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Abstract
Determining the nature of the behavior that can be predicted using various variables, the

accuracy of such predictions, and the timescale in which that behavior can be predicted are all

areas of interest to researchers, academics, and practitioners. For businesses, accurately

forecasting sales is of immense value. This thesis builds on established literature and aims to

predict the sales of the sports brand Nike. In this attempt, the thesis examines the forecasting

capabilities of search engine volume index and customer satisfaction index. Specifically, the

thesis aims to answer the following research question:

“To what extent can search volume index, derived from Google Trends, and customer

satisfaction index, derived from the American Customer Satisfaction Index, predict the quarterly

revenue of the sports brand, Nike?”

In order to answer this question, two statistical models and one Machine Learning model were

trained and tested. The modeling techniques were chosen based on established literature, the

intuitiveness of the techniques, and the findings in the exploratory data analysis. The data and

models were visualized, analyzed, and processed using R-Studio and Microsoft Excel. In the

results, this thesis found that two out of the three models performed satisfactory results. These

were the hybrid models, SARIMAX and NNAR, which both contain features from more than one

forecasting technique. Moreover, these results are in line with prior studies approaching

prediction problems in the fashion industry. Also, the models demonstrated the usefulness of the

Google Trends index and customer satisfaction index in predicting sales. However, the

customer satisfaction index has some considerable limitations in this study, and its contribution

must be seen more skeptically. At last, this thesis found that the optimal time lag was one month

for the search term index and one quarter for the customer satisfaction index. In a possible

explanation, this thesis points to the purchasing process model, where customer satisfaction

affects the purchase prior to the information-seeking. However, it acknowledges that further

research is needed and points to several possibilities.

The contribution of this thesis is two-fold. The first is methodological, where some of the

approaches and techniques in predictive problems have been further examined. The second

contribution is an applied one, where the proposal of this thesis can benefit companies such as

Nike and the academic field of predictive analytics.
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Chapter 1

Introduction
As people increasingly turn to the internet to seek information, news updates, research, and

general answers – it is tempting to view the aggregated online activity as a snapshot of

collective behavior. Potentially, this snapshot could reflect the instantaneous interests, concerns,

and intentions of the collective population. From this perspective, it is easy to imagine that what

people are searching for today is predictive of tomorrow's behavior. For example, when

consumers buy a product, an important step is to search the web for information. Therefore,

appropriately aggregating and analyzing this data might provide us with a prediction of the

collective consumer behavior.

Additionally, it is generally assumed that customer satisfaction is linkable with their future

purchasing decisions. These assumptions have been reinforced through empirical research,

indicating a positive link between a company's market value and its customers´ satisfaction.

Determining the nature of the behavior that can be predicted using various variables, the

accuracy of such predictions, and the timescale in which that behavior can be predicted are all

areas of interest to researchers, academics, and practitioners.

This thesis will investigate the forecasting capabilities of search engine volume index derived

from Google Trends and customer satisfaction index derived from the American Customer

Satisfaction Index. This study aims to incorporate these two variables into two statistical models

and one machine learning model to forecast the quarterly sales of the sports brand, Nike.

Although previous work has studied these variables in financial relation, this thesis will be the

first to combine the two in predictive modeling. Moreover, the contribution of this thesis is

two-fold. The first is methodological, where this thesis further examines some of the approaches

and techniques used in predictive modeling. The second contribution is an applied one. Through

the use of real and recent data, the proposal of this thesis will be tested in the real world, which

can benefit companies such as Nike and the academic field of predictive analytics.

Moving forward, the structure of this thesis is divided into the following nine chapters: First, a

brief background on relevance, importance, and motivation is provided to familiarize the reader
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with the purpose and application of this thesis. In the same chapter, the company and problem

formulation will be introduced. Second, the conceptual framework is outlined, including

explanations and descriptions of the critical concepts used in this thesis. Chapter three

summarizes the established and relevant literature to inform the reader about where this thesis

has its origin in the history of literature. The fourth chapter presents the methods and techniques

used to tackle the described problem. Accordingly, the data collection method and data analysis

method will be presented. Furthermore, chapter five outlines the data, its features,

characteristics, and limitations. In the same chapter, an exploratory data analysis is conducted

to understand the data at hand better. Chapter six describes the chosen models in detail,

providing a mathematical formulation of their logic and features. The seventh chapter evaluates

the predictive models forecasting results, which is followed up by a discussion in chapter eight.

The last chapter will conclude on the findings as well as present thoughts on future work.

1.1 Relevance

Over the past decade, there has been an unprecedented increase in data uploaded, stored, and

communicated over the internet. People generate 2.5 quintillion bytes of data on the internet

every day, and the number is only accelerating (Marr, 2018). This data explosion has drawn the

attention of analysts and raised an academic interest to understand social patterns, trends, and

behavior. Recent research has seen analysts utilize this explosion of data in attempts to predict

future behavior. A significant part of what we do online today is revolving around seeking

information. Thus, search volume indices have increasingly been incorporated into predictive

modeling. The underlying assumption is that the search popularity of a product is reflective of its

sales volume.

Furthermore, researchers are looking to add more exogenous variables into models,

hypothesizing its link with future outcomes. In the history of sales prediction, historical sales

data, expert opinions, marketing,  macroeconomic factors, and customer feedback have

generally been the data source for predicting future outcomes. Traditionally, managers use

customer feedback to monitor business performance and to set goals – a good customer

satisfaction score indicates happiness among its buyers. However, there have been few studies

to test the relationship between customer satisfaction and product sales empirically. Additionally,

this thesis found no studies aiming to forecast sales with a customer satisfaction index.

6



This thesis will attempt to forecast sales using both customer satisfaction index and search

volume index as predictors. Thus, this thesis will be adding to a relatively unexplored field of

study.

1.2 Company Introduction

Nike Inc. is an American multinational corporation that sells sneakers, sportswear, equipment,

and accessories worldwide. It is the industry leader for footwear and apparel products. Nike Inc.

was founded in 1964 by athlete Phil Knight and his coach Bill Bowerman as "Blue Ribbon

Sports." In 1978, the name was changed to Nike, and their product range extended. Since then,

Nike Inc. has climbed the ranks on the top list of the world's most valuable brands and has, as

of 2020, a market value of over 32 billion dollars, making it the most valuable brand in the

sportswear industry. Although the brand Nike is known worldwide, the company Nike Inc. also

sells products under other brand names. Converse, Cole Haan, Hurley International, and Umbro

are all brands that belong to Nike Inc. However, this thesis will only focus on the brand Nike and

not its subsidiaries.

Even though Nike sells sports apparel, much of their products are used for leisure purposes;

therefore, they can be viewed as a fashion company. However, unlike other clothing brands in

the fashion industry, Nike has kept most of its unique style, and some of its most popular

products date back to the company's beginning. Thus, their clothing has seen less change in

style than other fashion brands. Still, Nike has evolved from a pure sports brand to impacting

both the popular culture and the business world. By combining their products with word-class

marketing, Nike has risen to become a luminary brand in the sporting world and the fashion

industry.

Furthermore, Nike has lifted their brand above shoes and apparel and taken a stand on social

issues through their campaigns. One example is Nike's incorporation and promotion of

Kaepernick, an athlete who silently protested against oppression and police brutality against

black Americans by refusing to stand during the national anthem. This campaign resulted in

controversies and worldwide criticism. Some customers expressed dissatisfaction towards Nike,

and various influential people criticized the brand for its political involvement. This criticism

resulted in the company undergoing a minor financial disaster. However, the campaign also saw

positive customers. In the end, the company got massive global support, resulting in an
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increase of 31% in sales and six billion in added brand value. Since its beginning, Nike has

been taking political and social stands receiving both hate and support. On Nike's website, its

mission statement reads:

"Expanding human potential by creating groundbreaking sport innovations, making products

more sustainably, building a creative and diverse global team, and making a positive impact in

communities where we live and work." - Nike Inc. (2021)

1.3 Importance

For businesses, successfully forecasting sales are of immense value for two central reasons:

accurate planning and increased insights into what drives sales.

In the fashion industry, inventory planning is a fundamental activity. The industry is especially

vulnerable to the bullwhip effect, making it all the more important to understand the changes in

demand. Properly managing the inventory is essential to balance supply and demand.

Accomplishing this balance heavily relies on the company's capabilities of predicting future

demand. Thus, for any company that strives for competitive advantage – accurately predicting

sales will be truly valuable. Undoubtedly, an accurate forecast of demand could benefit the

organization to adjust inventory stocking and avoid under or overstocking. These adjustments

will further affect the company's other activities through the whole supply chain (Liu et al., 2013).

Marketing budget, employment adjustment, production planning, and pricing are all affected by

forecasts.

Additionally, to improve sales, understanding the mechanisms and the influences behind them is

essential. Constructing a predictive sales model is one approach that could provide a deeper

understanding of what drives sales in a particular company. These two reasons highlight the

importance of accurately forecasting sales.

