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Ch 7
Developing a robust

autonomous method for
blood demand forecasting

Blood supply chain (BSC) management requires estimates about the demand of blood products.
The more accurate these estimates are, the less wastage and fewer shortages occur. While the
current literature demonstrates tangible benefits from statistical forecasting approaches, it
highlights issues that discourage their use in BSC optimization: there is no single approach
that works everywhere, and there are no guarantees that any favorable method performance
continues into the future.

We design a novel autonomous forecasting system to solve the aforementioned issues. We
show how possible changes in blood demand could affect prediction performance using partly
synthetic demand data. We use these data then to investigate the performances of different
method selection heuristics. Finally, the performances of the heuristics and single method
approaches were compared using historical demand data from Finland and the Netherlands.
The development code is publicly accessible.

We find that a shift in the demand signal behavior from stochastic to seasonal would affect
the relative performances of the methods. Our autonomous system outperforms all examined
individual methods when forecasting the synthetic demand series, exhibiting meaningful
robustness. When forecasting with real data, the most accurate methods in Finland and in the
Netherlands are the autonomous system and the method average, respectively.

Optimal use of method selection heuristics, as with our autonomous system, may overcome
the need to constantly supervise forecasts in anticipation of changes in demand while being
sufficiently accurate in the absence of such changes.

This chapter is based on Turkulainen et al. [280].

https://github.com/FRCBS/production_forecasts
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7.1 Introduction
A well-functioning blood supply chain (BSC) operation reduces wastage, procurement
costs, and avoids life-threatening shortages. Research on BSC efficiency and reliability
has increased steadily over the past couple of decades. According to a recent survey [281],
most research on supply chain planning assumes demand as stochastic, deterministic,
or otherwise intractably uncertain, using constant estimates or distribution sampling.
However, demand forecasting has been deemed necessary and superior to expert planning
in several studies [177, 281–290], suggesting that supply chain management approaches can
be improved by a significant margin by adopting methods for demand forecasting. Almost
all reviewed research on demand forecasting attempts to determine the single best method
for reducing shortages or costs, revealing that the best method varies between blood banks
and blood products [178, 283, 291, 292]. Researchers also note on multiple occasions that
there are no particular methods that are guaranteed to give accurate forecasts and that the
best method may change over time [178, 283, 291]. To avoid laborious periodic method
re-selection, others have suggested using method selection systems and specific automatic
procedures (most often the Box-Jenkins procedure [293]) to help evaluate and select
autoregressive integrated moving average (ARIMA) models without human intervention
[178, 284–286, 292].

In this study, we use a marked but relatively brief change in the behavior of the weekly
red blood cell (RBC) demand in Finland to examine how the continuation of this behavior
would affect method performance and selection. We then devise heuristics for method
selection that could allow an autonomous system to produce robust forecasts without
supervision during changes in the demand behavior and compare the performance of
such a system with individual method performance using altered demand data. Finally, we
compare the performances of both the heuristics and the individual methods using unaltered
demand data from Finland and the Netherlands to gauge its real-world applicability.

7.2 Materials and methods
7.2.1 Data
Both the Finnish Red Cross Blood Service and Sanquin record every unit of blood delivered.
By filtering these data by specific blood products (e.g., RBCs or PLTs) and aggregating them
per week, we can create a weekly demand series. The record of RBC product deliveries spans
from 2014 to 2021 in Finland and from 2009 to 2020 in the Netherlands. The aggregated
weekly (Monday to Sunday) demand from this period for both countries is shown in
Figure 1. The Finnish series exhibits a seemingly significant change in behavior around
2018 and 2019, as the slight downtrend in demand seems to level out and create a more
pulse-like signal. This behavior, however, does not continue beyond 2019. To study how the
performance of different methods might be affected by such changes, we artificially extend
the anomalous behavior by modeling the series between July 2017 and July 2019, adding
some noise to it, and overwriting the actual demand history from July 2019 onward. The
process to generate the synthetic data is explained in detail in Appendix A. The artificially
extended demand history is shown in Figure 2. We use both the altered and unaltered
version of the demand data to test forecasting methods.
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Figure 1: Weekly demand of RBC products in the Netherlands and Finland.
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Figure 2: Altered weekly demand of RBC products in Finland. The dotted line indicates
the beginning of the synthetic data.

