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Abstract

Since the reliability of production plans drops largely within several days after plan creation, production control faces huge challenges, when 
trying to foresee the work in progress (WIP) level at bottleneck machines and trying to react appropriately. Whereas several researchers applied 
artificial intelligence to predict lead times or transition times to improve the planning reliability, only small efforts have been taken on time series 
prediction in the field of production control, especially on the topic WIP prediction. In this paper univarate times series approaches are used for 
predicting the work in progress for a bottleneck machine for one and more step ahead. Long short-term memory recurrent neural networks, LSMT 
models show higher accuracy than classical methods. For more step ahead forecasting four different approaches are investigated. Systematical 
model tuning and comparison of various error measures are presented for a real industrial use case from the steal manufacturing industry.
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1. Introduction

Globalisation leads to higher competition for manufacturing
companies [1]. They try to cope with this challenge by focusing
on the customer needs and offering highly individualized prod-
ucts, leading to a complex product and production structures
[2]. Still the logistical performance is of highest importance
to customers, which is why short lead times and high adher-
ence to delivery dates are key factors for long term economic
success [3]. Production planning and control (PPC) needs to
handle this ever growing complexity to ensure a high logistical
performance and is therefore crucial for the companies success
[2, 4, 5]. In many industries backward planning based on the
planned lead time as sum of transition and processing times
from the ERP system, is state of the art. The ERP system cal-
culates the release date from the production order based on the
customer due date and the planned lead time [6]. Moreover, the
so calculated production plan shows the capacity needs at dif-
ferent stations for the future. High prediction accuracy of the

workload guarantees an efficient allocation of capacities and
ability to meet planned lead time. However, Günter et al. [7]
stated that the reliability of production plans can drop to 25%
in the first three days after planning, which results in low pre-
dictability of the workload. The results can be capacity shortage
or material shortage at bottlenecks leading to poor on time de-
livery. Therefore the work in progress (WIP) level at work cen-
ters is of high interest for production controls and is controlled
via capacity allocation and order release.

Industry 4.0 offers new possibilities to overcome the chal-
lenges described above and to realize the concept of cyber-
physical-production systems also influencing the PPC [4, 5, 8].
Dombrowski and Dix as well as Bueno et al. [5, 9] identified
that scheduling, capacity planning, and manufacturing control
benefit most. Still they came to the conclusion, that further re-
search in the area of smart production planning and control is
needed. In this paper a multistep univariate prediction model is
presented to forecast the WIP for a particular work center more
accurately. The analysed machine is one of the bottlenecks of
the production system. The industrial company favours a ten2351-9789© 2021 The Authors. Published by Elsevier B.V.
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Eötvös Loránd Research Network (ELKH), Budapest, Hungary, Kende str. 13-17, H-1111 Budapest, Hungary
cVienna University of Technology, Institute of Management Science, Theresianumgasse 27, Vienna, 1040, Austria

* Corresponding author. Tel.: +43-676-888-61-646 E-mail address: viola.gallina@fraunhofer.at

Abstract

Since the reliability of production plans drops largely within several days after plan creation, production control faces huge challenges, when 
trying to foresee the work in progress (WIP) level at bottleneck machines and trying to react appropriately. Whereas several researchers applied 
artificial intelligence to predict lead times or transition times to improve the planning reliability, only small efforts have been taken on time series 
prediction in the field of production control, especially on the topic WIP prediction. In this paper univarate times series approaches are used for 
predicting the work in progress for a bottleneck machine for one and more step ahead. Long short-term memory recurrent neural networks, LSMT 
models show higher accuracy than classical methods. For more step ahead forecasting four different approaches are investigated. Systematical 
model tuning and comparison of various error measures are presented for a real industrial use case from the steal manufacturing industry.

© 2021 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license(http://creativecommons.org/licenses/by-nc-nd/4.0/)
Peer-review under responsibility of the scientific committee of the 10th CIRP Sponsored Conference on Digital Enterprise Technologies (DET 
2021) - Digital Technologies as Enablers of Industrial Competitiveness and Sustainability.