1.4 Motivation

This thesis project has four central motivation points. First, big social data analytics is a

relatively new phenomenon and a tool for understanding interactions and behavior in social

contexts. Thus, learning and understanding the potential and insights gained from this data is

one motivational driver. Second, it currently lacks research on using both search engine volume

index and customer satisfaction index in a predictive sales model. This thesis can therefore
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build on established research and provide new insights. Third, Nike Inc. is an interesting brand

in several ways. As mentioned in the company introduction, Nike is true to its “brand purpose”

and is not afraid to speak up on social issues.

Consequently, the company has been through several controversies, which might increase the

complexity of the forecasting problem. Additionally, the industry of fashion and apparel is

ever-changing. Thus, accurate predictions are more challenging and arguably more important.

Last, investigating the possibilities of big social data analytics and sales prediction is a field of

interest and would benefit personal development and career.

1.5 Problem formulation

This thesis aims to investigate the predictive capabilities of the search engine index from

Google Trends and the customer satisfaction index from the American Customer Satisfaction

Index. Furthermore, the thesis aims to answer this question by identifying and developing

several different models using statistical and computational methods. The predictive capabilities

will then be tested based on the models' accuracy in predicting Nike's quarterly sales. Moreover,

all the data are based on the geographical location of the USA. Thus, the models aim to predict

the sales of Nike in the USA. The analysis results should give insights into how each variable

affects the accuracy of predicting sales, the best performing model, and what underlying factors

are of importance to the results.

1.5.1 Research question

Specifically, this thesis strives to answer the following question:

“To what extent can search volume index, derived from Google Trends, and customer

satisfaction index, derived from the American Customer Satisfaction Index, predict the quarterly

revenue of the sports brand, Nike?”
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Chapter 2

Conceptual Framework
This chapter is divided into three sections. The first section will present predictive analytics

theory and aim to understand the established concepts and literature on the subject. Further,

the second and third sections will convey the research and definitions on the two variables used

as input in the model of this thesis – search engine volume index and customer satisfaction

index.

2.1 Predictive analytics

Even though predictions based on historical data have been practiced a long time, the field of

predictive analytics is relatively new (Adelsberg, 2018). The first articles relating to predictive

analytics were published in the late 20th century. However, the field of study did not gain much

traction until 2010 (Močarníková & Greguš, 2020). Pioneers in this area were Balkan &

Demirikan (2010) which demonstrated how to refine predictive models and incorporate them

into organizational strategies. Since then, research relating to predictive statistics has seen a

rising trend, with more articles published every year. Today, the field has been applied to various

industries such as medicine, finance, insurance, automobile, consumer electronics, and fashion,

to name a few. According to Močarníková & Greguš (2020), nearly half of every study published

on predictive analytics relates to the field of medicine. Arguably, Mishne & Glance (2006) were

among the first to use data found on the internet to predict movie sales. However, their results

were not strong enough to build any predictive model based on their data. Some years later,

Hanumanthappa and Sarakuty (2011) took sales prediction a step further when they predicted

the sales of automobiles using historical data. Nevertheless, the accuracy of the predictions was

still relatively low, and researchers suggested that predictive models needed more inputs or

tweaking to increase precision.
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2.1.1 Prediction

To start, it is essential to establish an understanding of how prediction is depicted in current

research. In the literature, prediction and forecasting are often used interchangeably, and

definitions are not always coherent. Aitchison & Sculthorpe (1965) defines statistical prediction

as the use of data from an informative experiment E, to make some statement about the

outcome of a future experiment F. In other words, prediction means stating beforehand what will

happen in some future time (Aitchison & Dunsmore). However, when differentiating between

forecast and prediction, the prevailing consensus in the literature defines prediction as a more

general term. A prediction is not necessarily bound in time but rather a use of theories to guide

some action (Abeynayaka, 2019). For example, a prediction could be the number of red cars on

the road or how long a task will take. In these predictions, time is not involved. Generally,

forecasting predicts future observations over a time series (Asur & Huberman, 2010). It can be

defined as the attempt to predict something in the future by quantitative or qualitative means

(Haidar, 2016). Thus, forecasting is a prediction where time is central. A forecast is always a

prediction, but a prediction is not always a forecast. In other words, forecasting is a subset of

prediction.

2.1.2 Modelling

In statistics, a model represents a relationship between the data (Grigoroudis & Siskos, 2010).

Predictive modeling is the process of developing a model in a way that we can understand and

quantify the model´s prediction accuracy of future data (Kuhn & Johnson, 2008). Thus,

predictive modeling is a branch used in predictive analytics to create a statistical representation

of future behavior. The conventional way of predictive model-building involves generating and

testing theory through a cycle of induction and deduction processes. In theoretical research,

induction and deduction are known as modes of argumentation (Batty & Torrens, 2005).

Deductive research goes from theory to data, where the collected data would either strengthen

or weaken the tested theory. Inductive research works the other way, from specific to broader

generalizations and theory (UKEssays, 2018). Predictive models are theorized as hypotheses –

inductively concerning data or prior ideas, and both inductive and deductive by testing and

refining its predictive accuracy with new data (Batty & Torrens, 2005).
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2.1.3 Time lag

The time lag is defined as the period between two related things happening. The

implementation of time lag in predictive models is an essential precondition, as it otherwise

would only predict the present (Choi & Varian, 2009). Philip Kotler's model builds a theoretical

construct of the buying process to describe the various steps in intervals in a purchasing

process. In this five-stage model, exposure/communication (1) is the first stage, followed by

need/problem recognition (2), information-seeking (3), evaluation of alternatives (4), and

purchasing decision (5).

Figure 1: Purchasing Intervals. Based on the Purchasing Process Model.

In this model, an optimal time lag would be to find the period for where the independent

variables could most accurately predict the purchasing decision. Here, exposure, problem

recognition, information-seeking, and evaluation of alternatives are all steps that consist of

variables that could explain changes in the purchasing decision with the correct time lag.

However, there are various explanations of what the optimal time lag should be.

In their study, Eklof et al. (2020) argue that a one-year customer satisfaction lag significantly

influenced the company's profitability in the current year. Lagged customer satisfaction

influencing the current year's profitability implies that a repurchasing pattern and/or

word-of-mouth is at play (Eklof et al., 2020). Customers of the previous period either purchase

new and more products in the next and/or attract new customers in the current period.

Furthermore, Chan, Ko & Chiu. (2015) found that most digital camera customers spent four to

one week of information-seeking before purchasing. Thus, customer satisfaction is assumed to

have a larger time lag value than online information-seeking.
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2.1.4 Approaches

Completely accurate predictions are generally not possible, and there is always a margin for

error (Siegel et al. s. 17 2013). However, different models suit different needs, and it is essential

to choose the correct method to get as low an error as possible. Generally, predictive methods

fall into two categories: quantitative and qualitative.

Qualitative approach uses soft data, such as estimates and opinions from experts in the field of

study. Market research is widely used in business to address and evaluate potential scenarios in

the future. Through market research, businesses aim to predict scenarios such as new

products, customer information, or general trends in the market. Market research does generate

data to inform financial forecasts. However, the accuracy is often much lower because of

various variables and unreliable circumstances. In general, market research gets more accurate

with more data. Nevertheless, market research is resource-consuming, and even the best

investments in this process can result in inaccurate forecasts.

Similarly, the Delphi method involves experts who can speak knowledgeably about the subject.

The method could serve as a powerful tool in performing long-time qualitative forecasts, such as

discussing the growth of an industry or estimate other trends in the market. However, due to the

lack of accuracy in qualitative prediction modeling, current research in this area focuses on

quantitative data sources.

Quantitative prediction models use historical data and techniques of varying statistical

complexity levels to predict future events.

Today, quantitative models are divided into two general categories: traditional statistics and

machine learning (Haidar, 2016). A traditional statistical approach uses an equation-based

model in describing the problem at hand. The statistical approach starts with a series of

predetermined equations such as single or multivariable linear regression that is well defined.

Then, it tries to find the most suitable predetermined equation that would fit the collected data.

The statistical approach can further be broken down into two subsets of statistical models: time

series and causal models.

Time series is data obtained from observations that are collected sequentially over time. It uses

mathematical and statistical analysis on past data, arranged periodically, such as monthly, daily,

and yearly. The purpose of time series analysis is generally two-fold: (1) to understand the
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stochastic mechanism that gives rise to an observed series and (2) forecast the values of a

series based on the history of that series and, possibly, other independent series. Typical time

series models include the Autoregressive Moving Average, the Vector Autoregressive, and

Exponential Smoothing (Haidar, 2016). However, other methods, such as linear regression and

ordinary least square techniques, can also be applied to time series.

Causal models represent the causal relationship between variables. However, unlike time

series, it does not incorporate any time variable and is most effective in illustrating the

relationship between causation and probability (Hyndman & Athanasopoulos, 2014).

