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Metrics development for the visualisation and prediction of material delivery 
schedule variations in supply chains
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ABSTRACT 
The study proposes metrics for visualising and predicting delivery schedule variations in supply chains. 
This includes exploring patterns of schedule variations and accuracies and how intra-organisational 
features explain schedule variations in a predictive forecasting model of future schedule volumes. We 
employ quantitative analysis based on multiple-year delivery schedule data from four European auto
motive industry suppliers. The study proposes the MAPE profile and predictive volume metrics to com
plement established metrics in assessing and interpreting delivery schedule variations. The proposed 
metrics provide descriptions of schedule variations and change/dynamics of schedule accuracy, as well 
as prediction of future schedule volumes using objective data transactions and master data as fea
tures. Our research contributes to the forecasting literature by adapting forecast metrics to the deliv
ery schedule context and assessing features in predictive forecasting using machine learning, and 
initiates a discussion about the metrics mechanism role in managing and absorbing supply chain com
plexity and contributing delivery schedule utility.
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1. Introduction

In response to supply chain (SC) variability caused by, for 
example, changing consumer buying habits, production 
delays, long SC lead times, backlogs in production and simul
taneous capacity shortages and slack capacity in global SCs 
(see e.g. Dolgui and Ivanov 2021; Singh et al. 2021), it becomes 
increasingly difficult but imperative to visualise and plan for 
SC variations in material requirements. Studies have indicated 
that material delivery schedule volatility is a universal SC prob
lem (Childerhouse, Disney, and Towill 2009) with generally 
high SC performance consequences (Myrelid 2017) and that 
existing SC models cannot detect and respond quickly to vola
tility (e.g. Chunsheng et al. 2020). Consequently, there is a 
need to generate better mechanisms for visualising and pre
dicting future material requirements in SCs.

This study takes a supplier company perspective and focuses 
on the visualisation, measurement and prediction of variations 
and inaccuracies in material delivery schedule data, i.e. planned 
order information generated from material requirements plan
ning (MRP) calculations, received from downstream customer 
companies in SCs. This data contains customer companies’ 
planned future purchase volumes expressed in volumes and 
future delivery dates for each purchased item. It is often updated 
weekly, daily or multiple times a day. An updated delivery 
schedule replaces, in part or completely, the previous delivery 

schedule with regards to date and volume. Consequently, the 
delivery schedule could be considered demand forecasts on dif
ferent delivery time lags. It constitutes the main demand infor
mation shared in several SCs, such as in the automotive industry 
(Childerhouse, Disney, and Towill 2009; Jonsson and Myrelid 
2016; Wang et al., 2016; Dwaikat et al. 2018), which is the indus
try empirically analysed in this study.

Traditional forecast accuracy, bias (Makridakis, 
Wheelwright, and Hyndmann 1998; Davydenko and Fildes 
2013; Koutsandreas et al. 2022) and schedule nervousness 
(e.g. Ho 2005; Kabak and Ornek 2009) metrics could be 
adapted to measure variations in the material delivery sched
ules (Odette 2013). Traditional forecast accuracy and bias 
metrics express variations on specific planning horizons, 
while schedule nervousness metrics (Kabak and Ornek 2009) 
measure the extent to which planned orders for a delivery 
time period and planning cycle remain unchanged for the 
same time period in the subsequent planning cycle. 
However, none of these types of metrics provide information 
about the patterns of schedule variations during rolling hori
zons, neither do they provide predictive information for 
future schedule volumes. Such complements to traditional 
metrics may improve the visibility of material delivery sched
ule variations and the usefulness of schedule metrics.

Delivery schedule data contain a large amount of planned 
demand data records received from customer companies. This 
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data may be a valuable source for developing metrics to meas
ure schedule variation patterns that are hidden using 
‘traditional’ forecast metrics, for example, how schedule inaccur
acies on item level differ and changes on different time-lags. 
This rolling planning horizon of the schedule data is not 
focused in the traditional metrics. The data may also reveal 
new features to predict future delivery schedule volumes. 
However, there is a lack of standardised accuracy metrics 
adapted to delivery schedules (Simchi-Levi et al. 2015), which 
Jonsson and Myrelid (2016) identified as a reason for the lim
ited schedule variation measurement in practice. This may also 
be a reason why delivery schedule data are mainly used for 
order and execution purposes but not so much for forecasting 
and planning purposes. Exploring delivery schedule data may, 
accordingly, contribute to identifying schedule accuracy pat
terns and providing input for proposing and developing met
rics that complement existing forecast metrics in the specific 
material delivery schedule context. This study attempts to fill 
some of the gaps related to developing metrics to visualise 
and predict future material requirements in SCs.

Accordingly, our main purpose is to explore patterns of 
delivery schedule accuracy variations and to propose metrics 
to measure these variation patterns. Another purpose is to 
assess features in the delivery schedule data that explain 
schedule inaccuracies and that could be used in the predict
ive modelling of material requirements. Empirically, the 
paper focuses on delivery schedules communicated in 
European automotive industry SCs. More specifically, the par
ticular problems and their analysis take a supplier (informa
tion receiver) perspective and relate to the following 
research questions (RQs):

RQ1: How can metrics be defined to measure different deliv
ery schedule inaccuracy patterns?

RQ2: What patterns are there in material delivery schedule 
inaccuracies?

RQ3: What features could be used in a predictive forecasting 
model to plan future delivery schedule volumes?

This study empirically measures delivery schedule varia
tions from the perspective of supplier companies, i.e. the 
focus is on schedules received from customer companies 
representing future planned purchasing requirements for the 
supplier. It contributes to the literature on SC visibility, com
plexity and forecasting. Empirically, it is based on quantita
tive delivery schedule data from four suppliers in the 
European automotive industry. It also explores qualitative 
data from interviews and workshops with three original 
equipment manufacturers (OEMs) and four supplier compa
nies in the automotive industry, as well as an assessment of 
pilot implementations of a dashboard with the developed 
metrics in the four supplier companies.

2. Delivery schedule variation measurement 
literature

This study focuses on measuring past and predicting future 
variations in delivery schedules shared in SCs. A delivery 

schedule is defined as a buying company’s ‘required or 
agreed time or rate of delivery of goods and services pur
chased for a future period’ (Blackstone 2010). Delivery sched
ules contain planned orders and call-off information for 
specific items on various planning horizons. The order infor
mation can be expressed in different planning buckets that 
normally vary between days, weeks and months. Delivery 
schedules are usually transmitted through electronic data 
interchange (EDI), which allows for automatic data interfaces 
between sender and receiver.

2.1. Measuring schedule inaccuracy patterns (forecast 
metrics literature)

For delivery schedules, we can distinguish between delivery 
schedule data deficiency and delivery schedule inaccuracy. A 
schedule deficiency is a formal error in a delivery schedule 
record. It could, for example, be incorrect or lack the relevant 
item number or delivery date. A delivery schedule can be 
inaccurate in two general ways. First, it can have large or sys
tematic volume changes, normally expressed as random fore
cast inaccuracy or systematic forecast bias (BIAS) (Makridakis, 
Wheelwright, and Hyndmann 1998). Second, it can have late 
volume changes. Late volume changes are especially prob
lematic if they occur within the receiving organisation’s fro
zen time zone, where plans are constant and cannot be 
changed.

Time fence management concerns the generation of sta
bility in plans using time fences and specified planning poli
cies or the guidelines of restrictions for different time zones 
(e.g. Ho 2005). The period corresponding to the throughput 
time of an order in the workshop normally constitutes a fro
zen time zone. Since orders within this time interval are 
already released, changed plans may result in increased pro
duction costs and decreased production efficiency and deliv
ery services. Consequently, all types of delivery schedule 
variations within a frozen time zone can be expected to 
have high negative performance impacts. Higher frequencies 
of schedule changes outside the frozen period, potentially, 
also have a negative performance effect as it may require 
rescheduling and reduced plan stability. Frequently changing 
planned order schedules is sometimes referred to as MRP 
nervousness (e.g. Ho 2005; Pujawan 2004; Li and Disney 
2017).

Schedule accuracy measurement and metrics are covered 
in detail in the forecast literature on time series forecasting, 
but the literature calls for more empirical studies on forecast 
measurement usage and effects (Syntetos et al., 2016). 
Forecast accuracy can be defined in terms of random and 
systematic deviations, with mean absolute percentage error 
(MAPE) and BIAS as commonly used metrics in industry. 
MAPE has been criticised as it is undefined if the demand is 
zero and to have a skewed distribution if the demand is 
close to zero (e.g. Hyndman and Koehler 2006). Therefore, it 
is not considered appropriate when demand is zero or close 
to zero. It is also inherently biased by promoting under- 
forecasting over over-forecasting. The effect of this becomes 
particularly bad in inventory and scheduling settings as 
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backorder costs are normally much higher than inventory 
carrying costs. As a consequence of accuracy metrics limita
tions, the forecast literature has presented a variety of alter
native accuracy metrics for the purpose of assessing point 
forecasts in forecast method competitions (e.g. Makridakis, 
Hyndman, and Petropoulos 2020; Koutsandreas et al. 2022). 
Symmetric MAPE (sMAPE) solves the problem to divide by 
zero but has the same problem as MAPE when demand is 
close to zero. The mean absolute scaled error (MASE) metric, 
where the relative forecast error is estimated by dividing the 
actual error with a reference error, has been proposed to 
deal with this problem (Hyndman and Koehler 2006). 
However, also this metric has limitations for example in 
terms of interpretability (Koutsandreas et al. 2022). Odette (a 
standardisation, services and networking platform for the 
automotive SC) has proposed the use of a weighted MAPE 
(called the forecast accuracy index [FAI]) and a weighted 
BIAS (called the weighted tracking signal [WTS]) metric for 
delivery schedule performance measurement (Odette 2013). 
Both these metrics are emerging metrics standards in the 
automotive industry and they manage zero demand data, i.e. 
one of the MAPE weaknesses. The inherent bias promoting 
under-forecasting, however, exist across all variants of MAPE 
metrics. The MRP nervousness, FAI metrics and other accur
acy metrics provide measures of the extent of variation but 
do not provide information about the shape or pattern of 
variations over time.