Keywords: capacity planning; WIP; prediction; time series; LSTM

1. Introduction

Globalisation leads to higher competition for manufacturing
companies [1]. They try to cope with this challenge by focusing
on the customer needs and offering highly individualized prod-
ucts, leading to a complex product and production structures
[2]. Still the logistical performance is of highest importance
to customers, which is why short lead times and high adher-
ence to delivery dates are key factors for long term economic
success [3]. Production planning and control (PPC) needs to
handle this ever growing complexity to ensure a high logistical
performance and is therefore crucial for the companies success
[2, 4, 5]. In many industries backward planning based on the
planned lead time as sum of transition and processing times
from the ERP system, is state of the art. The ERP system cal-
culates the release date from the production order based on the
customer due date and the planned lead time [6]. Moreover, the
so calculated production plan shows the capacity needs at dif-
ferent stations for the future. High prediction accuracy of the

workload guarantees an efficient allocation of capacities and
ability to meet planned lead time. However, Günter et al. [7]
stated that the reliability of production plans can drop to 25%
in the first three days after planning, which results in low pre-
dictability of the workload. The results can be capacity shortage
or material shortage at bottlenecks leading to poor on time de-
livery. Therefore the work in progress (WIP) level at work cen-
ters is of high interest for production controls and is controlled
via capacity allocation and order release.

Industry 4.0 offers new possibilities to overcome the chal-
lenges described above and to realize the concept of cyber-
physical-production systems also influencing the PPC [4, 5, 8].
Dombrowski and Dix as well as Bueno et al. [5, 9] identified
that scheduling, capacity planning, and manufacturing control
benefit most. Still they came to the conclusion, that further re-
search in the area of smart production planning and control is
needed. In this paper a multistep univariate prediction model is
presented to forecast the WIP for a particular work center more
accurately. The analysed machine is one of the bottlenecks of
the production system. The industrial company favours a ten2351-9789© 2021 The Authors. Published by Elsevier B.V.

This is an open access article under the CC BY-NC-ND license(http://creativecommons.org/licenses/by-nc-nd/4.0/)
Peer-review under responsibility of the scientific committee of the 10th CIRP Sponsored Conference on Digital Enterprise Technologies (DET 2021)-Digital 
Technologies as Enablers of Industrial Competitiveness and Sustainability.

Available online at www.sciencedirect.com

Procedia Manufacturing 00 (2021) 000–000
www.elsevier.com/locate/procedia

10th CIRP Sponsored Conference on Digital Enterprise Technologies (DET 2021) – Digital Technologies as
Enablers of Industrial Competitiveness and Sustainability

Work in Progress Level Prediction with Long Short-Term Memory
Recurrent Neural Network

Viola Gallinaa,∗, Lukas Lingitza, Johannes Breitschopfa, Elisabeth Zudorb, Wilfried Sihna,c

aFraunhofer Austria, Theresianumgasse 7, Vienna, 1040, Austria
bInstitute for Computer Science and Control (SZTAKI),
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days ahead prediction as the production plan is always fixed on
Thursday until the end of next week. In this study one to ten
steps ahead prediction models (one step means one day in the
use case) are developed with the following models: exponential
smoothing, Holt-Winters model and Long Short-Term Mem-
ory (LSTM). To the best of the authors’ knowledge, univariate
LSTM has not yet been applied for regression of the WIP level.
Our novel one to ten step ahead prediction model is demon-
strated to offer the highest prediction accuracy for the analysed
industrial use case, offering a viable solution to the vital prob-
lem of timely exploitation of available information for decision
support in manufacturing processes.

The remainder of the paper is structured as follows. Sec-
tion 2 summarizes the related work on prediction of produc-
tion control KPIs with machine learning methods. Section 3
presents the applied research methodology for one and more
steps ahead predictions with model tuning and error measures
applied. Section 4 describes the use case, investigates the most
suitable model structure and reports the major findings of the
paper. Section 5 concludes the results, discusses the limitations
and possible extensions.

2. State of the art

Various methods can be used to increase the reliability of
production plans. Majority of the research work in the area fo-
cuses on time prediction. The simplest analytical time predic-
tion method is Little's law. It states that the average number
of items in a queuing system equals the average arrival rate of
items to the system multiplied by the average lead time of an
item in the system [10].

Although it exists for decades and is proven to be very effi-
cient, in recent dynamic manufacturing systems more sophisti-
cated prediction methods are needed. The application of data
analytics and machine learning algorithms has become very
popular in the era of cyber-physical production systems. Lead
time prediction is one of the most intensively investigated area:
regression trees [11, 12], support-vector machines [13], deep
neural networks [14] and linear regression models [15] have al-
ready demonstrated the effectiveness of these methods. Time
series data mining has appeared as a new approach to time pre-
dictions – after classical regression data mining models [16].
Lingitz et al. emphasised the importance of using historical data
(ERP/MES/SCADA) – instead of the typical approach using
simulation model [17].

