemann, B., T. Miller, H. Vietz, N. Jazdi, and M. Weyrich. 2021. A survey on long
short-term memory networks for time series prediction. Procedia CIRP 99:650-55. doi: 10.
1016/j.procir.2021.03.088.

Makridakis, S., E. Spiliotis, and V. Assimakopoulos. 2018. The M4 competition: Results,
findings, conclusion and way forward. International Journal of Forecasting 34 (4):802-08.
doi: 10.1016/j.ijforecast.2018.06.001.

Mehtab, S., and J. Sen. 2022. Analysis and forecasting of financial time series using CNN and
LSTM-based deep learning models. In Advances in Distributed Computing and Machine
Learning: Proceedings of ICADCML 2021, Bhubaneswar, India, 405-23. Springer Singapore.

Peter, G., and M. Matskevichus. 2019. Hyperparameters tuning for machine learning models
for time series forecasting. In 2019 Sixth International Conference on Social Networks
Analysis, Management and Security (SNAMS), 328-32, IEEE. doi: 10.1109/SNAMS.2019.
8931860.

Rumelhart, D. E., G. E. Hinton, and R. J. Williams. 1986. Learning internal representations by
error propagation. In Parallel distributed processing: Explorations in the microstructure of
cognition, ed. D. E. Rumelhart and J. L. McClelland, vol. 1, 318-62. Cambridge, MA: MIT
Press [Online]. https://apps.dtic.mil/docs/citations/ ADA164453.

Siami-Namini, S., N. Tavakoli, and A. Siami Namin. 2019. A comparison of ARIMA and LSTM
in forecasting time series. In 2018 17th IEEE International Conference on Machine Learning
and Applications (ICMLA), 1394-401, IEEE. doi: 10.1109/ICMLA.2018.00227.

Turkin, A. 2017. Tikhonov regularization for long short-term memory networks. arXiv pre-
print. arXiv:1708.02979. doi: 10.48550/arXiv.1708.02979.

Zaremba, W., I. Sutskever, O. Vinyals, and N. M. Rouphail. 2014. Recurrent neural network
regularization. Transportation Research Record. 2013 (2389):1-11. [Online] http://arxiv.org/
abs/1409.2329.


https://doi.org/10.1109/BigData47090.2019.9005496
https://doi.org/10.1109/BigData47090.2019.9005496
https://doi.org/10.1016/j.ijforecast.2006.03.001
https://doi.org/10.1016/j.energy.2021.122964
https://doi.org/10.1016/j.energy.2021.122964
https://keras.io/api/layers/recurrent_layers/lstm/
https://doi.org/10.1016/j.procir.2021.03.088
https://doi.org/10.1016/j.procir.2021.03.088
https://doi.org/10.1016/j.ijforecast.2018.06.001
https://doi.org/10.1109/SNAMS.2019.8931860
https://doi.org/10.1109/SNAMS.2019.8931860
https://apps.dtic.mil/docs/citations/ADA164453
https://doi.org/10.1109/ICMLA.2018.00227
https://doi.org/10.48550/arXiv.1708.02979
http://arxiv.org/abs/1409.2329
http://arxiv.org/abs/1409.2329

APPLIED ARTIFICIAL INTELLIGENCE €2377510-19

€0+ 90+ L0+ 0+ 0+ €0+ €0+ €0+ 0+ €0+ 0+ L0+ 0+ €0+
30C  36¥'C  IVL'C VINIdYS  3SL'S ewyl 3508  3/0C  389C 300°'L  €0+30L%v 3SL'S  dlYy 388 AP/ 3€8'8 3958 9wl] pazijewioN ‘ds
0+ S0+ 90+ Lo+ 0+ 0+ €0+ 0+ L0+ €0+ 0+ 90+ 0+ 70+
vy ALYy 3ECS VWIHYS 388 ewylr Il 3IShvy 301 /8¢ €0+t3es’e 3I8C8  IF6ly  I9LL FECS  3Tle’E 300°L awl| pazijewnon ‘bay
00+ 00+ 00+ L0 00+ 00+ 00+ 00+ 00+ 00+ L0 00+ 00+ 00+ aleys
le’L  3IsL'C I8 VINIdYS —-3S1°C OAIBNS  3€8'L  390C  IP8’L 388'L  00+3¥0C 3ILL'T  IESL -ISLT I8 AL6L  3IBY'9  AdRINdDY-19AQ uedW ‘QS
L0 L0 00+ [40] L0 L0 L0 L0 L0 L0 <0 L0 L0 00+ aleys Aeindy
-366'C —3LL'S 35S0°C W1ST -3¢/ OAleNS  —3€8'C -366'¢ —JLL'E  -390°S 10-3I86'C —3I66°C —IVP'C —-3I€L°L -3IS0'6 —-I9'CT 3S0°C ~I9AQ ue3W “BAy
L0 L0 L0 L0 L0 L0 L0 L0 L0 L0 L0 L0 L0 L0 aleys Aoeinxy
-3/CC -3/6'C 3996  15009HX -30L'L S13 -3996 -3I89°C -366'L —ILLL L0-3E€C -ILLL -ICEY -ILTT -ILVT 3041 38T -lapupn uesiy “as
L0 L0 L0 L0 L0 10 L0 L0 L0 L0 L0 L0 L0 L0 aleys Aoeinxy
-3¢l'c -3v0°C -3SL'E 15009HX -3¢S°L eyl -3I51°€ -3S1'C -38¢C -389'L  L0-3I8¢C’C —3¢§'L -3¢l -3L8L -309°L -3ISL°L —3€ECTT -19pun uesl by
L0 L0 (0] L0 159104 L0 L0 L0 L0 L0 L0 L0 L0 L0 L0 aleys uohewnsy
-306v -368% -396'% ewyl -3ILLY wopuey -3S6v -3Il6'y -3ILL¥ —3IS6v 10-308'F -396'F -388F —306v —3Il6Y —3I8Y —-306% -I9AQ UeS "ds
L0 L0 L0 L0 L0 L0 L0 L0 (0] L0 L0 L0 L0 L0 aleys uoliewnsy
-3¢y —-388Y —3SL°S YWIHYS -3€0  YiolhdD  —3€Lv -3E€Y -3¢y -30S°S  L0-I€0Y -ISK'S —3IEL'S -I8TY -ISL'S —I0V'S -IEEY ~I9AQ ue3W “BAy
L0 L0 L0 L0 L0 L0 L0 L0 L0 L0 L0 L0 L0 L0 aleys uohewnsy
-3€L'€ -JTLE -I88E dAS -3voe S13 -3e£€ -3I88'¢ -36L'€ —FEL’E 10-3S9'€ -IPL'E -3L9'€ -3L9€ -3I89E -I9E -IVLE -lapupn uesiy ‘as
L0 L0 L0 L0 L0 L0 L0 L0 L0 L0 L0 L0 L0 L0 aleys uoliewnsy
-3€8'¢ -IY9t -IvY 9AIBNS —3¥8°C Slval -3€8'¢ -3y -I0v -3ILLE 10-39¢y -3JLCE -IV8C Iy -3JL6'C -390 -360Y -19pun uesl by
L0+ L0+ L0+ Lo+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ o113 pojess
6L APl 3SEC eyl IrCL JBISNN 3Tl 309°L el L Lo+HL8’L 3s€T 3Tl 3/LTL 3F6C’L 3lEL 3I8CL aInjosqy ues|y "as
00+ 00+ L0+ 00+ 00+ 00+ 00+ 00+ 00+ 00+ 00+ 00+ 00+ 00+ 10113 pojess
3908 381’8 3IE0'L  YHOIAdD 3599 JelaNN 3¢l 3666 IS8 3599 lo+3eo’L 3/8'8 I/ 3908  3F6L9  IL0L  FUL6 ainjosqy uedly by
10413
0+ S0+ 90+ L0+ 0+ 0+ €0+ 0+ Lo+ €0+ L0+ 90+ 0+ €0+  abejuadiad AInjosqy
€LY 300€  36C°€ VINIdYSs  3/8°L OAleNs  360°L  3FELY  FclL ll'c €o+t3ecl 3Jos'c 3LLe /8L F6Cce ILL'E F98'€E uesy [edLIWWAS *gs
loug
0+ 0+ S0+ Lo+ L0+ 0+ 0+ 0+ L0+ €0+ L0+ S0+ 0+ €0+  abejuadiad aInjosqy
By'C WY ISP VINIdYS  3pl’L eyl 388'C  I8Y'C 38T/ 0T €0+359°L IL'L  F6EE  IETL  ISY  ICCT  IE0'S  ued [edtnpwwAs ‘Bay
UBIPSN  UBS|N  onjep  ainsesly  ONnjeA  SINseS|y  1500gDX  HAS 152104 JeIONN Y2I0lAdD  EIRYL SLvdl SA_NS VINIYS  SI13 WLST 10-386'C
Xep XeW Ui uw wopuey

