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Tdssd  diplomitydssd  tutkittiin, voiko julkisista ldhteistd saatavilla  olevia
markkinaindikaattoreita kdyttdd kohdeyrityksen myynnin ennustamiseen. Kohdeyritys oli
kohdannut poikkeuksellisen suurta kysyntdd, eikd nykyisid ennustamismenetelmid koettu
endd riittdvén tarkoiksi. Tavoitteena oli 16ytd4d uusia indikaattoreita, joiden implementointi
nykyisiin ennustamisjérjestelmiin parantaisi nykyisten ennusteiden tarkkuutta ja tarjoaisi
ailempaa pidempidd ndkyvyyttd tulevaisuuteen. Kohdeyrityksen myyntilukujen oletettiin
seuraavan vahvasti yleisid talouden markkinailmioita.

Ty06ssd selvitettiin kohdeyrityksen nykyisten ennustamisprosessien rakenteita ja analysoitiin
niiden  tarkkuutta.  Tyon  teoreettisessa  viitekehyksessd  kuvailtiin  yleiset
ennustamiskdytdnnot ja esiteltiin ulkoiset ~markkinaindikaattorit. Kohdeyrityksen
myyntidataa verrattiin useisiin eri markkinaindikaattoreihin ja niiden valiltd etsittiin
korrelaatiota useilla eri viiveilld. Suurimmassa osassa tarkasteltavista tapauksista vahvaa
korrelaatiota ei havaittu milldén viiveelld kohdeyrityksen myyntidatan ja ulkoisten
indikaattoreiden valilli. Vahvaa riippuvuutta osoittaville indikaattoreille luotiin
ennustemalli lineaarista regressiota hyodyntden. Parhaiten suoriutuneiden indikaattoreiden
keskimaardinen absoluuttinen virhe myyntidataan verrattuna oli noin 10 %.

Ty0Ossd el pystytty osoittamaan, ettd vahvimmin korreloivien indikaattoreiden ja yrityksen
myyntidatan vélilld olisi kausaalista yhteyttd. Tyodssd huomattiin, ettd kohdeyritykselté
puuttuu laadukas ennustamistarkkuuden seurantajirjestelmd. Ensisijainen suositeltu
kehityskohde kohdeyritykselle on seurantajédrjestelmén luominen, silld vasta sen jdlkeen
ulkoisten indikaattoreiden implementointi osaksi ennustamisjirjestelmdd olisi edes
mahdollista.
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This thesis researches the possibility of using open-source external market data to develop
sales forecasting processes in the case company. The case company had faced unexpectedly
high customer demand, and the current forecasting processes were not able to anticipate for
it. The main objective of this thesis was to analyze whether the sales forecasting accuracy or
the length of the forecasting horizon can be improved by implementing external
macroeconomic indicators in the case company’s forecasting processes. The case company’s
sales were expected to follow macroeconomic trends closely.

The structure of the case company’s current forecasting processes was inspected, and the
forecasting performance was analyzed. The theoretical framework consists of an
introduction to relevant forecasting practices and external economic indicators. The case
company’s sales data was compared with various external indicators and tested for
correlation with different lags. Majority of indicators did not correlate with the case
company’s sales data despite the synchronization attempts. A forecasting model was created
for indicators showing strong dependence by using linear regression. The best performing
indicators had a mean absolute percentage error of 10% when compared to the sales data.

This study was unable to demonstrate a causal link between case company’s sales data and
external indicators. It was noticed that the case company lacks a high-quality monitoring
system for forecasting accuracy and creating one should be the primary development
objective over the search for additional forecasting data.
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1 Introduction

Over the past few years, the whole world has experienced massive disruptive events.
Geopolitical conflicts, global chip shortage, and Covid-19 pandemic have impacted people
all around the world (Stefan, 2023). When the Covid-19 pandemic began, forecasting
processes faced a massive new challenge. Restrictions, lockdowns, sick leaves, and other
difficulties have led to very long lead times and material shortages in many, if not most

industries (Sleiman et al., 2022).

Effects of global chip shortage started around the same time as Covid-19 in 2020 and they
have partially boosted each other’s negative attributes. Global chip shortage has had a large
impact on many industries as semiconductor chips are crucial parts in many products.

Shortage caused longer lead times and higher prices for customers. (Mohammad et al., 2022)

Businesses have noticed these events in one way or another. Many factories were forced to
operate on low capacity (Handfield et al., 2020). Visibility to the future has become blurry
and forecasting future events has now become much more difficult than before, or at least
that is how the situation is perceived in the company that came up with the idea of this thesis’
topic and whose operations will be analyzed in this paper. From this point onwards, the
company will be referred to as “the case company” throughout the paper, as their wish is to

remain anonymous.

Even though the future is unstable, the case company’s business has grown during the past
few years. Growth combined with global disruptions has led to problems with material
availability. Increased volumes in the sales of certain products have led to a higher demand

for parts and components used in the manufacturing of those products.
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1.1 Objectives and research questions

The objective of this thesis is to study whether certain indicators could help forecast the
customer demand and sales for two case company’s production lines and improve accuracy
over long time periods. Ideally the thesis would function as “a toolbox of ideas and
indicators” that could potentially be used to support the current forecasting process of the
case company. Findings about all analyzed indicators will be reported thoroughly in this

paper, regardless of their usefulness to the case company.
The main research question of this thesis is the following:

1. Could external open-source economic indicators be used to improve the case

company'’s sales forecasting accuracy or extend the forecasting horizon?

Following sub-questions will aim to support the main research question:

2. How can potential external indicators be implemented into the case company’s
forecasting processes?

3. Could the use of selected external leading indicators have prevented some of the
forecasting issues that the case company faced earlier?

1.2 Scope and limitations

The scope of this study is limited to two production lines of the case company. This thesis
focuses on analyzing the sales forecasts of those production lines and trying to understand
possible trends in the datam, and how certain macroeconomic aspects affect them in the long
term. While the thesis studies possibilities to develop forecasting accuracy, the object is not
to build a new forecasting process but rather analyze different forecasting related tools and

aspects that could be used to support or improve the current forecasting process.

Multiple research methods are used in this paper to extract the best possible final analysis
by combining them in the process. This thesis can be described as a case study that aims to
improve actual scenario in a real company. In research the focus is on data analysis, and

more specifically cross-correlation and linear regressions analyses.
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The structure of this thesis is explained in Figure 1 through an input-output model.
Introduction, or the first chapter, will introduce this thesis to the reader and provide
background information about the case company’s situation and the research objective of

this paper. It describes the research questions, scope, research methods and the structure of

the thesis.
Input Output
Context and purpose for the Chapter 1 Backer qlmd, research
study Introduction questions, scope,
limitations, structure
Literature review on general ~ Chapter 2 Understading the concepts of
forecasting methods Literature review of different forecasting methods,
forecasting practices overview on data quality in
forecasting

Overview of external
. Chapter 3 .o . .
Literature on open-source ) indicators and their potential
. Introduction to external L .
economic data as leading indicators in the

indicators .
forecasting process
. Presenting the current
Overview of case .
. . Chapter 4 forecasting process and
company’s forecasting . : .
0cess Current forecasting process identifying areas of
P improvement
Data study on external . Analysm of the ?Xtel.n.a.l
indicators and internal sales Chapter 5 mchcators and their ablhtle,s
data Data study to Improve case company’s
forecasting process
Chapters 6&7 Evaluating this study’s
Results of the study Findings, discussion and success on finding useful
surminary indicators

Figure 1. Input and output -structure of the thesis

The literature review is done in the beginning of the thesis process and therefore it gives a
solid base for other research methods and objectives that are addressed later in the thesis.
The second chapter, Literature review of forecasting practices, will provide readers with

relevant theoretical information on the research objectives and methods of this paper. It is
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the first literature review section of this thesis and aims to explain how different forecasting
methods vary, and how the forecasting accuracy is relevant. This literature review utilizes
mainly academic articles, books and other reliable sources that are publicly accessible

online.

The third chapter, Introduction to external indicators, is the second part of the literature
review in this paper. It introduces readers to the concepts of leading and external indicators

and discusses the specifics of different indicators used in this thesis.

The fourth chapter, Current forecasting process, deepens the reader’s understanding of
current forecasting challenges within the case company. It describes the characteristics of a
forecasting process in an industrial manufacturing company and explains the reasons behind

the need for this case study.

The fifth chapter, Data study, is the main empirical part of this paper. It introduces readers
to the data that will be used in this thesis. It analyzes the accuracy of the case company’s
current forecasting process and analyzes ways to improve it. Correlation between chosen
external indicators and the case company’s sales data is analyzed and measured, and based
on the findings, possible improvements are created. It tests whether the forecasting accuracy

or the length of the forecasting window of the case company could be improved.

The sixth chapter will combine all the results of this thesis. It revisits the research objectives
and answers the research questions. Based on findings from the research, the implementation
of improvement ideas is discussed, and future areas of development and research are

suggested. Finally, the seventh chapter will summarize all the key findings of this paper.
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2 Literature review of forecasting practices

This chapter introduces the essentials of forecasting practices. Since magical crystal balls do
not exist, no one can accurately predict the future. However, being able to make a good
prediction can be highly beneficial. A good prediction of future events requires a lot of
information from multiple different sources and covering different topics. As the forecasting
environments and needs are different for each company and even between teams within the
same company, the factors affecting the forecasting environment should be considered on a

case-by-case basis (Walter, 1958).

Forecasting is a crucial part in any company’s business operations. Forecasts help companies
prepare for any changes in the current environment and plan their future operations. Making
mistakes in demand forecasting can be expensive. Overestimating the demand leads to
increased production volumes and high inventory levels. High inventory levels will cause an
increase in inventory keeping costs, and in some cases, the excess volume of manufactured
products might not sell, which again causes more expenses. Another mistake is to forecast
too low demand levels. This will quickly cause challenges with delivery lead times, if the
customer demand is higher than the production capacity, and the inventory levels will not be

able to counter the prolonged high demand.

2.1 Forecasting process

This section will address the importance of having a well-structured forecasting process. In
many companies, forecasting is often regarded as a problematic function. Forecasts are often
known to be unreliable or inaccurate, but improvements cannot be easily found. The
lingering issue could be completely disregarded and left to solve itself, usually with bad
success. Companies might have an idea that the forecasting process cannot be improved and
therefore try to compensate for the problem with other methods, like building larger

inventories. (Helms et al., 2000, pp.393-395)

Quickly generating numbers with the help of technology through different forecasting

methods without fully understanding the basics could easily lead to bad results. A good
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foundation for great results is a solid forecasting process (Sanders, 2017, pp.17—19). While
it is important to have a well-designed forecasting process, there are multiple ways to
approach the problem. One solution will not work everywhere, and each business or
organization will have to adapt their practices based on their local business environment
(Morlidge and Player, 2010). For example, Sanders (2017, p.20) and Armstrong (2001) have
both presented very similar versions of the same process with slightly different terminology.

Sander’s version is presented below in Figure 2.

Decide what Identify data Generate Measure
Clean data Select model
to forecast patterns forecast accuracy
Iterate

Figure 2. Forecasting process (Sanders, 2017 )

According to Sanders (2017), the forecasting process always starts by defining the problem
that is solved by the forecasts and deciding what to forecast. The second phase of the
forecasting process is to make sure that the data used in the forecasting process is clean and
suitable. It is common that the data set is missing values at certain points or has clear outliers
that distort the data. These situations need to be considered when handling the data. The third
step is very similar as it refers to the patterns in the data. Common patterns such as trend,
seasonality or cyclicality could have a strong effect on the outcome and accuracy of the

forecast, if present, and it is important to recognize them. (Sanders, 2017, pp.21-24)

In the fourth step of the forecasting process, it is time to select the best and most suitable
forecasting method and model for the occasion. Many different forecasting methods exist,
but with the right factors the correct one could be chosen. Sanders (2017, pp.24-25) presents
four different factors that should be taken into account in the selection process: The amount
and type of data, accuracy requirements, length or size of the forecasting horizon, and the
prevalent patterns in the available data set. The fifth step of the process is to implement all

previous steps and generate the forecast.

The sixth step is to monitor the accuracy of the forecast. It is important to assess performance

of the forecast to make sure that it is suitable for the role it was intended to. Despite the sixth
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step being formally the last, the forecasting process should not end at it. Iterative practices
should be conducted to develop the process even further. After the accuracy measurements
are done and potential areas of improvement are recognized, the process should circle back

to the step four. (Sanders, 2017, pp.20-25)

2.2 Forecasting horizon

Forecasting horizon can be defined as length of time into the future in which the forecasts
are created. Moon (2018) gives two requirements for the size of the forecasting horizon: It
should never be shorter than the production lead time and at least as long as it takes to create
new production capacity. The first requirement is crucial, because otherwise the company
would not be able to react to changes in the forecast and the forecast would provide very
little useful information. The first requirement is a problem the case company really
struggles with, as the sales organization can only provide accurate forecasts up to three
months ahead, but the production’s lead times can be much longer. The second requirement
helps the company to prepare for high increases in demand. If the forecasting horizon is
shorter than the time it takes to expand capacity, the company would not have enough

information to invest in new capacity (Moon, 2018).

Sanders (2017, p.25) states that the length of the forecasting horizon can also affect the
selection of the forecasting methods, as different methods might excel in different time
frames. For example, it is possible that a company could use separate methods to forecast

events for two months or two years ahead.

The length of the forecasting horizon affects the forecasting accuracy. While it might be
tempting to forecast as far as possible, the level of uncertainty grows as the length of the
forecasting horizon increases. The bigger the horizon, the greater likelihood there is that the
factors affecting the forecasting environment change. For this reason, short-term forecasts

are more accurate than long-term forecasts. (Sanders, 2017, p.19)

2.3 Data quality in a forecasting process

The size and volume of the forecasting data have a great impact on forecasting. Large

volumes will have lower variance compared to the data that has small volumes. Chase (2013)
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states that the size of the forecasting error gets smaller as the volume of forecasted items
increases. This effect takes place for example when comparing the forecasting behavior of
certain food products such as bananas and expensive high-tech products such as the case
company’s industrial devices. The volume of bananas sold can be assumed to be much larger
than the case company’s products, thus making the variance smaller and forecasting easier.
The phenomenon can also be explained numerically. For example, when a company
forecasts the sales to be 100 units and the actual sales are 95, the error is 5 units and accuracy
rate is 95%. However, if the forecasted value is 5 units and actual sales are 4 units, the error

is only 1 unit, but the percentual accuracy is 80%.

