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Abstract

Demand forecasting can optimise production and supply chain practices in manufacturing organisations. However,
demand forecasting is not widely adopted among make-to-order (MTO) manufacturers with mass customisation
offers. Building effective demand forecasting systems is challenging in such organisations due to the numerous
unique manufactured articles and sparse demand patterns. This position paper argues that make-to-order
manufacturers should employ demand forecasting to a larger extent, and that the forecasting community should
address challenges related to the domain. Key challenges include creating models capable of predicting both
demand size and timing of intermittent forecasts, as well as a deeper insight into the effects of global deep
learning time-series models. We perform a pilot experiment using demand forecasting in a purchasing decision
support system to validate the usefulness of demand forecasting for MTO manufacturing organisations with
mass customisation offers. A research roadmap is proposed to address the identified challenges.
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1. Introduction

Demand forecasting is an important tool in many domains, e.g., retailing and manufacturing, to help
ensure that goods are available when customers need them. Demand forecasting involves training
machine learning models on historical demand patterns for products or product groups. During
inference, the trained models are supplied with recent demand data to predict the demand for a future
period of interest [1]. The goal is to estimate when customers will purchase items, and how many items
they will purchase.

1.1. Demand forecasting challenges

Accurate demand forecasts allow manufacturing organisations to plan production proactively to have
goods ready when the customers need them and become more efficient at doing so. Retail and make-to-
stock (MTS) manufacturing organisations adopt demand forecasting into their supply chain planning
to a larger extent than make-to-order (MTO) manufacturing organisations [2, 3]. MTO manufacturing
organisations generally wait until the customer places an order until they produce the final goods and
therefore cannot use demand forecasts to the same extent that MTS manufacturing organisations do.
Demand forecasts can help MTO organisations decide when to produce extra finished goods to stock,
making production more efficient. However, due to the challenges involved, MTO organisations often
avoid using demand forecasting in their workflows [2, 3]. MTO manufacturing organisations often
produce many articles and need to know when demand will occur for each article and customer [4].
However, it is not feasible to train separate machine learning models for thousands of unique articles
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(local models). Instead, focus shifts to global models that train on many time-series and forecast for all
of them with one model [5].

1.2. Aim and scope

This position paper highlights knowledge gaps in the system requirements for demand forecasting for
MTO manufacturing organisations and specific challenges that need to be addressed to close them. We
believe more attention should be given to training and assessing intermittent time-series that predict
both demand size and timing, especially from a global perspective when dealing with many time-series.
To support this position, we conduct a pilot experiment where demand forecasting is incorporated into
a smart purchasing system used by an MTO manufacturer. The aim of the experiment is to evaluate the
usefulness of demand forecasting for improving purchasing decisions in an MTO context.

1.3. Outline

In the sections that follow, we first present the background and relevant terminology for the paper. This
is followed by a description of the use of demand forecasting both in general and from a manufacturing
perspective, highlighting specific demand forecasting challenges that arise in MTO manufacturing
organisations. The argumentation section of the paper argues three main points:

+ The need for a better understanding of the requirements of demand forecasting systems in MTO
manufacturing organisations.

+ The need for models capable of forecasting intermittent time-series with both accurate demand
timings and sizes.

+ The need for a deeper insight into the effects of using global deep learning time-series models
compared to local models, and how to improve global models.

Following this, we present results from a pilot experiment where demand forecasting is integrated
into a purchasing system in a mass customisation purchasing task, demonstrating the usefulness and
potential of demand forecasting in an MTO context. Lastly, we present a research roadmap of open,
tangible demand forecasting problems which we believe should be addressed.

2. Background

Demand forecasting has been used for decades in MTS manufacturing to manage inventory of semi-
finished and finished goods [6, 7]. However, demand forecasting continues to see limited use in the
MTO and mass customisation manufacturing domain [2]. MTO organisations want to keep the stock
levels low to avoid tying up capital or producing goods which become obsolete. In our experience, MTO
organisations often use qualitative methods, relying on expert knowledge to forecast contract orders
without historical data or macro trends. However, these approaches are time-consuming and difficult
when there are many articles [8].