In contrast to traditional statistics, Machine Learning concentrates on prediction using

general-purpose learning algorithms to find patterns in often rich and unwieldy data. ML

approaches differ from traditional statistics because they rely on models that are difficult to

explain in equation form and often require simulation techniques. Developments in ML and data

mining have led to powerful tools for extracting patterns and trends of the data. The ML

approach is recognized as an indispensable component of modern simulations that can

significantly increase the predictive accuracy of models (Koutsourelakis et al., 2016). The

technique often goes by the name of "black-box predictive modeling" as its model structure does

not provide insight into input factors that drive the output (Cherkassky & Dhar, 2015). ML can

further be broken down into the subcategories of classification and regression problems.

Whereas classification is the task of approximating a label or category of a given observation, a

regression problem predicts a continuous variable.

2.1.5 Precision

Measuring the accuracy of a prediction can be done in various ways. What is considered as a

satisfactory and acceptable accuracy varies across industries and literature. However, there are

mainly four standards for measuring the precision of a forecast in the literature today. Mean

forecast error (MFE) is a measurement of how accurate a forecast was in a given period. It is

calculated by the demand minus the forecast. MFE is analyzed over periods of time, and the

average value is calculated. This method, however, does not always provide the correct

precision, as some errors will be positive and others negative. When calculating the mean

forecast error, positive and negative errors will cancel each other out, often resulting in a low

value. To eliminate this problem, Mean Absolute Error (MAE) could be applied. As the name

suggests, this method looks at the average of the absolute value deviation of the forecast error.
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Thus, this approach does not include any negative values. Another method that eliminates the

issue of positive and negative errors is Mean Squared Error (MSE). This method is similar to

MFE, only that it squares the forecast error value. This way, regardless if the value is negative,

the outcome will always be positive.

Furthermore, calculating the average of these squared errors over time will output the mean

squared error. A problem with both MAE and MSE is that their values depend on the magnitude

of the forecast. If the forecast item is measured in thousands or millions, the values of MAE and

MSE can be substantial. To avoid this problem, Mean Absolute Percent Error (MAPE) can be

applied. This method calculates the average absolute deviation of the forecast errors as a

percentage. In essence, MAPE looks at the size of the predictions miss in percentage.

2.2 Search Engine Volume

A big part of what we do on the internet today revolves around information seeking. As a result,

Google is the number one visited website globally, with almost three times as much activity as

the second most visited page Youtube, another form of a search engine (Neufield, 2021). The

fast-growing and appearing of social data on the internet has been named Big Social Data,

which has its origin from Big Data. The term Big Data is somewhat problematic, as it struggles

to find a universal definition and could mean various things to different people (Hassan and

Silva, 2015). However, most researchers will agree that big data builds upon at least three

defining dimensions; volume, velocity, and variety (Laney, 2001).

Furthermore, many researchers would add more dimensions, such as veracity, value, and

vague. Andrea De Mauro (2014) defines big data as "...information assets, characterized by a

high volume, where the speed and range should require a specific technology and analytical

methods for processing value". Moreover, Hilbert & Lopez (2011) propose that"... Big Data

technologies describe a new generation of technologies and architectures designed to extract

economically the value of very large volumes and a variety of data, enabling high-speed

capture, discovery, and/or analysis.

2.2.1 Big Social Data

On the other hand, Big Social Data refers to large data volumes that relate to people or describe

their behavior and techno-mediated social behavior (Olshannikova et al., 2017). However, Big

Social Data does, like Big Data, struggle to find a consensus on a definition and an agreement
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on where the term applies. There exist various types and applications for Big Social Data in the

established literature. One commonality, however, is that the human is central as a person who

uses information and communication technology. The rapid evolution of information and

communication technology has evolved the person to become an active producer, searcher, and

mediator of information, rather than a consumer. Much of the existing literature defines the

person as a central characteristic of big social data. This aspect of big data requires more

intelligent solutions to decode, as it requires the decoding of the semantics of people's beliefs,

opinions, and behavior. (Power & Philips-Wren, 2012. Mukkamala et al. 2014, Cote, 2014).

Olshannikova et al. (2017) define big social data as

"... any high-volume, high-velocity, high-variety and/or highly semantic data that is generated

from technology-mediated social interactions and actions in the digital realm, and which can be

collected and analyzed to model social interactions and behavior."

In this definition, technology-mediated social interactions and actions cover all social media

platforms in addition to social actions in the digital realm. These include digital social

communication, actions, or traceable activity by a human in the digital realm.

2.2.1.1 Volume

In the context of big data, volume generally refers to the storage space required to record and

store data. Big data typically require terabytes or even petabytes of storage space, far more

than a typical desktop computer can provide (Kitchin & McArdle, 2016). However, this space

requirement is not true for all big data, as some data might be small in file size. Thus, volume

also refers to the amount of data in numbers and variables – not precisely the storage space.

2.2.1.2 Velocity

The size of data is growing exponentially, with more people connecting and uploading to the

internet every day. Velocity is defined with respect to the volume in big data. It mainly focuses

on two things, speed of growth and speed of transfer. The emergence of Internet of Things

(IoT), new users, cloud computing, new websites, and research data are central factors that

determine the speed of growth and transfer (Patgiri & Ahmed, 2016).
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2.2.1.3 Variety

Variety is the assorted form of data. It includes unstructured, semi-structured, and structured

data and refers to the degree of data organization. Unstructured lacks data organization, while

structured has a high degree of data organization (Nawsher et al. 2018). Structured data has a

unified data format and can be managed by database tools easily. However, semi-structured

and unstructured data lack this unification and are thus more challenging to handle and analyze.

Variety could also mean different data formats, such as videos, images, and soundtracks. These

formats are categorized as unstructured. Structured data comprises a tabular form of data, and

semi-structured data includes log data and XML data (Patgiri & Ahmed, 2016).

2.2.1.4 Semantic

As mentioned above, volume, veracity, and variety are all standard dimensions in any big data.

Semantic, however, is a unique characteristic of big social data. Semantic data refers to the fact

that all content manually created is symbolic with various subjective meanings, which requires

intelligent solutions to be analyzed (Olshannikova et al. 2017).

2.3 Customer satisfaction
Generally, a company's reason for existing is related to the fulfillment of needs for someone,

which has been called customers. The concept of the customer as the buyer and consumer of

products and services is clear and straightforward (García et al., 2011). However, the

satisfaction of the customers is more difficult, mainly because it is related to the complete

consumption experience (Oliver, 1997). According to Grigoroudis & Siskos (2010), satisfaction

can be viewed as singular events leading to a consumption outcome and the complete

experience judgment. Although various definitions of customer satisfaction can be found in the

literature, most researchers base their definitions on the fulfillment of customer needs (Gerson,

1993, Hill 1996, Oliver 1997, and Vavra, 1997). Oliver (1997) defines customer satisfaction as:

"...the consumer's fulfillment response. It is a judgement that a product or a service feature, or

the product or service itself, provided (or is providing) a pleasurable level of

consumption-related fulfillment, including levels of judgment or fulfillment…"
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Chapter 3

Related work
This chapter aims to familiarize the reader with where, in the history of related research, this

thesis takes its origin. It is divided into three sections, where section one describes the

established literature on the link between an organization's customer satisfaction and its

financial performance. Section two presents how Big Social Data and search engine indexes

have been explored in prediction problems, and the third section describes previous work on

forecasting demand in the apparel industry.

3.1 Customer Satisfaction and Financial Performance

Customer satisfaction is categorized as a nonfinancial activity, as it is not naturally quantifiable

and directly related to financial numbers within a firm. However, there exists a common intuition

in managers, researchers, and strategists that customer satisfaction is of great importance to a

firm's financial performance. This intuition is straightforward; satisfied customers tend to

demonstrate loyal behavior (Fornell, 1992; Anderson & Sullivan, 1993; Wangenheim & Bayon,

2004). Furthermore, satisfied customers prefer the firm to its competitors, are less sensitive to

changes in prices, and attract new customers through word-of-mouth. Thus, customer

satisfaction leads to better financial performance and higher revenues. Traditionally, studies

have surveyed the managers or the employers in the organization to measure the financial

performance of customer satisfaction. Using this method, some studies in the past indicate that

the relationship between financial performance and customer satisfaction may not be positive or

inconclusive (Gursoy & Swanger, 2007).

However, more recent studies suggest that these results are limited, as the surveyed individuals

often possess conflicting interests. As a result, newer studies have begun to use more objective

information, such as return on assets (ROA), return on equity (ROE), and stock-market

performance. Aksoy et al. (2008) demonstrated that firms with high and increasing customer

satisfaction correlate with firms' increase in market value over time.
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Furthermore, they illustrated that investing in companies with high customer satisfaction beats

the S&P 500.  Moreover, several other studies have confirmed this finding through empirical

research (Fornell et al., 1995. Ittner & Larcker, 1996. Mazvancheryl et al., 1999. Martin, 1998).

For example, Eklof, Podkorytova & Malova (2020) demonstrated that there is empirical evidence

for the influence of customer satisfaction on financial performance, such as an increase in

revenue, profit margin, ROE, ROA, and market value . They found consistency across all their

analyzed companies, illustrating that customer satisfaction positively correlates with their

performance. Thus, Eklof et al. (2020) argue there is empirical evidence for a direct positive

relationship between customer satisfaction and product sales.