It is hard to say what is a good or bad forecast accuracy per
formance in delivery schedule forecasting – it depends on 
planning bucket sizes and item aggregations, planning hori
zon and the specificity of the item (Syntetos et al., 2016). A rec
ommendation of the German Association of the Automotive 
Industry (VDA 2008) suggests that 90%–95% schedule accur
acy measured as MAPE on the item level corresponds to 
medium performance for weekly planning buckets on a 3- to 
8-week horizon (time lags). Less than 90% accuracy is consid
ered a bad performance in this recommendation. In a delivery 
schedule environment, schedule nervousness contributes to 
schedule inaccuracies. It would therefore be relevant to distin
guish between nervousness-generated inaccuracy and non- 
nervousness-generated inaccuracy.

2.2. Predicting delivery schedule volumes (predictive 
features literature)

Predictive volume metrics may complement traditional 
forecast-related metrics for planning purposes. The literature 
contains reviews of data-driven planning (Nguyen et al. 2018; 
Kuo and Kusiak 2019), including causal-based demand fore
casting methods (e.g. Carbonneau, Laframboise, and Vahidov 
2008; Hofmann and Rutschmann, 2018; Feizabadi 2022), and 
method assessments in specific contexts (e.g. Sharma et al. 
2020; Feizabadi 2022). There are a few studies on predictive 
forecasting with a material requirement perspective using 
internal enterprise resource planning (ERP) data. Brintrup 
et al. (2020), for example, examined the ERP data of an OEM 
and proposed a set of features that predicted late supplier 
deliveries. Jonsson et al. (2024) used the data of an OEM to 

identify features explaining variations in planned purchase 
order volumes. Baryannis et al. (2019a) relied on ERP data to 
predict delivery delays. They focused on the trade-off of 
interpretability and prediction performance of models and 
showed that prioritising interpretability may require a minor 
compromise in terms of prediction performance.

Regarding features used in causal-based forecasting, 
Makridakis, Hyndman, and Petropoulos (2020) emphasise the 
importance of accurate forecasts of the feature variables and 
that the relationships between the forecasted variable and fea
tures are likely to continue into the forecast period. From the 
literature we can identify features that may explain delivery 
schedule inaccuracies. Most of these originated from the cus
tomer company where schedules were generated (e.g. Shurrab 
and Jonsson 2023). From the literature, we can consequently 
identify potential causal features related to the specifics of the 
different customer companies sending delivery schedules to 
the suppliers. This could relate to the extent of disturbances, 
how the customer company is able to handle and absorb dis
turbances (Inman and Gonsalvez 1997; Pujawan et al. 2014; 
Shurrab and Jonsson 2023) and the customer company’s plan
ning logic and policies (e.g. related to levelling, time fence 
management and ordering routines) as has been proposed by, 
for example, Herrera et al. (2016). The logistics set-up from the 
supplier to the customer company, including customer con
tract restrictions and logistics contracts (Krajewski et al. 2005), 
and transport lead times and pick-up frequencies (e.g. Shurrab 
and Jonsson 2023) may also be customer differentiated fea
tures with causal effects on schedule accuracy.

There may also be systematic calendar effects, for 
example, with lower accuracies related to holidays, phase-in/ 
out dates etc. Most of these dates may differ between cus
tomer companies, while some may be similar for all items 
(e.g. holiday periods of the supplier company). Consequently, 
calendar effects could be expected to explain the inaccura
cies of schedules received from different customer compa
nies and for different items.

The characteristics of the scheduled items may also explain 
schedule inaccuracies. Higher product complexity related to 
low item commonality and wide variant spread (e.g. Pujawan 
et al. 2014; Shurrab and Jonsson 2023) is expected to generate 
greater inaccuracy. The product life cycle phase may also affect 
with expected lower accuracy in early phases when the 
demand volumes are lower and the historical data are limited 
(e.g. Andersson and Jonsson 2018; Jonsson et al. 2024) and 
perhaps also larger effects in the end because of phase-out 
effects (W€anstr€om and Jonsson 2006). Products may be pro
duced in different ways (in capacities with different flexibility) 
and with different manufacturing strategies (Krajewski et al. 
2005). This should affect the consequence of inaccuracies but 
may also affect the focus of the specific item and customer 
contracts related to it.

2.3. Delivery schedule metrics and supply chain 
implications

Schedule metrics could aim at monitoring/following up or 
have a planning and predictive purpose. For monitoring/ 
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follow-up of delivery schedule performances, we are interested 
in the type and extent of variation patterns, i.e. how schedule 
inaccuracies vary over time for an item. For planning purposes, 
we are interested in learning from visualising patterns and 
understanding features to be used in predictive schedule vol
ume modelling. Somapa, Cools, and Dullaert (2018) have 
referred to SC visibility in terms of automational, informational 
and transformational characteristics. The informational aspect 
corresponds to the quality of information, and the transform
ational aspect corresponds to the utilisation. Delivery schedule 
metric output could directly contribute to operational effi
ciency by providing more accurate decision support in opera
tions planning and control processes and systems. It could 
also contribute indirectly, for example, by providing increased 
interpretability of the data and increased trust in the data and 
data source. This could potentially contribute to improved use 
of the data in planning and control, with improved bottom- 
line supply chain performance. Goltsos et al. (2022) refer to the 
impact of forecasts on processes and systems where the fore
casts are used as ‘forecast utility’. They emphasise that fore
casts need to be considered as integrated in processes and 
systems, and that they are subject to an analysis of their utility 
(impact). From a delivery schedule perspective, this means 
that schedules should be considered as integrated in the proc
esses and systems where the data is used. Inventory policies, 
operational-level demand management and prioritisation, and 
tactical-level what-if scenario design are examples of issues 
which could potentially be managed by such an integrated 
perspective and enabled by schedule metrics. This later contri
bution may be possible for future big data analytics- and AI- 
enabled schedule measurement, where human-augmented 
forecasting could be supplemented with visual analytics and 
dashboards (Browning et al. 2023). However, such visualisation 
may require the development of new schedule metrics that 
could offer greater insight – something Sanders (2016) called 
for in respect to forecasting in general.

Delivery schedule metrics can also be viewed from a SC 
complexity perspective, as done by, for example, Shurrab and 
Jonsson (2023), who showed how schedule instabilities are 

effects of, and are affecting, SC complexity. The numerous 
schedule items and their variations are a source of complexity 
for the supplier receiving the schedules from its customer 
companies. The complexity literature has proposed that the 
dysfunctional or beneficial implication of SC complexity is con
tingent upon its strategic relevance (Aitken et al. 2016), as well 
as, the readiness of the company to absorb the complexity 
(Shurrab and Jonsson 2023). Material delivery schedule meas
urement may help a company manage schedule-related com
plexity. Iftikhar et al. (2023), for example, found that big data 
analytics-enabled visualisation dashboards contribute to man
aging disruptions in complex SCs, and Gerschberger et al. 
(2023) argued that most companies lack sufficient complexity 
absorption capabilities and emphasise the importance of 
developing a complexity toolkit where complexity measure
ment is an important ability. From this perspective, new mater
ial delivery schedule metrics may potentially be a mechanism 
that can contribute to SC complexity absorption.

2.4. Research framework

The problem in the context of our study was visualising and 
predicting material delivery schedule variations in schedules 
received by suppliers from customer companies in automo
tive industry SCs. We used delivery schedule data and other 
intra-organisational data available at the suppliers to explore 
how schedules vary and to identify patterns of delivery 
schedule inaccuracies. Based on this data and understanding 
of variations, we designed a set of descriptive measures of 
delivery schedule inaccuracy patterns. We also explored the 
schedule and intra-organisational data for features in a 
model predicting future delivery schedule volumes. Figure 1
illustrates how data and literature were used in the analyses 
of RQ1, RQ2 and RQ3. Generated metrics are validated 
empirically and discussed in relation to the SC visibility and 
complexity literature.

Figure 1. Research model overview and questions.
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3. Methodology and data analysis

Quantitative delivery schedule data received by four global 
suppliers in the automotive industry were analysed to 
explore schedule variations and define schedule metrics. 
Qualitative data were collected and analysed in a research 
project with continuous interaction with the case companies 
over several years and during practical field testing at the 
suppliers. The method phases are described in Sections 
3.1–3.4.

3.1. Case selection

Four suppliers in the automotive industry were selected for 
study. The automotive industry was chosen for study 
because delivery schedule communication is well established 
in this industry. These suppliers were chosen as they were 
different in terms of types of items, manufacturing strategies 
and delivery patterns and represented different SC tiers (see 
Table 1). This specific setup (industry and suppliers) was also 
made because we had unique access to these companies 
and their data in an ongoing research project.

3.2. Delivery schedule data collection and preparation

The first phase of the study was to collect historical delivery 
schedule data from the suppliers and build a database to 

use in the quantitative data analysis. This data, consequently, 
contain planned order volumes on different time lags, and 
call-off volumes of the current time period, for all items 
ordered from customer companies. First, delivery schedule 
data from the suppliers were collected for the years 2016 
and 2018 and stored in a database. For some suppliers, three 
full years of data were collected; for others, data for parts of 
the years were collected because some suppliers had not 
stored all data. The following 11 variables were extracted 
from the delivery schedule database (see delivery schedule 
extract in Table 2): (1) Customer number, (2) Item number, 
(3) Ship to gate address (the physical delivery address could 
be multiple addresses per customer number), (4) Order num
ber, (5) Forecast indicator (indicating the extent to which the 
volume expresses a planned or firm planned volume), (6) 
demand date (the date the item should arrive at the ship
ping address), (7) Plan received date (the date the plan is 
received), (8) Delivery schedule ID, (9) Quantity, (10) Demand 
bucket (the time period covered by the demand in the deliv
ery schedule: 1¼daily demand, 2¼weekly demand, 
3¼monthly demand, 4¼ yearly demand and 5¼bi-weekly 
demand) and (11) Status (coded ‘historically replaces’ for all 
schedules). This means that a new schedule from a customer 
replaces the previously received schedule from the same cus
tomer. This resulted in a database per supplier consisting of 
the 11 variables in columns and between 278,000 and 
11,600,000 unique schedule records (see Table 1) in rows.

Table 1. Case characteristics.

