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1. Abstract

We perform an extensive comparison between four stochastic and two
machine learning (ML) forecasting algorithms by conducting a multiple-case
study. The latter is composed by 50 single-case studies, which use time series
of total monthly precipitation and mean monthly temperature observed in
Greece. We apply a fixed methodology to each individual case and,
subsequently, we perform a cross-case synthesis to facilitate the detection of
systematic patterns. The stochastic algorithms include the Autoregressive
order one model, an algorithm from the family of Autoregressive Fractionally
Integrated Moving Average models, an Exponential Smoothing State Space
algorithm and the Theta algorithm, while the ML algorithms are Neural
Networks and Support Vector Machines. We also use the last observation as a
Naive benchmark in the comparisons. We apply the forecasting methods to the
deseasonalized time series. We compare the one-step ahead as also the multi-
step ahead forecasting properties of the algorithms. Regarding the one-step
ahead forecasting properties, the assessment is based on the absolute error of
the forecast of the last observation. For the comparison of the multi-step ahead
forecasting properties we use five metrics applied to the test set (last twelve
observations), i.e. the root mean square error, the Nash-Sutcliffe efficiency, the
ratio of standard deviations, the index of agreement and the coefficient of
correlation. Concerning the ML algorithms, we also perform a sensitivity
analysis for time lag selection. Additionally, we compare more sophisticated
ML methods as regards to the hyperparameter optimization to simple ones.




2. Introduction

Machine learning (ML) algorithms are widely used for the forecasting of geophysical processes as
an alternative to stochastic algorithms.

Popular ML algorithms are the Neural Networks (NN) and the Support Vector Machines (SVM).

The large number of the relevant applications is imprinted in Maier and Dandy (2000) and
Raghavendra and Deka (2014).

The research in geophysical sciences often focuses on comparing stochastic to ML forecasting
algorithms.

The comparisons performed are usually based on single-case studies (e.g. Koutsoyiannis et al.
2008; Valipour et al. 2013).

Single-case studies offer the benefit of studying the phenomena in detail as also in their context.
On the other hand, they do not allow generalizations in any extent (Achen and Snidal 1989).

Generalizations could be derived by examining a sufficient number of different cases, as
implemented in Papacharalampous (2016) and Papacharalampous et al. (2017).

Here we conduct a multiple-case study composed by 50 individual cases, each of them based on
geophysical time series data from Greece.

In more detail:

v" We apply a fixed methodology to each individual case for the comparison between several
stochastic and ML methods regarding their one-step ahead and multi-step ahead forecasting
properties.

v Concerning the ML methods, we also perform a sensitivity analysis for time lag selection.
Additionally, we compare more sophisticated ML methods as regards to the hyperparameter
optimization to simple ones.

v" Finally, we perform a cross-case synthesis to facilitate the detection of systematic patterns.

The multiple-case study method can provide a form of generalization named “contingent
empirical generalization”, while retaining the immediacy of the single-case study method (Achen
and Snidal 1989).




3 Methodology outline

We use 50 time series of total monthly precipitation (data source: Peterson and Vose 1997) and mean
monthly temperature (data source: Lawrimore et al. 2011) observed in Greece (see 4).

= We select only those with few missing values (blocks with length equal or less than one).
Subsequently, we use the Kalman filter algorithm from the zoo R package (Zeileis and Grothendieck
2005) for filling in the missing values.

= We use the deseasonalized time series for the application of the forecasting methods (see 5), as
suggested in Taieb et al. (2012).

= To describe the long-term persistence of the deseasonalized time series, we estimate the Hurst
parameter H for each of them using the maximum likelihood method (Tyralis and Koutsoyiannis
2011) implemented with the HKprocess R package (Tyralis 2016).