Predicting the WIP levels on the shop-floor has not yet been
so thoroughly investigated as time related forecasts, just a few
papers can be found discussing this topic. Misrudin and Foong
use simulation for providing a one week output forecast for
two work centers [18]. Vazan et al. combine simulation with
classification and regression for predicting the behaviour of the
manufacturing system and for forecasting particular production
goals [19]. The best results were gained with neural networks
for each production goal – from which one concentrates on the
WIP level. Subramaniyan et al. employ ARIMA method to pre-
dict throughput bottlenecks in the production system for future
production run from a large set of machine data [20]. The pro-

posed algorithm reaches 62% accuracy compared to the naive
method of 24%. The authors analyzed the amount of past data
needed for forecasting as well. Choueiri et al. propose a hy-
brid predictive model for remaining time prediction based on
transition-systems and statistical regression – considering WIP
levels as one of the most important influencing factors [21].
Scholl et al. presented an implementation of a simulation based
short-term lot arrival forecast conducted in Infineon Technolo-
gies, Dresden [22]. Their approach considers data from the past
60 days and focuses on one day ahead forecasting for a par-
ticular work center. Mosinski et al. introduced the Alternative
Forecast Method for daily delivery predictions and bottleneck
identification [23]. This research work has a forecast horizon
of up to 14 days, is based exclusively on MES data and uses
statistical calculations in different databases. Chian et al. stated
in their research work that vehicle traffic arrival forecasting ex-
hibited the closest similarity to the forecast of WIP arrival [24].
They apply LSTM for classifying the WIP level into the groups
low, normal or high. Their purpose was to predict the WIP level
for the next three weeks in three consecutive seven-day long
steps. 70% of the 90 day-long historical data with hourly res-
olution (2160 data entries all together) were used for training.
Our methodology shows the closest similarity to this approach,
however in our case regression is done and different methods
for more step ahead prediction are investigated and compared.

3. Research methodology

The methodological approach applied in our use case ori-
entates on a widely accepted and standard approach for data
mining, namely on the CRISP-DM model [25]. The first three
phases, business understanding, data understanding and data
preparation are consolidated in the section Dataset description.
The next two sections contain the description of one and more
step ahead prediction models, while the applied error measures
used for comparing the different models are presented in the
Evaluation section. The deployment part of the CRISP-DM
model will be addressed later on in the research project.

3.1. Dataset description

Based on the procedural model of CRISP-DM, the first stage
of the proposed approach focuses on the problem definition and
on challenges faced in the industrial use-case. This involves the
detection and understanding of bottlenecks as well as the selec-
tion of the relevant machine for WIP prediction. From a data
perspective, described in the second level of CRISP-DM, pro-
duction confirmation data is identified as the basis data source
for WIP calculation representing the only feature in the pro-
posed approach for prediction. Confirmation data was available
from 1.1.2015. This is structured as usual and contains informa-
tion about the most important data relating a production lot such
as order id, date and time, customer, working station, work-
ers, number and dimensions of metal sheets. The yearly aver-
age 360.000 data entry for the six year long period resulted in
more than 2 million data entries during the whole time period
that was reduced to 2190 because of the daily view. However,
in the underlying use-case data confirmation is not an entirely
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automated process, leading sometimes to irregularities and con-
firmation errors in the collected data set. Thus, the presented
approach comprises data preparation and pre-processing steps
which correspond to the third stage of CRISP-DM. For accom-
plishing error detection and data preparation the authors utilize
the wide range of available features of the confirmation data
set by applying consistency as well as correction rules defined
with the company’s domain experts. The corrections include
adaptions in the sequence of confirmed operations as well as
the omission of irrelevant confirmations such as quality checks.
The corrected records finally serve as foundation for calculat-
ing the WIP time-series of the selected equipment by consider-
ing the temporal development of accumulated input and output
amounts.