Data aggregation also affects forecasting accuracy. Data aggregation means that multiple
different sources or types of data are combined into one set of data. This will smoothen the
data by reducing the variance. More aggregated data will help to make the forecast more
accurate. Data aggregation can be done in multiple different ways. Sales data of two
individual products can be combined to form an aggregated dataset. Data can also be
aggregated into lower-frequency “time buckets”, which means that monthly data could for
example be combined into quarters instead of months (Rostami-Tabar et al., 2013). An
individual dataset compared to aggregated dataset suffers of higher granularity, which causes
more random variance and makes it hard to analyze patterns from the data. Aggregated data

improves possibilities to analyze seasonality and other trends. (Chase, 2013)

Stable and inelastic demand usually makes the forecasting easier and improves accuracy.
Stable demand is very common for daily products that are used and purchased regularly.
They tend to have a greater and more stable demand history with well-known patterns
compared to expensive and more rarely bought products. For example, luxury products don’t
have similar stable demand and customers tend to concentrate their purchases on when their
purchasing power is strong. This also shows that unstable and elastic demand are more

vulnerable to cyclical demand patterns. (Chase, 2013)

2.4 Forecasting methods

There are multiple different methods that could be used to forecast sales and customer
demand. Each method gives out a little bit of different data and therefore it is important to

understand the main characteristics of the most common methods. A lot of research papers
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have been published related to this topic and the most common forecasting methods will be
addressed in this thesis. Forecasting methods are often divided into two main categories
which are quantitative and qualitative methods (Mentzer and Moon, 2005). Quantitative
methods can be further divided into two subcategories, which are time series models and
causal methods (Chase, 2013). In literature, qualitative methods are also often referred to as

judgmental methods. The classification of forecasting methods is presented below in Figure

3.

Forecasting methods

v v

Qualitative methods Quantitative methods

Time series

Causal methods

Figure 3. Classification of forecasting methods

Selection of the forecasting method often depends on the length of the forecasting horizon.
Quantitative methods are often used in short term forecasting and qualitative methods excel
when forecasting is done over a long period of time. Quantitative forecasting methods are
based on historical sales data and in some situations combined with some other variables.
They can also sometimes be referred to as objective or mathematical methods. Quantitative
methods include numerous different techniques but each of them can be classified under two

categories, which are time series methods and causal methods. (Chase, 2013)

Forecasting is a challenging operation because various elements can each cause different

patterns in the forecasting data. Being able to point out and understand the causes of these
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patterns is important for having an accurate forecasting process. The better the forecasting
method is at recognizing a certain pattern, the smaller the forecasting error will be (Jain,
2001). For example, quantitative forecasting methods are great at extending the historical
trend and pattern to the future, but predicting changes in that pattern is more difficult. These
changes can be random, or in other words caused by unexplained variance, or there might
be some other elements that have effects on the data. In literature, the elements that create
patterns are usually divided into four different elements which are cyclicality, seasonality,
trend over time and causal factors. The previously mentioned unexplained variance can be

added as the fifth element. (Chase, 2013)

2.4.1 Qualitative methods

Qualitative forecasting methods, or sometimes referred to as judgmental or subjective
methods, are based on subjective opinions of experienced and competent individuals
working in the field of the relevant forecast. This group of people might often involve roles
such as sales representative, higher executive or specialist of relevant expertise. (Mentzer

and Moon, 2005)

Qualitative methods are valuable in situations where companies have very little historical
data and other methods cannot form reliable forecasts (Mentzer and Moon, 2005). They are
very easy and affordable to develop, as there are no requirements for computational
resources or technical expertise. Qualitative methods are also very capable to consider a wide
range of factors that could influence the forecasts, as the professionals often have broad

understanding of characteristics affecting the sales or demand. (Sanders, 2017)

The biggest drawback of qualitative forecasts is that they tend to consume a lot of time from
the accountable professionals. Gathering subjective data from multiple different sources or
just forming a well-educated opinion requires a lot of work compared to other forecasting
methods that could be automated. For this reason, qualitative forecasts are often created
sparsely. A monthly update can be considered a very common interval for judgmental

forecasts. (Mentzer and Moon, 2005)

Qualitative methods also tend to be heavily biased. This happens because they are based, as

the other name “judgmental method” suggests, on subjective opinions of people. For this
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reason, the forecast might be affected, for example by the interest, mood or inexperience of

an individual. (Sanders, 2017)

According to Sanders (2017) quantitative forecasting methods tend to outperform qualitative
forecasts 90% of the time. This is because quantitative methods base their estimates on

objective data, as qualitative methods rely on subjective assumptions.

2.4.2 Time series methods

Time series are the first type of qualitative forecasting methods and a fairly simple way to
forecast. The forecast is created by extrapolating the historical data with selected time series
method. Time series methods offer multiple ways of doing that. Time series models excel in
short term forecasting, and therefore long term forecasting is usually done with some other

methods. (Jain, 2001)

Time series methods have the characteristics to assume that the forecasted values will mimic
historical patterns, and those same patterns will be repeated in the future (Chase, 2013).
Mentzer & Moon (2005, pp.62—63) state that time series methods rely heavily on four
specific patterns: trend, seasonality, level, and noise. Time series techniques are all
endogenous techniques, which means that they get their data from internal sources. This
condition means that time series are not useful if the interest is to analyze correlation between
external factors and the sales data. Time series can still be useful in the process of smoothing
and leveling the patterns, which could allow us to look behind the noise. (Mentzer and Moon,

2005)

To emphasize the significance of all four patterns that were mentioned above, it is important
to understand what each of them mean. The first factor, trend, indicates the direction in
which the forecasted values are developing. Trend can be displayed usually with a straight
line or a curving line. Trend line is a good indicator of a growth or decline over a long period
of time. The second factor, seasonality, refers to recurring patterns over a certain period,
usually one calendar year. The values form a pattern, in which the peaks and valleys always
occur annually at the same places. For example, the sales of ice cream can be assumed to be
very seasonal. The sales will be high during hot summer months and significantly lower

during the cold winter months. The third factor, noise, acts as an unpredicted random
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variable. It causes fluctuations in the sales data in an unpredicted manner. All movement in
the data that is not forecasted can be classified as noise. However, noise could contain and
be related to some other variables that are yet unknown. In some cases, the reasons that are
causing the noise can be researched and found by using other forecasting methods. The
fourth examined factor is level, or in other words, a horizontal sales history. In sales
forecasting, the level of the data indicates what the sales pattern would look like if the three

previously mentioned factors were not present. (Mentzer and Moon, 2005, pp.62—64)

Cyclicality can be added to this topic as an extra factor. As a phenomenon, it is closely
related to seasonality. Cyclicality behaves almost like seasonality, but the length of a cycle
is not tied to one year. Usually, cycles last much longer than one year. Cycles are often very
dependent on global economic conditions, and the length of one cycle can vary a lot. Despite
the differences with seasonality, these cycles can still be forecasted with the same methods

(Mentzer and Moon, 2005).

2.4.3 Causal methods

Causal methods are classified under the quantitative forecasting methods, but they are
significantly different to time series methods. Causal methods assume that the forecasted
variable is related to some other variables in the forecasting environment. An example of a
relationship that could be studied with causal methods could be the amount of money used
in marketing and the number of units sold. Causal methods tend to require a larger amount

of analysis than time series models. (Sanders, 2017, pp.77-78)
Regression analysis

Regression analysis is one of the most common research methods in academic literature and
it can also be used in business forecasting to create forecasting models. In business context
regression analysis can be used to test if external factors have causal relationships that affect
the behavior of the forecasted data, which is something that the time series models are not

capable of producing. (Mentzer and Moon, 2005, pp.113-114)

The simplest form of regression analysis is called the simple linear regression or univariate
regression. It only considers how a single factor, often referred to as independent or

explanatory factor, affects the outcome of another factor, which is referred to as the
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dependent factor, and explains the linear relationship between them. It is possible to also
analyze several factors at once. This more advanced version is called a multiple regression
or multivariate regression. In multiple regression the dependent factor is simultaneously
compared to multiple independent variables. In addition to these two main methods, multiple
different variants of regression analysis exist that are designed for different purposes. For
example, nonlinear regression models are used to analyze nonlinear relationships between

variables. (Hadi, 2012)

The simple regression equation between variables X and Y is presented in equation 1 after

(Chase, 2013, pp.161-162) and (Indriyanti et al., 2021).
Y=a+bX+¢ (1)

In which « is the intercept or constant, b is the slope of a line, and ¢ is the error term, which
some authors prefer to add to the equation (Indriyanti et al., 2021). Despite being a causal
forecasting model”, linear regression is not able to prove causal relationships between

variables, only correlation (Cox, 2010).

2.5 Forecasting accuracy

Measuring the accuracy of forecasts is a key part in the forecasting process. Frequent
measuring presents possibilities for constant learning opportunities that would help to
improve the accuracy of the forecast. Without measuring the accuracy, it is difficult to

improve forecasts. (Chase, 2013, pp.90-91)

Accuracy is usually the main reason to choose a certain forecasting method over another.
Although, some other criteria such as cost, accessibility and some other factors might also
play a role in the selection. Forecasting accuracy can be measured by using several different
methods, but the objective is always to examine how much the forecast differs from the

actual events. (Mentzer and Moon, 2005)

Chase (2013, pp.92-93) presents two clear purposes for measuring the accuracy. First, it is
to test how well the actual outcome was predicted with the selected methods. Secondly,
measuring accuracy allows the comparison between different forecasting methods which

help to determine the best suited forecasting methods for the occasion. Unfit forecasting
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methods might lead to great errors and selecting the correct method is very important for any

company’s operations (Danese and Kalchschmidt, 2011).

Mentzer and Moon (2005, p.45) state, that all different forecasting measurements are based

on the simple formula, which is presented below in equation 2.
E, =D, —F, (2)

In which E is the error for period ¢, D; is the actual value for period ¢, and Ft is the forecasted
value for period ¢. If the outcome of this equation is positive, it is an indicator that the forecast
is giving out too high values, and negative values imply too low forecasted values. While
this equation is only able to measure accuracy at one point in time, other methods presented

later in this chapter will measure accuracy over longer time periods.

Error measures can be classified in two categories. The first category consists of methods
that measure the actual size of forecasting error, also called the standard error measures.
They are scale dependent, which means that for example, by using the standard error
measures the result of accuracy test could be “100 units more than forecasted”. Scale
dependency imposes challenges when the scales of two compared variables use different
units (Sanders, 2017, pp.38—40) In this thesis, the standard error measures are also difficult
to use due to the anonymity of the data, as the actual monetary sums cannot be presented in

this thesis for confidentiality reasons.

Relative error measures are the second type of forecasting error measures, and they offer an
alternative to standard error measures. The key advantage of relative error measures is not
being dependent on scales and instead measure the accuracy in percentages. This way it is
possible to carry out a comparison between two datasets that use different scales. The two
most common relative error measures according to Sanders (2017) are mean percentage error
(MPE) and mean absolute percentage error (MAPE), which will be presented next in more

detail.
Mean absolute percentage error (MAPE)

The mean absolute percentage error (MAPE) is one of the most frequently used accuracy
measures in business forecasting and very common in relevant literature. MAPE’s formula

is presented below in Equation 3.
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MAPE = 100% w (3)

In which A is the actual value, F is the forecasted value and n is the size of the sample.
MAPE states its results as percentages and tells how much the forecast differs from the actual
sales values. MAPE does not consider if single data points are negative or positive and
instead measures the size of each error. (Sanders, 2017, pp.38—41). MAPE has a tendency to
be slightly asymmetric because it weighs over-forecasts slightly more than under-forecasts,

which can influence the evaluation of forecasting performance (Schwartz et al., 2024).
Mean percentage error (MPE)

Mean percentage error (MPE) is very similar to MAPE, as it also gives results as
percentages. With MPE however, the sign of the error value is relevant. MPE can indicate
the bias of the forecast. This signifies occasions when the forecast tends to constantly give
too high or low predictions. Mean percentage error’s formula is presented below in equation

4. (Sanders, 2017, pp.38-41)

actual — forecast) /actual
MPE = 100%2( f " )/ (4)

In which A is the actual value, F is the forecasted value and n is the size of the sample. MPE
tends to provide significantly smaller values as a result compared to MAPE. This happens
because with MPE the positive and negative errors tend to balance each other out and as a

result the output value might be very close to zero.
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3  External indicators

For a long time, the case company has tried to monitor various indicators that would provide
any information about their major market areas’ economies, and how changes in those areas
would affect the case company’s sales figures. The overall economic situation in major
business areas has been thought to affect the case company’s business significantly.
Performance or accuracy of those indicators has never been tested and their implementation
into the forecasting process has not been successful. The interest of the case company is to
find indicators that are available in open sources, provide information about the general
economic situation and are easy to implement into the forecasting process. In an ideal
situation the indicator is just one value on a monthly or quarterly basis and its value, or
change in it, could be directly entered into the forecasting algorithm. This chapter presents
various indicators that are as closely as possible related to the case company’s business and
briefly discusses their abilities and potential to improve the case company’s forecasting

Processes.