7.2.2 Methods
As most blood supply operators do not have access to meaningful clinical variables or other
external regressors, we limit ourselves in this study to autoregressive forecasting methods
to enable a broad applicability of the results. Based on the current literature, we chose
to examine the following methods: moving average (MA), exponential smoothing (ETS),
ARIMA, and autoregressive neural networks (NNAR). In addition to these, we examined
the seasonal naïve (SNAIVE) method, method averagings methods (AVG and W.AVG),
seasonal-trend decomposition using Loesss (STL and STLF), a dynamic seasonal method
(TBATS), dynamic regression (DYNREG), a multilayer perceptrons (MLP), and extreme
learning machines (ELM). All methods are explained in detail in Appendix B.

The methods are trained using 3 years of most recent demand history. A forecast is
generated for the following week, and its accuracy is tested using absolute percentage
errors (APEs). This process is repeated until we have backtested all of the available history.
These tests allow us then to summarize method performance using the mean absolute
percentage error (MAPE1).

Absolute percentage errors are unit-free, so they enable comparisons between different
data sets and scales. However, they have some important limitations. Division by zero

1MAPE = 100 1
𝑁

𝑁
∑
𝑖=1

|||
𝑦𝑖−𝑦̂𝑖
𝑦𝑖

|||, where 𝑦̂𝑖 denotes the forecast value and 𝑦𝑖 the observed value for a specific week 𝑖.
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issues arise when the target observations contain zeroes, and the metric becomes very
unstable if data has values very close to zero. Additionally, the data should exist on a ratio
scale (entirely positive, meaningful zero). Our weekly aggregates of blood demand do
not contain zeroes and the data are positive. We discuss other possible method selection
metrics in the Discussion section. All development code is written in R (version 4.0.5)
[294]. All methods are implemented using the forecast package (version 8.13) [295] and
the nnfor package (version 0.9.6) [296], except for method averaging (AVG) and weighted
method averaging (W.AVG). The development code is publicly available on Github2.

The repository contains all scripts used for generating the results in this article, an
implementation of an autonomous forecasting system (an R Markdown script that outputs
an HTML forecast report), as well as the necessary custom functions for running such a
system. No data are made available for confidentiality reasons.

7.2.3 Autonomous method selection system
Most of the methods, as implemented in the forecast package, are so-called “modelers”,
meaning that a new model is fit every time a forecast is requested. This allows for a degree
of adaptability regarding changes in series behavior. However, all modelers are restricted
to their respective model formulations, limiting more general adaptability. This issue can
be circumvented by selecting from a pool of different modelers, thereby expanding the
model space available for selection. As periodic manual re-selection is costly, and often
unfeasible, autonomous application of predetermined selection heuristics may be preferable.
Figure 3 illustrates one possible method selection process for an autonomous forecasting
method selection system (AUTO), an implementation of which is provided on Github2. To
test whether allowing for autonomous method selection using historical accuracy metrics
would yield advantages in accuracy over the individual methods and modelers, we selected
forecasts from the methods that held the lowest MAPE in 1, 3, 6, 12, 18, and 24 weeks before
the forecast date (the selection period). We also tested forecasting by ranking methods
based on the previous week’s performance and computing an exponentially decaying
weighted average as the forecast (W.AVG).

7.3 Results
Figure 4 shows the differences in prediction accuracy between the first and second half of
the artificially extended weekly data (Figure 2). We see that the STL, STLF, and DYNREG
methods gain a significant advantage over other methods in the latter half of the data,
after first performing largely comparably to other methods. The neural network methods
(NNAR, MLP, ELM) stand out here in their substantial increase in accuracy in the latter
half of the data after being the clear underperformers in the first half. However, they
still compare unfavorably with AVG, SNAIVE, STL, DYNREG, and STLF. Table 1 shows
the overall mean absolute percentage errors of different methods, and Table 2 shows the
overall mean absolute percentage errors of method selection heuristics for different testing
periods as well as the result for the weighted averaging method. Among the individual
methods, the DYNREG performs best (4.46%). The majority of selection heuristics examined
outperform most individual methods, with AUTO-12 at the top (4.33%), beating them all.

2https://github.com/FRCBS/production_forecasts

https://github.com/FRCBS/production_forecasts
https://github.com/FRCBS/production_forecasts
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Figure 3: A schematic of the method selection process. Methods are trained with a 3-year
training window and then tested on the subsequent observation. The training window
then moves, dropping the oldest observation, and including the previous test observation.
A series of tests are performed over a selection period up until the forecast date (e.g.,
12 weeks). Next, a forecast is generated by selecting the method with the lowest mean
absolute percentage error (MAPE) from the selection period and retraining it with 2 years
of the most recent observations.