3.2. Prediction with classical univariate time series

In order to accomplish WIP prediction and capacity planning
of the regarded bottleneck work center, the authors considered
alternative univariate approaches using the WIP timeseries as
the only input feature. Starting with the simplest, exponential
smoothing is based on the concept of weighted average by as-
signing exponentially declining weights to past values. Thus,
the more recent an observation, the higher the impact on the pre-
diction. Being α the weight value and y the observation series,
the one step ahead prediction of simple exponential smoothing
is given by:

ŷt+1 = αyt + α(1 − α)yt−1 + α(1 − α)2yt−2 + ... + (1 − α)t ŷ1

The Holt-Winters approach extends the approach of exponen-
tial smoothing by introducing a level l, trend t and seasonal
component s with corresponding smoothing factors α, β and
γ. Based on the seasonal behaviour the Holt-Winters approach
can be applied in two different variations, expressing either a
rather constant seasonal pattern or linear changing seasonality.
In the underlying use-case the former so called additive method
is applied [26]:

ŷt+h|t = lt + hbt + st+h−m(k+1)

lt = α(yt − st−m) + (1 − α)(lt−1 + bt−1)
bt = β(lt − lt−1) + (1 − β)bt−1

st = γ(yt − lt−1 − bt−1) + (1 − γ)st−m

3.3. Prediction with univariate LSTM models

LSTM model was developed by Hochereiter and Schmidhu-
ber in 1997 [27]. LSTM is a modified version of a recurrent
neural network, that is not able to capture long-term dependen-
cies [28]. In LSTM forget gates are introduced in order to con-
trol the information flow. For more information on LSTM see
eg. [27] or [29]. In the current analysis exclusively univariates
models were developed and just the own historical WIP values
were considered.

The model architecture with input, hidden and output lay-
ers is very similar to a feedforward neural network. However,
data preparation requires more effort, because not just data scal-
ing (between 0 and 1 on our case) but special data formatting
is needed as well. After splitting the data set into training and
test sets the neurons of the input and output layer have to be

arranged in a special array format. The number of historical
values used by the training in the input layer is the so called
time window, that equals to the number of columns of the input
array. The result of the prediction is given in an output array,
where the number of columns is identical with the number of
steps to be forecasted – one to ten columns for one to ten step
ahead predictions, respectively. The number of rows both in the
input and output arrays depends on the given data set and the ra-
tio of training-test splitting. The time window value is an addi-
tional parameter of the neural network that must be investigated
and optimized by the model tuning, besides the usual parame-
ters (eg. number of hidden layers, number of neurons, batch
size,...). The best combination of model parameters that results
in a high prediction accuracy is desired. This can be achieved
with a systematical model tuning, where the authors followed
the guideline proposed by Boehmke and Greenwell [30].

In the first part of the analysis the focus was on one step
ahead prediction. For finding the optimal number of historical
data used in the models a grid search was done for time win-
dow size with a medium size LSTM model architecture. After
calculating the average error measures of five runs the window
size was fixed. With the given time window a model tuning
was executed in the following steps in order to minimize the
mean absolute error of the validation data set : i) model capac-
ity ii) batch normalisation iii) regularization iv) learning rate
adjustment. Based on the results the model architecture can be
finalised and the focus of the analysis can be shifted to more
step ahead prediction. The following four approaches can be
found in the literature for more step ahead predictions:
• multiple output,
• recursive,
• direct multistep,
• direct recursive hybrid.

In case of the multiple output model both the training as well
as the prediction are done in one step. The output array has as
many columns as many steps ahead the prediction is to be done.
The general form of a prediction for the next time periods with
the multiple output approach can be formulated as follows:

predt+1 = model(obst, obst−1..., obst−w+1), (1)
predt+2 = model(obst, obst−1..., obst−w+1), (2)

where t is the current time and w is the time window applied.
Recursive models need one training step and N prediction step.
In the training phase the next value right after the given time
window is learned. An N step ahead prediction is done in N
recursive steps, where the oldest value is left and the newest
forecast value is added, with the following logic:

predt+1 = model(obst, obst−1..., obst−w+1), (3)
predt+2 = model(predt+1, obst..., obst−w+2). (4)

The direct multistep approach requires N steps, where in each
step the training and the prediction is done after each other. The
prediction models have different weights in the steps because
the output of the learning model differs:

predt+1 = model1(obst, obst−1..., obst−w+1), (5)
predt+2 = model2(obst, obst−1..., obst−w+1). (6)
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The direct recursive hybrid approach combines the previous
two methods. In each step the oldest values are updated with
the newest prediction values and a new training is completed –
resulting in N different models and weights for the time units to
be forecasted.