‘Buibesane UBSW BIA SIS 3SN PAUIqUIOD 4SO Y3 JO SHNS3Y LY 3|qel

s3|nsay jseda.04 peayy dais auQ vy xipuaddy

sadipuaddy



€2377510-20 R. PRATER ET AL.

0+ €0+ 70+ 00+ 00+ L0+ 0+ 0+ 00+ €0+ 00+ 70+ 0+ €0+
3501 3s€T 309'L VIYYS 3000 SAleNs  3LL'L 390CT  3S0°L L0°L  €0+3€9°L  3IZLE  3s6'€ 3000 309°L  3IBL'E  IV9E SWwl] pazijewioN ‘ds
0+ €0+ €0+ 00+ 00+ Lo+ Lo+ 0+ 00+ €0+ 00+ €0+ 0+ €0+
o'l 3I8LL L W1ST 300°L OAIBNS  J/L°E J6C’L JLe8 Iv0’L  €0+398°L 3I8SY I8l J00°L  J0L'S €LY ITTL awi] pazijewlon by
00+ 00+ L0+ L0 00+ 00+ 00+ 00+ 00+ 00+ L0 00+ 00+ L0+ oJeys
L9 3IEL T WLST -30£°L 9AleNS 3059 3/TL  AW6E'S ILr'9  00+350'9 304 IS —F0LL IS ALL'9 39T Aenddy-1enQ uesi ‘s
L0 00+ 00+ 144} L0 00+ L0 00+ L0 L0 44} L0 L0 00+ aleys
-3008 ISyl 3ALLL W1ST —300% aAleNs  -30€'8  39’L  -3008 30l L0-300°Z -309'8 -I0LZ -300v -308'9 -30£9 ILLL AORINIIY-IIAQ ues|y ‘Bay
L0 L0 00+ 4] 00+ 10 10 0 0 00+ 0 L0 0 0] aJeys
-300'L -3SSv  3/6C 1500g99X -300°S S13 3/6T -30£1 -300L  -300°6 20-3008 —300°S ILL'L —3009 -30€T -300°S —J0€'L AdeINDY-19pUN UBS S
0 10 10 0 L0 0 0 0 0 L0 0 0 0 0 aleys Aeinddy
-300'¢ -380°L -30S°S 1500g99X —300°C eyl -305°Ss -3008 —3009 -300°C ¢0-300'¢ -300°C —-30C°C -300°€¢ -300°S -—300°€ —300°8 -1apun uealy “bay
L0 L0 L0 L0 L0 10 10 L0 L0 L0 L0 L0 10 L0 9Jeys uolewnsy
-300 -396'¢v -300°S WLST -306'7 VAIMYS -300'S -300'S -300°S -3067 L0-300'S -300°S -306v -306v -306¢ -300'S —300°S -19AQ UBB\ “aS
10 10 10 L0 L0 10 10 10 L0 L0 L0 10 10 L0 aJeys uohjewnsy
-306'v -396v -30L°9 VWIdYS -300% oAleBNS  —30S'F -30v'y 3067 —-3009 L0-30C% —300°S —-3009 -300% -30L'9 —-306%v —309F% -13AQ U BAY
L0 L0 L0 L0 L0 10 10 L0 L0 L0 L0 L0 10 0] 9Jeys uoljewnsy
-300 -396'¢v -300°S WLST -306'7 VIMYS -300'S -300S -300°S -306F7 L0-300'S -300°S -306v -306v -306¥ -300'S —300°S -ispun uesy ‘as
10 10 10 L0 L0 10 10 10 L0 L0 L0 10 10 L0 oJeys uohjewnsy
-301's -3¢0°'S -3009 OAIBNS —306'€ VWIYs -305°'S -309°'S -30L°'S —300% 10-309°'S -300'¢ —-300+ -3009 -306'€ —3I0L'S -0V’ -1apun uealy “bay
0 0 L0 0 0 10 10 0 0 0 0 0 0 0 Jou3
-3009 -3/T'8 -30C°C YAS -300€  YuolAdD -3009 -30CC -30€’L  -300°Z TO-300°€ —3009 -300°Z -3009 -3009 -3009 -300'6 P3[eIS AN(OSAY URS dS
20 20 44} 144} 144} [41] [44] 44} 144} 44} 44} 44} [44] 4] o413 pa|edss
—-300'C -300°€ -300'8 4AS —-300°C S13 -300C -3008 —300'S —300°C ¢0-300C -300'C —-300°C —-300°C -—300C -—300°C —300% aIN[osqy uedly “Bay
o1
L0+ w0+ €0+ L0+ o+ L0+ Lo+ Lo+ L0+ Lo+ L0+ €0+ Lo+ L0+ abejuadiad ainjosqy
LYy ST FELT VWIYs 32Tl OAlBNS  J/T€ LY 350°€ 36V L0+36ST 3Fe6'C  F6ES  FTTL FEL'T F9TT  3SL9 uesly [P2IRWWAS *aS
Joug
L0+ L0+ 0+ 00+ L0+ L0+ L0+ L0+ L0+ L0+ 00+ 0+ 00+ L0+ abejusdiad 21njosqy
EI4 AN VA N VA ard VIMYS  3€99 oMeNs 350/ 30C€ I9LT  3SST LOHF0EL  IPL'L ITET  I€99  A/TT  ILE6  I90F U [BILIBWWIAS “BAY
UeIpal\ UBSlN dnjeA  2INSealy  dNnjepA  2INSe3ly  1500gDX  HAS 159104 JRIINN YdJolAdD eyl Slvgl oAeNS YINIEYS  S1T WIST saInsespy
Xepw Xepw Uiy Ui wopuey