For the unaltered demand data (Figure 1), the performances of single methods and selection
heuristics are presented together as a heatmap in Figure 5. The first row presents the
theoretical minimum selection error, found by selecting the most accurate forecast each
week retrospectively. The results are separate for each length of the testing period, as
extending this period limits the available data, thus reducing the number of errors that can
be computed.
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Figure 4: Method performances on the first and second half of the synthetic data, ordered
by the error magnitude on the second half. Some methods benefit from the change, some
suffer.

For Finland, the best performers are the AUTO-12 selection method and AVG. The
selection methods compared favorably with most individual methods, indicating viability
for practical use without loss in accuracy. In the Netherlands, the accuracies are much
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MA-5 MA-7 MA-9 MA-12 SNAIVE

6.81 6.51 6.54 6.72 5.06

ETS STL STLF ARIMAX DYNREG

6.94 4.84 4.61 6.21 4.46

TBATS NNAR MLP ELM AVG

5.94 6.64 7.06 7.04 5.14

Table 1: Overall mean absolute percentage errors (MAPEs) of methods over the entire
synthetic data. The best accuracy is highlighted in bold.

AUTO-1 AUTO-3 AUTO-6 AUTO-12 AUTO-18 AUTO-24 W.AVG

5.01 4.64 4.54 4.33 4.68 4.71 4.76

Table 2: Overall mean absolute percentage errors (MAPEs) of selection heuristics over
the entire synthetic data. The best accuracy is highlighted in bold.

better, most likely due to the larger volume of demand decreasing the noisiness of the
signal. The best method was AVG, with STLF, ARIMAX, and DYNREG performing almost
equally well. Out of the selection methods, the W.AVG and AUTO-6 performed best, with
better or roughly equal accuracy when compared with the individual methods. Overall,
differences between accuracies were not statistically significant at the 95% confidence level,
except for the MLP, whose under-performance was significant in comparison with some
methods even after correcting for multiple testing.

7.4 Discussion
The aim of this article was to explore blood demand forecasting systems that could offer
robustness in the event of changes in the underlying demand signal. For this purpose,
we identified a period of unusual behavior in the Finnish weekly blood demand data and
extended it to create a synthetic demand history. We then examined how these conditions
would affect the performance of various popular forecasting methods and found that the
method performance is greatly affected by structural changes in the demand, highlighting
the need to re-select methods over time (Figure 4). To test whether this could be done
autonomously, we devised two different method selection heuristics that rely on historical
performance: one that chooses the method that had the best mean absolute percentage
error over a certain predetermined length of history and one that creates an exponentially
weighted average of forecasts from different methods. The results from an application of
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Figure 5: A heatmap presentation of the overall MAPEs for the methods and selection
heuristics. The first row presents the error for the optimal selection strategy (theoretical
minimum). Results are spread over six columns (for each testing period length) to ensure
comparable error scores. The splits separate countries and individual methods from
heuristics.
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various methods for the synthetic data show dominance of the selection heuristics over all
individual methods, suggesting that the ability to switch between methods autonomously
or to decide their weighting within a combination of methods successfully utilizes the
differences between the methods. The method selection process behind these results is
illustrated in Appendix C. While our study does not exhaust the search for the optimal
selection strategy, the fact that a large majority of the heuristics outperform all of the
individual methods indicates that there are multiple ways to achieve superiority in accuracy
over single method approaches.

Finally, we tested the heuristics and individual methods using the real, unaltered weekly
demand data from Finland and the Netherlands. The results indicate that the heuristics’
advantage with the altered demand series is most likely a result of the persistence of
the behavioral change, as in reality, they do not differ significantly in accuracy from the
individual methods in either countries. The AVG performed strongly in both countries,
which is likely due to a trade-off between the robustness enabled by the constant method
re-selection and simply forecasting with the historically best individual method. The AVG
method, which computes the mean of all individual forecasts, seems to take advantage of
the random error in the predictions of the individual methods. By canceling the biases of
the individual methods, it reduces the variance of the resulting forecast. However, when
more structural changes in the underlying demand signal emerge, the averaging method
is unable to leverage the advantages gained by some methods or minimize the penalties
suffered by others, as is shown by the dominance of selection heuristics for the synthetic
data.