Case A Case B Case C Case D

Item Variants and standard/medium-high value Variants/medium-high value Standard/low value Variants/medium value
Manufacturing strategy ATO ATO MTS MTS/ATO
Delivery pattern Batch and sequence Sequence Batch Sequence and batch
Supply chain position 1st–3rd tier 1st–3rd tier 1st–2nd tier 1st–2nd tier
Proportion OEM demand 0.74 0.88 0.89 0.98
No. of item groups 300 61 67 7
No. of customer groups 35 11 102 72
No. of customer group-item groups 370 130 827 59
No. of delivery schedule records 278,634 2,291,395 11,648,190 837,857
No. of delivery schedule groups 9,622 69,744 514,796 28,451

Weekly data, MTS: make to stock; ATO: assemble to order.

Table 2. Extract of delivery schedule data (anonymized data).

Customer Item
Ship_to_ 

gate
Order_ 
number

Forecast_ 
Indicator

Demand_ 
date

Plan_received_ 
date

Delivery_ 
Schedule Quantity

Demand_ 
Bucket Status

501391 709333 1010 2535241415 Accrd_to_Agrmnt 2017-05-29 2017-03-28 2986601 800.00 Daily Hist_Replaced
701222 320982 10 43908301 Forecasting 2017-12-12 2018-08-30 2608916 4,608.00 Weekly Hist_Replaced
507400 600922 104 020989083 Accrd_to_Agrmnt 2018-01-10 2017-08-17 3083781 108.00 Daily Hist_Replaced
221810 389798 400 220980981 Forecasting 2017-08-11 2017-05-31 3021122 30.00 Daily Hist_Replaced
882220 620901 104 122089089 Forecasting 2017-06-24 2018-06-02 2533228 480.00 Daily Hist_Replaced
701223 620950 012 5209813 Forecasting 2018-07-13 2017-11-01 3118920 2.00 Daily Hist_Replaced
808750 309320 300 122909093 Commt_Production 2018-07-05 2018-08-03 2512121 2.00 Daily Hist_Replaced
702323 709292 100 8000098 Forecasting 2017-12-19 2018-06-30 2522267 1,536.00 Weekly Hist_Replaced
508900 600902 200 99909093 Accrd_to_Agrmnt 2017-04-25 2018-02-23 2410977 64.00 Daily Hist_Replaced
802520 622998 2 FKV Forecasting 2017-06-05 2017-04-17 2911997 0.00 Weekly Hist_Replaced
801170 422888 104 323098 Forecasting 2018-10-01 2018-12-11 2932009 768.00 Monthly Hist_Replaced
771250 622229 100 5809099 Forecasting 2017-12-21 2018-09-21 2611986 20,000.00 Daily Hist_Replaced
700740 611908 201 67659093 Firm_Number 2017-10-10 2018-08-18 2511977 96.00 Daily Hist_Replaced
770188 622098 AGA3 569376722 Forecasting 2018-02-20 2017-10-16 3129634 5,280.00 Daily Hist_Replaced
807854 322092 200 589376633 Firm_Number 2017-11-21 2017-03-09 2920172 24.00 Daily Hist_Replaced
279200 608228 110 4562836 Forecasting 2017-06-13 2018-04-04 2410046 1,440.00 Weekly Hist_Replaced
802650 522298 300 123338484848 Commt_Production 2017-12-21 2018-04-13 2410225 10.00 Daily Hist_Replaced
906761 422209 104 9409000 Forecasting 2018-02-22 2017-09-01 3023107 180.00 Weekly Hist_Replaced
508550 312228 2300 123339900 Forecasting 2018-08-02 2018-12-16 2992149 20.00 Daily Hist_Replaced
501396 622288 780V 550330891 Forecasting 2018-01-23 2017-07-02 3019285 38.00 Daily Hist_Replaced
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Five data preparation steps were performed for each sup
plier to generate an analysis-ready data format:

1. First, a schedule grouping logic was defined. We chose 
to group schedules of planned orders in groups of 
schedules with identical combinations of customer 
number-item number-ship to gate address-demand date 
or customer number-item number-ship to gate address- 
demand week, respectively, depending on whether daily 
or weekly aggregated data were generated. Records 
missing any of these four variables were not included. 
Thus, a delivery schedule group represented all planned 
(forecasted) volumes received one or several weeks 
before a specific demand week for a unique item num
ber and a unique delivery address. For the four suppli
ers, 9,622 to 514,796 different delivery schedules were 
defined (Table 1).

2. The delivery schedule data contained multiple demand 
buckets (daily, weekly, bi-weekly and monthly), which 
had to be compared and aggregated. First, all schedules 
were converted into daily buckets, i.e. weekly, bi-weekly 
and monthly buckets were evenly split into daily 
demands. In cases where multiple schedules were 
received on a certain planning day, only the last sched
ule received was used. This was done to avoid double- 
counting of data because a new schedule always 
replaced the previously received schedule from a cus
tomer. Daily data buckets were used for some explora
tory data analysis in this study, but most metric analyses 
were done with weekly data buckets.

3. Weekly aggregated data was generated by summarising 
the last daily demands for each day of a week, i.e. only 
the last daily data for each planning week were used. 
These weekly data buckets were, consequently, used for 
the majority of the analyses in this study.

4. As the data received only contained explicit updates to 
schedules, we had to fill with implicit data: (a) For days 
when no update for a certain schedule group was 
received but any other schedule group for the cus
tomer-item-address was updated, the updated volume 
for the schedule group was set to zero; (b) If no updates 
for the customer item address were received, all sched
ule groups for that customer item address were updated 
by copying the volume from the previous day. The same 
procedure was also followed for weekly data; however, 
data were copied from the previous week.

5. For each schedule group, we defined a reference vol
ume, that is, the volume that was most likely delivered 
to the customer. For weekly data, we used the volume 
from the week before the demand week as the refer
ence volume. For daily data, the analyses performed did 
not require any reference volume to be defined.

Existing customer metadata (Table 1), comprised of cus
tomer group (11 to 102 categories per supplier) and binary 
OEM/Tier1 codes, was appended to the dataset. Similarly, 
item metadata comprised of existing item group mappings 
(7 to 300 categories per supplier) were appended to the 

dataset. Customer group was defined as the customer com
pany (e.g. an OEM), while the customer was defined as a 
specific organisational unit at the company (e.g. powertrain, 
assembly, aftermarket). The customer and item groups were 
added as columns to the databases and included as features 
in the analyses.

3.3. Delivery schedule data exploration and metrics 
development

The quantitative data analysis was done in three phases and 
conducted in an iterative manner, where preliminary findings 
were continuously discussed and interpreted with the case 
companies. The first exploratory phase lasted more than a 
year. This included a significant amount of data cleansing. 
We explored the data using traditional forecast metrics of 
random variations, and we visually looked for other patterns 
and tried to understand the characteristics of schedule 
groups with high and low inaccuracies. This included visual 
plotting to explore patterns and correlation analysis to iden
tify the relationships between measures.

3.3.1. Defining and adapting descriptive metrics
Based on the literature review and the first exploratory data 
analysis phase, where we looked for patterns and variations 
in the dataset, we defined four types of metrics of delivery 
schedule variations (1–4 below). Appendix A contains formu
las and short numerical examples to describe the metrics cal
culations. To gain an understanding of the criticality of 
different types of variations and metrics, we also developed 
a backorder measure to be used as a performance measure 
to compare the schedule variations between high- and low- 
performing items (see Appendix C).

1. Late variation: We used daily planning buckets to meas
ure the extent of late quantity changes (within a defined 
time lag of delivery) as a binary measure. Any change in 
a planned order quantity (no matter the amount of 
change) during this lag period was recorded. The late 
variation metric was calculated as the number of 
changed schedules during this period divided by the 
total number of schedules received during this period. A 
two-week (14 days) lag time was decided upon, as this 
was considered an average frozen period of the studied 
suppliers.

2. Random variation: We used the FAI definition of MAPE 
for delivery schedules defined by Odette (2013) to meas
ure the random schedule inaccuracy on weekly planning 
buckets and planning horizons from 0 to 20 weeks. 
Initially, this and other measures were also analysed for 
longer than a 20-week horizon, but the variations were 
relatively large (average MAPE > 40%) when the horizon 
was longer than 20 weeks, and several schedule groups 
contained limited data with longer than a 20-week hori
zon (see Figure 2). In the dialogue with the suppliers, it 
was also verified that the 20-week horizon was the most 
practical horizon for which to use delivery schedule 
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data. Therefore, it was decided to limit the empirical 
analyses to up to a 20-week planning horizon.

The absolute percentage difference between the 
scheduled volume received on a given number of weeks 
before the delivery week and the reference volume 
(defined as the scheduled volume the week before the 
delivery week) was calculated for each schedule. As ref
erence volumes could be zero and thus the percentage 
error would be undefined, we, in accordance with the 
Odette (2013) definition set those accuracies as being 
100% if the scheduled volume was greater than zero. 
This was not considered to bias the results much, as 
most schedules had positive values. Following this, we 
calculated the mean of the absolute errors for the 
schedules. The FAI metric was chosen as accuracy metric 
because it is an emerging industry standard and man
ages zero demand periods, and because of its interpret
ability. To manage extreme demand values, inaccuracies 
larger than 100% were set to 100%. Consequently, it is 
left for future studies to adapt and test the effects of 
other relative or scaled accuracy metrics (e.g. Davydenko 
and Fildes 2013) on delivery schedule data.

3. Systematic volume variation (BIAS): Systematic schedule 
variation was measured as systematic over- or under- 
forecasted weekly volumes (Makridakis, Wheelwright, 
and Hyndmann 1998) on a 1–20-week planning horizon. 
This measure was calculated in the same way as the 
MAPE measure, with the difference being that actual, 
and not absolute, differences were calculated. 
Consequently, the percentage difference between the 
scheduled and reference volume was calculated for each 
schedule, followed by the means of the errors for the 
schedules.

4. Zero-shift nervousness: When visually exploring the data, 
we identified a pattern of schedule volumes shifting 
between delivery weeks (see Figure 2). To measure this 
pattern, we developed a metric that we named ‘zero- 
shift nervousness’. This schedule nervousness metric is 
not defined in exactly the same way that the literature 

uses nervousness (Ho 2005). We calculated the fraction 
of plans that changed from the current schedule until 
the week before the demand week. A modified version 
of this metric was used to determine the 
time-dependent variance, which we used as a definition 
of schedule nervousness. In this, we measured nervous
ness as the fraction of schedule groups that is changed 
from the current schedule until the week before the 
demand week and where that change is either to, or 
from, zero volume. We then reported the fraction (%) of 
variance accounted for by this nervousness measure. 
Figure 1 shows an example of how changes to the 
planned volumes of a customer-address-item group 
shifted over time. Black denotes planned volumes 
greater than zero. The x-axis represents demand delivery 
weeks, and the y-axis represents schedule receive weeks.