3.1 Classification of indicators

Forecasting customer demand is a challenging task and requires large amounts of
information from different sources. Almost endless number of elements could cause changes
in the upcoming demand. Elements or indicators that provide information about future events
are called leading indicators. Some elements or indicators could correlate with the forecast
and the actual events, but they provide insight only until the present day or some earlier
moment of time. Such indicators are called lagging indicators. Lagging indicators are often
used to monitor and measure certain historical events, such as safety incidents at a workplace
or goals scored in football matches, but they do not help in predicting future events. When
analyzing different data sources and events to support the forecast process, it is important to
be able to tell apart leading and lagging indicators. Incorrectly choosing a lagging indicator

to support the forecast could lead to large errors in the final forecast. (Yorio et al., 2020)

An indicator should embody certain qualities before it can be classified as a useful leading

indicator. A leading indicator should be a “hard variable”, which means that it is recorded in
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a proper manner, which then enables it to be used in statistical forecasting practices. The
data should reach far enough in the past and have high frequence between the data points.
The indicator should possess authentic predictive value, rather than just showing random
statistical connections with the forecasted target values. The indicator should also lead the
actual statistical data with a gap large enough to be operationally useful. For example, if a
forecast is needed six months ahead, an indicator covering only the next two months is not

very useful. (Kourentzes and Sagaert, 2018)

In this thesis the focus is on leading indicators. On some occasions, certain indicators could
be difficult to classify clearly between leading and lagging ones, but their status will be
thoroughly discussed. Some indicators are broadly focused on the whole global economy,
and therefore they will be referred to as macroeconomic indicators. Indicators could also be
classified based on the field of trade or geographical area they cover. All analyzed indicators
in this paper originate from public sources. It can be assumed that all indicators that are
presented in following sections are used in many companies in various forecasting related
tasks. However, utilizing mentioned indicators in sales forecasting is slightly unknown

territory and academic research around the topic is very scarce.

3.2 Purchasing Managers’ Index

Purchasing Managers’ Index (PMI) is an economic indicator that can potentially provide
insight into future economic conditions. Multiple organizations or companies produce their
own versions of the index and publish it frequently, often monthly. PMI is created by
surveying purchasing managers or other related professionals working in various
organizations around the world, and combining the data gathered from the responses. In the
survey, the respondents are asked to report changes in multiple variables compared to the
earlier months. These asked variables include for example number of new orders, costs,
selling prices, supplier performance, backlog of orders, inventory levels, business output,
employment, and exports. (S&P Global, 2024) In the PMI Manufacturing index, which
collects responses specifically from professionals working in the private sector in
manufacturing companies, creates the index by calculating the weighted average from five
different variables. These variables and their emphasis on the calculation are new orders

(30%), output (25%), employment (20%), suppliers’ delivery times (15%) and stocks of
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purchases (10%) (S&P Global and Hamburg Commercial Bank, 2023). The form of the
questions is very standardized, and they usually appear in the following fashion: “Is the level

of variable x higher, the same or lower than one month ago?” (IHS Markit, 2017)

PMI receives values between 0 and 100. If all participants report that they are experiencing
lower values than last month, the equation would give a value 0 for the index. In the event
of the opposite phenomenon, the equation would receive a value of 100 as all participants
reported an increase in their variables. In the middle of the value range is 50, which would
indicate that theoretically no change is observed. This type of an index is referred to as
diffusion index, with values above 50 signaling economic growth and values below 50

signaling contraction. (IHS Markit, 2017)

The predictive power of PMI for financial trends and events has been studied to some degree.
Some studies have shown that PMI could be used to predict stock returns (Johnson and
Watson, 2011). However, it is yet unclear if the predictive qualities can be extended to sales

forecasting.

3.3 Composite leading indicator

Composite indicators are a method to combine large amounts of data and individual
indicators under one metric. They are often used, when the observed phenomena is very
complex or difficult to observe and measure, and a single data type would not be accurate

enough (Gallegati, 2014, pp.1-2).

Composite indicators are created by combining various data components, with each
component containing different types of information. The mix of components can be chosen
to suit the observed phenomena as well as possible. A large composite index “Composite
Leading Indicator” or CLI, is produced by The Organization for Economic Co-operation and
Development (OECD). CLI by OECD is an index that aims to predict changes in global

business cycles in various countries (OECD, 2024b).

CLI has been used and tested in many environments to provide early indications about the
turning points of the business cycles. Tang, King & Pratt (2017) demonstrated that OECD’s
CLI can predict occupancies in Hong Kong’s hotel industry. Dreger and Schumacher (2005)

conducted another study in which they found out that CLI can describe German business
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cycles quite well, but as a single indicator it was not able to outperform an autoregressive
benchmark model in their test. Composite indicators can be described as macroeconomic
indicators, as they are often targeted and designated for large-scale use, such as analyzing
the economy of a country or region. This quality might potentially limit the usability of
composite indicators, if they are used in the process of trying to improve sales forecasts of

an individual production line under one company.

3.4 Business Confidence Index

Confidence indexes are indicators that reflect the level of optimism or pessimism a certain
group of people expresses towards a specific topic. In economics, confidence indexes are
often created by interviewing professionals of certain expertise or specific group of
consumers and researching their views, or confidence, on future economic conditions. (Islam

and Mumtaz, 2016; Khan and Upadhayaya, 2019)

One of the most prominent confidence indexes is the Business confidence index (BCI). BCI
is produced by the OECD and it is based on opinion surveys which surveys business
professionals in manufacturing sector about their future expectations on production, orders,
and stock levels. The base level of the indicator is 100 and higher values indicate business

professional’s increased confidence in future business performance. (OECD, 2024a)

BCT’s ability to forecast sales lacks heavy academic evidence, but Yousuf & Marozva (2025)
state that the stock return volatility can be affected to some degree by BCI. The choice to
include BCI as part of this study is not based on academic literature, but instead on BCI’s
subjective potential to act as a leading indicator and its basic characteristic, which includes

manufacturing industry’s professionals’ views on the near future.

3.5 Commodity indices

Commodities are materials and resources used to manufacture and produce any products and
services for commerce. Common types of commodities include metals such as gold or
aluminum, agricultural products such as cotton or corn, and energy sources such as natural

gas or oil. (McGinnis, 2022)
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Commodity indices are financial instruments that usually include multiple commodities and
combine them into a single measure (Ludwig et al., 2017). Some commodity indices can be
used as trading instruments, but often they are used as benchmarks to represent certain

commodity category’s prices (Kirithiga et al., 2018).

Commodity indices were selected to be included in this study based on an assumption that
commodity prices could affect the case company’s sales volumes. Commodity indexes could
potentially affect customers’ willingness and ability to make investments related to the case
company’s products. When the case company experienced unexpected sales figures in the
period following the Covid-19 pandemic, it was internally analyzed that the metal industry’s
global challenges possibly affected the sales significantly. As a large manufacturing
company, the case company’s operations could potentially be affected a lot by metal prices.
Because of these findings, commodity indexes that focus on metals will get special focus in

this study.
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4  Current forecasting process

This chapter introduces the case company’s current forecasting process. Various
stakeholders that have influence in the process are explained and the case company’s current

forecasting methods are presented.

4.1 Current forecasting methods

The case company utilizes various forecasting methods in its forecasting process to achieve
as accurate sales forecasts as possible. The forecasts analyzed in this thesis are used by the
case company’s S&OP team and all forecasting challenges are presented from their
perspective. Forecasting is also practiced in the case company’s other teams and operations
for various purposes, but they are not relevant to this thesis and therefore will not be
considered in this paper. The current forecasting process from S&OP team’s perspective is

presented below in Figure 4.

Historical sales data

Timeseries forecast Judgmental forecast

!

Combined final
forecast

Figure 4. The current case company's forecasting process



30

The forecasting process begins with historical sales data in which the sales are presented at
product family or production line level. At this point, all values are presented at a monthly
level, and the unit of measure is Euros. A new base-forecast is created by using time series
forecasting methods. Precise time series methods used in the case company’s process are not
relevant in the context of this thesis, and their more detailed description and possible
development is left outside the scope of this paper. The case company uses time series
methods especially to forecast demand far into the future. Time series models lack the ability
to sense any signals of real events that could affect the demand and sales figures and

therefore end up being too inaccurate for the case company’s needs if used alone.

To provide more accurate forecasting information, the case company also uses judgmental
forecasting methods to support the time series forecast. The judgmental forecasts are created
three months ahead. Forecasting horizon of three months is deemed infeasible to extend, as
the case company’s sales professionals cannot gather information from longer time periods.
The judgmental forecasts are provided to the S&OP team by the Sales Team at Factory
(SAF), who create their own sales forecasts from their own respective areas of responsibility.
The structure of the sales forecasting organization and information flows will be presented
next in slightly more accurate detail, because it is deemed as important background

information for the reader of this paper.

4.2 Information flows inside the case company

The judgmental sales forecasting process in the case company within the scope of this thesis
consists of three different stages and each of them has a little varied way of approaching the
problem. The first stage of the forecasting process takes place in teams, which in this thesis
are called the Regional Sales Team (RST). They are responsible for the case company’s
sales, and they are in direct contact with customers. Procedures vary between different RSTs
but in general each team is responsible for the sales of certain products in certain
geographical areas and together they form a global sales network. RSTs exchange
information with customers and act as the first source of data related to customer demand
or, in other words, sales. The information flows inside the case company are presented below

in Figure 5. RSTs form sales forecasts for their own use, but those forecasts are not suited
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for use in other units because the forecasting data is too broad. Instead, those other units use

the source data provided by the RST and then refine it for their own use.

Case company’s information flows

Customer Customer

(Operatingin Finland) (Operating outside Finland)

I ]

Regional sales team Regional sales team

(Finland) (other areas)
Sales team at factory Sales team at factory
(Production line A) (Production line B)

S&OP team

Figure 5. Forecasting information flows inside the case company

The second level of the forecasting process consists of the sales team at factory (SAF). They
form a link between CSOs and all the production-related operations, which can be seen
above in Figure 5. SAFs are responsible for one production line each, and they communicate
with all CSOs that are responsible for the sales operations of those products and provide
supportive actions in the sales process when needed. SAFs are constantly in close contact
with multiple RSTs and receive information that they will use in the creation of sales
forecasts. In the beginning of each month, based on the data collected from RSTs and using
the sales force composite method, SAF creates a new sales forecast. Sales force composite
is a qualitative forecasting method that relies on the professional experience and judgement
of company’s sales personnel and management to produce sales forecasts. Each person
creates a forecast for their own area of responsibility, and the final composite forecast is a
combination of them (Moon, 2018, pp.125-127). RST forecasts the estimated order intake
for the three months ahead. The forecast includes the estimated value of all sales finalized
in a certain month displayed in euros. Quantities of products are not mentioned. The raw

data behind the forecast usually includes only the value of each sales deal, estimated
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probability of winning the deal and the projected date of the deal. SAF uses this forecast in
their operations but most importantly it also shares it forward to the next level of the

forecasting process, the S&OP team.

S&OP team uses the sales forecasts created by SAFs in material planning. As the data in the
forecast only includes values displayed in Euros, S&OP team is forced to run the forecast
through an algorithm that converts the financial values into the number of products or units
based on historical trends. This whole forecasting process gives S&OP team a good
understanding of the customer demand for the next three months but leaves the longer time

horizon very blurry.
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5 Data study

This chapter analyzes possible relationships between the case company’s sales data and
selected external indicators. The study will begin with an introduction to the base data
collected from the case company. The case company’s own forecasting accuracy is measured
and analyzed to provide a benchmark for possible accuracy improvements that could be
achieved later in this thesis, and to spark out more discussion about the current forecasting
practices of the case company. The original data will be treated to smooth out any volatility
and other possible patterns before further tests can be done. The quality of analyzed data is

important for achieving accurate results.

The search for relationships between indicators and sales data will be done with cross-
correlation analysis. For each indicator that shows correlation, more analyzing will be done

to find how much the indicator possibly leads or lags the sales figures.

5.1 Data collection process

The base data used in this thesis is retrieved from the case company’s own database and the
scope includes the case company’s two production lines. The base data contains monthly
values for order intake and sales forecast from years 2016-2024. To provide additional
confidentiality to the case company’s sales data, calendar years will sometimes be referred

to in the format of “Yearl, Year2, Year3...” starting from 2016.

Data for potential leading indicators are gathered from various online sources. The objective
was to find economic indicators that are publicly available and could potentially predict
changes in economy which would later affect the case company’s sales figures and demand
planning. It is important that all selected indicators are as relevant as possible. The ambition
was that all indicators would be related to the case company or its customers’ industries.
Some selected indicators provide data for different geographical areas, either individual
countries or groups of countries, like G7 or EU. Some provide indications about the global

economy. All selected countries or areas to be tested in this thesis are either important market
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areas for the case company or they are in other ways significant areas for the global economy.

Individual countries will be anonymized to protect the case company’s business activities.

The data for Manufacturing PMI is collected from Trading Economics (2024). Trading
economics combines PMI data from various sources to cover as many geographical areas as
possible, but most of their data is collected from S&P Global. There are multiple PMI
producers and providers available, but this one was selected, because the case company was
already using data from this source in certain operations and therefore it was very easily
available through the case company’s own systems. Also, according to a report published by
S&P themselves, their survey had outperformed the survey made by their main rival ISM,
as it has been a more accurate indicator to describe manufacturing trends in US markets,

which encourages the use of this data set (Williamson, 2019).

Indicators CLI and BCI are created and maintained by OECD and the data for this thesis was
sourced from OECD’s database of economic indicators (OECD, 2024b; a). Commodity
indexes used in this thesis are all collected from S&P’s database. The reliability of these
sources can be considered very good. Both S&P and OECD are large and well-known
organizations and the data selected for this thesis has also been used in many other academic

publications.

The selected commodity indexes for this study are: S&P GSCI Energy & metals (S&P
Global, 2025¢), Dow jones Commodity index industrial metals (S&P Global, 2025a), S&P
GSCl index energy & metals capped component (S&P Global, 2025d), S&P GSCI industrial
metals (S&P Global, 2025¢), S&P GSCI (S&P Global, 2025b), and S&P GSCI Industrial
Metals Dynamic Roll (S&P Global, 2025f).

5.2 Accuracy of the case company’s current forecasting model

Sales forecasting accuracy has had a very crucial role in the case company, but the process
has its flaws and weaknesses. A good example to highlight this situation is that the case
company does not have standards for forecasting accuracy. Historically, over a long period,
the current forecasting process has been considered just enough accurate that it has not
mattered significantly, if the forecast differs notably from the actual values. However, after

the increase in sales volumes in post-pandemic era, the forecasting error was deemed too
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large without a need to even measure it, because the inaccuracy started to have a clear impact

on inventory management and demand planning.

The sales forecasting data collected from the case company does come with some challenges
and limitations for this study. It has been mentioned before that the case company forecasts
always three months ahead by using judgmental methods and uses time series methods to
create forecasts for longer time periods. The case company’s system only collects one

forecasted data point per month. This datapoint is a combination of judgmental forecasts
from the sales.