While it is impossible to build an autoregressive forecasting system that can foresee
changes in demand behavior (for example, a global COVID-19 pandemic essentially halting
regularly scheduled surgeries), one can leverage the advantages of various individual
methods by enabling selection from a diverse library of methods. We did not aim to find the
optimal set of methods nor the absolute best or most generalizable rule set for selection. For
example, in an operation critical environment such as the blood supply chain, it might be
more meaningful to select methods using a metric that harshly penalizes under-forecasting
or by their ability to detect peaks. We found no statistically significant differences between
the peak detection abilities of different methods (Appendix D). Nevertheless, by utilizing
some simple method selection heuristics, one can ensure that any changes in demand
behavior will be adjusted for, while maintaining sufficient forecasting accuracy in the
absence of such changes. As such, we conclude that this approach is a viable autonomous
forecasting solution for blood centers and blood products in general.
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Appendix

A Altered data
The creation of the altered demand history involved finding a method that would accurately
model the strong multi-seasonality present during this period when trained with data
between July 2017 and July 2019. Out of the examined seasonal and multi-seasonal methods,
the stlf() function of the forecast package produced the best results. We used this fit
to generate two years of weekly forecasts, with some added noise to obscure the exact
model specification of the stlf() modeler. The noise was generated by sampling 104
random observations from a normal distribution using the rnorm() function and scaling
them to 2.5% of the series mean. Random sampling was seeded with a constant to ensure
reproducible results between runs.

B Prediction methods
For all the methods below, we denote observations with 𝑦𝑖 and forecasts with 𝑦̂𝑖 The
subscript 𝑖 indicates the time step.

B.1 MA
Simple moving average (MA) methods generate a forecast by averaging a specified number
of observations in the immediate past. The size of this window 𝑞 is called the order of the
MA. An MA of 𝑞th order is specified as:

𝑦̂𝑖+1 =
1
𝑞

𝑖
∑

𝑗=𝑖−𝑞+1
𝑦𝑗 .

The ma() function from the forecast package was used with the order parameter to run
simple MAs of 5, 7, 9, and 12 weeks.

B.2 SNAIVE
The seasonal naïve (SNAIVE) uses the seasonally corresponding past observation as the
forecast. For example, the forecast for February this year would be the February observation
of the last year using monthly data. A SNAIVE forecast can be computed with:

𝑦̂𝑖+ℎ = 𝑦𝑖+ℎ−𝑚(𝑘+1),

where h denotes the time step after 𝑖 we wish to forecast, 𝑚 denotes the length of the
period, and 𝑘 denotes the number of full seasons in the forecast period. This method works
best when the series exhibits a strong seasonality with negligible trend and noise. The
SNAIVE forecasts were produced with the snaive(y, h) function from the forecast
package.
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B.3 ETS
Exponential smoothings (ETSs) [297] generate forecasts from weighted sums of the past
observations so that the weights decay exponentially as we move backward in time. In
their simplest form, ETS forecasts are produced with:

𝑦̂𝑖+1 = 𝛼𝑦𝑖+𝛼(1+𝛼)𝑦𝑖−1+𝛼(1−𝛼)2𝑦𝑖−2+…,

where 0 ≤ 𝛼 ≤ 1 is the weight (or smoothing) parameter that determines how rapidly
the importance of past observations decreases. The ETS method can be expanded with
additional parameters for trend and seasonality, which can be applied either additively or
multiplicatively (i.e., do their effects increase with the level of the series). The forecast
package provides an ETS modeler with the function ets(). The fitted model is then
used to generate the forecasts. Because the function is a modeler, the underlying model
specification for the forecast may change every time the training set is altered.

B.4 STL
Any time series can be coerced into a decomposition comprising trend, season, and error
components. The meaningfulness of the decomposition depends on their respective
strengths in the series: a completely random series will decompose, but the resulting
trend and season components will be negligible in strength. This decomposition is most
often achieved using locally estimated scatterplot smoothing (Loess, or more commonly, the
Savitsky-Golay filter) and referred to as seasonal-trend decomposition using Loess (STL).
Forecasting with decomposition usually involves removing dominating components from
the series, using the remainder to generate a base forecast with another method, and
adjusting the base forecast with the extracted components to create the final forecast. The
stl() function in the forecast package decomposes the series, removes the seasonality
of the series and feeds the seasonally adjusted series into the ets() modeler. The final
forecast is generated by combining the ETS forecast with the extracted seasonal component.

B.5 STLF
The STL decomposition is only capable of extracting a single seasonality component from
the series. Considering that multiple seasonalities are often present in daily, weekly,
and monthly data, it is useful to also test seasonal-trend decomposition using Loess
forecasting (STLF). The forecast package offers a straightforward approach to this
with the stlf() function, which calls the Loess decomposition iteratively to extract any
significant “remainder seasonalities” before feeding the seasonally adjusted series into the
ets() modeler. The forecast is generated in the same manner as with the stl() function.