However, not all studies are optimistic about the relationship between customer satisfaction and

financial performance. Sun & Kim (2017) argue that the variation across industries and products

affects customer satisfaction, with some industries or products being more problematic than

others. For example, measuring the customer satisfaction of a consumer brand such as

Coca-Cola is different from measuring the customer satisfaction of a Samsung TV. The drivers

of customer satisfaction are not the same for every product. Thus, some products have less

complex drivers, making their customer satisfaction distinct from more intricate products (Sun &

Kim, 2017).

3.2 Big Social Data in Prediction Problems

Big data and the evolution of computational power have been essential for the growth of data

analytics. In recent times, researchers have seen the possible benefit in using Big Social Data

as inputs in predictive analytics. The underlying assumption is that social actions on the internet

reflect real-life behavior and interests and are proxies for people's attention towards different

subjects, objects, and products. Arguably, the stock market was the first examined real-life event

that was compared to Big Social Data and patterns. In 2010, Bollen, Mao & Zeng (2010)

illustrated the predictive capabilities of Big Social Data by examining the relationship between

the stock market and sentimental moods on Twitter. Since then, several other researchers have

demonstrated the exact relationship between big social data and the stock market (Kanade,

Devikar, Phadatare, Munde & Sonone, 2017. Attigeri et al., 2021. Chen, Sitong, Gao, Tianhong,

He, Yuqi, Jin & Yifan, 2019. Li et al. 2017). Moreover, in the past years, big social data have

proven to be useful in finding patterns and behavior in other fields as well.

19



As some of the first, Asur & Huberman (2010) showed that social media feeds could be used as

effective real-world performance indicators. Using text analytics on several million tweets, Asur

& Huberman (2010) predicted the revenue for box-office movies before their release.

Furthermore, their prediction outperformed the leading market-based predictions of the

Hollywood Stock Exchange (Asur & Huberman, 2010). In 2012, Nassirpour forecasted the sales

of various consumer electronics. However, their model had room for improvement, as their

prediction error was 35%. Two years later, Lassen et al. (2014) predicted the sales of iPhones

using Twitter activities. They found that time lag was an essential factor and ended up with a

model predicting quarterly sales 20 days before the sales release date. Furthermore, Zhang et

al. (2019) demonstrated high accuracy in predicting car sales by combining online reviews and

macroeconomic indicators.

Arguably the first published article investigating the usefulness of Google Trends in depicting

trends in the physical world was produced in 2009 by Ginsberg et al. (2009). Their paper

showed that diseases similar to influenza in population groups could be traced using Google

Trends. Furthermore, other researchers demonstrated the usefulness of search engine volumes

in other fields than medicine. Choi and Varian (2009) illustrated the relationship between the

employment rate and search queries derived from Google Trends. Furthermore, in later

research, they predicted car and house sales using Google Search (Choi & Varian, 2012). As

such, research using Google Trends was bolstered, and researchers produced papers

suggesting forecasting capabilities of search engine data (Seung-Pyo et al., 2018). Goel et al.

(2010) noted that Google Trends could be used to predict the future box office revenue for

feature films, sales of video games, and the rank of songs on the Billboard top 100 lists. They

argued that the data is beneficial in predicting sales in the near future. Choi & Varian (2012) also

demonstrated the possibility of using search engine volume in predictive modeling concerning

economic activity. Their work suggests car sales, home sales, retail, and travel as possible

examples of economic activities that can be predicted. Furthermore, Jun et al. (2014) suggested

that search queries derived from Google Trends could aid in predicting customer behavior, such

as product purchases.

However, not all studies on search engine volume yield optimism. In their study, Lui et al. (2011)

used search queries from Google Trends to predict the winning candidate running U.S congress

in 2008 and 2010. According to this research, the ability of Google search traffic to predict the
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triumph of a candidate was not comparatively higher than the typical NYT polling survey (Lui et

al., 2011). The authors explained the deterioration in the forecasting capacity of Google Trends

as attributable to the fact that there may be a lot of negative information searches for

contenders. Additionally, Goel et al.'s (2010) studies express the wide variability in the predictive

power of search queries and that the usefulness of search volume indices in sales forecasting

depends on the assumption that search queries are directly linked to purchases.

In their work, Shim et al. (2001) suggest that consumers' online search often leads to an

increase in sales. This positive correlation between online information-seeking and sales is

described thoroughly by To et al. (2007). However, the information-seeking behavior of

consumers is often characterized by the relevant product and the consumer themself. The

consumers' pre-existing knowledge of the product plays an essential role in the online search

process and contributes to the consumer purchase process (Raju et al., 1995). Consequently, a

correlation is in some cases not found. For example, when a consumer possesses complete

knowledge of a product. In this case, the consumer will not need to make use of online

searching. Seung-Pyo et al. (2018) propose a U-shaped graph, where consumers with

intermediate product knowledge will search more than those with very low or very high.

Furthermore, the characteristics of the queried product also affect the users'

information-seeking. As shown by Beatty and Smith (1987), customers tend to make an external

effort in reducing uncertainties when they associate a higher risk with the product. The same

tendency is observed when the price is high or the investment is greater. A customer would, for

example, be more likely to seek more information in a large investment, such as real estate, but

also more expensive essentials such as phones, computers, and various clothings.

3.3 Forecasting Sales in the Apparel Industry
Several studies have been published in recent years, aiming to forecast sales within the clothing

and fashion industry. However, the industry is particularly tough to forecast (Thomassey, 2010).

Demand is highly volatile, and the product life cycle is short. In the fashion industry, sales are

affected by seasonality, trend factors, and several tricky variables, such as marketing strategy,

public events, weather, political climate, and macroeconomic trend (Beheshti-Kashi et al. 2015).

Thomassey (2010) describes four general characteristics of the industry that makes sales

forecasting of apparel companies concrete and complex.
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The first is the variation in the weather. Different kinds of garnets are related to different weather

conditions. This seasonal data gives general trends, but unpredictable weather conditions

involve significant peaks or hollows (Thomassey, 2010). Second is the lifecycle of clothing,

which describes the evolution of sales from the launch until the distribution.

Furthermore, Thomassey (2010) describes how the life cycles are different, depending on the

type of clothing. Basic items, such as a white T-shirt or underwear, are sold the whole year.

Fashion items, or so-called one-shot items, are sold punctually in a short period, and

best-selling items are sold the whole year with slight modifications according to trends during

the season (Thomassey, 2010). The third is the influence of fashion trends. Due to this

influence, clothing and items should always be up to date.Consequently, historical data may be

invalid, as new trends have changed the clothing. The fourth characteristic is the industry's

strong impact by explanatory variables. These variables, or factors, are often not controlled and

could be unknown. Thus it is difficult to identify and quantify its impact. Explanatory variables

could be macro-economic trends, political trends, technological innovation and competition.

These are all uncontrolled factors that impact the sales of fashion brands (Thomassey, 2010).

Moreover, Na Liu et al. (2013) differentiate between existing and new product forecasting. As

described in their work, new products lack historical data and thus are harder to forecast. In

current literature, few studies explore the forecasting of new products. However, Na Liu et al.

(2013) argue that a systematic classification scheme is critical when forecasting due to the lack

of historical data. Thus, it is essential to extract meaningful information from the available data.

In the literature, two general approaches are considered when forecasting sales in the fashion

industry. These are traditional quantitative approaches, such as mathematical and

computational approaches, and qualitative inputs such as expert opinions (Samaneh et al.,

2015). Recent studies have focused on Machine Learning forecast methods and report mixed

results (Samaneh et al., 2015). Sun et al. (2008) introduced the Extreme Learning Machine

(ELM)-model as a computational forecasting model applicable to the fashion industry. The

model lowered the prediction errors and improved the training speed compared to other models.

Furthermore, Chen & Ou (2011) expanded the model to the so-called Gray Extreme Learning

Machine (GELM) in the retail industry. Several other versions of the ELM have since been used

in various aspects of forecasting (Shifei, Xinzheng & Nie, 2013).
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In recent times, Big Social Data has been explored as an input in predictive modeling in the

retail and fashion industry. Giri, Thomassey & Zeng (2019) successfully forecasted the weekly

sales of a fashion brand with historical sales data and sentiments derived from tweets. Their

model predicted sales with high accuracy as their mean average percentage error (MAPE) was

as low as 10%. To achieve this accuracy, a fuzzy time series model was implemented. This

model considers the impact of sentiments through the model's defined parameters (Giri et al.,

2019).

Furthermore, Boldt et al. (2016) demonstrated the predictive power of data retrieved from

Facebook in their study in forecasting the sales of Nike. However, the models forecasting

accuracy saw a decrease as the forecast length increased. Thus, in their paper, they suggest

using longer timeframes for regression of social media data in future studies. Additionally, the

Google Trends index was incorporated in their model. However, this did not increase the

accuracy of the model and did produce low predicting capabilities. Still, they acknowledge that

incorporating Google Trends as a variable into predictive models needs further examination.