This means that it was not possible to retrieve historical forecasting data that would tell what
values the case company forecasted n-months ahead at a certain time point. The case
company’s system only collects the last data point which is stored into the system, and it is
the forecast for each month that is created one month ahead. Monthly order intake levels, or

actual sales, and forecasted order intake levels of the case company’s two production lines

are displayed below in Figure 6 and Figure 7.
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Figure 6. Monthly sales and forecasted sales, production line A
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Monthly sales & forecast, production line B
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Figure 7. Monthly sales and forecasted sales, production line B

The unit used to display order intake and forecasted order intake is Euros. In this case it is
more useful for the case company to use currency as a unit of measure instead of the quantity
of manufactured products, because these products are all customized and modified to
customers’ orders. Order intake can also be referred to as sales completed each month. The

exact order intake values will not be presented in this thesis for confidentiality reasons.

The data sets of both production lines are very volatile and therefore some operations will
be needed before the data is ready to be analyzed. Sanders (2017, pp.18—19) states that
grouping multiple items together, such as production lines, will improve forecasting
accuracy. Grouped forecasts should always outperform those that are made for individual
items. For this reason, the data of both production lines will be summed up together. This is
possible, since both production lines produce roughly very similar products. They are very
clearly separated in the case company’s internal operations, but from slightly further
viewpoint they can both be fitted under one general classification. Despite the grouping, both

production lines will also be analyzed individually.

The main reason for the volatility in the base data is that the business is based on big projects.
The quantity can be considered quite low, and each sale brings in a lot of money. Data
disruptions are also caused by the fact that sales transactions are not always registered for
the correct months. Some sales transactions might de facto already be closed by the sales

team for some time, but some confirmation from one party might be missing, which causes
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delays. The system registration process also takes time. All the work might already be done

but the transaction date gets registered for a different month.

To smooth out these disruptions in the sales data, a moving average method can be
implemented. From this point onwards, each monthly data point will be an average of three-
month sales. From this point forwards, new values for each month’s sales will be calculated

with a formula presented in Equation 5.

St+1+ St +St—1

4, = SrtSise 5)

In which A; is the three-month average sales, S; is the actual sales values of the month, and
t is the time period. After the three-month rolling average is implemented in the data, certain
patterns become more visible, as can be seen in Figure 8, Figure 9 and Figure 10. The trend
in sales is quite stable from Yearl until Year5, and the case company’s own forecast does
not visibly differ significantly from the actual sales data. Starting in Year5 and lasting until
late Year7 a pattern that gave the idea for this thesis can be observed, as the sales forecast
used by the case company failed to predict actual sales accurately. If a single outlier data
point in production line B’s data is disregarded, for two years in a row, the forecast gave
values that were lower than the actual sales figures. The pattern was more prominent with

production line A but also clearly noticeable in production line B’s data.
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Actual & forecasted sales, 3-month average, production line A
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Figure 8. Actual & forecasted sales, 3-month average, production line A

Actual & forecasted sales, 3-month average, production line B
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Figure 9. Actual & forecasted sales, 3-month average, production line B
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The accuracy of the case company’s own forecast is presented below in Table 1 and Table

2. Two accuracy measurements were used in the process: mean percentage error (MPE) and

mean absolute percentage error (MAPE). The accuracy was measured from the original raw

sales data as well as from the data which has the three-month rolling average method

implemented. Because the customer demand behavior has fluctuated over time, the accuracy

was measured from four different time periods.

Table 1. Mean percentage error, the case company's own forecasts, production lines A & B

) 00 0 N )

Year2-Yeard

0% 3%
Year5-Year7 15% 20%
M3.Year5-M9.Year7 23% 26 %
Year8-Year9 -5% -3%
Proa 0 e B x originat vatue PE arte 0 average
Year2-Year4d 2% -1%
Year5-Year7 3% 5%
M3.Year5-M9.Year7 5% 7%
Year8-Year9 4% 3%
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Table 2. Mean absolute percentage error, the case company's own forecasts, production lines A & B

Prog 0 e A AP poriginal value AP

g s 0 average
Year2-Year4 19% 12%
Year5-Year7 30% 27 %
M3.Year5-M9.Year7 30 % 27 %
Year8-Year9 26 % 22 %
Droc i o B AD original va AD i arage
Year2-Year4 13 % 9%
Year5-Year7 14 % 10%
M3.Year5-M9.Year7 14 % 10%
Year8-Year9 12 % 9%

The first measured period is Year2—Year4. January Year2 is the oldest available date for the
case company’s sales forecast and Year4 is the last year before the Covid-19 -pandemic and
global chip shortage started to impact markets. In the context of this thesis, the period of
Year2—Year4 could almost be referred to as “the good old times”, because the forecasting
accuracy did not yet cause problems. That statement is backed by the data as well. As can
be seen in Table 1, MPEs for both production lines are very low, with production line A
achieving MPE of 0%. Low MPE means that the forecast has little to no bias, or in other
words tendency to forecast constantly too small or large values. However, there was a fair
amount of volatility in the forecast accuracy during that period as can be seen from the
MAPE results. Both production lines reached double digits in MAPE despite having low
MPE results. High MAPE is not necessarily deemed as a serious issue in the case company’s
situation, because the delivery times in its business area are long and individual monthly
spikes will be smoothed out in the process. MPE can be considered to have more authority

than MAPE in this case.

The second measured period is Year5—Year7. They are the fiscal years during which the case
company experienced most challenges with forecasting. The period is further narrowed
down to March Year5 and September Year7, which is the actual period of large forecasting
challenges. During these periods the highest MPE-value was measured from production line
A’s data, on period March Year5—September Year7, when it reached 26%. This means that
on average the actual sales were 26% higher than forecasted values for almost two years in
a row. Forecasting errors were not as severe with production line B. Largest MPE being 7%

between March Year5 and September Year7. MAPE values for production line A were
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significantly higher in Year5—Year7 compared to Year2—Year4 period but a similar increase
was not detected in production line B’s data. This finding would mean that production line
B did not experience massive changes in forecasting accuracy and serious challenges were

only present in production line A’s forecasting.

And the last selected period for accuracy measurement is Year8—Year9. After Year5 the
increase in the case company’s sales halted, and the trend of sales figures was expected to
stabilize. MPE values for production line A were much smaller between Year8—Year9
compared to what they were in Year5—Year7, but Year2—Year4 levels were not quite

achieved. Production line A’s long-time forecasting bias turned negative for the first time.

During the data collection process of this thesis, only little amount of historical judgmental
forecasting data was managed to be gathered. Those forecasts were created by the sales
organization and include three-month judgmental forecasts between January Year8 and July
Year8. Those forecasts provide a little bit more insight into the historical judgmental
forecasting accuracy, but their statistical significance is low due to the sample size being so

small. The accuracy of judgmental forecasts is presented below in Table 3.

Table 3. The accuracy of judgmental three-month forecasts

Forecasting horizon MAPE Productionline A MAPE Productionline B

1 month 19% 10 %
2 months 23 % 20%
3 months 19% 23 %

As can be seen from Table 3, the judgmental forecasts created by the sales organization are
surprisingly inaccurate even when the forecasting horizon is very short. This is most likely
due to high volatility and the case company’s practices, in which the sales events take time
to register into the systems, sometimes registering to “wrong” calendar months. Increasing
margin of error when the forecasting horizon gets longer looks natural on production line
B’s data. However, MAPE for production line A decreases when forecasting horizon

increases from two to three months. This is most likely due to the small sample size.
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5.3 Defining a new ideal forecasting model

This section will define the new optimal concept for a forecasting model that would be ideal
for the case company’s business operations. The current forecasting model was introduced
earlier in this paper and now some ideal adjustments will be proposed to it. Later in this

paper the functionality of the concept model will be tested and analyzed.

It is in the case company’s best interest to create a simple, but effective and accurate
forecasting model. In this context “simple” would mean that the new forecasting model
should not require a significant amount of work from the user, compared to the case
company’s current forecasting model. Ideally, the new process would integrate the data of
leading indicators directly into the forecast without any active input from a human. The

structure of the new ideal forecasting model is presented below in Figure 11.

Historical sales data Leading indicators

Timeseries forecast Judgmental forecast

¥

Combined final
forecast

Figure 11. A new ideal forecasting process

If the case company wants to achieve a low maintenance forecasting model, the data from
leading indicators should be entered into the system and created automatically, just like the
current time series forecast is created automatically from the historical data. The new

forecasting concept could possibly exceed the capabilities of the traditional time series
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forecasting methods, as those cannot consider external factors, and by design only rely on
the historical data (Chase, 2013). For this reason, leading indicators should be integrated into

the process after the time series forecast is created from historical data.

The integration of leading indicators could be done with linear regression analysis. Ideally,
if multiple leading indicators are found, a multiple linear regression model could be used to
form a new forecast. The final forecast would be a combination of time series forecast from
historical data, linear regression model forecast from leading indicators, and judgmental
forecast provided by the sales department. The feasibility of this model in the case

company’s business environment will be analyzed in the following sections of this paper.

5.4 Seasonality in the sales data

If the sales data in Figure 8, Figure 9, and Figure 10 are inspected visually after the three-
month average has been implemented, it can noticed that frequent fluctuations seem to occur
between the Yearl and Year5. Most drops seem to happen annually during the summer and
early autumn. This possible seasonality is somewhat surprising. As the case company is an
industrial manufacturing company, customers being mainly other industrial firms, the
business field and data patterns are expected to be very stable all year. The sales negotiation
processes last usually for several months, which also spreads the demand evenly across the
year. If those small differences are signs of actual seasonality, the only recognized factor to
affect them could be the holiday season. A hypothesis could be made that absence of sales
agents during the holiday season could affect sales figures and it is supported by the views

of the employees working in the case company.

If the seasonal pattern is strong, it could influence the results later in this thesis. To analyze
correlations between the case company’s sales data and external indicators with regression
analysis, seasonality needs to be taken into consideration. One regression models’ limitation
is their inability to include seasonality as a cause of fluctuation. For this reason, the
dependent variable’s data must be deseasonalized before the regression analysis can be

conducted. (Mentzer and Moon, 2005, pp.95-97)

When the data has seasonality, the forecast needs to be adjusted to reflect how much each

monthly value is above or below the average (Sanders, 2017, p.84). This can be estimated



44

by percentages, or in this case, by a seasonal index. The seasonality can be analyzed by
measuring the total sales amounts each month between Yearl and Year4. This time period
is selected, because the trend of sales is considered level and very stable. After Year5 the
data’s behavior changes so much that similar seasonal patterns are not visually noticeable
anymore. Despite the visual cues, the seasonality caused by the salespeople’s holidays is
expected to continue through the period of Year5—Year9, and the seasonal factors of Yearl—

Year4 can be extrapolated for that period.

Referring to Sanders (2017) and Hyndman, Ord, Snyder & Kohler (2008), an equation for

seasonal index can be created.

A

I, = A_ (6)

In which I;is the seasonal index for calendar month t, A is the average monthly sales for
calendar month t, and A.is the average of all monthly sales over all calendar months. The
calculation of monthly seasonal index is started by first calculating the average amount of
monthly sales over a year. Seasonal index of each month is calculated by dividing the actual

sales of each month by the average monthly sales.

This would mean that if the value of seasonal index is lower than 1, sales in that month are
lower than average. For example, seasonal index of 1,1 for month » would indicate that sales
in month n are expected to be 10% higher than average monthly sales over the whole

observed period. The equation for deseasonalized value is presented below in equation 7.

Yo =— (7)

Where Y; is the deseasonalized value for month ¢, St is the actual sales value for month ¢ and
It 1s the seasonal index for month ¢. The results of the seasonal index are presented in Figure

12 and Figure 13.
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Figure 12. Seasonal index Year 1 — Year 4, production line A
After calculating the seasonal index from years 1 — 4, it can be observe that seasonality is
very low or even nonexistent in production line A’s data, as presented in Figure 12, but

production line B does have some seasonal variation, which can be noticed from Figure 13.
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Figure 13. Seasonal index Year 1 — Year 4, production line B

Lowest index scores can be noticed in both production lines’ data during autumn months,
which would fit the hypothesis about holiday season influencing the sales figures. It can be
assumed that this pattern continues after Year5, but it is not guaranteed or at least noticeable

due to changes in demand patterns. These small monthly changes could also be explained
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by volatility or random noise, as the sales data is also quite volatile. Seasonality will be
considered in later steps of this thesis. Numerical values of the seasonal index are presented

below in Table 4 for production lines A and B both individually and after grouping their data

together.

Table 4. Seasonal index. Production lines A, B and A+B combined

Month

Production line A

Production line B

A+B combined

1 1,009441897 0,969908075 0,983668924
2 0,990642359 0,996661713 0,994566509
3 0,991925546 1,072754526 1,044619748
4 0,997045315 1,10965116 1,070455558
5 1,067269959 1,106433356 1,092801444
6 1,030433057 1,042263556 1,038145622
7 1,041227202 0,962103233 0,989644535
8 0,961227491 0,895533982 0,918400438
9 0,96818233 0,939303207 0,94935539
10 0,932842544 0,944543565 0,940470699
11 0,977014671 0,999301802 0,991544145
12 1,03274763 0,961541825 0,986326989

5.5 Indicator data

This section introduces the data of the potential indicators that were chosen for this study.
As can be easily seen below in Figure 14, Figure 15, Figure 16, and Figure 17, there are
similar patterns in all chosen indicators. PMI, CLI, and BCI are mutually very similar, but
commodities stand out from the rest. PMI, CLI and BCI all show a clear impulse reaction to
the covid pandemic as their values drop significantly for a few months. This drop is followed
by a bullwhip-like bounce back up towards the baseline. Metal commodities behave a little
differently. It is noticeable that there is almost no downward reaction to the pandemic.
Instead, there is steady growth for around two years after which they slightly drop and remain

quite stable at a new level.

Only six geographical areas’ data per indicator are presented in Figures 14, 15, and 16,
despite this paper analyzing many other geographical areas as well. This is to make the

figures easier to understand for the reader. All geographical areas are anonymized to protect
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the case company’s business, and revealing individual country or area names is not deemed

necessary for this thesis.