During the data exploration in the first phase, we identi
fied that MAPE measures visualised as ‘profiles’ (see Section 
4.2) were potentially interesting measures. Thus, we decided 
to further explore if and how MAPE profiles could be ana
lysed and visualised in more formal metrics. In the second 
analysis phase, we conducted a cluster analysis to develop a 
MAPE profile measure. This is described in more detail in 
Section 4.2 and in Appendix D. In the first phase, we also 
identified patterns and factors in the data with potential sys
tematic effects on the MAPE measures. For example, we 
defined and included a life cycle phase feature in the ana
lysis (see Table 6). We identified generally low schedule 
accuracy (MAPE), which further motivated the exploration of 
if and how a predictive model could be developed, using 
the database columns as features and random forest 
machine learning regression as an analytical approach. 
Analysing how features can explain variations in schedule 
inaccuracies and developing a model to predict future sched
ule volumes constituted the third phase of data analysis. This 
is described in more detail in Section 4.3.

3.4. Qualitative testing and validation

All phases of the quantitative analysis also contained qualita
tive interpretations and validations. As the study was part of 
a larger research project that lasted several years, we had 
the opportunity to present preliminary findings and discuss 
metrics and related findings with three OEMs and the 
studied suppliers in direct interviews and several common 
workshops. All the metrics and the company-specific graphs 
using the metrics were also discussed and interpreted with 
the SC manager and responsible planning manager on site 
at the respective company. Thereafter, a dashboard with the 
metrics was developed (see Appendix B). The dashboard was 
implemented and made available for the four supplier com
panies during a six-months field testing period (March– 
August 2021). The aim of the implementations was to 
explore metrics usage and the potential outcomes of using 
the metrics, i.e. to validate the metrics’ relevance. The dash
board was provided as an optional tool for use during this 
period. A continuous dialogue about the content and usage 

Figure 2. Visualisation of delivery schedule nervousness (extract from one sup
plier’s data during the period 2016–2018).
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of the metrics on the dashboard was carried out with the 
respective company during the pilot periods. The dashboard 
was also available for use in the companies after the pilot 
period. A discussion to follow up the usage and experiences 
was conducted with each of the four companies after the 6 
months pilot period (in August 2021) and a year after the 
formal pilot period (in September 2022). The outcomes of 
the pilot implementations are provided in Appendix B.

4. Findings

4.1. Analysing schedule variations

The first phase of data analysis involved exploring and 
describing variations in delivery schedule data by adopting 
traditional forecast and nervousness metrics to the delivery 
schedule data, with the aim of contributing findings to RQ1 
and RQ2.

The analysis of the extent and type of schedule variations 
(Figure 3) identified general patterns across the four cases 
but also differences that could be explained by the supplier 
characteristics. We identified that the average weekly item- 
level MAPE with a 4-week time lag for the suppliers varied 
from 15% to 30%. For an 8–10-week time lag, it varied from 
20% and 50%. For longer than about 10 weeks of time lag, 
the average MAPE values were high in absolute values: 30%– 
50%. Consequently, the average accuracy for weekly sched
ules on a longer than 8–10-week time lag was associated 
with relatively high random variations (MAPE). The MAPE 
measures continuously improved for shorter time lags, with 
largest improvements the weeks between the shorter time 

lags, following a concave curve pattern, as presented in the 
upper left graphs of Figure 3. Case D had the lowest average 
MAPE figures, which partly could be explained by the rela
tively high proportion of OEM customer demand and that 
Case D to a greater extent than the other cases delivered to 
car OEMs (where the others delivered larger proportions to 
truck OEMs) in sequence in small and frequent batches com
pared with the other cases.

The upper right graph of Figure 3 (‘Fraction changed 
plans since week 1’) indicates the percentage of items with 
delivery schedules containing any change. For Case D, for 
example, this graph shows that more than half of its items 
are not changed during the 20 weeks before the delivery 
date. It consequently has a large proportion of items with 
‘perfect’ delivery schedules within 20 20-week horizon. For 
Case A, on the other hand, a much larger proportion of 
items change planned delivery volumes during the 20 weeks 
– less than 20% of the items have schedules without 
changes. The lower left graph shows the fraction of items for 
which the respective company receives delivery schedules on 
different horizons. The lower right graph shows the fraction 
of the totally delivered volume (sum of volumes for all items) 
over the 20-week horizon. The two upper graphs, conse
quently, show how the average inaccuracy and the fraction 
of non-perfect schedules increase with the time lag between 
the date of sharing the schedule and the planned delivery 
date. The two lower graphs show the fraction of item- 
customer combinations where schedules and scheduled 
volumes, respectively, are not received on the 2–20 weeks 
horizon. So, these are different ways of illustrating limitations 
in the delivery schedule sharing on these time lags.

Figure 3. Mean MAPE and the fractions of changed plans, number of plans and total volume of plans across cases on 1–20-week time lags. Reference volume¼ ac
tual demand in delivery week.
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Analysing the MAPE distribution across item groups and 
customer groups (Table 3) showed that, for some suppliers 
(especially supplier D), a small proportion of customer/item 
groups stood for a large proportion of inaccurate schedules. 
This pattern was especially clear for late variations. The frac
tion of the changed plans graph (Figure 3) also indicated 
this.

We also compared the MAPE between schedules received 
directly from an OEM and those received directly from 
another supplier (Tier). For all suppliers with both OEMs and 
suppliers as customers, the MAPE was somewhat lower for 
schedules from customers acting as suppliers in the SC. For 
one of our suppliers, MAPE was much higher. For one, it was 
much lower when schedules were received from OEMs, and 
for two, there were quite small differences. Overall, this indi
cated a bullwhip-type of effect where variations increased 
upstream in the SC. We also identified that the variations dif
fered between schedule groups and suppliers, which could 
be explained by the company characteristics. Further, we 
identified clear Pareto relations, where a few customer-item 
groups represented the majority of the variation, and the 
variations were larger when the customer was a supplier 
compared with an OEM. We studied random and late varia
tions separately but also found that there was a strong cor
relation between the size of random (MAPE) variation and 
the fraction of late variations, which indicated that items 
with large random variation (MAPE) tended to end up in 
larger fractions of late variations, compared with items with 
low random variation (Table 3).

Figure 4 shows the ratio of schedule variations caused by 
schedule shifts to and from zero quantities. In this study, these 
schedule variations were defined as zero-shift nervousness. 
This nervousness ratio was relatively high for three of the four 
suppliers. Case D showed a very low nervousness ratio. 
The item demand and transport frequency were generally 
higher for Case D’s items compared with those of the other 
cases, because its OEM customers are mainly car manufac
turers with daily sequenced deliveries of all items (i.e. sched
uled volumes were seldom zero for any item but varied 
between positive values), while the other cases have a larger 
proportion of truck OEM customers with lower product vol
umes and more batch deliveries to stock. Table 3 also shows 
that a few items and customer groups represented a large pro
portion of the variations for Case D. This also explains the low 
nervousness ratio. Still, these findings show that schedule ner
vousness, as measured here, is a key cause of MAPE of the 
schedules for an average supplier.

4.2. Defining and measuring clusters of random 
variation (MAPE) profiles

When analysing random schedule variations in Section 4.1
(Figure 2), we calculated MAPE on different forecasting hori
zons (1–20 weeks) and then plotted these profiles with the 
forecast horizon on the x-axis and MAPE on the y-axis. The 
profiles in Figure 2 are the average measures of all items. To 
further explore if and how the MAPE variations over time 
(for different horizons) differed in any systematic way 
between items, we also generated such MAPE profiles per 
item and identified that some item profiles had a concave 
up pattern, while others were almost linear or followed a 
concave down pattern. We refer to these concave or linear 
graphs as MAPE profiles.

We conducted three different MAPE profile analyses. To 
capture more information about the MAPE profiles, we first 
conducted an area under the curve (AUC) analysis by calcu
lating the sum of MAPEs from weeks 1 to 8 divided by the 
number of weeks. To reduce the number of profiles in this 
and the following MAPE profile analyses, we aggregated the 
item profiles into unique customer group-item group combi
nations. This aggregation reduced the number of unique 
profiles to a range from 9 to 392 unique item-customer 
group profiles per supplier.

In the second and third analyses of MAPE profiles, we 
focused on relative MAPE values, defined as the ratio of MAPE 

Table 3. Late vs. random variation exploration.

Case A Case B Case C Case D

Fraction late for all 
MAPE (8 weeks) for all

0.57 
0.42

0.12 
0.29

0.31 
0.95

0.43 
0.17

Fraction late for OEM 
Fraction late for tier

0.41 
0.44 (T1) 
0.58 (T2)

0.11 
0.17

0.31 
0.57

0.40 
0.93

MAPE (8 weeks) for OEM 
MAPE (8 weeks) for tier

0.59 
0.53 (Tier 1) 
0.74 (Tier2)

0.28 
0.39

1.03 
0.30

0.16 
0.39

% of item/customer groups 80% late 26% 21% Not determined 5%
% of item/customer groups 80% MAPE 44% 23% Not determined 7%
Spearman correlation MAPE (8w) vs. late variation 0.85�� 0.89�� 0.84�� 0.91��

��p< 0.01.

Figure 4. Zero-shift nervousness ratio. x-axis: Number of weeks time lag 
between schedule received and delivery week, y-axis: Zero-shift nervousness 
ratio on the time lag of 1 to 20 weeks.
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relative to the maximum MAPE for each group. For the relative 
MAPE, all values were from zero to one. The MAPE profiles 
occasionally showed sudden jumps that could have led to 
faulty results. Therefore, we smoothed the MAPE profiles by cal
culating a sliding average with a window of three. In the second 
analysis of MAPE profiles across item-customer groups, we 
explored different max slopes and max slope weeks to define 
unique profiles. However, neither the AUC nor the slope analy
ses resulted in any clear classification of so-called MAPE profiles, 
i.e. how MAPE values varied during the forecasting horizon. 
Appendix D summarises the AUC and slope analysis.