predt+1 = model1(obst, obst−1..., obst−w+1), (7)
predt+2 = model2(predt+1, obst..., obst−w+2). (8)

3.4. Evaluation

Exponential smmoting, Holt-Winters and LSTM models
were developed for one step ahead prediction and LSTM mod-
els with the aforementioned approaches were implemented for
ten step ahead prediction. The accuracy of the models was mea-
sured with three various error measures, namely with mean ab-
solute percentage error (MAPE), R-squared (R2) and normal-
ized root mean squared error (NRMSE) – using the minimal and
maximal WIP values for the normalisation. The models were
developed with keras and tensorflow in R Studio [31].

4. Use case results

Figure 1 depicts the WIP of the investigated bottleneck ma-
chine for the analyzed period. No typical component of a time
series can be clearly observed (trend or seasonality), imply-
ing unsatisfactory accuracy results of classical time series ap-
proaches. The first 70% of the data was used for training, while
the last 30% for test purposes.

Fig. 1. WIP levels in the analysed time period

In case of an LSTM after data splitting, normalisation and
formatting into the array format needed, the model architecture
must be defined. The number of neurons with varying model
size applied in the model tuning is summarized in Table 1.

4.1. One step ahead prediction

The average error measures of five runs with a medium size
model with 2 hidden layers for different time window values
were calculated. The batch size (32), the optimizer (adam) and

Table 1. Model capacities assessed represented as number nodes per layer
Number of hidden layers

Size 1 2 3
Small 16 16, 8 16, 8, 4
Medium 64 64, 32 64, 32, 16
Large 256 256, 128 256, 128, 64

the objective function (MSE) were kept fixed. The highest ac-
curacy was achieved with time window 15. After fixing the time
window a model tuning was executed. Based on the model ca-
pacity results medium or large models with one hidden layer or
medium size 3 hidden layer models seemed promising. Batch
normalisation did not bring any improvement in the mean ab-
solute error of the validation data set. A widespread regular-
ization method, i.e. dropout, increased the prediction accuracy
of the model. With learning rate adjustment no significant ad-
vancement was achieved. After the identification of the most
promising model tuning possibilities, a grid search was done for
one hidden layer model with medium or large node size. With
the help of this systematical search the optimal model architec-
ture – with node size 64 and 256; and with dropout rate 0.25 –
could be proposed. After fixing the LSTM model structure the
prediction was done with two classical univariate methods as
well, and the results are summarized in Table 2.
Table 2. One step ahead prediction results on the test data set with the analysed
methods

Exponential
smoothing

Holt-
Winters LSTM

MAPE 15.1 22.7 9.8
R2 0.95 0.93 0.96
NRMSE 4.3 5.5 18.9

4.2. Ten step ahead prediction

As two out of the three applied error measures showed
higher prediction accuracy with LSTM, just this one was ap-
plied for more step ahead prediction. For ten step ahead pre-
diction all four approaches were developed and tested with a
window size 2 and 15. The results are summarized in Tables 3
and 4. Figure 2 depicts the real and predicted values for the test
set with the multiple output univariate LSTM approach – with
time window 15.

Based on the accuracy results on the test part of the given
data set it could be concluded that the most promising ap-
proach is the multiple output approach. In case of time win-
dow 15 higher prediction accuracy was achieved revealing the
importance of including more historical data during the train-
ing phase. However, test runs with higher time window value
showed lower accuracy and pointed out the optimal length of
historical data.

Comparing the error measures of the multiple output model
with the other ones it can be stated that the development of the
accuracy results has a revised tendency. The multiple output
approach is the only one that is able to consider each data en-
try regarding all the different step ahead prediction values and
therefore the training of the network is optimized for the whole
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Table 3. Accuracy results on the test data set with time window 2
Multiple output Recursive Direct multistep Direct recursive hybrid