On the other hand, Coakley and Song (2015) found that, in some instances, search query index

from Google Trends alone outperformed the retailer's own historical sales data in predicting

sales. As a result, they suggested Google Trends could serve as a powerful supplement to

sales forecasting in retail (Coakley & Song, 2015). Moreno, Zhang & Galliano incorporated

social media data into their forecasting of sales of various clothing products. However, they

concluded that social media on its own was not good enough to predict sales accurately.

Historic sales or other historical data needed to be incorporated in order to get a satisfactory

result.

Silva et al. (2019) are arguably the first and only researchers to conduct several forecasting

models to predict the sales of a fashion brand using Google Trends. Their paper illustrated the

possibility of accurately forecasting the sales of fashion consumer goods sales using Google

Trends. Several time series models were applied to forecast the sales of the luxury-brand

Burberry.  They found that there was no unique best-performing model in forecasting the sales

of the brand. However, some models performed better than others, depending on the forecasted

horizons. For example, the Autoregressive Integrated Moving Average (ARIMA) model

outperformed the other models in accurately predicting the Burberry sales for the following

month. The Trigonometric Box-Cox ARMA Trend Seasonal Model (TBATS) model outperformed

the other models in forecasting three months, and the Exponential Smoothing (ETS) model
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forecasted more accurately six and twelve months ahead (Silva et al., 2019). However, the

Neural Network Autoregression (NNAR) model was the worst performer, with lower accuracy on

every time interval. Additionally, Silva et al., 2019 emphasized the importance of noise reduction

in big data and sales forecasts.
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Chapter 4

Methodology
In this thesis, three different prediction models were trained using three different techniques.

This chapter will lay out the methodology in establishing these models, as well as the software

and tools used in exploring and analyzing the data in which the models were trained and tested.

4.1 Research Design

According to Kerlinger, a research design is the plan, structure, and strategy of any investigation

conceived to obtain answers to research questions and control variance. Subsequently, it is a

fundamental plan that steers the data collection and analysis of the research. This thesis adopts

empirical and analytical methods that use established theory as a framework and attempts to

extend this field by approaching the problem formulation. By applying this approach, the focus

of this thesis lies in using existing theory and applying it to recent data and to further improve

and explore in the field of study. The goal of this thesis is to investigate the relationship between

two explanatory variables and one dependent variable. The examination will be quantitative.

Quantitative research is characterized by deductive approaches to the research process to

prove, disprove, or strengthen existing theories and hypotheses. It involves measuring variables

and examining their relationship to exhibit patterns, correlation, or causality. The values

underlying quantitative research include neutrality, objectivity, and extensive data sampling

(Leavy, 2017).
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Figure 2: The research design of this thesis.

4.2 Research Process
An important step when conducting empirical research is to plan and define the steps to conduct

the experiment and analysis. As illustrated in Figure 5, this empirical study can be divided into

eight steps. The first part of this study is the problem formulation, where the goal of the thesis

and its research question is described. Second is the theory and literature review, which is

based on the topic of forecasting and the two exogenous variables included in this study. This

process aims to review and outline a description of existing theories and concepts in the related

field of study. The literature review will not generate any new information but will acquire the

fundamental knowledge needed for the empirical analysis and eventual findings.
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Figure 3: The research process of this thesis.

4.2.1 Data Collection Method

The data used in this thesis for empirical analysis was obtained by gathering existing data from

several online databases. Therefore, it is defined as secondary. Secondary data has been

collected by someone else or for some other purpose than the research where it is currently

being deployed (Cnossen, 1997). It can further be divided into internal and external. Internal

secondary data consist of information gathered within the firm of relevance to the study

(McQuarrie, 2006). It includes data such as customer database, company-launched market

research, and financial data such as sales. Adversely, external data is information collected by

other organizations. Bibliographic databases and various kinds of public information are

examples of external secondary data. The data collected in this thesis can be divided into three

parts: sales figures, search engine volume index, and customer satisfaction index. By definition,

the data is considered internal and external secondary data, where sales are internal, and

search engine volume index and customer satisfaction index are external. The sales are

gathered directly from Nike Inc. online published financial reports (Nike, Inc. 2021). The

customer satisfaction index is obtained from the webpage of the American Customer

Satisfaction Index. The search volume index is collected in two ways: directly from the web

page of Google Trends and through an Application Programming Interface (API). Chapter five

will describe in detail where the data is collected from in addition to its features and limitations.

4.2.2 Data Analysis Method

The data analysis method employed in this thesis is two-fold. First, an Exploratory Data Analysis

(EDA) is conducted. An EDA is an approach of analyzing datasets to summarize and explore

their main characteristics. Consequently, the researcher may have a greater understanding of

the features needed in developing a statistical model. Tukey (1970) promoted the idea of
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exploratory data analysis to encourage researchers to inspect the data, possibly leading to new

information or hypotheses. Thus, the EDA leads up to the second analysis of this thesis, which

is the statistical method of regression analysis. Regression analysis is a quantitative approach

for testing the relationship between a dependent variable, Y, and one or more independent

variables, X. The most common form of regression analysis is linear form, in which one finds a

line which most closely fits the data. There are various forms of regression analysis, and this

thesis employs different techniques. Furthermore, this thesis makes use of computational

statistics and Machine Learning techniques. Chapter six will describe in detail the models used

in this thesis, their characteristics, and features.

4.3 Software
The statistical and empirical analysis and analytical modeling in this thesis are developed using

R Studio's programming software. R Studio is an integrated development environment for the

programming language R. It is a software tool that provides open-source tools for R and

professional software. R Studio includes a console, syntax-highlighting editor that supports code

execution and tools for plotting, history, debugging, and workspace management (R-Studio Inc.,

2021). Furthermore, part of the Google Trends index collection process is obtained using a

package in R called "gtrendsR". In addition to R Studio, Microsoft Excel is used for storing data

and visualizing several results in the form of diagrams, graphs, and formulas. Microsoft Excel is

the world's leading spreadsheet software tool, which provides powerful visualization and

analytical tools.
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Chapter 5

Data
This paper's analysis employs three variables, where quarterly sales are the dependent

variable, Y, and customer satisfaction index and search engine volume index are the

independent variables, X1 and X2. This chapter aims to explicitly describe these variable´s

features and the related data retrieval process.

5.1 Quarterly Sales

The dependent variable is the quarterly sales of the Nike brand. The sales were gathered from

the first quarter of 2004 to the first quarter of 2021, resulting in 69 observations. In order to

compare the data in the analysis, all of the observations are geographically located in the USA.

The sales include footwear, apparel, and equipment. Generally, footwear makes up about 70%

of the sales, while apparel is 25%, and equipment is 5% (Nike, Inc., 2021). Although the sales

figures are reported quarterly, their financial calendar is different from a traditional calendar.

Consequently, the quarters have been reordered into a traditional calendar. In their reports, Nike

presents their first quarter in the period from June until August (summer), the second quarter in

the fall, the third is winter, and the fourth is spring. Therefore, the dataset has been renamed so

as the first quarter of the year is Nike´s third quarter and the last quarter is Nike´s second

quarter. This renaming affects the other variables as well, as they will have to follow the same

pattern.

5.2 Google Trends

As one of two predictor variables, this thesis uses the search engine volume index, derived from

Google, on the search term "Nike" from 2004 to the end of February 2021. Google is by far the

world's most popular search engine, with the processing of over 3.5 billion internet searches per

day. In the USA, Google has over 88% market share. Consequently, by using data from Google,

it is possible to get a picture of the public's interest in Nike. GT provides access to a large

sample of keyword-related data representing search queries dating back to 2004. The data is

anonymized and is aggregated, and grouped into categories of search topics.
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Furthermore, the search data are normalized on a scale from 0 - 100 based on a proportion to

all searches of all topics. Additionally, each data point is divided by the geography and time

range it represents to compare relative to the population. Consequently, GT allows for easily

accessible and comparable data on a search term's popularity. In addition, Google Trends

allows for extracting the popularity of a search term in a given geographical location. Thus, all

the search engine data retrieved in this thesis are geographically based in the USA.  When

investigating a topic's search popularity, GT allows for selecting various categories for that

search term. These categories will include aggregations of different search sentences. For

example, for Nike, GT allows the researcher to change categories between a search term or

topic.  Search terms show the matches for all the terms in the query. For example, if the term is

banana, the search term index will include results such as "banana" or "banana sandwich." The

topic, however, will include a group of terms. For example, the search topic "London" will include

results such as "The Capital of the U.K." or other search queries relating to the topic of London.

Moreover, GT presents related terms and topics that might occur for a given search term or

topic. For example, the search term "Nike" has related terms such as "New Nike Shoes 2021"

and "Nike Promo Code 2021". However, related search topics include "Grateful Dead" and "Lil

Nas X," which are musicians with their own Nike shoe model.

As illustrated in the figure, the search term and topics for Nike are almost identical. Still, the

topic is slightly higher in the overall index. This is in line with GT definitions, as the topic

includes more search queries. However, to reduce as much noise as possible, the search term

"Nike" was chosen as data for this thesis. For example, the topic "Nike" could include search

queries such as "Top 5 sportswear brands".