To further understand the MAPE profile shape categories, 
we conducted a cluster analysis to group item profiles with 
similar MAPE profiles. For each supplier, two separate cluster 
analyses were conducted. First, the profiles were clustered 
using K-means clustering and relative MAPE values from 
weeks 1 to 20. MAPE profiles were not normalised further 
prior to clustering. The number of clusters was determined 
by the elbow rule, i.e. plotting the sum of squares within 
each cluster to determine an elbow-shaped bend (Thorndike 
1953). The aim of this clustering was to identify if clusters of 
MAPE profiles existed and if they were generic across suppli
ers, and to use as reference profiles in further analysis. This 
resulted in six different clusters per supplier. The reference 
profiles were validated in discussions with the four suppliers. 
Figure 5 illustrates the results of this analysis for Supplier C. 
The graph shows the average MAPE profile for the respective 
clusters. Similar cluster findings were derived for Suppliers A 
and B. However, supplier D (with 16 item-customer groups) 
had too few item-customer groups for K-means clustering.

The K-means clustering identified, more clearly than in 
the previous analysis, that clusters of MAPE profiles with dif
ferent shapes existed. The clusters were similar but not 
exactly equal across suppliers. Generally, for all suppliers, we 
found that one cluster had a more or less linear decreasing 
MAPE profile from 1.0 to 0.0 when decreasing the forecast 
horizon from 20 weeks to 1 week. Then, there were one to 
two clusters following concave up curves, where the relative 
MAPE value decreased significantly (having the largest slope) 
between the 20- and 10-week horizons (Cluster 5 in Figure 
5), and low MAPE values existed for forecasts on 10- to 1- 
week horizons. Three to four clusters followed concave down 
curves, where the relative MAPE value was quite high during 

the 20- to 10-week horizons and mainly decreased (having 
the largest slope) closer to the delivery date. These clusters, 
consequently, represented groups with large MAPE during a 
large part of the planning horizon.

Based on the K-means clustering, we concluded that the 
relative MAPE profiles of items could be related to some dis
tinct clusters represented by the shape of the relative MAPE 
curve (concave up, linear or concave down). Based on this, we 
defined six reference MAPE profiles (two concave up, one lin
ear and three concave down) (see Figure 6). These reference 
profiles were used in a further analysis of all four suppliers. 
Here, we used Euclidean similarity logic between the prede
fined reference profiles and the relative MAPE profiles of each 
customer group-item group combination. This procedure iden
tified which of the six reference profiles of each customer 
group-item group combination had the lowest Euclidean dis
tance. This was the reference profile to which it was assigned. 
Here, there was no problem in also conducting the clustering 
for Supplier D, as the same predefined profiles could be used 
as a reference for all the suppliers, and therefore, the number 
of combinations to cluster was not impacted.

Table 4 shows the results of the Euclidean distance ana
lysis of the 729 total customer-item combinations in the four 
suppliers. It shows that less than 1% of all combinations were 
related to a concave up curve, i.e. where the MAPE value was 
improved significantly earlier than 10 weeks before the deliv
ery date. The low number of combinations related to these 
profiles indicated that a minority of items had low MAPE val
ues on a long horizon (longer than 10 weeks) and that it 
might not be practically necessary to distinguish between 
these two profiles in a practical metric. Looking at the three 
concave down profiles, we saw that 72% of the combinations 
were related to these three profiles, i.e. profiles were MAPE is 
relatively high also on the short horizon. Only 2% were 
related to the most extreme profiles (6. Concave down, 
steep). Reference profile 4 (Concave down, flat) contained 
almost half of all observations. Reference profile 4, together 
with reference profile 3 (linear), represented 76% of the com
binations that were neither very good nor bad. Consequently, 
there are different ways of grouping profiles: Profiles 1 and 2 
represent close to perfect schedule groups, while 5 and 6 
represent groups where the accuracy is inaccurate also on 
shorter horizons and improves just the week(s) before the 
delivery week. Profiles 3 and 4 represent schedule groups 
with somewhat continuous improvement of accuracies during 
the 20 weeks before the delivery week. In the K-means clus
tering and similarity steps, MAPE was normalised on a per 
item between 0 and 1 (1 being the maximum MAPE) to iden
tify reference profiles. We did not employ any further normal
isation steps, as we wanted high MAPE values to have a 
stronger influence on clustering and similarity.

4.3. Defining and developing predictive measures

In terms of predictive measures, we wanted to investigate 
whether we could adjust the forecasted volume to be similar 
to the reference volume using a machine learning approach by 
only using the data in our database (historical delivery schedule 

Figure 5. K-Means clustering results of MAPE profiles (supplier C). The figures 
within round brackets () show the number of item-customer groups for the 
respective cluster.
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data, item group data and customer group data), i.e. we 
wanted to develop a forecasting model that outperformed the 
delivery schedule accuracies at the item level. We chose ran
dom forest regression (Fawagreh et al., 2014) as a modelling 
technique, with reference volume being the target (dependent) 
variable. We chose random forest regression, as it is a widely 
used method for complex problems and has several additional 
advantages. Random forest is a rank-based method and there
fore does not require scaling of features. It is an ensemble 
model, i.e. averaging or voting across many decision trees; it is 
a stable modelling choice and can often give reasonable results 
without extensive tuning of hyperparameters. Random forest is 
also stable against correlated features within the dataset. We 
used the random forest implementation in scikit-learn using 
Python 3.5 on an ordinary laptop computer, resulting in execu
tion times in the range of minutes per model.

4.3.1. Forecasting horizon and predicted volume
We explored different forecasting horizons: 4, 8 and 
12 weeks, respectively, with 8 weeks being the horizon with 
the best model fit. The 8-week horizon was also considered 
a relevant forecast lag horizon for the case companies. 
Therefore, we only reported data and findings related to an 
8-week horizon.

We used the log-fold-change value as the responsive vari
able. Fold-change is defined as the log of the forecasted vol
ume divided by the reference volume plus 1. Log-fold-change 
is a common normalising technique for dealing with count 
data and often generates an approximate normal distribution 
(McCarthy and Smyth 2009). During model testing and evalu
ation, fold-change was converted to the corresponding refer
ence volume, and all metrics generated were based on the 
final volume data.

Figure 6. Six reference MAPE profiles.

Table 4. Number of item-customer group combinations per reference MAPE profile.

Reference MAPE profile

Case
1. Concave up, steep 

n (%)
2. Concave up, flat 

n (%)
3. Linear 

n (%)
4. Concave down, flat 

n (%)
5. Concave down, flat/steep 

n (%)
6. Concave down, steep 

n (%) Total

Case A 1 (1%) 0 75 (34%) 101 (46%) 39 (18%) 5 (2%) 221
Case B 0 0 26 (28%) 54 (57%) 13 (14%) 1 (1%) 94
Case C 2 (1%) 1 (0%) 89 (24%) 171 (47%) 96 (26%) 7 (2%) 366
Case D 0 0 4 (22%) 2 (22%) 1 (11%) 2 (22%) 9
Total 3 (1%) 1 (0%) 194 (28%) 328 (48%) 149 (22%) 15 (2%) 690
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4.3.2. Feature definition and generation
We prepared features (independent variables) for the model 
in different ways and split them into sets of features, i.e. fea
tures capturing similar characteristics. The main purpose of 
using feature sets was to explain which factors influenced 
the models and how to improve model performance. The 
other rationale for using sets of (similar) features was to 
avoid testing all possible feature combinations, i.e. exhaust
ive feature testing. Table 5 defines and describes the features 
and their rationale for being included.

4.3.3. Model-building and assessment
Our initial attempt to consider only a linear regression model 
failed. Inspecting the distribution of the reference volume, 
we could see that it was clearly zero-inflated (results not 
shown). Therefore, in our analysis approach, we introduced a 
zero volume for each demand week where the demand was 
cancelled or the week shifted, i.e. corresponding to the ner
vousness component. This effect was pronounced for some 
of the analysed suppliers. Therefore, we decided to generate 
separate forecasting models to handle this issue. First, we 
created a model that classified whether a reference volume 
would be zero or not, followed by a regression model. The 
initial model was trained on a full dataset, whereas the 
regression model was trained on data where zero reference 

volume records had been filtered out. Applying the initial 
classifier, all records classified as non-zeros were forwarded 
to the regression model.

We noticed that a larger portion of all records was not 
changed, i.e. the values for these records perfectly reflected 
the reference volume. We used this information in an 
attempt to build a second classifier, classifying records as 
changed or not changed. This classifier was trained on the 
full dataset and used in parallel with the zero/non-zero clas
sifier. We extracted the probability score from the classifiers, 
where a value above 0.5 was considered a positive classifica
tion. In the competition between the two classifiers, the one 
with the highest probability determined the value if it was 
above 0.5; otherwise, a regression value would be predicted. 
Our approach to combining two classifiers and one regressor 
in a hurdle model is illustrated in Figure 7.

To build a predictive forecasting model for each supplier, 
we tested the explanatory power of different combinations of 
feature sets, either by starting with one feature set and adding 
feature sets or by starting with several feature sets and remov
ing feature sets (elimination) one by one. The two classification 
models, as well as the regression model, used the default 
hyper-parameters as defined in scikit-learn (Pedregosa et al. 
2011). The models were developed on a per supplier basis with 
a temporal cross-validation cycle starting with the 20-week his
tory as initial train set and with validation set of week 21, 

Table 5. List of feature sets with the included features, description and rationale.

Feature sets Description Rationale

(1) Current reference volume for customer-item- 
address (a) and the forecasted volume (b)

Extract the current or most recent reference 
volume for customer-item-address. Forecasted 
volume is the planned volume sent by 
customers.

If a demand is stable over time, we could envisage 
that using the current reference volume would 
be informative. The forecasted volume is the 
planned volume sent by customers and should 
be the most accurate and thus the most 
important for achieving good, adjusted 
forecasts.

(2) Lagged volume and lagged current reference 
volume

Generate some general statistics on lagged volume 
data, either between the forecasting window 
and the maximum window, i.e. for 8-week 
horizon forecasting, lagged volume statistics 
(mean, median, max, min) are calculated on 
data from week 9 to week 20. Another lagged 
feature is to calculate volume statistics on the 
five weeks prior to week 8. Lagged statistics are 
calculated for both the current reference 
volume and the forecasted volume.

These sets of features are selected to capture 
general levels of volumes and long-term trends 
that are missed by volume alone. Sudden 
volume spikes and anomalies can be avoided 
by using aggregated volumes across several 
lagged values.