MAPE R2 NRMSE MAPE R2 NRMSE MAPE R2 NRMSE MAPE R2 NRMSE
1 step ahead 12.0 0.97 18.1 11.8 0.96 18.8 10.6 0.96 19.9 10.1 0.97 18.3
2 steps ahead 13.8 0.94 25.0 15.3 0.93 27.0 14.4 0.92 28.3 13.9 0.93 26.6
3 steps ahead 15.9 0.90 32.0 18.8 0.87 35.8 17.7 0.85 38.5 16.5 0.90 31.4
4 steps ahead 17.7 0.86 37.9 21.5 0.81 43.9 22.3 0.69 55.8 18.4 0.87 35.9
5 steps ahead 19.3 0.81 43.7 23.9 0.73 51.9 20.8 0.77 48.1 20.1 0.84 39.6
6 steps ahead 20.9 0.75 50.0 25.9 0.64 59.9 22.3 0.69 55.2 22.7 0.82 42.3
7 steps ahead 21.9 0.70 54.3 28.0 0.54 68.1 27.8 0.40 77.3 22.6 0.81 44.0
8 steps ahead 23.3 0.62 61.6 30.1 0.41 76.7 26.1 0.46 73.6 34.2 -0.74 131.8
9 steps ahead 24.2 0.59 64.2 32.0 0.26 85.7 25.4 0.51 69.9 34.9 -0.72 131.0

10 steps ahead 25.2 0.51 69.8 34.0 0.09 95.4 26.2 0.42 75.9 42.1 -2.66 191.2

Table 4. Accuracy results on the test data set with time window 15
Multiple output Recursive Direct multistep Direct recursive hybrid

MAPE R2 NRMSE MAPE R2 NRMSE MAPE R2 NRMSE MAPE R2 NRMSE
1 step ahead 22.1 0.70 54.5 11.6 0.97 18.4 10.0 0.97 17.1 9.3 0.97 17.0
2 steps ahead 21.8 0.71 53.4 16.4 0.90 31.7 17.3 0.85 39.0 16.8 0.87 35.3
3 steps ahead 20.9 0.73 51.9 20.5 0.79 45.2 19.9 0.74 50.6 20.6 0.77 47.6
4 steps ahead 20.5 0.72 52.2 24.0 0.64 59.7 22.7 0.66 58.3 20.9 0.78 46.4
5 steps ahead 19.9 0.72 51.9 27.1 0.43 75.1 21.9 0.71 54.0 22.5 0.70 54.5
6 steps ahead 19.8 0.70 54.7 29.9 0.15 91.9 26.6 0.29 83.9 22.8 0.67 57.2
7 steps ahead 19.9 0.71 53.0 32.6 -0.22 110.4 24.2 0.58 64.5 26.4 0.36 79.7
8 steps ahead 18.8 0.69 54.9 35.1 -0.73 131.3 26.9 0.28 84.8 28.0 0.26 86.0
9 steps ahead 18.9 0.67 57.1 37.4 -1.40 154.6 28.9 -0.00 100.1 32.0 -0.23 110.8

10 steps ahead 18.2 0.69 54.9 39.7 -2.28 180.9 30.2 -0.16 107.5 35.0 -0.64 127.9

Fig. 2. Ten step ahead prediction with multiple output LSTM - comparison of
real (black) and predicted (green) values of the test dataset

time frame. This results in poorer accuracy results on short term
and better performance on long term.

5. Future research agenda

In this paper, predicting the WIP levels with classical and
LTSM approaches has been presented. Univariate one to ten
step ahead LSTM prediction models were developed in order

to forecast the WIP for a given bottleneck machine. In the anal-
ysed industrial use case the highest prediction accuracy was
achieved with the multiple output univariate LSTM model. Ap-
plying LSTM for predicting important production control KPIs
(WIP, lead time or waiting time) might be interesting for prac-
titioners without deeper knowledge about neural networks. Our
intention was to present LSTM and demonstrate the various ac-
curacy results for more step ahead predictions with different
approaches. Our results might motivate practitioners to test this
method in their own production environment.

There are several ideas how to widen the scope of this re-
search. Firstly, the possibilities of a rolling prediction with
LSTM will be addressed. Secondly, the focus of the analy-
sis will be extended to other machines or processes as well.
Thirdly, multivariate LSTM models could be used. An alterna-
tive approach might be the prediction of lead times. Last but not
least, the prediction accuracy might be increased if the forecast
is done not for all of the products in general but for given prod-
uct types or customers in various steps.
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Appendix A. Open science

All readers that are interested in the R-Studio scripts are re-
ferred to the open source repository WIPwithLSTM [32]. This
repository contains the developed models for one and n steps
ahead predictions – with all 4 approaches.
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