"95BD 3SN SJWOU0ID 4SO Y} JO SYNSY "TV dqel



APPLIED ARTIFICIAL INTELLIGENCE €2377510-21

0+ 90+ 80+ 00+ 00+ 0+ €0+ 0+ 00+ €0+ 00+ 80+ 0+ 70+
3729 366 360°L VIYYS 3000 9AleNS  JST  3€8'S 368°E 2/9 €0+3y88 3/98 ILTY 3000 3I60°L  IELT  F9SL SWwl] pazijewioN ‘ds
0+ 90+ L0+ 00+ 00+ 0+ €0+ 0+ 00+ €0+ 00+ L0+ 0+ 0+
389°s  368'L 380°C VIdYs  300°L OAlBNS  JE6'y  ISK'E 8LC 389G €0+39¢9 3€L'8 IvLY J00°L  I80C  I66'L 08 awi] pazijewlon by
L0 L0 L0 0 0 10 10 L0 L0 L0 L0 0 10 L0 aJeys
-356'€ -3¢9% -3196 YuolhdD -35L'6 VWIHYS -3p/6 -3S6'€  —Irv'9  -360F L0-3L96 —399'8 -3S6C -Ie¥'T -ISL'6 -IckL —IvEE  AdRINDIY-ISAQ uedW ‘S
20 [44] L0 144} 144} [41] L0 44} L0 44} 44} 44} L0 44} aleys
-30€'8 -3€9L -3ECL YuolhdD -38ET YWIHYS -38£C -3€€'8  -380°L  -308'S LO-IEEL -ILLL -IPL'S -39S -I8ET —300°L -30€'8 AdRINIDY-IIAQ ues|y ‘bay
0 0 L0 4] 0 10 10 0 0 0 L0 0 0 0] aJeys
-W6vy -31T6 -I8CC  YIolAdD -390°C Slvdl -6y -3s8'L  -30LL  -30ST L0-I8TT -I9TT -390°C -ISLL -3S9T -ITT -38FL AoeInddy-sspun ued 'ds
44} 44} L0 €0 144} 10 44} 44} €0 €0 L0 €0 €0 L0 aleys Aoeinddy
-356'L —389°S -I9’L  YdolAdD -307°8 Slvdl -3%6°'L -310°L —3€L'8  —3L0°L L0-3IP9'L -38/'8 -30C°8 -3IrL'L -3I/F'6 -395°8 —300°L -1apun uealy “bay
L0 L0 L0 L0 L0 10 10 L0 L0 L0 L0 L0 10 L0 9Jeys uolewnsy
-388'v -308't -370°S PINN -ILPy  YyuolAdD  -Ipe'y -369F  -IL9v  -320°S  LO-ALvy -6y -3I88Y -369Y -Iv6y -Ic6v -39 -19AQ UBB\ “aS
10 10 10 L0 L0 10 10 10 L0 L0 L0 10 10 L0 aJeys uohjewnsy
-0t -IF'vy -30C°9 Slval -3097  YMolAdd -30L't -30T€  -300°€  —3F0€'S 10-309°CT -306'S -30T9 -30CT°E -306'S -3009 —IOF'E -13AQ U BAY
L0 L0 L0 L0 L0 10 10 L0 L0 L0 L0 L0 10 0] 9Jeys uoljewnsy
-188v -3L8Y —3C0°S PINN -31SY  YyuolhdD  -Iwe'y -369F  -IL9v  -320°S  LO-ALSY -6y -I88Y -169v -Iv6y -Ic6v -39 -ispun uesiy “ds
10 10 10 L0 L0 10 10 10 L0 L0 L0 10 10 L0 oJeys uohjewnsy
-306'S —3SS'S -307Z YolhdD -308°€ Slvdl -306'S -3089 -300Z -30L+v 10-30C°L -30Lv —-308°€ -3089 -30L+t -300v —3099 -1apun uealy “bay
0 0 L0 0 0 10 10 0 0 0 0 0 0 L0 Jou3
-39/'¢ -3I8L°L -3LLT YAS -3L6'L  uuolAdD  -3le'e -I/LT  —FeLL -I8TT T0-ALE'L —F9L€ -3/9T -IL6E -IKT -IST —IL0L P3IedS INn[osqy ued 'ds
20 20 44} €0 144} [41] [44] €0 144} 44} 44} €0 [44] 4] o413 pa|edss
-187L -3I0V'CT -3LLL YAS -356'8  YIolAdD -38T’L -A/LL -IVL'S  -3€06 €0-3$6'8 -ALEL -360°L -ILPL -95'6 —ISO'L —ISY aIN[osqy uedly “Bay
o1
L0+ L0+ L0+ 00+ 00+ L0+ Lo+ Lo+ L0+ Lo+ L0+ 00+ Lo+ L0+ abejuadiad ainjosqy
/L1 3961 3L9€E y101AdD 3969 VNIdYSs 3968 sle 01T Jov’L  Lo+3L9E 3L F0€L I8ST F969 FTLL IVET uesly [P2IRWWAS *aS
Joug
00+ L0+ L0+ 00+ 00+ L0+ L0+ 00+ 00+ 00+ L0+ 00+ 00+ L0+ abejusdiad 21njosqy
J6v  F0LL 39T YIolkdD  3S0°E VAIMYS  3LSy  398'L  3ppL 366'¢ 10+399C 3Il6y IS0y  3IE8L  IS0°E I69F  I9LL uea|y [eduIRWWAS by
UeIpal\ UBSlN dnjeA  2INSealy  dNnjepA  2INSe3ly  1500gDX  HAS 159104 JRIINN YdJolAdD eyl Slvgl oAeNS YINIEYS  S1T WIST saInsespy
Xepw Xepw Uiy Ui wopuey

"9SBD 3sh DURUY 4Y¥SO dY} JO SHNSSY "€V d|qel



€2377510-22 R. PRATER ET AL.