(3) Customer and item metadata, i.e. customer 
group (and OEM/Tier1 data where applicable) 
and item group data

Use the categorical values in the customer group 
or the item group, respectively. Tier1 feature is 
set to 1 or 0.

Customer group and item group show different 
forecasting accuracy as well as different biases. 
By using grouping information, different 
behaviours can be used.

(4) Holiday feature (binary feature) Construct by setting to 1 if the demand week or 
plan-received week occurs in weeks 28–32 or 
51–53 (holiday weeks).

Holiday seasons could pose difficulties in terms of 
forecasting accuracy, which could depend on 
lower (and hard to predict) volumes and 
changes in staff scheduling etc.

(5) Statistics on item group life cycle data, i.e. time 
since introduction of an item group or customer 
group-item group life cycle, i.e. the time since a 
certain customer group got the first delivery of 
a certain item group

Extract item group and customer group-item 
group demand weeks and determine the first 
and last week from the scheduling data. 
Calculate the ratio of the current plan’s delivery 
week relative to the first and last weeks based 
on the product life cycle.

In the early periods of a product’s life cycle, the 
forecasting accuracy (MAPE) is lower than in 
later stages. Similar to the customer group-item 
group, when a customer starts ordering a new 
item group, the forecasting accuracy is lower 
than at later stages in the customer group-item 
group life cycle.

(6) Statistics on a customer group and item group 
basis, i.e. number of item groups ordered by a 
customer group and vice versa

Count of the number of item groups that co-occur 
with a customer group and the number of 
customer groups that co-occur with an item 
group.

This feature set could potentially describe or 
account for stability and planning capacity. An 
item group ordered by several customer groups 
probably has higher forecasting accuracy, and 
schedule variations for items from the same 
customer group may have similar variation 
patterns caused by a customer’s planning logic.
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followed by training and validating the model with incremental 
steps of one week until the full dataset was analysed. We 
made a limited attempt to tune three hyperparameters: num
ber of estimators, maximum tree depth and maximum number 
of features. However, there is potential for future work to 
increase performance by hyper-parameter tuning and to opti
mise the weighting scheme in the hurdle model.

The feature sets included in the final model were: (1) Current 
forecast and reference volume, (2) Customer and item group, (3) 
Holiday, (4) Lagged volume and (5) Product life cycle. The model
ling performance of the final model was evaluated using three 
metrics: MAPE ratio, total volume absolute difference and R2, 
each presented as (1) a % of the baseline, i.e. the forecasted value 
on the 8-week horizon available in the delivery schedule data, 
and (2) a % of a naïve forecast defined as equal to the actual 
demand 8 weeks prior to the forecast period. Thus, MAPE ratio 
and the total volume absolute difference <100 indicates better 
performance than the baseline, whereas for R2, a value >100 is 
better. These metrics for the predicted forecast model on an 8- 
week horizon are presented in Table 6. Appropriate modelling 
performance values for all three measures using the baseline val
ues as reference values were received for Cases B, C and D, and 
improved MAPE and total volume performance but not R2 for 
Case A. The dataset for Case A (Table 1) was the smallest, which 
may explain the lower performance of the Case A model. 
Especially for Cases B and C, the predictive model improved the 
average forecast accuracy (MAPE) by some 25%. The delivery 

schedule accuracy of Case D was generally better compared with 
that of the other suppliers (Figure 3), with an average MAPE (8- 
week lag) of 18% compared with 30% to 45% for the other sup
pliers. It is common practice to use a naïve or simple forecasting 
method as a reference when assessing forecasting method per
formance (Hyndman and Koehler 2006). When using the naïve 
forecast as reference value, then all metrics indicate appropriate 
modelling performance for all cases. Consequently, this assess
ment indicates that the proposed model outperforms both the 
schedule forecast and a naïve forecast method. The low perform
ance of the naïve forecast method is not surprising, but shows 
that the modelling assessment needs to complement a reference 
forecast method with the baseline schedule as reference values.

Table 7 shows the effect on the MAPE ratio improvement for 
different sets of features. Including the customer/item groups fea
ture significantly improved the model performance for the three 
suppliers with the largest number of customer- and item-groups. 
Consequently, systematic differences between customers and 
items were important features. Case D had relatively few cus
tomer- and item-groups, which may explain why this feature did 
not have a positive effect for these suppliers. This may also be 
why the overall model for this supplier did not perform better 
than it did. The product life cycle feature had a positive effect on 
all suppliers’ models, while there was no real effect of the holiday 
and lagged volume features. The holiday variable was defined as 
two general calendar periods being the same for all customers, 
but we know that the summer holiday periods are not the same 
across European companies (customers to the studied suppliers). 
Differentiating the summer holiday period between customers 
from different countries may have given a better result, but this 
was not done in this study. Finally, we analysed the performance 
effects of excluding feature sets. Not surprisingly, as shown in 
Table 8, forecasted volume is an absolutely critical feature. 
Excluding the current reference volume also reduces performance 
significantly.

This analysis shows that it should be possible to adjust 
the forecasted volume to better reflect the reference volume 
using a general predictive machine learning approach by 
only using the data in an available database (historical deliv
ery schedule data, item group data and customer group 
data). Our developed model performed very well for two of 
the four suppliers and reasonably well for the other two sup
pliers. In fact two feature set-related issues reduced the 
model fit of two suppliers: The relatively small dataset of 
Case A and the limited number of item-customer group 
combinations of Case D might explain the lower performan
ces of these cases.

Figure 7. Hurdle model with two classifiers and one regressor.

Table 6. Modelling performance evaluation. All features (1–6 in Table 5) were 
used.

Case A Case B Case C Case D

MAPE ratio (% of baseline) 93.19 75.24 76.52 90.32
Total volume error (% of baseline) 99.10 77.48 88 81.91
R2 (% of baseline) 97.77 109.22 137 103.38
MAPE ratio (% of naïve forecast) 122.27 161.50 166.41 301.72
Total volume error (% of naïve forecast) 136.87 182.20 128.13 179.1
R2 (% of naïve forecast) 64.44 65.91 81.4 79.00

Table 7. Feature impact on model performance.

MAPE (% of baseline), 8-week forecast

Feature sets Case A Case B Case C Case D

(1) Current reference volume, Forecast volume 111.74 92.41 100.24 104.21
þ (3) Customer/item group 98.53 84.56 76.05 108.72
þ (4) Holiday 97.86 81.50 91.86 109.89
þ (2) Lagged volumes 99.03 81.33 88.50 100.39
þ (5) Product life cycle 93.19 75.24 76.52 90.32
– (1a) Forecasted volume 209.32 186.73 238.46 111.58
– (1a) Current reference volume 97.78 78.31 99.96 90.33

(þ) denotes addition of features, whereas (–) denotes ablation of features from the full model. (1) to (6) refer to the feature 
set numbering of Table 6.
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5. Discussion

Our findings show how delivery schedules received from cus
tomer companies in SCs are systematically over/under fore
casted, randomly vary, vary in time horizon (e.g. change 
within frozen time zones), and follow different accuracy pat
terns (according to so-called MAPE profiles). In relation to 
the target MAPE values suggested by VDA (2008), our ana
lysis indicates that the average random schedule inaccuracies 
are much larger in practice than these targets. Large propor
tions of schedules are highly inaccurate already on some 
weeks’ horizon. Therefore, only measuring schedule inaccur
acy and relating to accuracy targets may not be practical. 
However, monitoring and visualising various patterns of 
schedule variations using a set of standardised schedule met
rics may be sufficient. Six delivery schedule metrics are pro
posed (Table 8) to measure schedule variations at supplier 
companies in SCs.

The proposed random and systematic variation metrics 
are delivery schedule adaptations of the forecast metrics 
MAPE and BIAS (Makridakis, Wheelwright, and Hyndmann 
1998). There are several alternative forecast accuracy metrics 
which are not assessed here, but which may be adapted to 
delivery schedule data and assessed in future research. The 
late variation metric is a binary metric measuring any vari
ation within frozen periods, while zero-shift nervousness 
measures the extent of volume shifts between planning peri
ods, i.e. measuring periodic rather than accumulative vari
ation. These four metrics are delivery schedule adaptations 
of established or previously defined metrics. However, two of 
the proposed metrics (MAPE profiles and Predictive volume) 
are new metrics. The MAPE profiles show how the accuracy 
changes with shorter time lags, thereby adding the rolling 
planning horizon dimension to the MAPE accuracy measures 
presented in the literature. This complements existing fore
cast accuracy measures with information about how forecast 
inaccuracies change over time. We presented three different, 
but related, MAPE profile measures: the AUC/MAPE ratio, the 
max slope/largest slope ratio and the reference profile clus
ters. These metrics contribute in slightly different ways to vis
ualising how delivery schedule inaccuracy improvements 
vary over time. The reference profile cluster metric is, from a 
measurability perspective, the simplest and the metric pro
posed for practical use. The other profile metrics validated 
the patterns measured with the MAPE profile cluster metrics.

The predictive volume measure was developed in 
response to RQ3. In our specific case, focusing on delivery 
schedule data and measures from the perspective of a sup
plier company, we found that customer and item group data 

and product life cycle data features contributed to signifi
cantly improved relative schedule accuracy in a hurdle 
model. Information about the item in relation to its product 
life cycle (e.g. being close to phase in or phase out), conse
quently, constituted an important feature for explaining 
schedule inaccuracy. This was also proposed by Shurrab and 
Jonsson (2023) when qualitatively exploring schedule varia
tions from the perspective of OEMs. The product life cycle 
feature is an engineered variable that is difficult to measure 
from a supplier perspective, because the life cycle phase is 
normally not coded in the schedule data and seldom com
municated to the suppliers. In our study, we used historical 
data and, therefore, were able to relate a specific schedule 
value to the item’s life cycle. The significant effects of the 
customer and item group data are also interesting and 
empirically validate what could be expected from customer 
differences in terms of, for example, disturbance absorption 
(Pujawan et al. 2014; Shurrab and Jonsson 2023) and plan
ning logic and policies (e.g. Herrera et al. 2016). Customer 
data as a feature is specific to the supplier perspective, while 
item data could potentially also be a significant feature with 
a customer company perspective. This indicates that there 
are systematic differences in schedule accuracies across cus
tomer companies and types of items and, consequently, that 
basic master data could constitute significant features to 
explain schedule inaccuracies when taking a supplier (deliv
ery schedule receiver) perspective. We did not identify a sig
nificant calendar effect, which may be explained by the fact 
that all studied cases receive schedules from a mix of several 
globally distributed customer companies where local calen
dar effects are evened out.