B.6 ARIMA(X)
Autoregressive moving-average (ARMA) models are constructed using two different
polynomials: the autoregressive part of order 𝑝, AR(𝑝):

𝑦̂𝑖 = 𝑐+𝜙1𝑦𝑖−1+𝜙2𝑦𝑖−2+⋯+𝜙𝑝𝑦𝑖−𝑝 +𝜖𝑖

and the moving-average part of order 𝑞, MA(𝑞):

𝑦̂𝑖 = 𝑐+𝜖𝑖+𝜃1𝜖𝑖−1+𝜃2𝜖𝑖−2+⋯+𝜃𝑞𝜖𝑖−𝑞
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The AR(𝑝) is essentially multivariable linear regression using past observations going
back 𝑝 time steps (“lagged” observations) as regressors. Equally so, the MA(𝑞) equates to
regression on 𝑞 past noise terms 𝜖𝑖. 𝜙𝑖 and 𝜃𝑖 denote the regression weights, and 𝑐 denotes
the mean in the above equations. An ARMA forecast is computed then by combining these
two with

𝑦̂𝑖 = 𝑐+𝜖𝑖+𝜙1𝑦𝑖−1+⋯+𝜙𝑝𝑦𝑖−𝑝 +𝜃1𝜖𝑖−1+⋯+𝜃𝑞𝜖𝑖−𝑞 .

ARMA models assume stationarity (i.e., mean and variance remain constant over time and
autocovariance depends only on past observations) of the target time series, which most
time series do not initially satisfy. Stationarity can be coerced by differencing, producing a
series of changes between consecutive observations, thus reducing the strength of possible
trend and seasonality components. Sometimes this needs to be done more than once.
ARIMA models (autoregressive integrated moving-average) are generalizations of ARMA
models, where the series is differenced first to achieve stationarity. ARIMA models are
specified with the order 𝑝 of the AR polynomial, the order 𝑞 of the MA polynomial, and
the degree of differencing 𝑑.

ARIMA models can also utilize exogenous regressors (ARIMAX), in which case they
follow the style of

𝑦̂𝑖 = 𝑐+𝜖𝑖+
𝐿
∑
𝑙=1

𝛽𝑙𝑥𝑙 +
𝑝

∑
𝑗=1

𝜙𝑗𝑦𝑖−𝑗 +
𝑞

∑
𝑗=1

𝜃𝑗𝜖𝑖−𝑗 ,

Here 𝑥𝑙 signifies the exogenous regressors and 𝛽𝑙 their weights. 𝐿 is the number of
exogenous regressors. In our case, we added monthly seasonality as a dummy variable by
using a one-hot encoded matrix of months. In practice, this generates additional regressors
for each month, which are either “active” (1) or “inactive” (0) for any observation. An
example of such a matrix for monthly data is presented below. The matrix needs only
11 columns to represent 12 months, as the final month is captured by the intercept (all
variables zero).

1 0 0 0 0 0 0 0 0 0 0
0 1 0 0 0 0 0 0 0 0 0
0 0 1 0 0 0 0 0 0 0 0
0 0 0 1 0 0 0 0 0 0 0
0 0 0 0 1 0 0 0 0 0 0
0 0 0 0 0 1 0 0 0 0 0
0 0 0 0 0 0 1 0 0 0 0
0 0 0 0 0 0 0 1 0 0 0
0 0 0 0 0 0 0 0 1 0 0
0 0 0 0 0 0 0 0 0 1 0
0 0 0 0 0 0 0 0 0 0 1
0 0 0 0 0 0 0 0 0 0 0

The forecast package provides automatic ARIMA modeling capabilities via the
auto.arima() function. The parameter xregs was used to introduce our exogenous
regressor into the model.
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B.7 DYNREG
When regression models for time series are built, the amount of autocorrelation in the
residuals is often taken into consideration when deciding if the model is any good. If the
residuals correlate significantly with each other, the model has failed to capture all the
relationships contributing to the process. However, it may be possible to remedy the residual
autocorrelation by modeling the residuals separately as an ARIMA process, thus capturing
the more complex series dynamics in a separate component. The forecast package
allows fitting a regression model to a time series with the tslm() function. The function
also returns the residuals from the fit, which can then be supplied for the auto.arima()
function as is. The final DYNREG forecast is the sum of both of these.