2.1. Terminology

A make-to-stock manufacturing strategy aims to keep adequate stock of manufactured goods in
anticipation of future demand [2]. A make-to-order manufacturing strategy means that goods are
only manufactured after an order has been placed, and is a common strategy among manufacturers who
have mass customisation offers [9, 2]. The purpose of mass customisation is to provide customers
with customised products tailored to their specific needs [9], e.g., unique cosmetic designs integrated
into base products, or tools unique to certain customers. We use the term article to describe goods that
have been customised for a specific customer. Organisations with repeat customers can use a hybrid
manufacturing strategy and manufacture customised goods ahead of demand with a calculated risk to
improve production efficiency.



The purpose of demand forecasting is to estimate when customers are likely to have a demand for
goods which an organisation supplies. Customers can sometimes provide their own demand forecasts,
but they are often not accurate enough to use for decision support. Time-series analysis can be used
to estimate demand of goods by treating historical sales orders as time-series. These time-series, either
univariate or multivariate with covariates, can inform the training of machine learning models to
predict future demand for a specified time-period (forecasting horizon) [1, 10].

Mass customisation often leads to sparse demand due to many unique articles, making the time-series
intermittent or lumpy. Intermittent and lumpy time-series consist of many zero values followed by a
single demand or burst of demands [11]. Such time-series are difficult to forecast because most methods
handle continuous values [1].

Deep learning time-series models can be local or global [5]. Local time-series models train on
historical samples of a single time-series for forecasting that series only, whereas global time-series
models train on multiple time-series and forecast future values for any series in the dataset. We use
semi-global model to describe multiple models trained on subsets of data to leverage global model
strengths while having a more homogeneous training data. Both global and local models handle one
time-series (and covariates) at a time during inference.

2.2. Related work
2.2.1. Demand forecasting and applications

Demand forecasting is widely employed in the retail and MTS manufacturing domains [4, 12, 13]. The
most common methods for forecasting univariate time-series with machine learning are statistical
models like ARIMA [14] for local models aimed at forecasting one time-series, and deep learning models
like LSTMs and transformers, which can be both local or global, i.e., forecasting one or multiple time-
series using the same model [1, 10]. Intermittent demands are common in both retail and manufacturing
domains [4]. A hybrid MTS/MTO approach: make-to-forecast (MTF) has been proposed which uses
forecasts to manufacture or purchase partially completed products based on forecasts, modifying them
when the orders are placed [2, 3]. However, there are few practical real-world applications of such
approaches to date [8]. Recent work on time-series have attempted to create foundation models which
would be capable of predicting on time-series from completely new domains [15, 16].

2.2.2. Intermittent forecasting

The most widely adopted method for forecasting intermittent demand is the Croston method [17] and
its many derivatives [18, 19, 20, 21]. The Croston method divides intermittent time-series into period
length and demand size, then smooths them separately before combining. This estimates the average
demand rate for a future time-period [17]. Another statistical approach from the retail domain is to use
a hierarchical forecasting structure with a greedy aggregation-decomposition to forecast stock-keeping
units for intermittent demand products [13].

Deep learning models like LSTMs [22] or transformers [10, 23] often predict zeros when faced with
intermittent demand. Several specialised approaches have been proposed to forecast intermittent
demand with deep learning [1, 4]. One such approach, DeepAR, uses non-linear transformations
combined with appropriate likelihoods to overcome the issue of predicting only zero values, creating
a model architecture that works for both smooth and intermittent time-series [1]. Non-sequential
deep learning models have also been shown to perform well on intermittent time-series by using the
demands and intervals as separate inputs into a multi-layer perceptron with a single hidden layer [4].
Most intermittent forecasting methods predict an average demand rate, which is useful for domains
which focus on stock-keeping efficiency. However, few studies focus on predicting both the timing and
size of demands



2.2.3. Global models

Deep learning forecasting has mostly used local models historically [1, 5]. Many deep learning architec-
tures train both local and global models [1, 10], but papers often don’t specify which is used. Rozanec
et al. [24] used anomaly detection and explainable Al technologies to enable users to determine when
the output of forecasting models could be trusted. They noted that global models can perform better, but
there’s a gap in explaining why they sometimes produce bad forecasts. Montero-Manso and Hyndman
[5] found that global models could be both more complex and better at generalisation than local models.