Our intent was not to optimise predictive models for spe
cific companies but instead to generate and assess a general 
model with standard features and parameters. Our findings 
also provide empirical results of how a simple machine learn
ing model may correct distorted demand signals in SCs, i.e. 
relating to the conceptual and analytical approach of 
Carbonneau, Laframboise, and Vahidov (2008). In accordance 
with Baryannis et al. (2019a) and Zhu et al. (2021), our empir
ically based study using limited intra-organisational ERP data 
contributes a practical, relevant model. It also complements 
the few identified empirical studies, presenting a predictive 
machine learning model with a material supply perspective 
(Baryannis et al. 2019a; Brintrup et al. 2020, Jonsson et al. 
2024) with a model for predicting material requirements.

The six metrics we have proposed constitute a set of 
delivery schedule metrics for assessing and visualising deliv
ery schedules received from customer companies by a sup
plying company. The potential utility (impact) (Goltsos et al. 

Table 8. Six material delivery schedule metrics.

Delivery schedule pattern Metric Definition and description

Volume change in frozen time zone Late variation Section 4.1
Random variation/accuracy Mean absolute percentage error (MAPE) Section 4.1, FAI (Odette 2013)
Systematic variation/bias BIAS Section 4.1, WTS (Odette 2013)
Frequency/lumpiness Zero-shift nervousness Section 4.1
Time-phased accuracy pattern MAPE profile Section 4.2
Volume prediction Predictive volumes Section 4.3
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2022) of integrating delivery schedule metrics and measure
ment in the operations planning and control processes and 
systems of the supplier company and the bottom-line effect 
was verified in the backorder measurement (Appendix C) 
and explored in the pilot study (Appendix B). In the pilot 
tests, the six metrics were often used in parallel to explore 
the data and generate input for planning processes and 
meetings with customer companies. A common metric 
application area was in operational level discussions with 
customer companies on delivery issues and for customer 
delivery prioritisation when short-term demand supply 
imbalances. Other considered areas related to point fore
casting, safety stock policies and demand-scenario design. 
The combination of metrics further indicates that a specific 
metric output is not necessarily critical for achieving the 
intended outcome, but it is instead important to have 
access to multiple metrics and combine metrics and 
explore, visualise and enable a constructive dialogue intern
ally and externally about how various schedules vary and to 
enable a more proactive and/or agile planning approach 
and decision support. Consequently, the set of metrics con
stitutes a concrete example of what Iftikhar et al. (2023) 
referred to as a big data analytics-enabled visualisation 
dashboard to manage complexity and what Browning et al. 
(2023) proposed as visual analytics for improved human- 
augmented planning. From a SC complexity perspective, 
this shows that schedule metrics should be an essential 
component of a company’s complexity toolkit 
(Gerschberger et al. 2023) and be used as mechanisms to 
manage and absorb complexity generated from the vari
ation of schedules received from customer companies. 
Referring to the discussion on forecast utility (Goltsos et al. 
2022) it also shows that schedule metrics may be important 
mechanisms to drive integration of schedules in operations 
planning and control processes and systems, for improved 
delivery schedule utility.

In relation to, for example, Somapa, Cools, and Dullaert 
(2018), we suggest that specific metrics usage could con
tribute to outcomes related to both operational efficiency 
and strategic competence, and that this set of metrics has 
implications for practice by being a comprehensive set of 
metrics that is complementary to informational and trans
formational characteristics. The late variation measure may 
contribute to both operational efficiency and tactical/stra
tegic competence. A late variation alert has a direct effect 
on execution and operational efficiency, while categorising 
according to the extent of late variations may, similar to 
MAPE profiles, have implications for planning policy differ
entiation. The zero-shift nervousness measure provides 
complementary information about the extent of quantities 
being shifted between demand dates. Combined with 
MAPE, it may show the absolute random variation (MAPE) 
and the relative random variation (nervousness) generated 
by volume shifts and no real change in expected actual 
demand. This relative nervousness measure may be trans
formed into both operational efficiency and tactical/stra
tegic competence (Somapa, Cools, and Dullaert 2018). The 
tactical/strategic value of a random variation may be 

reduced if it originates from a net requirement shift in 
time and not a true actual demand shift. Therefore, com
bining MAPE and nervousness measures may contribute to 
tactical/strategic competence. The MAPE profiles show how 
the accuracy changes with shorter time lags, thereby add
ing the rolling planning horizon dimension to the MAPE 
accuracy measures presented in the literature. On an oper
ational level, the timeliness of MAPE data is less critical 
when combining MAPE and MAPE profile measures. It can 
be used to categorise and segment items and identify cat
egory shifts. Differentiating planning policies according to 
MAPE profile categories may transform the MAPE measure 
from an operational efficiency measure to a more tactical/ 
strategic competence measure. The predictive volume 
measure may contribute to operational efficiency by pro
viding more accurate volume estimates. It may also con
tribute to tactical/strategic competence, as it could be a 
basis for scenario planning in tactical and operational 
operations planning processes (e.g. sales and operations 
planning [S&OP] and sales and operations execution 
[S&OE]) by providing confidence intervals of expected ran
dom variations.

6. Conclusions

Our findings show that material delivery schedules 
received by supplying companies in SCs are, on average, 
relatively inaccurate and that the inaccuracy follows various 
patterns. The study proposes the MAPE profile and predict
ive volume metrics to complement the adapted established 
metrics in assessing delivery schedule variations. The MAPE 
profile metric contributes to established forecast accuracy 
metrics by visualising the pattern of schedule inaccuracy 
improvements, and the predictive volume metric identifies 
significant features (especially the item life cycle and item 
category data) to predict future volumes. Together, the 
proposed set of metrics provides descriptions of schedule 
variation (accuracy, bias, nervousness of visible demand 
data), descriptions of the change/dynamics of schedule 
accuracy (late variation and MAPE profiles), and prediction 
of future schedule volumes using objective data transac
tion and master data as features. It contributes to the 
forecasting literature by adapting forecast metrics to the 
rolling delivery schedule context and assessing features in 
predictive forecasting, and it initiates a discussion about 
the mechanism role of metrics in managing and absorbing 
SC complexity, and in contributing to integrating schedule 
data in operations planning and control processes and sys
tems, and thereby drive forecast and schedule utility 
through, for example, human-augmented operations plan
ning and control.

This study empirically focused on the automotive indus
try and involved data from OEMs and first- and second- 
tier suppliers. The metrics were general and assessed in 
four quite different companies, which should have had a 
positive effect on external validity. Thus, it should be pos
sible to apply the metrics (including MAPE profile and 
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predictive volume) to manufacturers and distributors in 
other industries, where delivery schedules constitute a 
large proportion of customer orders. Parameter settings 
(e.g. planning buckets, planning horizon) may differ 
between industrial contexts where, for example, lead times 
and demand patterns are different. The significance of fea
tures in the predictive volume metric may also differ in 
other contexts. Domain knowledge is important when 
adapting these findings to other industries; therefore, mak
ing such modifications may be a promising direction for 
future research. Still, the proposed set of metrics should 
be a step towards forming a standardised set of schedule 
metrics.

There are limitations related to our data analysis. The data 
were not analysed on monthly buckets, and the empirical 
assessments were mainly done using average measures. No 
thorough feature analysis was conducted to analyse correla
tions between features in the machine learning model generat
ing the predictive volume metric. We developed a feasible 
predictive forecasting model. While better performance could 
be expected from a more advanced machine learning 
approach, our aim was not to fine-tune the model, but to 
explore the potential in generating simple machine learning 
models based on easily accessible internal data. Still, there is 
no need for a predictive model to perform great everywhere, 
as the focus of the work often is on interpreting and comparing 
results rather than generating optimum point estimates of 
forecasts. The integration of schedule metrics in operations 
planning and control processes and systems, and assessing the 
bottom-line effect of this was not the main focus of the study. 
Findings identify and open up for future research on delivery 
schedule utility.

The core of this study is the empirical exploration and 
description of existing schedule variations in the studied SCs, 
and the development of the two proposed metrics of deliv
ery schedule variations and prediction. Future field testing in 
various planning processes could be relevant in assessing 
the added value and mechanisms of implementing and 
using these metrics in practice. It would also be worthwhile 
to fine-tune the predictive forecasting model to identify how 
close-to-optimum a model could be. This would include test
ing other analytical approaches, developing the significant 
life cycle and item category features and developing the 
overall feature set. The applied MAPE metric has limitations. 
It is biased when small demand and inherently promotes 
under-forecasting. It would be interesting to also use other 
forecast accuracy metrics in future studies to compare with 
the findings here, for example, in terms of clusters and vari
ation patterns. Further empirical studies describing schedule 
variations in other companies and supply chains would also 
be meaningful.
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Appendix A – Metrics formulas and examples

Late variationðbinaryÞ ¼ ððdi − sn
t¼1Þ 6¼ 0Þ � 1 (1) 

MAPE ðFAIÞ ¼

Pn
i¼1max 1;

st −dij j

di

n o

n
if di 6¼ 0ð Þ (2) 

BIAS ¼

Pn
i¼1max 1; st −di

di

n o

n
if di 6¼ 0ð Þ (3) 

Zero shift nervousness ¼

Pn
t¼1ðððst − stþ1Þ 6¼ 0ÞÙ ððst ¼ 0ÞÚðstþ1 ¼ 0ÞÞÞ � 1

Pn
t¼1ððst − stþ1ÞÞ 6¼ 0Þ � 1

(4) 

where:
Late variation (binary) ¼ a demand reference volume period (i) with 

at least one period with changed schedule volume within n time lag 
periods

MAPE (Random variation) ¼ mean absolute percentage error on time 
lag t

BIAS (Systematic volume variation) ¼ mean percentage error on time 
lag t

Zero-shift nervousness¼ fraction of zero-shifts of schedules received 
for a specific demand reference volume period (i) in relation to the num
ber of time lag periods with changed schedule volumes within n time 
lag periods

di ¼ demand reference volume (actual demand) for a specific period 
ist ¼ scheduled volume (forecast) for a specific demand reference vol
ume period (i), received with a specific time lag (t) before the demand 
reference volume period (i)

i¼demand reference volume period
t¼ time lag period
n¼number of time periods included
Table 9 presents a simplified numerical example with weekly 

schedule data for a specific delivery schedule group (i.e. schedules 

Table 9. Example calculations BIAS, MAPE and zero-shift nervousness.
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with the same customer number-item number-ship to gate address- 
demand date). The table represents schedules received during weeks 
11 to 16 and expresses schedule volumes for demand weeks 6 to 16. 
The generation of percentage error (PE), absolute percentage error 
(APE), changes schedules to/from zero, and changes schedules are 
described with examples. The MAPE, BIAS and Zero-shift nervousness 
metrics are calculated based on the definitions presented in 
Section 3.