.
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Figure 4: Google Trends Index for the topic and term “Nike” in the USA. (Google Trends, 2021)

In a period from 2004 to 2021, GT provides the data with 12 observations, one for each month.

However, to match up with quarterly sales, the data must be transformed into quarterly

observations. Thus, for a given quarter, by adding three GT calculations together and dividing it

by three, we end up with quarterly measures on GT.

5.3 American Customer Satisfaction Index

In addition to Google Trends, the customer satisfaction index on the brand, Nike is gathered

from the American Customer Satisfaction Index (ACSI). The ACSI has gathered customer

opinions and calculated customer satisfaction for the Nike brand in the USA since 1994. In order

to match with Google Trends and quarterly sales, this thesis will include observations from 2004

- 2021. However, ACSI releases the customer satisfaction index yearly, calculating one

observation each year. Consequently, to compare it with the 69 observations of sales and

search term index, the customer index score for one year is set equal in all quarters for that

respective year. In this way, the number of observations increases from 19 to 69.

Similarly to Google Trends, the customer satisfaction index ranges from 0 - 100, where a score

of 100 is maximum customer satisfaction. In their model, ACSI calculates and aggregates

customer satisfaction scores across the USA, resulting in a final score published every year.
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Figure 5: The American Customer Satisfaction Index Model (ACSI, 2021)

The American Customer Satisfaction Index was developed in the1990s by Anderson and

Fornell at the University of Michigan  (Anderson & Fonell, 1996). The ACSI uses an empirically

tested, cause-and-effect model to calculate customer satisfaction. The input in the econometric

model comes from a computer-aided-telephone-interviewing (CATI) system. The surveyed

customers are selected randomly, based on national and regional probability samples from

continental U.S households. In order to ensure a representative distribution of respondents, the

customers are chosen based on the person in the household who had the most recent birthday.

Furthermore, ACSI defines the customer as “...an individual chosen randomly from a large

universe of potential buyers who qualifies by recent experience as a purchaser/user of products

or services of specific companies or agencies that supply household consumers in the

continental United States.”

The indexes are multivariable components measured by several questions, which are weighted

in the model. This index has been recognized as a valid U.S national indicator of customer

satisfaction and a new type of market-based measurement. The index is calculated based on

customer expectations, perceived quality, perceived value, customer complaints, and customer

loyalty (ACSI, 2021).
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5.4 Limitations

The data used in this thesis has several limitations that need to be taken into consideration

moving further.

First, the dependent variable, sales, is only gathered from the USA. However, in several

financial reports, Nike defines their regions by other names, changing the USA to North

America. Consequently, by changing to North America, other countries, such as Mexico and

Canada, may be included in the sales figures. This is possibly affecting the data analysis since

both ACSI and Google Trends are restricted to the USA. However, this thesis will assume that

most of the sales data is related to the USA, as several of the financial reports specifically

describe the geographical location to the USA.

Second, the sales data are gathered in nominal U.S. dollars. Thus, the increase in revenue is

affected by an increase in demand and other variables and macroeconomic factors such as

inflation rate and economic growth. These are uncontrolled exogenous variables that affect the

value of the dependent variable. This is possibly the biggest limitation with this thesis, because

the observed variables are in different “currencies”. Consequently, there is an increasingly

statistical gap between the variables, as the nominal sales figures will be affected by various

explanatory economical variables and the ACSI is limited on a scale from 0 - 100.

Third, Google Trends only provides monthly search term queries when extracting data for

longer than five years. Thus, the time lag can not be in other frequencies than one month.

However, as described in chapter four, the GT index was also collected through an API. This

method allows for higher frequencies, such as daily observations of search engine volume

index. Still, this method is less reliable as data may get lost or be defective or unrepresentative.

Fourth, the data extracted from GT is affected by various forms of noise. For example, queries

are "broad matched," meaning that queries such as "Strathclyde University" are included in the

query index for "Strathclyde". Consequently, some data might be contaminated by queries

unrelating to the relevant keyword. Additionally, the intentions of the users are not clear. Users

might be searching for the same topic for opposite reasons. The users might also be searching

for the same topic through different search queries, which will not be included in the GT index.
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Moreover, GT could be prone to manipulation, for example, through automated queries

submitted by robots and other "unnatural" trends and campaigns (Ross et al., 2013).

Fifth, in contrast to the two other variables, the American Customer Satisfaction Index is

released once a year. ACSI gives no information for what the calculated customer satisfaction is

at a given point in a year. Consequently, a company could, in theory, have a record low

customer satisfaction rating at the first half of the year and a record high rating at the end of the

year, and the final score for that year could be identical to an average year. As this thesis

focuses on quarterly measures, some variation in customer satisfaction is, therefore, lost.

5.5 Exploratory Data Analysis

In order to obtain a greater understanding of the data, its underlying trend and components are

investigated in an exploratory data analysis. Seasonal fluctuations influence the quarterly sales

of Nike. Seasonality is the presence of variations in the data that happens through regular

patterns over less than a year, such as weekly, monthly, or quarterly. Looking at the sales data

for Nike from 2004 to 2021, the plot reveals regular fluctuations which increase in size as the

level of the time series progresses. This regular specific interval is seen through every year from

2004 until 2021.

Furthermore, the data has a trend component to it. A trend in a time series shows the general

tendency of the data to increase or decrease over a long period. A trend is a smooth, general,

long-term, average course.

Figure 6: Nike Quarterly Sales Data in the USA from 2004 to 2021.
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A moving central average removes seasonality fluctuations and reveals the increasing trend in

the revenue from 2004 - 2021. However, the fourth financial quarter of 2020 (March-May) saw

the time series most significant decrease due to the COVID-19 crisis. The revenue dropped

from a record high third quarter of 3.9 billion dollars to 2.2 billion dollars in the fourth quarter.

Even so, the trend seems to pick up again after that quarter, rising to 4.2 billion dollars in the

first quarter (summer).

Figure 7: Nike Sales Seasonal Plot

Looking at the seasonal plot, it is apparent that Nike's demand fluctuates across the seasons,

and as illustrated in the plot, the sales peak in nearly every first quarter in the summer. On the

other hand, nearly every fourth quarter is the lowest point of revenue income each year. Lastly,

the force of the seasonality can be viewed by looking at the autocorrelation. Autocorrelation

measures the linear relationship between the variable and its lagged values. The value of the

correlation coefficient is between 0 and 1, where 1 indicates perfect correlation. The AFC graph

in figure 6 indicates a present trend component in the sales data. However, the autocorrelation

decreases as the number of lags increases, although it is still significant when lags are near 20.

Furthermore, the peaks are every four lags at Nike's fiscal first-quarter (summer).

These illustrated patterns of the data indicate that any successful forecast needs to incorporate

both the trend and seasonality component.
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Figure 8: Summary Plot of Nike Sales

Similarly to the sales, the GT index seems to have both a seasonal and trend component. As

with the sales, a central moving average will remove any seasonality, making the increasing

trend clear.

This seasonality, however, is somewhat different from the sales data. As depicted in the

seasonal plot, the interval pattern changes over time. In the period from 2004 until 2010, the

search volume peaks in summer. However, unlike the sales, it has its lowest volume in the

winter. Furthermore, the seasonal pattern changes from 2013 onwards, where the search

volume now peaks in the winter, with one exception in 2018. The overall highest peak in the

dataset can be observed in the second quarter of 2018 (fall). However, this was the same period

when Nike ran its controversial Colin Kaepernick campaign.

Consequently, this erupted the regular seasonal pattern. In conclusion, the Google Trends data

consist of both a trend and a seasonal component. However, the seasonal components are not

as coherent through the time series.
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Figure 9: Google Trend Index. Each Quarter from 2004 until 2021.

Figure 10: Google Trend Index Seasonal Plot.

Unlike the two other variables, the ACSI data has no trend or seasonal component to it.

Compared to the other variables, the data has less variation and no trend, as it both starts and

ends at the same score of 78 in 2004 and 78 in 2020. Since the customer satisfaction score is

set equal to that same year's score, any seasonal components are non-existent. However, the

data has some variance from 2004 to 2020. In 2006, Nike had its lowest customer satisfaction

rating in the collected period. It is unclear as to why this rating is so low compared to other
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years. However, in their report, ACSI speculates that there is a connection with Rebook's

purchase of Adidas in the same year (ACSI, 2006). The combination of the two brands

competing against Nike could have affected its customer satisfaction score.

Figure 11: The American Customer Satisfaction. Each Quarter from 2004 until 2021.
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Chapter 6

Models
After the raw data has been collected and examined, two statistical models and one machine

learning model are trained to find the best prediction result. The models are chosen based on

the literature review and the exploratory data analysis. In the case of predicting quarterly sales,

these three models have proven useful in earlier studies. Moreover, their distinctiveness allows

for interesting comparisons. The following sections will explain the three models, their

characteristics, features, and intuition.