€0+ €0+ €0+ €0+ €0+ €0+ €0+ €0+ €0+ €0+ €0+ €0+ €0+ €0+
84T 39LT  3ISEE 9AIBNS  396°L WIS1T 3JTee  3Ipce  3I8LT IP9T  €0+ICTe IP0T  30€T  ISEE F6TE  I8TT  396°L SWwl] pazijewioN ‘ds
0+ 0+ 0+ 0+ 0+ 0+ 0+ 0+ 0+ 0+ 0+ 0+ 0+ 0+
3/6'¢  3S6'€ 9V OAlBNS  JLL'E eyl 9y JCEY 3/6°¢€ J¢6’'c  ¢0+3Iesy 3JLL'E 3I8EE JC9Ov  ISSY  Jeve  I9lE awi] pazijewlon by
L0 00+ L0+ 0 L0 10 10 0 L0 L0 L0 L0+ 10 L0 aJeys
-36C°L 389T 30LT VIMYS -3St'L JeINN  -387°L -3€0°C  -ILLL -3SKZ L0-398'L —3€LL -F6TL —I8LL F0LT  -FTLL —IESL AdRINDOY-I9AQ ued “dS
20 L0 00+ 144} 144} [41] [44] 44} 44} 44} 44} 00+ 44} 44} aleys
-309°'s —3¢0°€ 3IVLT VIYS -3/9°€ S13 -30§'S  -38€6  —399F -364°€ T0-I80°L -IEES -I9Y'S -I6T9 LT -3LSE —36€°L KOeINdIY-19AQ e BAy
L0 L0 L0 L0 159104 L0 10 10 L0 L0 L0 L0 L0 10 0] aJeys
-396v -3IL6'v —3€0°S SABNS -396F  wopuey -396'v -396'v -395F -—366'v L0-IZ8Y -IL0S —F96v -IE0°S -IL0S —3I88Y -I¢8y AoeInddy-sspun ued 'as
10 10 10 159104 L0 L0 10 10 10 L0 L0 L0 10 10 10 aleys Aoeinddy
-308'G -306'S —30L°Z wopuey -300°S oAleNs  —308'G —308'¢ —30L°Z —309'S 10-30v'9 —30¥'S —308'S —300'G —30¥'S —30C9 —30V9 -1apun uealy “bay
L0 L0 L0 L0 159104 L0 10 10 L0 L0 L0 L0 L0 10 L0 9Jeys uolewnsy
-396v -3Il6'v -3T0°S 9AleNS -39Sy wopuey -396v -396v -I95Y -I66F L0-I6LY -3ILOS -396v -IT0°S -IL0S -I88Y —II8Y -19AQ UBB\ “aS
10 10 10 L0 153104 L0 10 10 10 L0 L0 L0 10 10 10 aJeys uohjewnsy
-30Ct -390v -30Lv SAIBNS  —306°C wopuey -30¢t -30CY -306'C -30F'v 10-30S°€ -309v -30CY -30Lv -309v -—308°€ —-309°¢ -13AQ U BAY
0 0 0 €0 €0 0 0 0 0 0 €0 €0 €0 0 9Jeys uoljewnsy
-360'L -36L°C -39C8 dAS —-309°¢ S13 -39%'6 -39T8 -Fr'9  -3I6L°L €0-3E¥'8 -I9L°L -360°L -IL66 -39¢/L -309°C -390°T -ispun uesy ‘as
€0 €0 44} €0 €0 [41] 44} €0 €0 €0 €0 €0 €0 €0 2leys uonewnsy
-300% -36L°9 -399°L 4AS -3LETe S13 -305°€ -399'L -3/l -300F% €0-30L'€ —-JCOv —-I0Ly —-3I8Y'€ -ILL'E -IJLET —-FESL -1apun uealy “bay
L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ Jou3
E VART [V B (1 ) eyl 356 JeINN 356 356'S  ITTS g6 L0+3sT/ 30¥'6 386  3I80'S  I/LL'S  IET'S 360G PI|edS 31Nn|osqy uesiy ‘as
L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ o113 pojess
Jeece  3Lce 3Ly Y101£dD 3997 JeISNN  3S8°C 386'¢ Jlv'e 399'c LOHALLYy 3Jeb'e 368¢C 3JCce  3ILLC 308C  I88°€E aIN[osqy uedly “Bay
o1
€0+ 90+ L0+ 00+ 00+ €0+ €0+ 0+ Lo+  v0+ 00+ L0+ €0+ 0+ abejuadiad ainjosqy
Jes’L 3oL FLEL VWIdVs 3000 oAleNS  300°C JeS°L 07y 3¢/ €0+3C8Y 3I89'C 3I9T'L 3000 ILEL VYL FESL uesly [P2IRWWAS *aS
Joug
0+ S0+ 90+ 00+ 00+ 0+ €0+ 0+ L0+ 0+ 00+ 90+ 0+ 0+ abejusdiad 21njosqy
96 3691 I8l VIYYS  300°L OMeNs Iy 3916 IS8T 39/ €0+IES9 IBEL  ISEL  F00L Il IS8 00T UBSW [eILIBWWIAS “BAY
UeIpal\ UBSlN dnjeA  2INSealy  dNnjepA  2INSe3ly  1500gDX  HAS 159104 JRIINN YdJolAdD eyl Slvgl oAeNS YINIEYS  S1T WIST saInsespy
Xepw Xepw Uiy Ui wopuey

"9SBD 3sh uewny 4ySO Y3 JO SYNS3Y "y d|qel



APPLIED ARTIFICIAL INTELLIGENCE €2377510-23

€0+ 70+ S0+ 00+ 00+ €0+ €0+ 0+ 00+ €0+ 00+ S0+ 0+ 70+
36’ €S9 IV89 VIYYS 3000 SAleNS  3LL’L Ay 3E6'E 306's  €0+360°S 369S 3JCL'L 3000 3IP89  3IY99  FOE'L SWwl] pazijewioN ‘ds
0+ ¥0+ S0+ 00+ 00+ 0+ €0+ 0+ 00+ €0+ 00+ S0+ 0+  v0+
3886 3¢9l ILYL VIdYs  300°L OAlBNS 370y 3886 Lol 8y €0+35C’S 399/ 30SZ F00°L  ALYL ALL9 3ASEL awi] pazijewlon by
L0 L0 L0 L0 L0 10 10 L0 L0 L0 L0 L0 10 L0 aJeys
-306'S -3909 -3056 YolAdD -30€°€ oMeNs  -306'S -306'€  —3089 -30v'9 L0-3056 -306'S —30L'S -I0€E€ -309Y -I0L'9 -309°8 AdRINDY-I9AQ U "dS
L0 L0 L0 L0 L0 10 L0 L0 L0 L0 L0 L0 L0 L0 aleys
-308'L -3S1L°C -30¥°€ W1ST —-305°L aAleNs  -307°7 -309°'L  -306'C  -30€T 10-306'C -30L —309°L -30S'L -308'L -308'L -30v'€ AORINIDY-IIAQ ues|y ‘bay
L0 L0 L0 L0 L0 10 10 L0 L0 L0 L0 L0 10 0] aJeys
-30€'L -32¢5°L -30L°E 150099X -300°L Slvgl -3ol'e -30z7 -30€L  -30L°L LO-Fov’L —F0LL -300°L -30£L -30LL —F0TL -30§°L Adeinddy-sspun uedi 'ds
0 0 10 0 L0 10 0 0 0 0 0 0 0 0 aleys Aeinddy
-300'S -3609 -3I0l°L 1500995X -300'% S13  —30L'L —-300°L —300's —300% ¢0—-3009 —300Fr —300 —3008 —300 —300% —300/L -1apun uealy “bay
L0 L0 L0 L0 L0 10 10 L0 L0 L0 L0 L0 10 L0 9Jeys uolewnsy
-306v -368'¢ -300°S WLST -3097 S13 -306v -300S -3067 -3067 L0-300'S -306'7 -308'v —300°G -308'F -309F -300°S -19AQ UBB\ “aS
10 10 10 L0 L0 10 10 10 L0 L0 L0 10 10 L0 aJeys uohjewnsy
-30L'9 -3/09 -3069 S13 -30C°S oAlBNS  -301'9 -306°G -30L9 —30€9 10-308°'S —30€9 -3059 -30C°S -30¢'9 —-306'9 —30L°S -13AQ U BAY
L0 L0 L0 L0 L0 10 10 L0 L0 L0 L0 L0 10 0] 9Jeys uoljewnsy
-306v -368'¢ -300°S WLST -3097 S13 -306v -300S -3067 -306¥ L0-300'S -306'7 -308'v -300'G -308'F -309F -300°S -ispun uesy ‘as
10 10 10 L0 L0 10 10 10 L0 L0 L0 10 10 L0 oJeys uohjewnsy
-306'€ -3€6'€ —308% SAlBNS —30L°€ S13 —306'c —30St —306'c —30L'¢ L0—30CF —30L'€ —30S°€ —308Fr —309'°t —30L'E —30€Y -1apun uealy “bay
0 0 L0 0 0 10 10 0 0 0 0 0 0 0 Jou3
-300'L -3I8L'€ -30S°L d4AS —300°L S13 -300°L -30S°L  -300°L -300°L 0-300°'L -300°L -300°L -300°L -300°L -—300°L —300°T P3[eS 3AN|OSqY UEA "dS
00+ €0 44} 00+ 00+ [41] [44] 00+ 00+ 00+ 00+ 00+ 00+ 4] o413 pa|edss
3000 -39t —-300°C 4AS 3000 S13 3000 —300C -—300°L 3000 00+300°0 3000 3000 3000 3000 3000 —300°L aIN[osqy uedly “Bay
o1
L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ abejuadiad anjosqy
389'¢  JECY IV6'6 1s00gDX  399°C VWIHYS 366 LY EIYA4 39¢°S lo+3geL’€ JT9T F06'C  I89't I99C  I88'C  ILGE ues|\ [edHIBWWAS as
Joug
L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ abejusdiad 21njosqy
JeET WTT ALvE 1s00g9X  3T5°L Slval  A/¥'€  30LT  FeLT  IECT L0HICET ISSL FLSL ALET ALV 3L9L ISLT UBSW [BILIBWWIAS Ay
UeIpal\ UBSlN dnjeA  2INSealy  dNnjepA  2INSe3ly  1500gDX  HAS 159104 JRIINN YdJolAdD eyl Slvgl oAeNS YINIEYS  S1T WIST saInsespy
Xepw Xepw Uiy Ui wopuey

"95BD 3SN 3INjeU 4y¥SO dY3 JO SHNSSY SV d|qel



€2377510-24 R. PRATER ET AL.