Composite leading indicators
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Figure 14. Composite leading indicators, 2016-2024

CLI’s data for six selected areas is presented above in Figure 14. It can be noted that the data
is fairly smooth, and it is not expected to cause problems in the data analysis phase. Figure
15 below displays BCI’s behavior between the years 2016-2024. When compared to CLI, it
has the same characteristics as it dips significantly in 2020 and bounces back, but the

monthly volatility is higher.
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Business confidence index
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Figure 15. Business Confidence Index, 2016-2024

Similar behaviors to BCI and CLI continue in PMI’s data, as can be seen in Figure 16. Out

of the three indicators, PMI, however, is the most volatile indicator by nature.

Purchasing Manager's Index
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Figure 16. Purchasing Manager's Index, 2016-2024
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Commodity indexes have slightly different characteristics compared to the three other
previously mentioned indicators. Each commodity index has a noticeably smaller dip in 2020

and a very short and sharp peak in 2022, as can be seen in Figure 17.

Commodity indices
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Figure 17. Commodity indices, 2016-2024

As the indicators are slightly different to each other by nature, correlation tests will need to
be done differently. Commodities are the simplest indicators to test. The hypothesis is that
an increase in commodity indexes value will linearly correlate to the sales of the case
company and in that situation cross-correlation tests between the case company’s data and

commodity indexes are possible

PMI, BCI and CLI behave differently to commodity indices and are not expected to correlate
with sales linearly without precise data handling. They are diffusion indexes and when their
values are high, they are expected to indicate growth in sales volumes. When diffusion
index’s values are near the baseline, it is expected that the trend of the case company’s sales
is level, and therefore the values of the indicators should correlate with the slope of the sales
data. For this reason, slight edit to the sales data is required. To combat volatility and bring

out the slope of the sales data, each monthly value will be replaced by the 5-month average



50

of that month. The three-month average has too much volatility and keeps swinging from

positive to negative which will disrupt the linear regression analysis.
5.6 Correlation between the case company’s data and external indicators

The possible correlations between external indicators and sales must be studied before they
can be used in the forecasting processes and be integrated as a part of certain forecasting
methods. The biggest questions surrounding these indicators are related to whether there is
any correlation between the indicators and the sales data. And if so, is there a lag in either
direction between the indicators and the sales data? The length of the positive lag, meaning
that the indicator would lead the sales data, needs to be analyzed. The lag could also be
negative, meaning that the indicator would follow the sales data instead of leading it. Despite
the fact that these indicators are considered leading indicators, there might be a scenario
where they might not provide enough lead to improve the forecasting process or they could

trail the sales data and therefore become lagging indicators.

In this study the correlation is studied with Pearson correlation coefficient (PCC) by using
the cross-correlation method. PCC is one of the common methods to find broad relationships
between variables (Mu et al., 2018, pp.40—42). Microsoft Excel has a tool for calculating

Pearson correlation coefficient, which will be used to conduct this test.

The results of PCC indicate how strong the correlation is between two variables. The values
range between -1 and 1, where -1 means perfect negative correlation and 1 perfect positive
correlation. The closer the results are to 0, the weaker the correlation is. In this thesis all
correlations are expected to be positive. Results between 0<x are weak, x<0,7 are mediocre

and over 0,7 or under -0,7 indicate strong correlation.

Before the correlation between sales data and external indicators is calculated, the sales data
needs to be deseasonalized. The deseasonalization is done by using the seasonal indexes
which were calculated earlier in this thesis and the values are presented in Table 4. New
deseasonalized monthly sales values will be calculated with the following equation:
A

Y, =

(8)
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In which Y is the new deseasonalized value in ¢, A;is the three-month average of sales in ¢,

and I is seasonal index in ¢.

The next step is to conduct the cross-correlation test between commodity indexes and the
case company’s sales data. The sales data will be synchronized with the data of selected
indicators to find the right lag. The lag that gets the strongest correlation results will most
likely indicate the length of the correct lag between indicators and sales data. The results for
the cross-correlation test are presented below in Table 5. Complete correlation tables for

commodities are presented in Appendix 1.

Table 5. Correlations between commodity indexes and sales data with three-month average and seasonal adjustments.

Indicator Production line A Production line B A+B combined
Correlation  Lag Correlation  Lag Correlation  Lag
Dow Jones Commaodity Index Industrial Metals 0,747626113 5| 0,744745498 5| 0,832429541 5
S&P GSCl 0,803811966 0| 0,764886537 -2| 0,854159708 -2
S&P GSCl Energy & Metals 0,793799783 0| 0,745447527 -2| 0,843643808 -2
S&P GSCI Energy & Metals Capped Component 0,78800161 0| 0,755705398 -2( 0,84245981 -1
S&P GSCl Industrial Metals 0,753477021 5| 0,715838124 5| 0,821265297 5
S&P GSCl Industrial Metals Dynamic Roll 0,739055041 4| 0,728857667 5| 0,817539105 5

The results of the cross-correlation test in Table 5 indicate strong relationships between the
sales data and commodity indexes. All PCC values are higher than 0,7, which indicates
strong correlation between variables. These results are encouraging for the purpose of this
thesis, as these results could indicate that there is a strong relationship between large
macroeconomic trends and the case company’s sales. It is noticeable that the correlation
values are higher when the sales data of both production lines are combined. This was
expected as the aggregation of data will increase forecasting accuracy (Sanders, 2017,
pp-18—19). The larger volume will decrease volatility and is expected to mirror

macroeconomic movements more accurately.

The lag values between sales data and commodity indexes seem to vary quite a lot between
the indicators. Three indicators show strong correlation with both production lines and with
the lag of 5 or 4 months. However, some indexes seem to match the movements of the sales
data or even trail it with lags of 0, -1 and -2. These indicators can be considered coincidental
or lagging indicators, and they would not provide accurate information for forecasting
purposes. Seems that the best performing indicators are all linked to metals, and poorly
performing indicators such as S&P GSCI also consider other factors, such as energy.
Customers working in the metal sector are a large individual customer sector, which could

explain the strong correlation between sales data and metal focused commodity indexes. The
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relationship between Dow Jones Commodity Index Industrial Metals and the sales figures
of the case company’s both production lines when the lag of five months is added to indicator
data is presented below in Figure 18. The figure has a dual-y-axis to fit indicator data on top

of the sales data. The sales data’s unit is Euros, but the values are hidden.

Dow Jones Commodity Index Industrial Metals synchronized
with sales of production lines A+B, Lag +5 months
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Figure 18. Dow Jones Commodity Index Industrial Metals synchronized with sales of production lines A+B. Lag +5 months

To test if some unexpected correlations could be found, Pearson correlation coefficient was
also calculated for PMI, BCI and CLI the same way it was calculated for commodity indexes.
The source data for indicators was otherwise unedited in this test, but Covid-19 related
outliers were removed from the data. This removal of outliers was not needed for commodity
indexes. PMI, BCI and CLI values for all countries and geographical areas showed low
correlation with sales data for all lags between -2 and +6 months, when the tested time period

was 2016-2024. This result was not surprising, as these three indicators should not correlate

directly with the sales data without slight editing.

The next step is to analyze the case company’s sales data’s correlations with PMI, BCI and
CLI after implementing some necessary data processing. Despite the large variety of external
indicators and long span of available data (2016-2024), this part of the study suffers a lot
from the volatility of the data. To test the hypothesis that high values if PMI, BCI and CLI
indicate increasing growth in sales, and values near their baselines indicate that the sales

trend would be level and changes in monthly sales, it is needed to compare the changes in
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sales to the indicator values. In this thesis this hypothesis will be tested by comparing

percentual change in monthly sales to the values of PMI, BCI and CLI.

This operation requires very smooth and stable behavior from the sales data, or in other
words low volatility. As has been previously noted, the sales data is volatile, and the slope
of the line changes frequently. If the sign of the slope/percentual change alternates constantly
between positive and negative, reliable correlation tests cannot be done. Monthly spikes
would behave like outliers and disturb the correlation analysis. The three-month average and
seasonal indexes, which were used earlier to smooth out fluctuations in sales data to test
correlation with commodity indexes, does not provide smooth enough data for this test.
However, if the data is smoothed even more, it could lose the accurate visibility to monthly
level forecasting. This loss of accurate visibility on a monthly level is luckily not detrimental
to the objective of this thesis. Providing accurate monthly level forecast is not the sole
research objective. Knowing the direction of demand a few months ahead is also essential
information for the case company. Next step is to implement a five-month average into the
sales data. Seasonality will not be considered as a limitation in this test anymore, as the five-
month average is expected to smooth out the seasonality. The seasonality in the case
company’s sales data has two drops and spikes annually and the five-month average is long

enough to cover at least one spike and drop all the time.

The source data for indicators also suffers from volatility and outliers. Covid-19 created a
massive unnatural and unexpected drop in the source data. The drop started in early 2020
and lasted roughly six months. This drop is enough to cause disturbance in the test and would
be likely to cause inaccuracies in forecasting models. For these reasons, PMI, CLI and BCI
will only be tested after the Covid-19 related spike. The chosen time period for this second
correlation test is therefore from October Year5 to December Year9. This sample is smaller
than the sample for commodities, which could affect accuracy and statistical significance.
The selected time period is still considered suitable for this test, as it includes over four

years’ worth of data and includes the unexpected rise in sales in Year7.

Notable results of the cross-correlation tests for PMI, CLI and BCI with production lines A,
B and A+B combined are presented below in Table 6, and more extensively in appendices

Appendix 2, 3, and 4.
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Table 6. Correlation results for indicator BCI Area S

Production line A Production line B A+B combined

Indicator

Correlation Lag Correlation Lag Correlation Lag
BCl Area S 0,617033433 6| 0,3215193 6| 0,5389492 6

Results between percentual monthly change in the case company’s sales and indicators PMI,
CLI and BCI are very poor overall. Most indicators showed correlations between -0,5 and
0,5 at all times. One notable result was noticed at lag +5, when production line A’s sales data
showed correlation of 0,6 with Business confidence index for Area S. Value of 0,6 is a
moderate correlation and indicates that there could be a relationship between this indicator
and the case company’s sales. Area S is an indicator that combines data from five different
countries, which should smooth out fluctuation of individual countries and potentially
correlate better with the case company’s sales data that includes information from multiple
business areas. However, “BCI Area S” correlates significantly worse with production line
B and the combined data of both production lines, which can be seen in Table 6. This raises
questions about the validity of such high correlation. Being the only indicator that had such
strong correlation with the sales data, the correlation could be completely coincidental. Other
indicators that also grouped multiple countries together had weak correlations with sales
data, too. For example, the highest correlation result for BCI of Area J, which contains data
from 27 different countries, was 0,4319 at Lag of -1. Figure 19 below displays the correlation

between “BCI Area S” and sales of production line A, when the lag is 5 months.
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BCI Area S & monthly percentual change in the sales of
production line A, lag +5 months
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Figure 19. BCI Area S & percentual change in the sales of production line A, lag +5 months

According to these results, it seems that PMI, BCI or CLI have very little to no correlation
at all with the case company’s sales, or the case company’s sales data is too volatile to
perform accurate correlation tests or linear regression analysis. With these results, the
hypothesis can be rejected that PMI, BCI and CLI could accurately predict the amount of
monthly change in the case company’s sales data. Further analysis with linear regression
analysis is not needed for these three indicator groups. The research is continued with only

commodity indexes from this point onwards.

5.7 New regression model

In this section the historical sales values will be forecasted with linear regression. All
indicators that demonstrated strong or moderate correlation with sales data on previous
correlation tests with either individual production lines or their combination, and had lag of
at least +1, will be tested with linear regression. All indicators tested from this point onwards
will therefore be leading indicators. Commodity indexes “GSCI’, “GSCI Energy & metals”,
and “GSCI Energy & metals capped component” were eliminated from the study due to their
negative lag, despite their strong correlations with sales data. All PMI, BCI and CLI

indicators were eliminated due to weak correlations with sales data.
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At this point of the study, only three potential indicators remain. Dow Jones Commodity
Index Industrial metals, GSCI Industrial Metals and GSCI Industrial Metals Dynamic Roll.
Univariate regression analysis will be conducted between all three indicators and each

production line option.

The simple equation for linear regression analysis was introduced earlier in this thesis in
equation 1 as a part of the literature review. For leading indicators, the equation needs to be
slightly modified, because the timing of the indicator is lagged compared to the sales data

and the differences. The modified equation 9 is presented below.
Yiyn =a+bL; + e 9)

In which Y;,, is the value of forecasted sales in time period #+n, n is the selected lag of the
indicator, a is the intercept, b is the regression coefficient for selected indicator, L, is the

value of the selected leading indicator in time period t, and e is the error term.

First, the statistical significance will be analyzed. Statistical significance in this thesis is
measured with p-value. According to Lehman & Romano (2022, pp.69-72), p-value is a
standard approach to evaluate statistical hypotheses. Small p-value indicates that there is a

very low chance that the results of the test conducted occurred randomly.

Another way to test statistical significance is R squared, or shortly R?. Itis used to explain
how large proportion of variation of the dependent variable can be explained by the
independent variable. It is often interpreted as a percentual share of variation. For example,
R? value of 0,5 would explain 50% of the variation (Kasuya, 2019, pp.235-236). Although,
Gao (2024) argues that R? tends to sometimes overstate the actual percent of variable

explained.

able 7. Results of linear regression analysis.
Table 7. Results of linear regression analysis

Indicator Productionzline . ProductionQIine B A+B combzined
P-value R P-value R P-value R
Dow Jones Commodity Index Industrial Metals |<0,000 0,56(<0,000 0,55(<0,000 0,69
S&P GSCl Industrial Metals <0,000 0,57|<0,000 0,51|<0,000 0,67
S&P GSCl Industrial Metals Dynamic Roll <0,000 0,54|<0,000 0,53|<0,000 0,67

The p- and R2-values of the regression analysis are presented above in Table 7. Confidence
level used in this test was 95%, which means that if the p-test gives values that are smaller
than 0.05, the test can be considered statistically significant. All p-values in this test were

much lower than 0,05 which means that the results are very significant. R?>-values for
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indicators vary between 0,51 and 0,69. Dow Jones Commodity Index Industrial Metals had
strongest values when tested with all three production line options. When the data from both
production lines were combined and tested against the leading indicators, results were
stronger than when tested against individual production lines. This was expected, as larger

data volume should be able to capture economic fluctuations better.