Table 10 presents a simplified numerical example with daily schedule 
data for a specific delivery schedule group (i.e. schedules with the same 
customer number-item number-ship to gate address-demand date). No 
schedules are received on Saturdays and Sundays and there are no 
demand dates (shipments) on Saturdays or Sundays in this example. The 
coding of a late change and generation of the Late variation metric is 
based on the definitions presented in Section 3 and illustrated in the 
table.

Appendix B: Metrics field testing and outcome 
analysis

To explore outcome and validate the proposed metrics, a dashboard 
with the metrics was developed in a BI software and implemented in 
the four cases. The cross-case analysis of these pilot implementations is 
presented below. Table 11 summarises metric usage, observed outcome 
and mechanisms contributing to generate outcome across the cases.

The piloting shows that the use of different metrics depends on the 
context and characteristics of the case companies. Late variation, for 
example, is not used by Case C, as it makes large batches of standard 
products to stock, or of Case D, as it has daily batch deliveries of most 
items to its main customers, while it is much used in Case A that assem
bles variant products for sequence deliveries. The predictive volume met
ric is used in Case C where the aim is to improve the forecast accuracy. 
The metrics usage also depends on the existence of forums for 

Table 10. Example calculations late variation.

Table 11. Summary of metric usage, mechanisms and outcome across cases.

Usage

Mechanisms OutcomeProcess Metrics

Case A Order to delivery Late variation 
MAPE profile 
BIAS

Customer collaboration forum 
KAM 
Dashboard

Customer-supplier visibility and collaboration

Case A MPS/S&OE Late variation 
MAPE profiles 
BIAS

MPS/S&OE process forum 
Production planner

Planning proactiveness and efficiency 
MPS prioritisation and rescheduling decision

Case B Order to delivery Late variation 
MAPE profiles

Customer collaboration forum 
Supply chain planner 
Dashboard

Customer-supplier visibility and collaboration 
Planning policy decision

Case C Forecasting MAPE 
BIAS 
Late variation 
MAPE profiles 
Predictive volume

Forecasting process 
Demand planner 
Dashboard

Forecast accuracy and horizon 
Internal visibility and collaboration

Case D Demand management 
Production planning

MAPE 
BIAS 
MAPE profiles 
Predictive volume

Processes and forums (missing) 
Planner and consultant 
Dashboard

Customer-supplier visibility and collaboration 
Capacity utilisation
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collaboration, planning processes and working methods. Cases A and B 
had established dialogues with customer companies where delivery 
schedule data accuracy was discussed, while Cases C and D did not have 
such customer relationships and dialogues. Case D, however, managed to 
start up a dialogue during the pilot period using the metrics. All metrics 
were used within established processes and collaboration forums. 
Absence of processes and forums, consequently, hinders usage which was 
identified in Case D. Case A had a weekly MPS/S&OE rescheduling meeting 
aiming at identifying late changes and uncertainties during the production 
lead time. Case C focused on the longer-term forecasting horizon. 
Consequently, the established production strategy, planning processes 
and collaboration forums constitute the context in which metrics are used.

We also identify how the way processes and working methods are 
set up and carried out contribute as mechanisms to generate outcome 
of metrics usage. The collaborative manner of the customer relationships 
of Case B contributed to a quite fast acceptance of the metrics, and 
thereby to improved visibility of schedule variations to the customer 
companies and to a common decision to change freeze times (planning 
policy). In Case A the collaborative customer forum enabled extended 
and deepened collaborative discussions. The weekly MPS/S&OE as a pri
ority and rescheduling meeting at Case B, and the focus on developing 
the forecasting process and forecast accuracy at Case C, also enabled 
the metrics to be implemented and used. Further, the piloting shows 
how dedicated, knowledgeable and interested personnel are mecha
nisms for generating outcome of metrics usage. Various personnel cate
gories and roles are important in the cases (KAM in Case A, production 
planner in Case B and demand planner in Case C). A general observation 
is that analysing delivery schedules using the dashboard embedded 
metrics requires understanding of the metrics and having experience of 
the dashboard. Only a few people at each company worked with the 
dashboard and metrics. Therefore, the user-friendliness of the software 
was not considered a critical issue in any of the cases. Instead, it was 
important that these dedicated people understood the metrics and how 
to use the dashboard, and also that the processes and working methods 
allowed them to spend enough time analysing the data in the dash
board. The nervousness metric was not used, and the predictive volume 
metric was used to a limited extent. A reason for this was considered 
lack of understanding the meaning of these metrics. The functionalities 
of the dashboard, for example, ability to visualise metrics output and to 
drill down/up in different aggregates of customers, items, planning 
buckets and planning horizons, were however identified important for 
being able to generate outcome of the usage.

We observed that the achieved outcome of the metrics usage can be 
related to improved internal (Case C) and external (Cases A, B and D) 
visibility and collaboration. We also identified direct decision support on 
policy (freeze times as Case B) and process (MPS/S&OE rescheduling in 
Case A, forecasting in Case C, and production capacity planning in Case 
D) levels. The MPS/S&OE prioritisation and rescheduling at case B was 
made more efficient and contributed to a more proactive perspective in 
the planning. A similar potential was identified in Case D. Improved 
planning proactiveness was a perceived general effect of the metrics 
analysis and improved visibility in all case companies.

Appendix C – Backorder effects

We use backorder to measure performance. A backorder was defined 
based on the schedule data as schedule groups, where demand date or 
demand week are prior to the last non-zero volume update to the 
schedule group. We also filter backorders by only considering 1- or 2- 
week backorders. By this, we avoid including the limited set of schedules 
that are long-term backorders, most likely faulty-added schedules or sys
tem errors.

Table 12 shows that 0.3 to 0.8% of all schedule groups result in 
backorders. This corresponds to 26 to 3904 backorders per supplier dur
ing the studied periods. Figure 8 compares the MAPE and BIAS between 

schedule groups resulting in backorders and schedule groups where the 
delivery is shipped on time. For three of four suppliers, the MAPE values 
on 1- to 8-weeks horizon are higher for schedule groups resulting in 
backorders. This confirms that higher MAPE, especially on shorter hori
zons, have direct effect on the delivery performance. Regarding BIAS, we 
see that schedule volumes are slightly over-estimated on average (posi
tive BIAS) for schedules delivered on time, while schedules resulting in 
backorders are under-estimated on average (negative BIAS).

Table 12 shows significantly more late changes in schedules for three 
of four suppliers, resulting in backorders, compared to those not result
ing in backorders.

The above analysis of descriptive measures shows that larger MAPE, 
BIAS and late variations result in backorder effects. We also identify that 
the variations differ between schedule groups and suppliers which could 
be explained by the company characteristics. This concerns the fraction 
of the number of plans with a long horizon, the fraction of plans with 
no and/or appropriate levels of variation and the proportion of zero- 
shift nervousness. We also identified clear Pareto relations where a few 
customer-item groups represent the majority of the variation, and the 
variations are larger when the customer is a supplier compared to 
an OEM.

Appendix D – MAPE profile exploration (AUC and 
slope analyses)

We conducted three different MAPE profile analyses for the 9 and 392 
unique item-customer group profiles per supplier. The two first are 
described here.

The first is based on an area under the curve (AUC) analysis by calcu
lating the sum of MAPEs between weeks 1 and 8, divided by the num
ber of weeks. The AUC/MAPE ratio condenses the MAPE profiles to a 
metric that describes the MAPE profile pattern. Figure 9 illustrates the 
AUC measures in relation to MAPE on an 8-weeks horizon for Supplier C 
– the supplier with the largest number of item-customer groups. 
However, this analysis and ratio did not result in any clear classification 
of so-called MAPE profiles, i.e. how MAPE values vary during the fore
casting horizon.

The second focused on relative MAPE values, and analysed the 
slopes of the relative MAPE profiles and identified that, on average, the 
largest slopes occur between 7- and 10-weeks horizons (Table 13). 
Consequently, this indicates that the MAPE (at item-level and in weekly 
buckets) is significantly reduced on planning horizons between 7 and 
10 weeks.

Figure 10 analyses MAPE profiles across item-customer groups with 
different max slopes and max slope weeks. This analysis and ratio com
plement the AUC/MAPE ratio (Figure 9) by indicating when profiles 
improve in MAPE values the most. The x-axis shows the spread of the 
largest slope of Case C. It indicates that some profiles have steeper 
curves (the largest slope varies between 0.09 and 0.40) than others. The 
y-axis shows that for this supplier, it is most common that the largest 
slope occurs at 4- and 8-weeks horizons. Combining the max slope value 
and max slope week in Figure 10 results in a measure where different 
MAPE profiles can be identified. The upper right represents concave up 
curves with early MAPE improvements, while the lower right represents 
concave down curves with late improvements. The left represents differ
ent, more or less, linear curves.

Table 12. Fraction of late changes for backorder and non-backorder 
schedules.

Case A Case B Case C Case D

Fraction (%) backorders of all schedule groups 0.3% 0.5% 0.8% 0.4%
Fraction (%) of late changes for backorders 60% 27% 55% 51%
Fraction (%) of late changes for non-backorders 58% 12% 19% 42%

All fractions are significantly different (Chi-square, p< 0.01) except for Case A.
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Figure 8. Mean MAPE/BIAS for backorder and non-backorder schedules.
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Figure 9. Area under the curve (AUC, 8 weeks) vs MAPE (8 weeks) graph (supplier C).

Table 13. Largest slope of relative MAPE profiles.

Average week for largest slope Largest average slope

Case A 9.14 0.13
Case B 8.17 0.12
Case C 7.55 0.13
Case D 9.12 0.11

Figure 10. MAPE slope analysis (supplier C) (x-axis¼ largest slope; y-axis¼week with largest slope).
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