€0+ S0+ 90+ 00+ 00+ €0+ €0+ 0+ L0+ €0+ 00+ 90+ 0+ 70+
3941 30L'S 35S VIYYS 3000 SMeNs  3//v 391 390°€ /9 €0+3Ts8 3ILLL  FETg 3000 I8 F9L'S FLLL SWwl] pazijewioN ‘ds
0+ 0+ S0+ 00+ 00+ 0+ €0+ 0+ L0+ €0+ 00+ S0+ 0+ 0+
3619 366L 3I8Y8 VIdYs  300°L OAlBNS  3€£'9 36179 E[4A} 3¢6'S  €0+36E6  3ILOL  3I6SL  F00°L I8P ASTY  FEL'L awi] pazijewlon by
L0+ L0+ 0+ L0+ L0+ L0+ L0+ L0+ 0+ L0+ L0+ L0+ 0+ L0+ oJeys
I80r 3IY8'S ISl S13 3191 Slvdl 36y 38T 329 AK€ LO+HALLT FELL  IL9L I80F  I66'€  IL8L  I89E  AdRANDDY-I9AQ UBW “dS
00+ 00+ Lo+ 00+ 00+ 00+ Lo+ 00+ Lo+ 00+ 00+ 00+ Lo+ L0+ aleys
I8FL  IET6  IT0C S13 3I8Y'€ Slval  3IvlL EVAAY 3oL 8Y'/ 00+3IVE'S ISOL  I8Y'E  I9Y'S 309 30T ISO'L  Aoeanddy-19AQ ued|y Bay
L0 L0 00+ L0 00+ 10 10 L0 L0 L0 L0 L0 00+ 0] aJeys
-35¢€'C -3ALL'8 LS S13 -3€5°L SMeNs  30b'L -396'L  -IWSL  —3T9T L0-I9L —ISET -ILPT -IESL -399'8  ILS -388L  Aoeanddy-sspun uedi ds
10 10 10 L0 L0 10 10 10 L0 L0 L0 10 10 10 aleys Aeinddy
-1 -3LET -I0L S13 -3s¥'L eyl -3/1'¢ —3e6'L —3L9°L —3LSTL L0-3FLLL —ASKL —3CSTL -IPSTL —3LLT -30°L —36€°T -1apun uealy “bay
L0 L0 L0 L0 L0 10 10 L0 L0 L0 L0 L0 10 L0 9Jeys uolewnsy
—-308'C -308'C -3IVl'E S13 -329¢ Slval -378C -369C -3€6'C -3I89°CT 10-308'C -398'C -3T9C -3I89CT -3I8LT -IPL'E -IVBT -19AQ UBB\ “aS
10 10 10 L0 L0 10 10 10 L0 L0 L0 10 10 L0 aJeys uohjewnsy
-360v -30CY -3LLV VIS -389°€ W1ST -3€6'€ -3I86'€ -3I60v —359v LO-3IL8E —-3IECY —-39SF —-398'¢€ -3I/LLF -389F —389°E -13AQ U BAY
L0 L0 L0 L0 L0 10 10 L0 L0 L0 L0 L0 10 0] 9Jeys uoljewnsy
—-308'C -308'C -3Il'E S13 -329¢ Slvdl -3¢8C -369C -3€6'C —3I89'C 10-308'C —398°C -3IT9C -369CT -—3IBLT -IYL'E I8 -ispun uesy ‘as
10 10 10 L0 L0 10 10 10 L0 L0 L0 10 10 L0 oJeys uohjewnsy
-il6's -36/°S —3CE9 WLIST —3€TS VWIYs -3£09 -3¢09 -3L6°'S —3S€'S 10-3LL'9 -G -ISV'S —-I¢l'9 -JETS —-I¢€'S -9 -1apun uealy “bay
00+ 00+ 00+ 00+ 00+ 00+ 00+ 00+ 00+ 00+ 00+ 00+ 00+ 00+ Jou3
IEPT  3sEE 3669 dAS  ALPL VAIYS  3€P'C 3669  396v  3S9T  00+3IEY'T ICET  AL6'L  FLYT  IALYL FOL'E 390°9  P3[eIS 31Njosqy Uesln ‘ds
00+ 00+ 00+ L0 00+ 00+ 00+ 00+ L0 L0 00+ L0 00+ 00+ o413 pa|edss
Jel'l 3I8CL  39TC W1ST —30€°Z VIYYS  300°L rle 389°L L'l 00+3€L’L —-3EF'6 —-308°8 IOl -30¢€°L 3I0CL  39CC aIN[osqy uedly “Bay
o1
Lo+ w0+ €0+ L0+ Lo+ 0+ 0+ €0+ L0+ Lo+ L0+ Lo+ Lo+ L0+ abejuadiad ainjosqy
Ivl's  369€  30€€E JeI9NN  38/°C OAlBNS  JLTE 3€0°€ 6Ll J0¢€’€ Lo+30C°€ 398'c 0TS I8L'C  Foge VLS ALVL ues|\ [edHIBWWAS as
Joug
L0+ L0+ 0+ L0+ L0+ L0+ L0+ 0+ L0+ L0+ L0+ L0+ L0+ L0+ abejusdiad 21njosqy
/8T 3S6'S  ISE 113NN 390 VNIMYS  38€C  398'S  3/9°€ Jes'e  L0+3/ST AT I9ET  IBL'T I0T  I68T  IELY  UeS [edrdwwAs “Bay
UeIpalN UBS)  Xely  2Insealy uipy 2Insealy  1500gDX  YAS 159104 JRIINN YdJolAdD eyl Slvgl oAeNS YINIEYS  S1T WIST saInsespy
Xepw Ui wopuey