5.8 Accuracy of the new linear regression forecasting model

This section tests the accuracy of the new linear regression forecasting model. Mean absolute
percentage error (MAPE), which was presented in the theoretical part of this paper and in
equation 3, will be used in this test. It is considered more suitable than mean percentage error
(MPE), which was used earlier in this study to measure the case company’s current
forecasting accuracy. At this point of the study, the bias of the forecasting error is not
relevant and therefore MPE can be ignored. The main thing that matters is how accurate the

forecasting model is and how large errors it produces. MAPE is a great tool for this purpose.

The MAPE results of the regression analysis for all three production line options and

remaining leading indicators are presented below in Table 8, Table 9, and Table 10.

Table 8. Accuracy of the new forecasting model, production line A

Production line A Year2-Yeard Year5-Year7 M3.Year5-M9.Year7 Year8-Year9

Dow Jones Commodity Index Industrial Metals 14 % 19% 18 % 21%
S&P GSCl Industrial Metals 16 % 17% 17 % 21%
S&P GSCl Industrial Metals Dynamic Roll 16 % 18 % 17% 22 %

Table 9. Accuracy of the new forecasting model, production line B

Production line B Year2-Yeard Year5-Year7 M3.Year5-M9.Year7 Year8-Year9

Dow Jones Commodity Index Industrial Metals 8% 8% 8% 9%
S&P GSCl Industrial Metals 9% 8% 8% 9%
S&P GSCl Industrial Metals Dynamic Roll 9% 7% 7% 9%

Table 10. Accuracy of the new forecasting model, production lines A+B combined

Production lines A+B combined Year2-Year4 Year5-Year7 M3.Year5-M9.Year7 Year8-Year9

Dow Jones Commodity Index Industrial Metals 9% 9% 9% 9%
S&P GSCl Industrial Metals 10 % 9% 9% 10 %
S&P GSCI Industrial Metals Dynamic Roll 10% 9% 9% 10 %

According to these results, the metal related commodity indexes would perform very well as
leading indicators and improve the forecasting accuracy during the crisis time of 2020-2022.

The results are much better for production line B than for production line A. This could
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partially be explained by production line A’s smaller sales volumes and higher volatility.
The most valuable results can be seen in Table 10, which displays the MAPE results for both
production lines’ combined data. During the whole test period, MAPE for all three indicators
stays at 9-10 %, which can be considered a very good result from the case company’s

perspective.
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6 Findings and discussion

This chapter will discuss the result of the research and how the findings can potentially be
implemented into the current forecasting process. All research questions will be answered

and future areas of research related to this paper’s topic are discussed.

6.1 Implementing the results into existing forecasting model

Alongside the perceived bad forecasting accuracy, one of the major issues in the case
company’s forecasting process is the lack of a proficient forecasting accuracy measurement
system. This deficiency causes multiple problems, both for this thesis and the case company's
operations. Improving the forecasting process, or any process in general, is hard if the
process and its results are not actively monitored, as improvements are often based on

perceived errors or failures.

Lack of measuring systems hinders the implementation of accuracy improving methods that
were studied and suggested in this thesis. Within the limitations of available data, it is not
currently possible to accurately measure if this thesis' findings about forecasting accuracy
are better than the case company's current processes. Only a small amount of data was
available to test the accuracy of the case company’s forecasting accuracy in the forecasting
window of 1 to 3 months, but the availability was very limited. Some of the indicators that
were tested in this thesis showed strong correlation for a lag that exceeded the three-month
horizon. There is no way to compare it with the forecasts currently used by the case company

to predict sales over a three-month period, or in most cases, only a single month.

If the results of this thesis, or future indicator studies that are similar, would get implemented
into the case company's forecasting processes, there would be currently no way to measure
if those suggestions could improve the process. At this moment, even more important than
searching for new indicators to improve forecasting, is to create a new system to document

and store forecasts.
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6.2 Answering the research questions

In the beginning of this thesis the object was to find answers to one main research question
and two sub-questions. The study began with a literature review focusing on general
theoretical aspects of sales forecasting and leading indicators. After identifying potential
external indicators, a data study was conducted to test if any correlations could be found
between the case company’s sales data and the external indicators, and what kind of impact
they would have on the forecasting processes. All research questions of this thesis are

answered below:

1. Could external open-source economic indicators be used to improve the case

company'’s sales forecasting accuracy or extend the forecasting horizon?

In this thesis, four different types of indicators were studied and compared with the case
company’s sales data: PMI, BCI, CLI and commodity indices. The results of the regression
analysis indicated that three commodity indices related to metal prices showed strong
correlation with the sales data. All other tested indicators only showed moderate or weak
correlation and therefore would not provide added value to the forecasting process. Best
correlation results were achieved when the external indicators were lagged for five months.
This suggests that some commodity indices could have potential to provide useful
information to the forecasting process and make it more accurate and extend the case
company’s current forecasting horizon. All commodity indices, however, did not lead the
case company’s sales data despite the strong correlation and instead were slightly lagged or

concurrent.

The main limitation regarding the applicability of these results is that strong correlation does
not automatically indicate causal relationships between the variables. In this thesis it was not
possible to prove if some external indicators could have a causal effect to the case company’s
sales and the results could be coincidental to some degree. There is also a possibility that
both the sales data and external indicators are affected by larger movements in a global

economy, resulting in similar patterns in the data.
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It must be noted that the majority of the indicators tested in this thesis only provided
information related to individual countries, but in the case company’s sales data, all market
areas were grouped together. Indicators that performed best in the thesis and had stronger
correlations were almost exclusively indicators that collected their data from larger

geographical areas.

2. How can potential external indicators be implemented into the case company’s
forecasting processes?

Successfully implementing external indicators into the current forecasting process would be
the ideal outcome for this thesis project from the case company’s point of view, but it has
turned out to be very challenging. The biggest difficulties are linked to the lack of the case
company’s own historical forecasting data, which is needed to analyze the accuracy of the
forecasting process. While it is currently possible to measure how accurately certain external
indicators perform against the case company’s sales figures, it is not possible to properly test
how well the case company’s own forecasts have performed historically. Before any external
indicators could be implemented to the forecasting process, the case company should collect
a significant amount of forecasting data from a long time period and store it properly. This
period could take a very long time, possibly multiple years, before enough data is available
for the implementation process. Any external indicator should be implemented to the process
only if it manages to forecast sales more accurately than the old process and leads the actual

sales figures by a few months at minimum.

1. Could the use of selected external leading indicators have prevented some of the
forecasting issues that the case company faced earlier?

In practice, it would have been almost impossible. The case company faced the most difficult
forecasting challenges, beginning alongside the global pandemic, and the crisis culminated
roughly two years later when the unexpectedly high customer demand was at its peak. If
case company had known to use commodity indices that performed well in this research to

improve their forecasting processes, their response to the demand spike could have been
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better. The case company could not have known to use any external indicators at the time,
as their forecasting accuracy monitoring systems were insufficient and comparing the

historical performance of external indicators was not possible.

6.3 Ideas for future research and development

As this thesis focused only on the correlation between the case company’s sales data and
selected external indicators. As correlation does not equal causation, more research should
be conducted to find out if any causal relationships could be found between the data sets.
Finding any causal links can potentially open more opportunities to develop the forecasting
process even further. The research on causality could be very challenging and complex and
committing too many resources on it might not be financially profitable. It can be assumed
that numerous different aspects affect customer demand and pinpointing individual causal

factors could be too difficult.

While the causal approach in research might not be the easiest and most profitable route to
improve the forecasting process, finding new indicators to test for correlation is encouraged.
This paper was only able to test a handful of market indicators and covering all potential
indicators in the world was obviously not possible. This paper’s results showed potential in
the metal-related commodity indices to forecast the case company’s sales and based on those
results the search for new indicators should start on a similar basis. Potential indicators could
be targeted very specifically to the case company’s customers’ business areas or certain very

specific phenomena which are closely related to the case company.

There is also a possibility that more information could be squeezed out of the indicators
tested in this thesis that did not show any correlation with the sales data. By using different
research methods something new and useful could potentially be found. For example,
Yamada, Nagata & Honda (2010) researched CLI’s ability to detect turning points in
Japanese business cycles by using a frequency-selective filter. Persson & Winberg (2024)
studied PMI’s ability to forecast stock performance. By applying those same methods to the
case company’s data, maybe the turning points in the external indicators could suggest a

change in long term trend in the case company’s sales?
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The relevancy of the tested indicators in this thesis could vary a lot when the economy
fluctuates, the case company’s products evolve, and demands of the customer base change.
An indicator that is relevant right now and predicts the sales accurately might in a very short
time become totally obsolete and useless. Maybe an indicator’s ability to lead forecast
changes, and an indicator that at some point was three months ahead of sales, is suddenly
totally in sync. An endless number of factors keep constantly changing and adapting to them
is crucial. For these reasons, testing and auditing indicators should be constant and the search
for new and most optimal ways to improve forecasting process should be kept ongoing all

the time.

One question is whether the case company is addressing the real problem by trying to find
external indicators to fill the information gaps in forecasting process? Are there easier ways
to control and forecast inventory levels? Sometimes the solution could lay much closer than
expected. Instead of focusing on the global movements in the economy, maybe it would be
easier to find new internal indicators? Collecting new types of data from sales or R&D teams
could provide the S&OP team with some more information. As this thesis only focused on
actual sales figures, maybe some possibilities could be found from the potential sales
opportunities. Potentially analyzing open sales negotiations and number of new offers could
be beneficial, and the ratio of closed sales deals to completed deals could be an indication of
something? Helms et. al (2000) state, that collaborative forecasting is an approach to break
down barriers between different units in a company. The forecasting process could be
improved if all units shared more information with each other and worked together to form
the best possible forecast instead of keeping some information to themselves and forming
multiple slightly different and more inaccurate forecasts. In the case company’s situation

this could mean that the information flow between sales and other teams could be improved.
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7 Summary

This thesis researched possibilities to improve the case company’s forecasting accuracy and
expand the forecasting horizon by implementing external indicators into the case company’s
forecasting process. The case company is a large industrial manufacturing company, and the
scope of this thesis included data from the case company’s two production lines. The case
company’s sales figures were unexpectedly high in the post pandemic period, and current
forecasting processes could not predict such large increases in volumes, which led to various
problems such as material shortages and increased lead times. This thesis aimed to find new
solutions that could have given indications about unexpectedly high customer demand and
improved the case company’s forecasting accuracy and expanded the forecasting horizon.
The case company’s sales were expected to correlate well with macro-scale economic

movements.

Four different kinds of market indicators were selected for this study: Purchasing managers’
index, Composite leading indicator, Business confidence index and commodity indices. A
correlation analysis was conducted between the indicators and the case company’s sales data
with various lag times to find out how much the potential indicators would lead or lag the

case company’s sales data and therefore provide new information for the forecasting process.

Out of all tested indicators, only a few metal-related commodity indices showed strong
enough correlation with the sales data with long enough lead time to provide any actual
potential to improve the case company’s forecasting process. Some commodity indices could
potentially lead sales data by four or five months. If the case company had used commodity
indices to forecast sales over a long period and during the times of high demand,
commodities would have beaten the case company’s own forecasting processes in accuracy
when forecasting five months ahead. The results of this thesis provide encouraging signals

to search for more potential external indicators.

The results of this study have various limitations. Academic research around this topic is
very scarce and the support from other studies is almost nonexistent. Despite the strong
correlation between some indicators and the case company’s data, no causal relationship

could be demonstrated in this research.
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The case company’s data also had various limiting factors. During the research process it
was found that the case company lacks satisfactory methods to store historical forecasting
data. Comparing the case company’s old forecasting process’ accuracy to external indicators

was not fully possible.

The first area of improvement for the case company should be the creation of a system that
maintains historical forecasting values and properly measures the current forecasting
process. Without fully understanding the weaknesses of the current forecasting process,

implementing new external indicators into it might not provide valuable results.
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Appendices

Appendix 1. Correlation coefficients, commodity indices, Production lines A, B and A+B

Lag, months
Sales, Production line B, Seasonality index 16-19 -2 -1 0 1 2 3 4 5 6
S&P GSCI Energy & Metals 0,7454 0,7180 10,6769 0,6419 0,6373 0,6408 0,6428 0,6290 0,6054
Dow Jones Commodity Index Industrial Metals 0,6771 0,6868 0,6854 0,6714 0,6759 0,6903 0,7244 0,7447 10,7398
S&P GSCl Industrial Metals 0,6475 0,6590 0,6574 0,6401 0,6443 0,6605 0,6955 0,7158 0,7078
S&P GSCI Energy & Metals Capped Component 0,7557 0,7428 0,7251 0,7077 0,7091 0,7163 0,7238 0,7146 0,6946
S&P GSCI 0,7649 0,7396 0,7018 0,6705 0,6678 0,6734 0,6788 0,6679 0,6465
S&P GSCl Industrial Metals Dynamic Roll 0,6645 0,6727 10,6689 0,6476 0,6510 10,6713 10,7081 0,7289 0,7236
Lag, months
Sales, Production line A, Seasonality index 16-19 -2 -1 0 1 2 3 4 5 6
S&P GSCI Energy & Metals 0,7779 0,7937 10,7938 10,7835 10,7870 10,7835 0,7593 0,7224 0,6710
Dow Jones Commodity Index Industrial Metals 0,6330 10,6746 0,7118 10,7262 0,7284 0,7307 10,7471 0,7476 0,7194
S&P GSCl Industrial Metals 0,6112 0,6573 0,7003 0,7201 10,7283 0,7339 0,7517 10,7535 0,7246
S&P GSCI Energy & Metals Capped Component 0,7624 0,7791 0,7880 0,7849 0,7855 0,7865 0,7805 0,7614 0,7207
S&P GSCI 0,7786 0,7993 0,8038 0,7943 0,7941 0,7889 10,7694 0,7356 0,6853
S&P GSCl Industrial Metals Dynamic Roll 0,6280 0,6686 0,7058 0,7197 0,7242 0,7281 0,7391 0,7360 0,7083
Lag, months
Sales, Production lines A+B combined, Seasonality index 16-19 -2 -1 0 1 2 3 4 5 6
S&P GSCI Energy & Metals 0,8436 0,8385 10,8176 0,7961 0,7985 0,8002 0,7873 0,7569 0,7125
Dow Jones Commodity Index Industrial Metals 0,7224 0,7510 0,7717 0,7751 0,7809 0,7919 0,8212 10,8324 10,8126
S&P GSCl Industrial Metals 0,6944 0,7265 0,7505 0,7553 0,7644 0,7786 0,8094 0,8213 0,7992
S&P GSCI Energy & Metals Capped Component 0,8396 0,8425 10,8389 10,8308 10,8341 0,8401 0,8411 0,8241 10,7883
S&P GSCI 0,8542 0,8529 10,8362 0,8171 0,8182 0,8201 0,8118 0,7850 0,7426
S&P GSCl Industrial Metals Dynamic Roll 0,7129 0,7401 0,7595 10,7587 10,7652 0,7804 0,8081 0,8175 0,7978