Semi-global models trained on groups of homogeneous time-series have been shown to perform better
than fully global models trained on more heterogeneous data [25]. Strong models can also be produced
by training global base models and using transfer learning for local or semi-global contexts [26]. Bandara
et al. used clustering on a set of 18 time-series features proposed by Hyndman [27] to determine which
time-series should be grouped together for semi-global training [25]. [28] used an iterative refinement
approach to the clustering where they let forecasting accuracy guide cluster assignment. These studies
show good results in clustering time-series for semi-global models, but it is unclear which features
are most relevant. Is there a difference in feature importance for smooth, intermittent, and lumpy
time-series? It has been noted that disparate time-series in the same training cluster are detrimental to
model performance [25]. Further exploration is required into which characteristics determine good
semi-global training clusters, and whether there is a "similarity cutoft" to aim for.

2.2.4. Metrics

Forecast success can be assessed with different metrics, the most common method being some variation
of either the Mean Absolut Deviation (MAD), percentage error, or Mean Squared Error (MSE) calculated
from the prediction error of each time-step [29]. MSE, MAD, and a multitude of other metrics, e.g.,
MASE [30] and RMASE [13] have been used to assess intermittent forecasts with a per-time-step error
in various ways [29]. Although current metrics are effective in some contexts, more specialised metrics
are called for, as the large number of zero values make absolute errors a blunt assessment of the actual
forecasting performance [30].

Some metrics account for the timing of demands to address the issue of over-penalising near-misses:
MAD,, and MSE,, calculate the error when a demand occurs by summing the forecasted values leading
up to the demand point and measuring its agreement with the specific demand for that time-step
[29]. Cumulative Forecast Error (CFE) measures positive and negative errors at each time-step for
the forecasting horizon before adding the errors together, essentially forming a sum aggregate error
[29]. This bypasses some of the issues with misjudging near-misses, but these metrics only help for
near-misses which occur before the demand, not after. Additionally, they penalise forecasts across the
forecasting horizon equally, meaning that the timing of the forecasts is not assessed.

There are also domain-specific metrics such as Periods In Stock (PIS) [29] or Stock-keeping-oriented
Prediction Error Cost (SPEC) [31] which simulate the performance of a forecasting model in a stock-
keeping scenario at retail organisations. Such metrics only work for a stock-keeping oriented approach,
however, and are not suitable for use in an MTO manufacturing organisation or in domain-agnostic
approaches.

3. Forecasting intermittent demand: global and local model
approaches for an MTO manufacturing context

This section will explore the challenges and needs in demand forecasting for MTO manufacturing
organisations. We will focus on understanding system requirements, forecasting intermittent time-series,
and comparing global and local models.



3.1. MTO manufacturing

MTO manufacturers should forecast the demand of their goods more, but first, it is essential to un-
derstand the specific requirements of demand forecasting systems in MTO manufacturing. Effective
forecasts would allow many mass customisation manufacturers to take calculated risks to occasionally
produce extra finished goods to stock, or to purchase semi-finished goods before demand arrives. By
doing so they could improve the efficiency of their inventory management, production planning, staff
scheduling, and material purchasing [32]. They could also serve customers better by contacting them
with "win-win" opportunities when a demand is forecasted. This could both help the manufacturing
organisation be more efficient and give the customer a more stable delivery and potentially better prices.

In our experience from working in the domain, customer-supplied forecasts are the primary decision
support used to gauge future demand. Unfortunately, these forecasts are often either inaccurate
or not detailed enough to be useful beyond high-level budgeting. Manual forecasts are sometimes
made by observing past sales and using expertise to estimate future demand. These manual estimates
inform production planning and purchasing decisions. Unfortunately, this process is time-consuming
and difficult to scale accurately. This highlights the need for automated forecasting, which, besides
increasing forecasting performance, could also free up a lot of time for other tasks. It is difficult
to know beforehand which level of forecasting performance is needed to support decisions in MTO
manufacturing organisations, as there have not been many studies on this. To fully support decision-
making in MTO organisations where demands are often intermittent, forecasts should predict both
demand timing and size. These forecasts could help reduce setup times and increase machine up-times
by adjusting production order timing.

3.2. Intermittent time-series forecasting

Forecasting intermittent time-series is particularly challenging due to the sporadic nature of demand.
Intermittent time-series forecasts usually predict an average demand rate per time-step, rather than the
size and timing of individual demand occurrences. It should be a priority to develop models capable of
predicting both demand size and timing, as they would allow many organisations to use the forecasts
in ways which are not possible with average demand rates. To accomplish this, the focus should be on
modelling the time-series in a way which deep learning models can understand. Due to their non-linear
nature, deep learning models can capture underlying patterns and detect subtle trends ranging across
time-series, whereas statistical models often oversimplify time-series problems.