"buibeIaAe UBSW BIA SIS SN PAUIGUIOD 4YSIA 3} JO S)NSY "9y d|qel



APPLIED ARTIFICIAL INTELLIGENCE €2377510-25

0+ €0+ 70+ 00+ 00+ L0+ L0+ 0+ 00+ €0+ 00+ 70+ 0+ €0+
JELL 8T F9ET VIYYS 3000 SAleNs  3EL'S FCLT 3ASYL €Ll €0+3E6'C I9L'8  3S8L 3000  I9¢€T  ITST  FEET SWwl] pazijewioN ‘ds
0+ €0+ €0+ 00+ 00+ Lo+ Lo+ 0+ 00+ €0+ 00+ €0+ 0+ €0+
I8lL  I6L  IWL W1ST 300°L oAl_NS  JL¥'9  JLEL 3€C9 8Ll €0+36E€ IY09  I€9C F00°L  F6TL  FOV'E  A9L awi] pazijewlon by
00+ 00+ L0+ 00+ 00+ 00+ 00+ 00+ L0+ 00+ 00+ 00+ 00+ L0+ oJeys
I8y  3€S9 ISl eyl  369°T oAleNs  3€/'9 360 IEE'S 3606 00+3€9'€ 3ICSL  IPE  I69C  ILLT I8V I0VL  AOenddy-1eAQ uesy ‘s
00+ 00+ 00+ L0 00+ 00+ 00+ 00+ 00+ 00+ L0 L0 00+ 00+ aleys
sl 8L ILEY W1ST1 -3v0'6 oAlBNS  3J10°C 38¢°L sl Iv8'T 00+3S0°L  IET I90°L -IY0'6 -Ivv'e 3I8S'L LY AORINDIY-19AQ ued|y BAy
L0 L0 L0 4] L0 10 10 0 L0 L0 0 L0 0 0] aJeys
-3€C°L -328'L -36L°L  15009DX -360°L 1NN -36LZ -3€L1 -3€CL -360°L T0-36V'6 —IECL -IEPT -ILSL -IL0L -36'6 —38L°L AdeANDDY-19pun ues dsS
10 10 10 0 L0 10 10 0 0 0 L0 0 0 10 aleys Aeinddy
-3¢0l -3/l -309°C 150099X —-3Irv’L S13 -309°C -3/9'L  —3s€°L -398/ 10-3ILTL -3IS06 -ILS6 —IC0'L -IASYL -IvPL —-3€0°C -1apun uealy “bay
L0 L0 L0 L0 159104 L0 10 10 L0 L0 L0 L0 L0 10 L0 9Jeys uolewnsy
-I0'€ -366'C —3IETE S13 -3LL¢ wopuey -368C -3ILLC -3ILLT -I96T 10-380°€ -380°€ —3S0°€ -300°€ -3IX0'E -IEC’E -I0LE -I9AQ Ues °ds
10 10 10 L0 L0 10 10 10 L0 L0 L0 10 10 L0 aJeys uohjewnsy
-ilze -399°¢ -3L0°S VYIdYS -309°C W1ST -3Il6'c -IvLT -3€9C -3ILLYv L0—I8C -366'€ —3€0°S —3ILCE -3£0°S —-3IS¥'y —309°C -13AQ U BAY
L0 L0 L0 L0 159104 L0 10 10 L0 L0 L0 L0 L0 10 0] 9Jeys uoljewnsy
-I0'€ -366'C —3IETE S13 -3lLe wopuey -368'C -3ILLT -3ILLT -3S6'C 10-380°€ —380°€ —350°€ —300'€ -IX0'E —-IETE -I0L’E -ispun uesy ‘as
10 10 10 L0 L0 10 10 10 L0 L0 L0 10 10 L0 oJeys uohjewnsy
-36£9 -35¢€°9 -30¥°L WLIST —3¢6'% VWIYs -360°. -39¢°/. -3/¢€L —36CS 10-38LL -3IL09 -IL6F —-3I6L9 -—FE6'Fy —ISSG —-F0V'L -1apun uealy “bay
00+ 00+ 00+ L0 00+ 00+ 00+ 00+ 00+ L0 00+ L0 00+ 00+ Jou3
3/0C 366C 38L'8 dAS 396 VAIYS 31T 3818 3IEL'S 320 00+3£0C 398l -3I¢6'6 3ILTT -39L'6 TPl ISTS  Pa|eds[1Nn|osqy uesiy ‘as
L0 00+ 00+ L0 L0 00+ 00+ L0 L0 L0 L0 L0 L0 00+ o413 pa|edss
-1/6'8 3LL'L  30CTC 4AS —3€€°S VWIYs -3998 30C°C 369'L  -380'6 00+3r0°L —389°Z -3/8'S -3/6'8 —3JEE'S —3I8S9 3I80C aIN[osqy uedly “Bay
o1
L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ abejuadiad anjosqy
300C 30T 3I6'T 4AS  3TCL oAleNS  300°C El{x4 J€8°L 369°L Lo+3ve’L ISl FTl'c FTTl  F6ST €9l VLT uesly [P2IRWWAS *aS
Joug
L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ abejusdiad 21njosqy
399l 36LL FVLE WLST 30¢°L S13 39471 3LST  3I86L 359'L  Lo+HIELL AEL  Fer'l  IEEL F6Y'L FOEL  ILL'E  Ues [edrdwwAs Bay
UeIpalN UBS)  Xely  2Insealy uipy 2Insealy  1500gDX  YAS 159104 JRIINN YdJolAdD eyl Slvgl oAeNS YINIEYS  S1T WIST saInsespy
Xepw Ui wopuey

"95BD 3SN SIWOU0ID JYSIA dY1 JO SHNsaY */Y 3|qel



€2377510-26 R. PRATER ET AL.