Appendix 2. Correlation coefficients, Production line A, Indicators PMI, CLI & BCI

Lag, months v\

Production line A, percentual monthly change, 5-month-average. | -2 | -1 | o | 1 | 2 [ 3 4 5 6 7]
PMI Area P -0,08975 -0,13351 -0,16842 -0,21524 -0,23389 -0,16922 -0,27046 -0,25272 -0,23564 -0,17014
PMI Area AF 0,30316 0,293773 0,275037 0,255411 0,24058 0,252715 0,251302 0,283908 0,272093 0,263738
PMIAreaV/ 0,440412 0,403478 0,350564 0,303413 0,263506 0,241972 0,257381 0,257541 0,272548 0,281289
PMI Area AE 0,40384 0,409969 0,376747 0,344987 0,302946 0,296941 0,273114 0,288324 0,24765 0,238932
PMI Area AK 0,453606 0,443386 0,436002 0,425717 0,401011 0,376536 0,344853 0,337082 0,290587 0,288057
PMI Area C 0,447771 0,438823 0,388197 0,359265 0,286301 0,251866 0,22035 0,229082 0,196923 0,238944
PMI Area AJ 0,414909 0,42743 0,397066 0,325335 0,22215 0,166534 0,158287 0,210934 0,257453 0,299953
PMI Area AD 0,393522 0,338646 0,232967 0,183964 0,122885 0,139683 0,180264 0,223112 0,244397 0,265174
PMI Area A 0,324611 0,277468 0,23642 0,163635 0,136829 0,157906 0,186538 0,277478 0,340267 0,419348
PMI Area AL 0,502851 0,485313 0,452029 0,388606 0,342123 0,313594 0,280824 0,287556  0,2857 0,317587
PMI Area AG 0,418316 0,423605 0,370052 0,342138 0,304921 0,234863 0,16865 0,150848 0,174569 0,24731
PMIArea Q 0,386359 0,465599 0,496709110,487772 0,420308 0,350716 0,297086 0,298229 0,298856 0,286626
PMI Area H 0,422369 0,434085 0,42429 0,395229 0,348034 0,319331 0,281638 0,280836 0,290016 0,305927
PMIArea B 0,380645 0,382987 0,377424 0,374894 0,355877 0,320038 0,27608 0,269334 0,246529 0,242055
PMI Area D 0,06841 0,13477 0,219709 0,146892 0,110619 0,056773 0,05296 0,09849 0,089861 0,103687
PMI AreaL 0,420384 0,389546 0,375093 0,320031 0,283387 0,266234 0,274588 0,28179 0,300817 0,317897
PMI Area O 0,416869 0,426983 0,419604 0,394895 0,351573 0,324753 0,269869 0,262969  0,2736 0,309221
PMI Area AC 0,484114 0,423299 0,390304 0,354188 0,33783 0,242963 0,086915 0,07174 0,056864 0,145008
PMI Area AH 0,442149 0,421524 0,379268 0,382232 0,440237 0,42103 0,342675 0,391412 0,421825 0,437591
CLIAreaA 0,274036 0,208998 0,137896 0,10803 0,108087 0,134984 0,18163  0,2273 0,274495 0,310686
CLIAreaC 0,36626 0,342338 0,288135 0,283194 0,291127 0,303301 0,306374 0,28997 0,271305 0,248545
CLIAreal 0,325765 0,349086 0,339114 0,374563 0,416224 0,433563 0,41642 0,351098 0,267519 0,157536
CLIArea0 0,350859 0,363583 0,349907 0,352548 0,358985 0,358288 0,347351 0,323466 0,302717 0,276098
CLIAreaQ 0,300559 0,362505 0,383382  0,423763 0,45642 0,468544 0,456688 0,421703 0,375695 0,315636
CLIArea Al 0,035632 0,077817 0,12777 0,209551 0,304876 0,393461 0,456937 0,485413 0,479442 0,434008
CLIArea Al 0,134732 0,17025 0,157724 0,209739 0,256482 0,294407 0,305534 0,293512 0,267941 0,219928
CLI Area AK 0,407709 0,375327 0,287073 0,282959 0,294277 0,304246 0,301875 0,277263 0,251749 0,216746
CLiAreaT 0,297511 0,334838 0,328904 0,364896 0,398907 0,417543 0,410628 0,376892 0,333628 0,273022
CLiAreaN 0,365677 0,36014 0,306279 0,318213 0,341276 0,357943 0,355617 0,325949 0,292388 0,245305
CLIAreaM 0,321755 0,366798 0,363443 0,397138 0,431192 0,460872 0,477655 0,473914 0,455443 0,41786
CLIAreaE 0,076708 0,181393 0,258091 0,311333 0,343736 0,370233 0,394166 0,421065 0,425345 0,419629
CLIAreaP 0,392576 0,350808 0,277053 0,258836 0,244595 0,229197 0,210689 0,187444 0,164622 0,141318
CLIAreas 0,143784 0,233354 0,288229 0,338046 0,371605 0,401261 0,430778 0,45488 0,458202 0,445145
CLIAreaU 0,424653 0,387573 0,294701 0,282493 0,292527 0,302801 0,299175 0,26778 0,240332 0,203185
CLIAreaR 0,391013 0,344601 0,274739 0,250115 0,234142 0,232074 0,242142 0,259009 0,265962 0,262043
BClArea A 0,610237 0,579669 0,532067 0,414408 0,265013 0,109485 -0,02316 -0,11204 -0,14702 -0,12563
BClAreaB 0,364861 0,38315 0,389751 0,364412 0,347023 0,335575 0,326226 0,310269 0,303723 0,28904
BClAreaC 0,400823 0,412324 0,401765 0,374102 0,343363 0,306379 0,264789 0,222094 0,18855 0,164242
BClArea F 0,327658 0,225779 0,084375 0,066907 0,101236 0,16789 0,24079 0,27477 0,283862 0,250686
BClArea G 0,367003 0,369944 0,352783 0,345495 0,338248 0,324749 0,306854 0,285785 0,266462 0,246181
BCl AreaK 0,377983 0,358304 0,312036 0,286305 0,272282 0,254011 0,233141 0,205068 0,188942 0,166077
BClAreaL 0,391119 0,395014 0,381963 0,349865 0,31822 0,272345 0,235765 0,203745 0,167946 0,105715
BCl Area O 0,315562 0,347077 0,393 0,379983 0,368025 0,347108 0,319013 0,287159 0,268949 0,255555
BClAreaQ 0,295256 0,312257 0,324993 0,32172 0,334334 0,339914 0,330238 0,294916 0,267942 0,226934
BCl AreaR 0,424555 0,363895 0,317091 0,263537 0,23753 0,229722 0,241566 0,256299 0,283002 0,292248
BCl AreaV 0,249109 0,227685 0,203353 0,197954 0,211919 0,220635 0,217701 0,195055 0,192284 0,187415
BCl AreaW 0,380476 0,357958 0,295399 0,297476 0,295848 0,281221 0,25197 0,218971 0,191761 0,179728
BCl Area AE 0,40801 0,410044 0,407653 0,384577 0,370949 0,345003 0,307738 0,26039 0,219079 0,174302
BCl Area AF 0,307992 0,276024 0,244857 0,207652 0,179193 0,151827 0,130335 0,110909  0,1093 0,106308
BClArea Al 0,465035 0,510027 0,484716 0,479154 0,470543 0,468622 0,465217 0,46488 0,443457 0,404975
BCl Area Al 0,298427 0,316087 0,357416 0,356741 0,369325 0,369126 0,339355 0,281086 0,224257 0,150788
BCl Area AK 0,453428 0,445987 0,423135 0,410464 0,389648 0,367746 0,348097 0,336069 0,314383 0,294963
BClAreaN 0,419856 0,426794 0,425079 0,411743 0,399828 0,381403 0,35538 0,322788 0,289096 0,252023
BClAreaM 0,388662 0,445923 0,469206 0,45116 0,436324 0,435049 0,444703 0,445232 0,423416 0,369356
BCl Areal 0,31516 0,352642 0,389795 0,385553 0,38282 0,366859 0,339336 0,29874 0,265881 0,229789
BCl Area 0,335148 0,368575 0,397549 0,39162 0,387393 0,369094 0,338074 0,293453 0,258132 0,220678
BCl Area X 0,427938 0,435294 0,423962 0,407436 0,395554 0,378135 0,353428 0,318582 0,284353 0,243888
BCl Area AA 0,469491 0,464908 0,432264 0,413776 0,398928 0,382292 0,360462 0,331362 0,298664 0,262374
BClAreaY 0,377181 0,400871 0,410273 0,396335 0,38737 0,370432 0,344999 0,308492 0,276143 0,233745
BClAreaE 0,273244 0,335318 0,28936 0,198684 0,087312 0,045233 0,082403 0,169384 0,234517 0,297283
BCl Area P 20,2402 -0,00773 0,133622 0,207095 0,303334 0,391678 0,451304 0,445814 0,381045 0,226123
BCl Area AB 0,127129 0,097637 0,014149 0,045825 0,10443 0,159543 0,185674 0,157421 0,129721 0,104599

BClAreaS 0,136363 0,294286 0,385743 0,372686 0,371016 0,424557 0,522756 0,602741 0,617033 0,534812




Appendix 3. Correlation coefficients, Production line B, Indicators PMI, CLI & BCI