Of course, the effort to cater to every situation with a black box model may be too large, and the
stability and consistency of the standard statistical models is one of the reasons that they have been
used for a long time. The black box nature of deep learning models also makes them less interpretable
than statistical models, which can be detrimental to user trust in the models.

Model performance metrics should relate to the real-world goal one is trying to accomplish. There
are good domain-specific metrics that simulate stock-keeping in e.g., the retail domain [29, 4, 31], but
such metrics are unfeasible for an MTO manufacturing setting. When training a deep learning model,
the loss function should ideally correlate strongly to the metric, and simulation metrics may be too slow
to use efficiently. The non-domain specific metrics often judge a sum aggregate error or the error per
time-step in the forecasting horizon [29]. These metrics are insufficient with models that forecast both
the timing and size of demands. Therefore, it is essential to develop domain-agnostic metrics capable of
correctly judging how well both the timing and size of demands are predicted.

3.3. Global vs. local time-series models

Global models, which train on multiple time-series, offer the advantage of simplicity: There is no need
to tune the hyper-parameters and to spend time and compute resources on training tens of thousands of
different models. Previous work indicates that global models can outperform local models for time-series
forecasting [5]. We argue that the forecasting community should focus more on understanding the
strengths and drawbacks of global deep learning models compared to local models.



A large disparity among time-series in the training data can negatively affect global model perfor-
mance. Several studies suggest that semi-global models could help address this issue [25, 28]. This
way we would get the best of both worlds: Robust models which generalise well and are not too
resource intensive to train, but that are still specific enough to yield performance on a par with, or
better than local models. To accomplish this, however, more knowledge is needed about how to best
group time-series together for training. It is not understood today which characteristics of time-series
are relevant for semi-global training clusters, and which characteristics are detrimental to forecasting
performance. It would also be interesting to examine whether there are cut-offs in the diversity of
time-series or in the number of time-series needed in a training cluster to produce high-performing
models.

A counterargument to using clustering for semi-global models is that forecasting systems are already
complex. Adding a clustering step to the forecasting process can make model maintenance more
challenging. This could lead to slower development of such systems, specifically in general upkeep
of models, and the designing of automatic re-training regimen. Additionally, it may be challenging to
leverage conditional models with exogenous variables in a global or semi-global context, because the
effects of the exogenous variables could differ too much across the time-series. Seasonal components
would also need to be accounted for, which adds additional complexities. However, the performance
increase could very well outweigh these issues, but more work is needed to fully understand this.

In real-world situations, it is common that some time-series are more important to forecast well than
others. For this reason, a purely global forecasting approach may not produce the best results. A hybrid
mix of local and global models could work well to ensure satisfactory performance on the important time-
series. However, this requires a clearer understanding of which time-series characteristics determine
whether global or local models are more effective. Perhaps transfer learning from a global model to a
fine-tuning on a single time-series can yield stronger performance than either a global or local model
can? Our experience from working with forecasting models is that some time-series are more difficult
to forecast than others, and that training local models on such time-series often does not yield any
valuable results whatsoever. However, when a global model trained on other time-series is applied to the
same time-series the forecasting performance is improved. Although this is an anecdotal observation, it
highlights that it could be worthwhile to study whether certain inherent characteristics make some
time-series more difficult to forecast using local models.

4. Pilot experiment: demand forecasting in smart purchasing system

To validate the usefulness of demand forecasting in an MTO context, we perform a pilot experiment
integrating demand forecasting into an existing purchasing decision support system. We simulate the
system for one year and compare the savings with and without demand forecasting. We first provide a
high-level description of the system’s purpose and implementation, before detailing the experiment
and results.

4.1. Purchasing task description and system implementation

An Al-assisted purchasing decision support system has been built for a company with an MTO and
mass customisation strategy. The system helps purchase material sub-components that are unique to
each product and customer, and need to be bought frequently and in large quantities. The material
sub-component is one of several components used to produce the articles sold to customers. There are
2000 - 3000 unique articles active at any time, and anything between 50 and 100 different components
are purchased each week at varying quantities.