0+ 90+ L0+ 00+ 00+ 0+ €0+ 0+ 00+ €0+ 00+ L0+ 0+ €0+
Jlze  USL 3ELL VIYYS 3000 9AleNs  307°S  3/6'S 360°€ ilzs  vo+3Tl’L 30¥'8  IPY'9 3000 IELL 30T 308V SWwl] pazijewioN ‘ds
0+ S0+ 90+ 00+ 00+ 0+ €0+ 0+ 00+ €0+ 00+ 90+ 0+  v0+
3849  3ILl'T  3ISET VIdYs  300°L OAIBNS  3/TL 309°€ oL 38/°9 €0+3%6'6 3I898 3ISE€S  J00°L  ISETC  I69'L  I8LL awi] pazijewlon by
L0 L0 00+ L0 L0 10 10 00+ L0 L0 L0 00+ 10 L0 aJeys
-3/1°L -388°L 399°L JeloaNN -3v6°'E WIST -3¥8'6 -3eCt -3,/ 399°L L0-390Z -38€L -30S¥ -3S§Z IETL  -3SL9 -Iv6E  AdRINDIY-I9AQ ued ‘S
L0 L0 L0 L0 L0 10 L0 L0 L0 L0 L0 L0 L0 L0 aleys
-398'L -3Iv6’L —3C6'C JeISNN —-30C°L WIST -3L1zZ -3SS'L -32LL -326'T 10-364'L -310T -3SS°L -386'L —3€$T —398°L —307'L AdRINDDY-13AQ Ues| “BAY
L0 L0 L0 L0 L0 10 10 L0 L0 L0 L0 L0 10 0] aJeys
-2yl -309°L -3EVT WLST -3€TL S13 -397L -3€0T  -3S9L Ikl L0-ILT -IECL -ITL -399°L -IE€L -IETL —IepT AdrINdDY-19pun ues ds
10 10 10 L0 L0 10 10 10 L0 L0 L0 10 10 10 aleys Aeinddy
-306°L -399°L -3/9C W1ST -3¢l VWIYs -30¥'L -3Iv0'c -3¢/1  —30S°L 10-Iv0Cc -3JLEL -ILTL —FeL'L —Fel -l -3L9C -1apun uealy “bay
L0 L0 L0 L0 L0 10 10 L0 L0 L0 L0 L0 10 L0 9Jeys uolewnsy
-3Le'e -30v°e -318°E W1S1 -320°€ eIBYl -360'€ —399°€  -369°€  -3I6C°E 10-369°€ -3IT0°€ —JETE —Ir'e -IlEe —3I9¢€ -IL8’E -19AQ UBB\ “aS
10 10 10 L0 L0 10 10 10 L0 L0 L0 10 10 L0 aJeys uohjewnsy
-300'¢ -3€0°€ —3CS°€ VIYS -3595°C W1ST -3€6'C -300€ -3I¢6'C —3¢0°€ L0-306'C -3I/6'C —30C’€ —3IL0€ -3ITSE€ —ITE€E —3I9SC -13AQ U BAY
L0 L0 L0 L0 L0 10 10 L0 L0 L0 L0 L0 10 0] 9Jeys uoljewnsy
-3Le'e -30v'e -318°E W1S1 -320°€ e1BYl -360'€ -—399°€  -369°€  -3I6C’€ 10-389°€ -3IT0'€ —JETE —Ir'e -IlEe —I9¢€ -IU8’E -ispun uesy ‘as
10 10 10 L0 L0 10 10 10 L0 L0 L0 10 10 L0 oJeys uohjewnsy
-300Z -396'9 -3S¥’L WL1ST —38%'9 VWIYs -3/0/ -300Z -380°Z —386'9 10-3S0°/ -3€0°Z -3089 -366'9 -3I8%'9 -3I899 -3S¥'/ -1apun uealy “bay
00+ 00+ L0+ 00+ 00+ L0+ L0+ 00+ 00+ 00+ 00+ 00+ 00+ L0+ Jou3
JTe's W08 3L9L d4AS 360V VAIYS 356’ 391 /1L 3269 00+378'S 3ILTS FTES F6's I60r  APE'S  IYSL  Paleds[un|osqy uesiy ‘as
00+ 00+ 00+ 00+ 00+ 00+ 00+ 00+ 00+ 00+ 00+ 00+ 00+ 00+ o413 pa|edss
E L TAAE | WAV AR 1K o) 4 W1ST 38¢S°L VNIEYSs  3€LC 308'v 379'€ 36€°C 00+39¢C 3I96°'L 3IP6'L  3ISCC  3I8SL  3I88L L6V aIN[osqy uedly “Bay
o1
L0+ €0+ 0+ L0+ L0+ L0+ L0+ 0+ L0+ L0+ L0+ L0+ L0+ L0+ abejuadiad anjosqy
jsec  3JLcL 31el JRIONN  3S/°L Slvdal  396°L 380°¢ 35€°C el Lo+3I8ce I8l 3ISLL Iy JlTe 081 3AVS'E ues|\ [edHIBWWAS as
Joug
L0+ 0+ €0+ L0+ L0+ L0+ L0+ €0+ L0+ L0+ L0+ L0+ L0+ L0+ abejusdiad 21njosqy
Iyc  IEPL JEEL JeIaNN 39271 S13 Il I0E  I6bT IEEL  L0+I9LE F08'L 08 ILb'T  I8LL I9LL FHOY  URSW [EDMIDWIWAS “Bay
UeIpalN UBS)  Xely  2Insealy uipy 2Insealy  1500gDX  YAS 159104 JRIINN YdJolAdD eyl Slvgl oAeNS YINIEYS  S1T WIST saInsespy
Xepw Ui wopuey

"9SBD 3sh DURUY 4YSIN Y} JO SYNS3Y "8y dqel



APPLIED ARTIFICIAL INTELLIGENCE €2377510-27

€0+ S0+ 90+ 00+ 00+ €0+ €0+ 0+ L0+ 70+ 00+ 90+ €0+ €0+
Jel'c 3ELY 305V VWIdVs 3000 OAlBNS  JETY JELT LY 389'6 ¥0+3r0°'L 3I89°L 3I8Y'L 3000 J0St  3I60'L  ISES oWwl] pazijewloN ‘as
€0+ 70+ S0+ 00+ 00+ €0+ €0+ 0+ L0+ 70+ 00+ S0+ 0+ 70+
390°L 3998 3506 VWIdVs  300°L OAlBNS  37/9 390°L 0¥°C 3096 ¥O+H3L¥’L  3JESL I8Y'L  J00'L  ISO6 069  ISTL awi| pazijewloN Bay
0+ 0+ 0+ L0+ 0+ 0+ 0+ 0+ 0+ L0+ 0+ 0+ 0+ 0+ oJeys
I8¢l ITT 3I0LL S13 396°S Slvdal 3881l EVAA J€S°C 35Tl 10+328L ISEY  396'S  3I8SL 3SSL FoLZL  Fog'L  Adeanddy-19nQ uesy Qs
L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ oJeys
365°C  Jre  ILL S13 L Slvdl 38SC 36S°€ 8¢ 3657 L0+3IS6'L  ALE9  ATL 20T 39TT  ALL  3SSE  Aoeanddy-19AQ ues|y by
L0 00+ L0+ L0 00+ 10 10 L0 L0 L0 L0 00+ L0+ L0 aleys
-35¢€v 3I86'C  3ISTT S13 3191 WIST 3€§% -Ieb'T -3S6'L  -368'9 10-3L6'L -IC€S -ISE¥ -I8L'T  IB0'E  ISTT -3IL9’L Adeunddy-1spun uesp ‘as
L0 10 00+ L0 L0 10 10 10 L0 L0 L0 L0 00+ L0 aleys Aoeinxdy
-39¢€'C -Je6'v ALV'C S13 -39/°L OAlBNS  —368'9 -30€'C -3€8'L —3I8Y'C L0-3F66'L —30L°'C —39¢°CT -39/l -3I8C’S IAL¥T -3IL9T -13pun uealy ‘bay
L0 L0 L0 L0 L0 10 10 L0 L0 L0 L0 L0 10 (0] oJeys uoljewnsy
-3/€C -36¥'T -3ECTE S13 -3s1°T Slvdl -3€s'c -30€C -3I6SC  -3ILE€T LO-ILTC -IvLC -3ASLC -ALVT -AvLT —IECE —ALET -I9AQ UeS\ “ds
L0 L0 L0 159104 L0 L0 10 10 L0 L0 L0 L0 L0 10 10 oJeys uoljewnsy
-390'¢ -3€0°S —379°S wopuey -395°y OAleNS -39/ -39 -3¢9's  -3IPL'S LO0-ILLY —300°S —390°S -9y —IEL'S —IEK'S -3IL9Y -13AQ uealy ‘bay
L0 L0 L0 L0 L0 10 10 L0 L0 L0 L0 L0 10 (0] oJeys uoljewnsy
-3/€C -36¥'T -3eCE S13 —3s1°T Slvdl -3€s'¢c -30€C -3I6SC  -3ILE€T L0-ICCC -IvL'C -3ASLC -6l -IvLT —IECE —ALET -ispun uesiy “ds
L0 L0 L0 L0 159104 L0 10 10 L0 L0 L0 L0 L0 10 10 oJeys uoljewnsy
-6y -396'v -36¢°S WL1ST —38¢¥ wopuey -3y¢’s -IPLY  -3I8EY  —398F 10-3LCS —-3J00°S -IV6'Y —3I9¢€°'S -8V -ILSY —F6€°S -13pun uealy ‘bay
00+ 00+ 00+ L0 L0 00+ 00+ L0 00+ 00+ L0 L0 00+ 00+ Jol3
3€0°L  39¢°L  388C S13 -36¢€°S VWIdYSs -3698  3I¥8’L Iyl -360'6 00+3€0°L 365l JEO'L —3IL6'8 —36E'S I88C 66l  Po|edS 9Injosqy uesiy ‘as
L0 L0 00+ L0 L0 00+ 10 10 L0 L0 L0 L0 00+ 00+ 10413 pajess
-16v'9 -38/°L 3Itv'L S13 -3€0°S VWIYs  -3s¥'s  3JL0'L -3¥¢8  —3¢99 10-38¥'9 -3I6¥'9 -3IYE9 -JTI's -3€0°¢ Il F9LL ainjosqy uesly ‘bay
10113
L0+ 0+ €0+ L0+ L0+ €0+ 0+ L0+ L0+ 0+ L0+ L0+ Lo+ 0+ abejuadiad anjosqy
3969 3€0°C 380°L 4AS  3LS€E O9AIeNS  J6CF 380°L EVAV 4 309 LO+H3Y0'S 3106 3ILPFL JLSE ¢SS 959 IL6'L uealy [eauRWWIAS *gs
10413
L0+ L0+ 0+ L0+ L0+ 0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ abejuadiad a1njosqy
Jlee 356 ALYl 4AS  39¢€°C OAlBNS  I¥8'C EVA A 395°L Jle’e  Lo+366'Cc ITi'e  IsTy  I9¢€C I6L'T I99v  IT8'S uea|\ [ed2HIBWWAS "bAy
UBIPS|\ UBSJ\  Xely  2INsedly Uy 2Insealy  1500gDX  HYAS 359104 JRIINN YdIolAdD eyl  S1vgl OAeNS VAIMYS  S13 WIST saInseapy
Xew I wopuey