| Lag, months
Production line B, percentual monthly change, 5-month-average. | -2 -1 0 1 2 | 3 4 5 6 7
PMI Area P -0,0253 -0,0845 -0,08085 -0,08119 -0,1134 -0,13939 -0,2469 -0,28924 -0,31537 -0,27872
PMI Area AF 0,249432 0,242783 0,231907 0,213586 0,210822 0,243038 0,292081 0,353556 0,349881 0,334169
PMI AreaV 0,233663 0,20447 0,20053 0,213508 0,231816 0,245645 0,281305 0,271039 0,245042 0,211009
PMI Area AE 0,293934 0,277826 0,204901 0,189279 0,180247 0,189352 0,165459 0,193293 0,137435 0,141371
PMI Area AK 0,346245 0,298919 0,302666 0,288536 0,301746 0,289007 0,282616 0,277403 0,244842 0,256715
PMIArea C 0,412415 0,318067 0,20752 0,186096 0,196634 0,219197 0,214678 0,232078 0,185533 0,197782
PMI Area A 0,274091 0,298828 0,306697 0,248371 0,181272 0,128441 0,118125 0,155715 0,197438 0,202196
PMI Area AD 0,287636 0,202838 0,090048 0,053127 0,051018 0,120631 0,171528 0,126343 0,07804 0,026269
PMIAreaA 0,226552 0,151602 0,141212 0,111938 0,180778 0,267511 0,314852 0,379198 0,381338 0,386158
PMI Area AL 0,345234 0,306571 0,284734 0,261601 0,283918 0,285777 0,243439 0,218331 0,195193 0,221554
PMI Area AG 0,351168 0,28281 0,197652 0,202145 0,18645 0,123686 0,051781 0,019976 0,043339 0,120866
PMI Area Q 0,388878 0,424632| 0,420495 0,398309 0,314379 0,243418 0,215945 0,231642 0,249684 0,217153
PMI Area H 0,343835 0,336186 0,317441 0,300143 0,28634 0,293952 0,285383 0,288642 0,290861 0,280968
PMI Area B 0,269524 0,265134 0,265431 0,270365 0,292485 0,294586 0,285279 0,295432 0,270036 0,256917
PMI Area D -0,04485 0,05676 0,106959 0,104247 0,153369 0,183495 0,064725 0,036719 -0,0585 0,038551
PMIArea L 0,346861 0,332225 0,319071 0,281815 0,274525 0,309199 0,344561 0,352673 0,333637 0,297286
PMI Area O 0,336393 0,332365 0,320796 0,310569 0,311122 0,32509 0,303158 0,302173 0,313841 0,330932
PMI Area AC 0,256595 0,163736 0,156412 0,106914 0,175564 0,095426 -0,06281 -0,04148 0,021107 0,146248
PMI Area AH 0,569969 0,452458 0,369355 0,425185 0,492801 0,4546 0,29041 0,233778 0,128517 0,04594
CLIAreaA 0,163153 0,145963 0,113707 0,131508 0,166207 0,206995 0,259377 0,306892 0,344574 0,360017
CLIAreaC 0,330858  0,2668 0,170177 0,161203 0,167275 0,17532 0,186423 0,191795 0,191588 0,18634
CLIAreaL 0,313087 0,252907 0,176058 0,169003 0,168247 0,152544 0,137796 0,099742 0,047659 -0,01874
CLIAreaO 0,34162 0,331232 0,279942 0,273299 0,262324 0,235895 0,204273 0,162337 0,120505 0,079454
CLIAreaQ 0,438556 0,413247 0,315021 0,290041 0,255031 0,205352 0,151928 0,094441 0,040321 -0,00899
CLI Area Al 0,41844 0,405673 0,32784 0,355306 0,37852 0,377565 0,348759 0,289653 0,214033 0,133324
CLIAreaA) 0,21986 0,160479 0,038485 0,018785 -0,01578 -0,06316 -0,11422 -0,15689 -0,19921 -0,24101
CLI Area AK 0,324081 0,211722 0,072753 0,056224 0,062001 0,07291 0,091665 0,099604 0,098144 0,083719
CLIAreaT 0,360227 0,317469 0,21586 0,19825 0,172319 0,130615 0,085506 0,035644 -0,01503 -0,06592
CLIAreaN 0,343599 0,262401 0,141448 0,124188 0,11779 0,106531 0,098667 0,081178 0,057611 0,025463
CLIAreaM 0,470917 0,395193 0,263291 0,234951 0,209308 0,182746 0,159523 0,133607 0,104181 0,069538
CLIAreaE 0,42353 0,388525 0,308677 0,282504 0,242693 0,206715 0,166086 0,134756 0,105099 0,081925
CLIArea P 0,227009 0,171364 0,098106 0,097774 0,10191 0,107649 0,117837 0,12926 0,142689 0,156292
CLIAreaS 0,451742 0,395301 0,289769 0,255849 0,213702 0,176637 0,142965 0,118507 0,097374 0,078193
CLIAreaU 0,330742 0,219429 0,085348 0,063485 0,067071 0,07273 0,088367 0,090289 0,082652 0,060806
CLIAreaR 0,190543 0,132303 0,07446 0,066411 0,065708 0,078681 0,098404 0,12296 0,142421 0,1545
BClAreaA 0,133259 0,181589 0,251995 0,188287 0,086435 -0,0879 -0,14597 -0,19145 -0,14793 -0,02004
BClAreaB 0,321253 0,337925 0,344164 0,33691 0,339485 0,339048 0,334419 0,316168 0,29212 0,254703
BClAreaC 0,306028 0,3009 0,272576 0,241687 0,220567 0,208394 0,206115 0,208756 0,217948 0,230247
BClAreaF 0,251665 0,110611 -0,05928 -0,08197 -0,07603 -0,05758 -0,04153 -0,06157 -0,09613 -0,12615
BClArea G 0,314105 0,302006 0,262256 0,257293 0,249375 0,232695 0,218211 0,208807 0,207815 0,211848
BClAreaK 0,258264 0,234188 0,196481 0,192007 0,198138 0,195203 0,198317 0,1956 0,188208 0,166976
BClArealL 0,219321 0,222334 0,231894 0,200248 0,161815 0,106605 0,090704 0,0915 0,075687 0,022813
BClArea O 0,289462 0,352447 0,406149 0,399651 0,390777 0,370043 0,348817 0,325865 0,309495 0,294119
BClAreaQ 0,299734 0,315585 0,317904 0,310925 0,308177 0,284305 0,259424 0,21384 0,161745 0,097707
BCl AreaR 0,224921 0,20358 0,210533 0,184721 0,176034 0,176089 0,199211 0,227368 0,257626 0,268252
BCl AreaV 0,196909 0,197835 0,195898 0,217374 0,240504 0,227165 0,20952 0,175249 0,143742 0,109999
BClAreaW 0,280401 0,217068 0,132379 0,153324 0,167611 0,153075 0,107914 0,055026 0,020451 0,017616
BCl Area AE 0,274997 0,279708 0,300201 0,295471 0,296802 0,278895 0,262006 0,244178 0,230315 0,213508
BCl Area AF 0,152473 0,162652 0,17915 0,181239 0,188664 0,187477 0,196554 0,202772 0,208832 0,205618
BCl Area Al 0,626273 0,535935 0,380467 0,332536 0,300179 0,28382 0,255503 0,210976 0,147731 0,083204
BClArea AJ 0,236677 0,236498 0,257447 0,223471 0,213744 0,190036 0,151048 0,106497 0,070189 0,023249
BCl Area AK 0,35409 0,318613 0,282857 0,284446 0,283894 0,28365 0,279852 0,277428 0,271817 0,273148
BClAreaN 0,326017 0,31551 0,304104 0,293389 0,288474 0,277384 0,265905 0,251629 0,235411 0,216134
BClAreaM 0,394836 0,398273 0,373611 0,342483 0,327839 0,319589 0,317181 0,302058 0,269031 0,210211
BClAreal 0,297824 0,343351 0,369699 0,360757 0,34953 0,322467 0,297237 0,266923 0,238209 0,205107
BClArea) 0,309614  0,34398 0,358993 0,346356 0,332029 0,303524 0,279537 0,252658 0,229048 0,201756
BCl Area X 0,340477 0,319862 0,292353 0,275229 0,265794 0,2494 0,234147 0,212915 0,189069 0,161524
BCl Area AA 0,364646 0,316931 0,263696 0,249794 0,245927 0,240906 0,235632 0,223424 0,206322 0,188869
BCl AreaY 0,340563 0,340714 0,32619 0,302632 0,285159 0,256635 0,229099 0,195326 0,160008 0,117468
BClAreaE 0,337776 0,361785 0,28132 0,242357 0,206306 0,20456 0,204036 0,199307 0,194364 0,199493
BCl Area P 0,127979 0,141775 0,175993 0,149638 0,162144 0,181384 0,209407 0,202074 0,136745 -0,01303
BCl Area AB 0,091531 0,017436 -0,07953 -0,01683 0,069684 0,132934 0,184643 0,202468 0,20903 0,200523
BClAreaS 0,38385 0,423867 0,398047 0,339595 0,326934 0,34836 0,385566 0,383026 0,321519 0,171604




Appendix 4. Correlation coefficients, Production lines A+B, Indicators PMI, CLI & BCI
| Lag, months

Production lines A+ B, percentual monthly change, 5-month-average. | -2 ‘ -1 | 0 | 1 | 2 | 3 4 5 6 7
PMI Area P -0,08115 -0,13568 -0,14403 -0,17286 -0,20176 -0,17969 -0,29125 -0,30107 -0,30436 -0,24652
PMI Area AF 0,33538 0,320326 0,289142 0,269935 0,260126 0,284329 0,310552 0,361966 0,352556 0,340178
PMI AreaV/ 0,424873 0,377934 0,320819 0,300752 0,286374 0,277897 0,304002 0,298592 0,294379  0,2824
PMI Area AE 0,426219 0,413656 0,331072 0,305447 0,278646 0,281255 0,255735 0,280472 0,22572 0,222616
PMI Area AK 0,489205 0,457988  0,445147 0,406305 0,400425 0,38037 0,359039 0,352646 0,308657 0,312826
PMI Area C 0517023 0,461588 0,349942 0,323457 0,284329 0,272964 0,24837 0,262854 0,216947 0,248478
PMI Area Al 0425331 0,438083 0,401194 0,33138 0,236938 0,17675 0,164848 0,211972 0,258475 0,28385
PMI Area AD 0421338 0,340219 0,197557 0,148194 0,110874 0,15403 0,204011 0,203153 0,188683 0,170531
PMI Area A 0,345503 0,271237 0,224227 0,164808 0,186232 0,238557 0,277168 0,359543 0,397052|  0,44892
PMI Area AL 0,523516 0,480667 0,421171 0,372848 0,359276 0,343214 0,302324 0,291586 0,276554 0,307304
PMI Area AG 0,460213 0,423639 0,326652 0,315233 0,287184 0,212972 0,136517 0,107248 0,12982 0,21075
PMIArea Q 0,45529  0,523803110,521066 0,507208 0,424895 0,346666 0,302144 0,310664 0,320406 0,29192
PMI Area H 0,463358 0,461288 0,422952 0,399293 0,36655 0,35381 0,326301 0,326252 0,330998 0,333347
PMI Area B 0,399583 0,393667 0,367548 0,370059 0,371773 0,353402 0,321719 0,322954 0,294777 0,284567
PMI Area D 0,023835 0,107904 0,17456 0,127807 0,136013 0,127564 0,070721 0,087128 0,030207 0,090424
PMI ArealL 0,464216 0,435077 0,401057 0,350593 0,324627 0,329352 0,350531 0,356723 0,357827 0,347921
PMI Area O 0,455519 0,451992 0,418403 0,401542 0,38053 0,374244 0,329788 0,323686 0,333009 0,360983
PMI Area AC 0,458818 0,363665 0,317597 0,272039 0,30137 0,198489 0,019849 0,018557 0,04277 0,159095
PMI Area AH 0,585487 0,513511 0,429206 0,462695|0,532669 0,498424 0,364337 0,361172 0,321771 0,283867
CLiArea A 0,273041 0,215816 0,145476 0,137989 0,156647 0,193832 0,249303 0,302177 0,351248  0,381985
CLiAreaC 0,422802 0,369539 0,268074 0,261257 0,268856 0,278617 0,28546 0,278061 0,26648 0,249691
CLiAreal 0,300898 0,36958 0,302117 0,318825 0,341383 0,341105 0,32322 0,264435 0,18678 0,085804
CLIArea0 0,416095 0,415663 0,362739 0,362218 0,360867 0,345915 0,322652 0,28532 0,249179 0,209615
CLiAreaQ 0,427719 0,454989 0,400113 0,412573 0,414383 0,394685 0,359395 0,307042 0,24934 0,18533
CLiAreaAl 0,243582 0,270472 0,260959 0,32363 0,391925 0,44236 0,463546 0,447364 0,402483 0,331419
CLiAreaAl 0,201292 0,195717 0,116562 0,137864 0,147149 0,143084 0,122623 0,092609 0,053585 0,001147
CLIArea AK 0,444385 0,361208 0,21515 0,205311 0,214366 0,22389 0,231566 0,220419 0,203536 0,174395
CLiAreaT 0,387704 0,388697 0,315508 0,328669 0,335201 0,322892 0,294879 0,247744 0,193632 0,128745
CLIAreaN 0,426743 0,378172 0,263621 0,262662 0,272305 0,274157 0,268022  0,2405 0,20687 0,160611
ClLiAreaM 0,455626 0,446371 0,35921 0,365043 0,373112 0,37485 0,371789 0,354153 0,325996 0,283871
CLiAreaE 0,255705 0,312311 0,313562 0,333232 0,333719 0,331007 0,323016 0,320011 0,305329 0,288344
CLiAreaP 0,388204 0,323917 0,220119 0,20984 0,203868 0,197552 0,192344 0,184677 0,178395 0,171854
ClLiArea$ 0,318481 0,352649 0,323411 0,336663 0,33593 0,333684 0,332292 0,331301 0,320352 0,30093
ClLiAreaU 0,461021 0,375157 0,228188 0,210657 0,217119 0,22313 0,22789 0,209453 0,187905 0,153392
CLiAreaR 0,364216 0,295108 0,20178 0,183586 0,174153 0,17955 0,196005 0,218999 0,234683 0,240747
BCl AreaA 0,496296 0,479568 0,446971 0,34209 0,199266 0,041733 -0,09189 -0,16509 -0,16055 -0,08125
BClAreaB 0,419704 0,434397 0421066 0,403 0,394144 0,386032 0,377386 0,357241 0,339437 0,309603
BClAreaC 0,43375 0,430627 0,386516 0,355087 0,326653 0,298256 0,272599 0,248253 0,232906 0,224499
BClAreaF 0,358695 0,216249  0,028827 0,006728 0,027685 0,072123 0,11926 0,126128 0,113357 0,079762
BClAreaG 0,415097 0,404011 0,352747 0,346699 0,338838 0,321866 0,303997 0,286442 0,274358 0,263831
BClAreaKk 0,395924 0,364124 0,296802 0,280278 0,274577 0,260414 0,249051 0,23068 0,216682 0,191401
BClArealL 0,391136 0,387226 0,359657 0,323107 0,281097 0,221634 0,191228 0,172271 0,141253 0,074544
BClAreaO 0,368512 0,415011] 0,452766 0,442519 0,432013 0,409465 0,382711 0,351434 0,330668 0,31237
BClAreaQ 0,363652 0,379318 0,371554 0,365738 0,370347 0,359052 0,340147 0,294951 0,249694 0,188694
BClAreaR 0,415004 0,353707 0,30689 0,26205 0,241118 0,233748 0,250284 0,271533 0,302126 0,314239
BClAreaV 0,283901 0,266154 0,236457 0,24344 0,261583 0,256919 0,245194 0,213748 0,194448 0,172282
BClAreaW 0,405065 0,353914 0,25159 0,264105 0,270514 0,253824 0,213251 0,165941 0,13122 0,120899
BClArea AE 0,428999 0,42315 0,407208 0,390384 0,381933 0,355955 0,32544 0,288459 0,256518 0,22017
BCIArea AF 0,297356 0,274418 0,247549 0,22678 0,213331 0,195568 0,187589 0,179277 0,180771 0,176457
BClAreaAl 0634857 0,617403 0,497121 0,470203 0,449231 0,438269 0,419143 0,391264 0,341646 0,281618
BClArea AJ 0,339099 0,344969 0,359543 0,339414 0,338354 0,321818 0,282102 0,223794 0,170916 0,102279
BCl Area AK 0,490444 0,45877 0,401592 0,396028 0,385013 0,372798 0,359851 0,351252  0,3359 0,32519
BClAreaN 0,458149 0,449448 0,418187 0,405069 0,395515 0,378167 0,357005 0,330053 0,301367 0,268515
BClAreaM 0,474453 0,507127 0,482625 0,455033 0,437937 0,431945 0,437026 0,429469 0,398347 0,33307
BClAreal 0,373373 0,415464 0,432925 0,426308 0,419225 0,39544 0,366882 0,326907 0,291087 0,249897
BClArea) 0,392036 0,426356 0,431915 0,422341 0,412642 0,386601 0,356596 0,316034 0,281352 0,242283
BClAreaX 0,472488 0,459355 0,413231 0,394626 0,38205 0,361661 0,338776 0,306542 0,273051 0,233383
BClArea AA 0,510765 0,475068 0,401078 0,383314 0,372465 0,358972 0,343106 0,319042 0,290452 0,259207
BClAreaY 0,439532 0,449648 0,425285 0,404691 0,389252 0,362337 0,332205 0,291795 0,25236 0,202569
BClAreaE 0,352432 0,403852 0,317341 0,242736 0,160751 0,141284 0,169478 0,221529 0,254898 0,285581
BClAreaP “0,00323 0,081014 0,181108 0,207816 0,266865 0,323325 0,369717 0,360921 0,289055 0,122333
BClArea AB 0,14061 0,081416 -0,02613 0,025643 0,104294 0,168204 0,211436 0,206285 0,194742 0,175631
BClAreaS 0,300996 0,424199 0,447494 0,405739 0,395384 _ 0,4371  0,516705 0,564255 0,538949 0,406223
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