B.8 TBATS
If periodic, complex seasonality is suspected, trigonometric, Box-Cox, ARMA, trend, and
seasonal (TBATS) models may be useful. They estimate Fourier term representations for the
seasonalities in the Box-Cox transformed series (coercion into normality) using dynamic
harmonic regression and use them in ETS state-space models, where the error term is
modeled using an ARMA process [298]. TBATS models can be automatically fitted with
tbats() from the forecast package.

B.9 NNAR, MLP and ELM
The AR model uses a linear combination of lagged observations of the target series to
model it. In the same vein, the autoregressive neural networks (NNAR) takes lagged series
observations as its input values and builds a nonlinear model of the series. In their simplest
form, NNs work by feeding their inputs through (“hidden”) layers of weighted “nodes”,
whose weights are adjusted in the search for the minimum fitting error. NNs are good for
finding complex nonlinear relationships between input values using only target values,
but they lack transparency, and their structure selection is often a matter of trial and error.

We use three different autoregressive NN implementations: a basic feed-forward NNAR
with one hidden layer, implemented with the nnetar() function from the forecast
package, and the MLP implemented using the mlp() function from the nnfor package.
These use backpropagation to train the network. The nnfor package also offers an
implementation for an extreme learning machine with the elm() function. The ELM
is a feed-forward NN that is trained without iterative tuning. Because the method selection
system should be able to determine the best methods autonomously, we do not restrict the
automatic fitting of networks enabled.

B.10 AVG
As any single method is limited to its parameter space and validity under its assumptions,
their accuracy may suffer whenever the underlying series fails to meet those assumptions
or follow the fitted parameters. A combination of several different forecasts may prove
beneficial in improving the accuracy of individual forecasts, as shown by a considerable
body of reviewed literature [299]. In this study, we examine method combinations by
averaging: AVG as the simple method average and W.AVG as an exponentially weighted
average. Our weighting scheme ranks methods based on the previous week’s performance
and applies an exponentially decaying weight 𝛼 = 0.5 to them, thereby acting as a selection
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method:

𝑦̂𝑤 =
𝑁
∑
𝑗=1

𝛼𝑗 𝑦̂𝑗

where 𝑁 signifies the number of methods to average, and 𝛼 = 0.5 was chosen for its rapid
convergence to 1.

C Method selection visualized
To better illustrate how the autonomous system chooses methods forecast by forecast,
Figure 6 shows the altered Finnish demand series (in black) and the forecasts (in white)
generated by the system, where the background color indicates which method is selected.
The figure reveals that as the cyclic pattern continues, the variety of selected methods
decreases to just a handful of best-performing methods. The code used for this plot can be
found at https://github.com/FRCBS/production_forecasts.
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Figure 6: The altered Finnish demand series (black) and the forecasts (white) generated
by the proposed autonomous forecasting method selection system system against a
background color indicating the method chosen. A 12-week selection period is used
(AUTO-12).

D Peak detection
We tested peak detection abilities of different individual and selection methods using the
real demand series from Finland. Peaks used for the accuracy analysis were chosen using
the rolling median and rolling median absolute deviance (MAD). We chose to treat values
over 2 MADs away from the median as anomalous (peaks and troughs) and compared the
respective forecast accuracies of each method at these points. The peaks and the exclusion
interval are visualized in Figure 7. The results are presented in Tables 3 and 4. The accuracy
of predictions at the extreme peaks and troughs are less accurate as can be expected. The
AUTO-12 and AUTO-3 beat all individual methods, but the differences between methods
are not statistically significant at the 95% confidence level. The analysis code can be found
at https://github.com/FRCBS/production_forecasts.

https://github.com/FRCBS/production_forecasts
https://github.com/FRCBS/production_forecasts
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Figure 7: The peaks and the exclusion interval for testing peak detection abilities of
different individual and selection methods, using the real demand series from Finland.

MA-5 MA-7 MA-9 MA-12 SNAIVE

26.6 25.5 26.27 27.07 16.1

ETS STL STLF ARIMAX DYNREG

26.42 19.09 18.05 25.49 17.01

TBATS NNAR MLP ELM AVG

26.48 29.97 21.08 22.43 18.87

Table 3: Individual method MAPEs at peaks and troughs.

AUTO-1 AUTO-3 AUTO-6 AUTO-12 AUTO-18 AUTO-24 W.AVG

16.48 15.45 17.89 15.96 20.02 19.71 19.8

Table 4: Selection heuristic MAPEs at peaks and troughs.