6.1 Validation and evaluation

6.1.1 Cross-validation

In order to measure the performance of a predictive model, it is essential that it is evaluated on

data that were not used to develop the model itself. A methodological mistake would be to test

the accuracy of a predictive model on the same data in which it was trained. This is known as

overfitting. It occurs when the model has generalized very well over the training data, but has a

low accuracy when confronted with new data. Therefore, to avoid this problem in a prediction

problem, part of a dataset is held out as a test set. The goal is to test the model's performance

in predicting values on new data that was not used to train the model. This evaluation method is

called cross-validation and ensures that the model is trained and tested on separate data sets.

There exist various types of cross-validation, where k-fold and holdout are two of the most used.

In k-fold cross-validation, the dataset is randomly partitioned into k equal-sized subsets. A single

subset is chosen as the validation data for testing the model. However, in time series, the order

of the data is essential. Therefore, by randomly splitting the dataset, future data might end up in

the training sets and past data in the test sets, making the forecast illogical.

In contrast to the k-fold method, holdout validation gives the researcher the power to

self-regulate the order of the training and test set. In holdout validation, the dataset is split into

two sets, the training set, and the testing set. However, the division split-size depends on the

dataset and the predicted horizon. The models used in this thesis are tested and trained by
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using the holdout validation method. Since this thesis strives to predict sales in quarterly

intervals, fewer observations in the testing set are included. The division split is 85% training

and 15% testing, 60 quarters of training, and nine quarters of testing.

Figure 12: The holdout method (DataVedas, 2018)

6.1.2 Mean Absolute Percentage Error

Mean Absolute Percentage error is the main parameter used in this thesis to measure the

performance of each model. The lower the percentage error means, the better the performance

of the model. MAPE is chosen as the parameter to measure the performance of the models

based on its recommendation in textbooks, popularity, and is scale-independent and easy to

calculate and interpret (Sungil & Heeyoung, 2016). A Mean Absolute Percentage Error (MAPE)

is calculated based on the values of the test set. It can be defined as:

MAPE is the average of the Absolute Percentage Error (APE), calculated by taking the actual

value, At, minus a forecasted value, Ft, and dividing it by the actual value multiplied by 100. The

average value of every APE is then calculated to get MAPE (Sungil & Heeyoung, 2016).
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6.2 Multiple Linear Regression
Fundamentally, a baseline model should be easy to set up and have a decent chance of

providing reasonable results (Ameisen, 2018). The purpose of a baseline model is to achieve

decent results with minimal effort. Arguably the most used baseline model for predicting sales is

linear regression (Ameisen, 2018). A multiple regression model defines a linear functional

relationship between an outcome variable and multiple input variables. Multiple regression can

written as:

Yt = β0 + β1 * Xt1  + β2 * Xt2 + …. + βp * Xtp + ϵ

Where Yt is the dependent variable in the t'th period, and the Xt is the explanatory variables. βo

is the intercept, while the other βp are the coefficients for the explanatory variables. Finally, ϵ is

the model's residuals, which show the difference between the actual value and the forecasted

value. The residuals would be calculated as:

𝑒𝑖 = 𝑌𝑖 − Ŷ𝑖 = 𝑌 − (𝑏0 + 𝑏1𝑋1 + 𝑏2𝑋2 + ⋯ + 𝑏𝑛𝑋𝑛 ) where

Yi is the actual value of the response variable and Ŷ𝑖 is the fitted value.

6.2.1 Assumptions of a linear model

When using linear regression, there are some underlying, key assumptions.

First, there must be a linear relationship between the dependent variable and independent

variables. By using a scatterplot, it is possible to depict whether there is a linear or curvilinear

relationship.
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Figure 13: Scatterplot - Sales and GT Index

As figure 13 reveals, there is a positive linear relationship between sales (Y) and the GT index

(X1). Furthermore, the R-squared is 92.6% which indicates a strong relationship between the

two variables. However, the second predictor has a weaker linear relationship with the

dependent variable.

Figure 14: Scatterplot - Sales and the ACSI.

As illustrated by the scatterplot, the X2 variable correlates with the Y variable more randomly. As

a result, the R-squared value is 24.2%.

42



The second assumption for MLR is that the independent variables are not too highly correlated,

called no multicollinearity. Multicollinearity can be tested by using various methods. One method

is to check for the value of correlation between the two predictor variables. Table 1 illustrates the

correlation between the variables and since the correlation value is > 0.7 detects no

multicollinearity.

Table 1: Multicollinearity Output

The third is homoscedasticity, which shows that the variance of error terms is similar across the

independent variables' values. Homoscedasticity can be tested by using the Breusch–Pagan

test. For the two predictor variables, the Breusch-Pagan Test shows that there is no

homoscedasticity in the model since p < 0.5

BP = 18.378, df = 2, p-value = 0.0001022

Fourth is the autocorrelation of the residuals. Linear regression requires little to no

autocorrelation of the regression residuals. Autocorrelation occurs when the residuals are not

independent of each other. The autocorrelation of the residuals can be plotted with an ACF-plot.

As illustrated in the plot, there exists some autocorrelation of the residuals. However, although it

is not significant, it might affect the performance of the model.
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Figure 15: Autocorrelation plot - Residuals

6.2.2 Features

By itself, a Multiple Linear Regression model will not capture seasonality or trend components in

the data. In order to incorporate seasonality, dummy variables can be included. A dummy

variable is a numerical categorical variable, which takes in the numerical value of either 1 or 0,

where 1 is the equivalent of yes, and 0 is no. By including dummy variables in the time series,

MLR will incorporate the categorical value of each quarter. In the model, three dummy variables

are included for Q1, Q2, and Q3. The fourth quarter will be captured by the intercept and is

therefore not assigned any value. In the model, three variables are added as explanatory

variables and assigned the value 1 or 0. For example, if it is the first quarter, the value of Q1 is 1

– otherwise, it is zero. The same also applies to the other dummy variables. As illustrated in

figure 14, the first observation is Nike´s third quarter and is, therefore, Q3 is equal to 1.

Furthermore, to account for the increasing trend, a linear time trend variable t is included as an

explanatory variable. The first observed value is equal to 1, the second to 2, ending at the last

observation of 69.

Table 2: Illustration of the first row of predictor variable (red) and forecast variable (blue)
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6.3 Seasonal Autoregressive Integrated Moving Average with Regressors

The second model chosen in this thesis is an Seasonal Autoregressive Integrated Moving

Average with Regressors, also known as a Dynamic Regression model. The model combines

both linear regression and ARIMA and describes how the output of a model is related to the

input, taking into account the possible time-lagged relationship between the external and target

variables (Pankratz, 2012). As described in the last section, the residuals of the MLR are

somewhat autocorrelated. Although the correlation is insignificant, it might affect the model's

performance. However, a DR model could improve these limitations by allowing the variables to

have autocorrelation and include the error from the ARIMA model. The ARIMA modeling

approach expresses a variable as a weighted average of its past values.

6.3.1 Box-Jenkins Method

An ARIMA model is a combination of an Autoregressive (AR) part, an Integrated (I) part, and a

Moving Average (MA) part (Van den Bossche et al., 2007). These parts have various features,

depending on the time series. One approach in identifying these features is the Box-Jenkins

method. Box-Jenkins is a systematic procedure that considers several vital components to be

identified, evaluated, and refined. In line with the Box-Jenkins method, the following sections will

identify and describe the components and features of the model.

6.3.2 ARIMA

An ARIMA model can be notated as ARIMA(p,d,q), where p,d,q are order levels for the

Autoregressive (AR) part, Differentiating (I), and Moving Average parts. Similar to the MLR

model, the AR model is using a linear combination of predictors. However, it differentiates in the

way that it is using a linear combination of past values of Xt−1, Xt−2, . . ., Xt−p to explain the

present value of Xt.

The autoregressive model (AR) of order p, can be written as:

Where φ is the constant and εt is white noise.

The value of p is determined by the partial autocorrelation of the series (PAFC). If the lags of the

partial autocorrelation cut off in a few lags, then the last lag would be the optimal order value of
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p. However, if the autocorrelations do not cut off, MA is either 0 or the ARIMA model has

positive p and q.

The moving average model is, rather than using past values of the variable, using past values of

the errors to calculate future values. The Moving Average (MA) of order q, can be defined as:

Similarly to p, the value of q is determined by the autocorrelation of the series (AFC). If the lags

of the autocorrelation cuts off in a few lags, then the last lag would be the optimal order value of

p. The last component of the ARIMA model, I (d), is the idea of transforming a non-stationary

series into a stationary one, and is called differentiating. It can be written as:

where L is the lag operator .
The value of d is the level of differentiating, and is estimated using the autocorrelations plot
(AFC).

6.3.3 Stationarity

Stationarity is an essential part of time series analysis. Generally, it means that the statistical

properties of the process, such as mean, variance, and autocorrelation, are constant over time.

However, as revealed in the exploratory data analysis, the time series in this thesis consists of

both a seasonal and trend component. It indicates that the data is non-stationary. As with other

time series, the ARIMA model assumes that each observation in the time series is independent

of each other. Consequently, the non-stationary time series are differentiated.