= We apply the following methodology to each time series:

v" First, we split the time series into a fitting and a test set. The latter is the last observation for
the one-step ahead forecasting experiments and the last 12 observations for the multi-step
ahead forecasting experiments.

v' Second, we fit the models to the deseasonalized fitting set and make predictions corresponding
to the test set.

v' Third, we add the seasonality to the predicted values and compare them to their corresponding
observed using several metrics (see bellow).

v Regarding the one-step ahead forecasting properties, the assessment is based on the absolute
error (AE) of the forecast of the last observation.

v For the comparison of the multi-step ahead forecasting properties we use the Root Mean
Square Error (RMSE), the Nash-Sutcliffe efficiency (NSE), the ratio of standard deviations (rSD),
the index of agreement (d) and the coefficient of correlation (Pr) applied to the test set. The
definitions of the metrics NSE, d and Pr are available in Krause et al. (2005), while the
definition of the rSD in Zambrano-Bigiarini (2014).

v' Finally, we conduct the cross-case synthesis to demonstrate similarities and differences
between the single-case studies conducted.




4. Time series
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5. Forecasting methods

Benchmark Stochastic

AR(1)

Naive auto_ARFIMA

ML
(last observation) BATS
SVM

Theta

We apply the benchmark and stochastic algorithms using the forecast R package (Hyndman
2016; Hyndman and Khandakar 2008) and the ML using the rminer R package (Cortez 2010,
2015).

The Naive, AR(1), auto_ARFIMA and BATS algorithms apply Box-Cox transformation to the
input data before fitting a model to them.

While the stochastic forecasting methods are simply defined by the stochastic algorithm, the ML
methods are defined by the set {ML algorithm, hyperparameter selection procedure, time lags}.

We compare two procedures for hyperparameter selection, i.e. predefined hyperparameters or
defined after optimization, and 21 regression matrices, each using the first n time lags, n = 1, 2,
.., 21. The hyperparameter optimization is performed with the hold-out method.

Hereafter, we consider that the ML models are used with predefined hyperparameters and that
the regression matrix is built only by the first time lag, unless mentioned differently.

We use two ML forecasting methods (one for each algorithm) in the comparisons conducted
between stochastic and machine learning.

We also use 42 forecasting methods (21 for each algorithm) to perform a sensitivity analysis for
time lag selection and four ML forecasting methods (two for each algorithm) for the
investigation of the effect of the hyperparameter optimization.




6. Comparison on precipitation time series
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Heatmaps for the comparison
between the stochastic and ML
methods on the precipitation
time series. The darker the colour
the better the forecasts.

Notes

The results of the single-case studies
vary significantly.

There is no best or worst forecasting
method regarding all the criteria set
simultaneously.

The former observations apply equally
to the stochastic and the ML forecasting
methods.

The Naive benchmark is as competent
as the forecasting methods regarding all
the criteria set.

The forecasting methods AR(1) and
auto_ARFIMA are the least proper to
use on our precipitation data.

(1) one-step ahead forecasting - AE

(2) multi-step ahead forecasting - RMSE
(3) multi-step ahead forecasting - NSE
(4) multi-step ahead forecasting - rSD
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(6) multi-step ahead forecasting - Pr




7. Comparison on temperature time series
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8. Time lag selection: NN algorithm
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9. Time lag selection: SVM algorithm
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10. Hyperparameter optimization
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11. Summary and conclusions

We compare four stochastic and two ML forecasting algorithms by conducting a
multiple-case study, which is composed by 50 single-case studies.

The latter use time series of total monthly precipitation and mean monthly
temperature observed in Greece.

We compare the one- and multi-step ahead forecasting properties of the
algorithms.

Regarding the ML algorithms, we also perform a sensitivity analysis for time lag
selection.

Furthermore, we compare more sophisticated ML methods as regards to the
hyperparameter optimization to simple ones.

The present study must be encountered as a contingent empirical evidence on
several issues that have drawn the attention in the field of time series forecasting.

The findings suggest that the stochastic and ML methods can perform equally
well, but always under limitations.

The best forecasting method depends on the case examined and the criterion of
interest, while it can be either stochastic or ML. However, the ML methods are
computationally intensive.

Regarding the time lag selection, the best choice seems to depend mainly on the
case, while the ML algorithm might has also some effect.

Finally, for the algorithms used in the present study hyperparameter optimization
does not necessarily lead to better forecasts.
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