The supplier uses bulk pricing: Purchases can be combined to reach different price tiers, affecting the
final price per component. The system helps taking calculated risks outside of the known requirements
to get a lower price per component. Components become obsolete if customers change their product
design, so the company risks any component bought above the order-based quantities (purchasing



requirements). Additionally, components have a shelf-life of roughly 9 months, after which they degrade
too much in quality and cannot be used to produce the finished articles.

The decision support system uses a machine learning model which can estimate the probability of
obsolescence Pp for a component purchase at a specific quantity X. The target variable is based on
historical purchases and component usage before obsolescence: For training instances with historical
known data, if we are assessing a purchasing quantity of X = 10,000 components, and the historical
data shows that 100,000 components were used up before the customer discontinued the product version,
then the regression target becomes ﬁ = 0.1. The input features include factors like customer
consistency in purchase quantities, purchase frequency, and component lifetime before design changes.
Other features include time since design swap, volume since design swap, and price list specific features.

The system takes a list of known purchase requirements and returns purchasing suggestions to the
purchaser, who makes the final decision. Because the price lists are available during use, we know the
following for a potential quantity increase X: (1) The monetary risk of increasing the quantity; (2)
The best-case monetary reward of increasing the quantity. With these components together with the
probability of obsolescence Py, we can compute the expected value E(X) of increasing the purchase
quantity:

E(X) = (1- Pp) -reward(X) — Pp - risk(X) (1)

The system considers several quantity increases per component and chooses the one with the highest
expected value. After this the system must calculate the expected values for the other quantity increases
again, because the conditions have changed due to the previous quantity increase. Quantity increases
are made until there are no more positive expected values, or other stopping criteria such as a time
limit are reached.

4.2. Experiment setup

The experiment compares three different purchasing approaches: (1) Human-based purchasing; (2)
System-based purchasing; (3) System-based purchasing enhanced with demand forecasting. We simulate
one year of system use and compare the purchasing outcomes to the actual human purchasing done for
the same year. The simulation tracks excess stock from purchase increases and subtracts these quantities
from future purchase requirements to simulate the correct requirements. Additionally, expired and
obsolete stock are tracked to further correct the excess stock. Expired stock occurs when a component
has lied unused in stock for more than 9 months, and obsolete stock occurs when the customer updates
their component to a new version, rendering the old version useless.

Summary statistics are computed after the simulation: How much did we spend compared to the
human-based purchasing, and how many extra components did we buy? What component quantities
went unused either due to expiration, or due to becoming obsolete because customers changed versions?
How much stock remained at the end of the simulation (which would not become obsolete), and how
much would that have cost to purchase with human purchasing? We estimate the cost of excess
components using human purchasing and add it to the baseline cost to compute an estimated ground
truth. The system’s total spending is compared to this ground truth to estimate the percentage of
monetary savings.

Two different simulations are run: The standard system-based purchasing uses the implementation
described in subsection 4.1. The second simulation builds on the system by including demand forecasting
to improve the decision making. We use TSB [21] for intermittent and lumpy demands and Prophet
[33] for smooth and erratic demands. These models are chosen because they are readily available and
can produce decent forecasts without much effort. TSB applies separate single exponential smoothing
to estimate the demand probability and average demand size, which are then multiplied to produce
a demand rate forecast [21]. Prophet performs an automatic decomposition into trend, holiday, and
seasonal components, which are forecasted separately and then combined additively to produce the
final forecast [33]. For each purchasing occasion, demand forecasts are computed for all included
components monthly. The demand forecasts are based on the sales orders of the finished article which



contain the material sub-component. The forecasted demand for the coming 9 months is set as an
upper limit of the purchasing quantity for that article’s sub-component, with the hope that this will
reduce expired components. In addition to this, we set a max quantity cap of five times the required
quantity. For articles with fewer than 3 historical sales, the forecast is skipped and a much lower max
cap (2- the required quantity) is set to reflect the relatively high uncertainty of these articles. These
limit parameters were found through trial and error by observing forecasts and purchasing suggestions
in different scenarios.