"95BD 3sh uewny 4ySIA Y1 Jo S)Nsay "6y d|qel

s}|nsay isedalo4 peayy dois niny g xipuaddy



€2377510-28 R. PRATER ET AL.

€0+ 70+ S0+ 00+ 00+ €0+ €0+ 0+ L0+ €0+ 00+ S0+ 0+ 70+
I8y  3I6L'S  F0LS VIYYS 3000 oAleNs LSy 38Ty I8y IE6L  €0+3IPS6  ILLL 3986 3000 FOL'S  FLL'S  36LE SWwl] pazijewioN ‘ds
€0+ ¥0+ S0+ 00+ 00+ €0+ €0+ 0+ L0+ €0+ 00+ S0+ 0+  v0+
o'l 9L 3STL VIdYs  300°L OAlBNS 3PSO 3IV0°L 38¢5°L L9 ¥o+3Lo’L 3Iv0'L  3IL9Z  3J00°L  3ISTL FT0's  ALEL awi] pazijewlon by
00+ 00+ 00+ L0 00+ 00+ 00+ 00+ L0 L0 00+ 00+ 00+ 00+ oJeys
389°L  3L0C 380°L S13 -3€6'9 Slval 3/LL 38CL  I20T  389°L 00+3C6L -IL¥'6 -3€6'9 I8/L ASLL 380 AT AdRINDY-I9AQ U “dS
L0 L0 00+ L0 L0 10 L0 L0 L0 L0 L0 L0 00+ 00+ aleys
-3188'¢ 380/ 3L9°L S13 -3s€€ Slvdl -3w€s -IL6v -38L -3L98 L0-36T9 -3L0F -ISEE -388'S -IZL'S  IL9L  I0'L  AORINIDY-I9AQ uespy ‘Bay
L0 L0 L0 L0 159104 L0 10 10 L0 L0 L0 L0 L0 10 0] aleys
-309'L -399°'L -38L°C 1s00gHX —3ve’l wopuey -38L'7 -39l -IYEL  -ALPL L0-39S°L —309°L -39l -3SSL -ILSL -3E0°T —ILL L Aoeanddy-1spun ues ds
10 10 10 L0 L0 10 10 10 L0 L0 L0 10 10 10 aleys Aeinddy
-3¢S'L —3€9°L —39C°T WLIST —3EvL VWIYs -38/°L -369'L -30S°L —3¢S’L 10-309°L -3I8%'L —J¢S'L —-3I99'L —FE¥'L  -ILSL —-3SCT -1apun uealy “bay
L0 L0 L0 L0 L0 10 10 L0 L0 L0 L0 L0 10 L0 9Jeys uolewnsy
-/1C -3AET -IV8T S13 -310c VWNYS -36/T -3/t 31T 3Tl Lo-3€TT -319T -3P0T -Jl'c -3L0T -I8T -30L'T -19AQ UBB\ “aS
10 10 10 L0 L0 10 10 10 L0 L0 L0 10 10 L0 aJeys uohjewnsy
-i/6'v -3I01°S -3¢L'S JeI9NN -3¥9¥ OAlBNS  —3¢1'S -3I¢6'vy -30CS —I¢L’S 108V -I96'v —-306'v —-IY9Y —3I8E’S —3ILS’S -IL6V -13AQ U BAY
L0 L0 L0 L0 L0 10 10 L0 L0 L0 L0 L0 10 0] 9Jeys uoljewnsy
-/1C -3AET -IV8T S13 -310c VWNNYS -36/T -3/t 31T 3Tl Lo-3€TT -319T -3IP0T -IPL'T -3L0T -IV8T -30L'T -ispun uesy ‘as
10 10 10 L0 L0 10 10 10 L0 L0 L0 10 10 L0 oJeys uohjewnsy
-3€0'G -368%v —3IFE'S OAIBNS —38CY JeI9ONN  —388'% —380'S —308'F —-3I8CF¥ 10-3I8L'S -3IXO°'S -I0L'S -IPE'S -39y -3I6¥'v —3€0°S -1apun uealy “bay
L0 L0 00+ L0 L0 00+ 10 L0 L0 L0 L0 L0 00+ 00+ Jou3
-6v'L -3/66 3I9LT S13 -318¢C VWINYS -39v'L I8¢l -3/8'6 -I6¥L L0-30L'8 —3IT8'S -IPE'S -I0'9 -3IL8T I9LT  309'L P3[eIS 31N|osqy UesN ‘ds
L0 L0 L0 L0 L0 10 L0 L0 L0 L0 L0 L0 L0 L0 o413 pa|edss
-118Yv -36C°S -3/0°6 W1ST —-3£0°€ VWIHYS -3€£v  -Ivy's  -304°S  —3¢CS L0-3L8F —-3IS6'€ —-3I8S°€ —-ISTY -3IL0°€ -I¢€8 -3/L0°6 aIN[osqy uedly “Bay
o1
L0+ L0+ 0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ 0+ L0+ abejuadiad anjosqy
s8¢ Jevy 3901 S13 39¢¢ Slvdl 36Sv 3669 JLLe 380v LO+3vlL'€ 3IS¥'C 3I9TC AL6'E  I98C I90°L  3IS8’E uesly [P2IRWWAS *aS
Joug
L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ L0+ abejusdiad 21njosqy
399C  3LLT  3S8E S13 386°L Slval 310 38L€ 39T 3I88'T L0+I0KT I8LT  IBE'L  F09T  I6LT  ISBE  IEGE  UBSW [BILIBWWIAS Ay
UeIpalN UBS)  Xely  2Insealy uipy 2Insealy  1500gDX  YAS 159104 JRIINN YdJolAdD eyl Slvgl oAeNS YINIEYS  S1T WIST saInsespy
Xepw Ui wopuey

*95BD 3N 3INJeU JYSIA 3} JO SINSaY "OLY d|qel



	Abstract
	Introduction
	Related Work
	Time Series
	Libra
	The Long Short-Term Memory Method

	Problem Description
	Time-Series Forecasting
	LSTM Parameterization

	Computation Framework and Setup for Experiments
	Results
	Conclusions and Outlook
	Disclosure Statement
	ORCID
	Statements and Declarations
	References
	Appendices
	Appendix B Multi Step Ahead Forecast Results