4.3. Results and analysis

Adding forecasts to the system improves on all metrics (Table 1): The system achieves a significantly
higher savings across one year of purchasing, and manages to do so while taking smaller risks and
over-purchasing a smaller quantity in total. Additionally, the system is more successful at taking its
risks (Table 2), mainly due to components expiring less frequently. This shows that adding demand
forecasts to the system achieves the desired results: Fewer components expire due to not being used
within 9 months of being purchased. The system without demand forecasts still outperforms human
purchasing, but does so by taking less-calculated risks and relying on a more brute-force approach.
The non-demand forecasting approach takes significantly larger risks (5.19 % across one year) than the
demand forecasting approach which spends roughly the same amount of money as a human purchaser
for a much higher quantity, most of which ends up being used. This occurs because of the bulk pricing,
which causes many small purchases to have a very high component price, whereas bundling several
purchases together in one larger purchase can lower the cost despite increasing the quantity. Overall,
the results show that including demand forecasts in the system increases the profit margin and also has
the potential to reduce the environmental impact from unnecessary transports.

Table 1
Comparison of overall system performance with and without demand forecasting. All metrics are compared to
the baseline human purchasing across one year.

Metric System  System + Forecasting
Total estimated monetary savings (%) 5.33 9.02
Over-purchasing quantity (%) 28.60 17.78
Monetary risk taken (%) 5.19 ~0.00

Table 2
Comparison of system performance in over-purchasing decisions (quantities) with and without demand forecast-

ing.

Metric System  System + Forecasting
Discarded due to obsolescence (%)  16.62 14.33
Discarded due to expiration (%) 39.09 22.55
Successful (%) 44.29 63.12

5. Summary and roadmap

Demand forecasting is an important challenge for many organisations. MTO manufacturers face added
complexities, causing them to avoid demand forecasting. The large number of articles warrants using
global models that can forecast many time-series without training each one explicitly. Additionally,
the per-article demand in MTO organisations is often sparse, causing an intermittent nature in the
time-series.



Global and semi-global models could be trained better if we had more insights into how performance
is affected by different time-series characteristics. It is essential to develop intermittent forecasting
models which do not only produce an average demand rate across time, but that predict when demand
is likely to occur and how large it will be. To assess such forecasts, new metrics need to be developed
that assess how well each actual demand is predicted both in timing and size, and not just on a macro
level.

The pilot experiment demonstrates that it is possible to use demand forecasting to significantly
improve processes in an MTO context, and that even simple forecasting models can yield valuable
results when embedded into operational decision support systems. The system with forecasts achieved
higher savings and took smaller risks compared to the system without forecasts, resulting in a higher
profit margin and a lower environmental impact. These results motivate putting focus on addressing
demand forecasting challenges from an MTO manufacturing perspective, both in developing forecasts
better suited to the problems for such organisations, and in performing experiments to validate the
approaches.

A research roadmap is proposed to address the knowledge gaps discussed in this position paper:

« MTO forecasting challenges

— What are the challenges faced by MTO organisations when it comes to demand forecasting?
What type of information and systems would be needed to make full use of demand forecasts
in operations? What are the data and software requirements for such forecasting systems?
Do explanatory methods need to be developed for the forecasts to be useful as decision
support to humans? We are currently investigating this though a real-world case study.

— In what areas of operation can demand forecasts be used in MTO organisations, and what
performance is needed? An important next step is to perform empirical studies which
examine actual uses of forecast in different scenarios to support production planning and
purchasing. The pilot experiment in this paper is a promising first step, but future experi-
ments should also study additional aspects such as the effects of using global models, or on
incorporating intermittent demand forecasts which predict both demand timing and size.

« Global time-series models

— How can the correct "likeness" or "diversity" be determined for data used to train semi-global
models for producing better forecasts than local or global models? How do we construct
hyperparameter searches on specific datasets to find the optimal training data diversity?
Which time-series features are the most relevant to represent diversity in this regard?

— What time-series characteristics determine whether time-series benefit from using global,
semi-global, or local models?

« Intermittent time-series models

— How can intermittent time-series data be processed, and how do we construct deep learning
models that train on the data in order to forecast both demand size and demand timings
accurately? Can these models be global instead of local, and how are the methods for
building global intermittent models similar or different to global models aimed at smooth
time-series?

« Are some intermittent time-series too difficult for deep learning models to learn? Should
these time-series instead be left to proven statistical methods such as the Croston
method? What are the characteristics of such time-series, and is it possible to identify
them automatically?

— What is the best way to assess the strength intermittent time-series forecasts both in terms of
demand size and timing? Which metrics best represent the usefulness in MTO organisations
or other organisations where sparse demand is common?
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