By computing the differences between the consecutive observations in the series, we get a

stationary series.
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Figure 16: Illustration of Non-stationary and stationery sales data.

6.3.4 Seasonality

Similar to the MLR model, a plain ARIMA does not capture seasonality. However, based on the

ARIMA (p,d,q), the SARIMA(p,d,q)(P, Q, S)m incorporates seasonality components to describe

the pattern of seasonal behavior. In this model, P denotes the seasonality of the AR part, while

Q denotes the seasonality of the MA part, S differentiator of the seasonality, and m is the

number of observations each year. Identifying the model order of the seasonal series is more

complex than the standard ARIMA order (p,d,q). Box-Jenkins suggests keeping the level value

low, so the values of p, P,q, Q,d, D, combined should be less than two.

6.3.5 Regressors

In the Box-Jenkins method, independent variables are overlooked. A traditional ARIMA model

can be considered a particular type of regression model where the dependent variable has been

stationarized. The independent variable is all lags of the dependent variable and errors. Thus, a

traditional ARIMA model does not incorporate any other variables than the dependent variable

and its lag and error values. However, it is possible to incorporate several series of exogenous

variables in the model. By adding regressors, the model combines the statistical models of

linear regression and Seasonal ARIMA and can be defined as an SARIMAX model. It can be

mathematically formulated as:

Ŷt - ϕ1Yt-1 = μ - θ1et-1 + β(Xt - ϕ1Xt-1)

where Xt is the exogenous variable.
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6.4 Neural Network Autoregression
While the two other models are defined as classic statistical models, the third and last model is

a Machine Learning (ML) model. More specifically, Neural Network Autoregression (NNAR). In

this model, lagged values of the time series and eventual independent time series or factors are

used as inputs to a neural network, in the same way as lagged values in a linear autoregressive

model (Hyndman & Athanasopoulos, 2018). NNAR is described as a feed-forward network,

whereas the nodes in the network do not form a cycle. Furthermore, the NNAR consists of one

layer. Thus, it is the simplest form of a neural network as information is only processed in one

direction through one hidden layer. The model can be denoted as:

NNAR(p,P,k)m.

Where p is the number of lagged inputs, P is the lagged seasonal input, and k is the number of

nodes in the hidden layer. A NNAR(p,P,0)m model is equal to a SARIMAX(p,0,0)(P,0,0)m model,

but without the restrictions on the parameters to ensure stationarity.

6.4.1 Multilayer Feed-forward Network

In a multilayer feed-forward network, each layer of nodes receives inputs from the previous

layer. Then, these inputs are calculated using a weighted linear combination and modified by a

nonlinear function before being output.

Figure 17: Multilayer Feed-Forward Network illustration. (Hyndman & Athanasopoulos, 2018)
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As illustrated in figure 17, the inputs into the neuron j in the hidden layer are combined to give

were the parameters bj and wi,j are “learned” from the data. The weights are

In the hidden layer, this is then modified using a nonlinear function such as sigmoid, to give the

input for the output layer.

In the beginning, the weights take arbitrary values and are later updated using the observed

data. Consequently, there is an element of randomness in the forecasts generated by a neural

network. Therefore, the network is usually trained several times using different random starting

points, and the results are averaged.

6.4.2 Arguments

The Neural Network Autoregression can be adjusted and optimized using various arguments in

the R-package “nnetar”. Here, some of the main arguments will be listed as well as their

description and features.

size = Number of networks to fit with different random starting weights. These are then averaged when

producing forecasts.

Xreg = Optionally, a vector or matrix of external regressors, which must have the same number of rows

as y. Must be numeric.

Lambda = Box-Cox transformation parameter.

Subset = Optional vector specifying a subset of observations to be used in the fit. Can be an integer

index vector or a logical vector the same length as y. All observations are used by default.

(Hyndman & Athanasopoulos, 2018)
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Chapter 7

Results and Evaluation
The purpose of this thesis is to investigate to what extent the search engine volume index and

customer satisfaction index could predict the quarterly sales of the Nike brand. Further, by

developing three different models, comparisons of the performance of these models could be

made. This chapter presents the results and the evaluation of the three models. First, the

baseline model will be presented, then the SARIMAX model, and at last, the NNAR.

7.1 Multiple Linear Regression

The baseline model of this thesis was conducted by examining the linear relationship between

the Y variable, Nike quarterly sales, and the two X variables Google Trends and ACSI. However,

several dummy variables were included to strengthen the relationship and account for

seasonality and trend variation. The function can be written as:

NikeQuarterlySalest = β0 + β1 * Gtrendst-1m + β2 * ACSIt-1q + β3 * Q1 + β4 * Q2 + β5 * Q3 + β6 * t +

ϵ

In the regression output, the R-squared value is 0.963, describing that Google Trends and

Customer Satisfaction index can explain 96.3% changes in the Nike sales data. It indicates a

near-perfect relationship between the variables. Furthermore, as presented in Table 3, an

increase of 1  in the Google Trends index increases sales by 0.037. At the same time, an

increase of 1 in the American Customer Satisfaction Index, decreases sales by 0.045. Thus, the

exogenous variables have an opposite relationship with the forecast variable in this model. In

the dummy variables, the first quarter (summer) has a positive relationship with the sales, while

the second and third quarters have a negative relationship. Specifically, the sales increases by

0.081 in the first quarter, decreased by 0.184 in the second quarter and decreased again in the

third quarter. Lastly, one increase in the time variable t increases sales by 0,0335. In addition to

the R-squared, the coefficients P-values are all below 0.05, indicating that the trained model is

statistically significant.
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Table 3: Regression Output - Multiple Linear Regression

After successfully inputting seasonal and trend variables to increase the R-squared value, the

MLR is evaluated on the test set. The set consists of nine quarters from Nike's fiscal third

quarter of 2019 until the fiscal third quarter of 2021. As explained in previous chapters,

identifying and implementing the optimal time lag is essential when developing a predictive

model. Thus, Table 3 represents various time lags and their accuracy evaluation using Mean

Absolute Percentage Error (MAPE). Represented in the table, the optimal time lag for google

trends seems to be 0, meaning that the model performs best when trends are collected and

measured in the same period as sales.

Furthermore, several values of lags were tested on the ACSI. As illustrated in Table 4, the

optimal lag was found to be one quarter. Moreover, the model performs with best accury at time

lag zero for the GT index. However, the accuracy slightly increased when adding a lag value of

one month. Therefore, to predict future values, the time lag of the GT index was set to one

month. Combined, these two-time lags provide the best accuracy with a MAPE of 15,2% in the

MLR. Furthermore, the results show that the time lag is essential for the accuracy of the

prediction. As depicted in Table 3, when there is no lag of both variables, the model has a

MAPE of 15.94%. However, the error percentage is reduced by 1,42% when a lag of -1 quarter

is added to the customer satisfaction. Furthermore, to test whether the American Customer

Satisfaction Index has predictive capabilities, it was taken out of the model. However, when

ACSI is excluded from the model, the MAPE increases from 15.02% to 16.7%, indicating that

ACSI affects the model's performance. Lags of 14 days and 20 days were also tested with the

collected data from the R-package, “gtrends”. However, these results provided inaccurate

results and were not proceeded into the training of the two other models.
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Table 4: Illustration of changes in accuracy with lags

The MAPE is significantly increased due to the fact that the COVID-19 crisis is included in the

test set (Appendix A). As with many businesses, the COVID-19 crisis affected the sales of Nike

in the U.S. Especially in the fourth quarter (03.01 - 05.31) of 2020, which is clearly visible in the

data. In the best MLR model, the percentage error is 75,7% in this period, whereas the

percentage errors in the previous quarters in the test set is 7.84%, 7.96%, 5.22%, 7.31% and

6.71% . However, by re-calculating the extreme value in this observation to the average of the

past values in the test set, the MLR has a MAPE of 8.24%, which is equivalent to an average

91.76% forecast accuracy. A full overview on the prediction accuracy for each observation in the

test set can be found in the Appendix section of this thesis.

Figure 18: The Model Fit for the MLR.
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Figure 19: The Model Forecast for the MLR

7.2 Seasonal Autoregressive Integrated Moving Average with Regressors
Neither seasonal dummy variables or a trend variable were included in the SARIMAX as the

model's order levels accounts for these factors. The model performs best with an autoregressive

order of 3 with a seasonality level of 1, differentiation and seasonality of 1, moving average of 2

with a seasonality level of 1. Table 5 illustrates the output.

Table 5: SARIMAX Output

The SARIMAX performed better than the MLR with a Mean Average Percentage Error of 11.7%.

(Appendix B). However, just as with the MLR, when correcting for the large fall in sales in the

fourth quarter of 2020, the performance significantly increases. In this model, the MAPE drops

from 11.7% to 3.6%. Which is equivalent to an average forecasting accuracy of 96.4 %.

Furthermore, to examine the predictive power of the two exogenous variables, a traditional

SARIMA model without independent variables was tested. However, when Google Trends and

ACSI was removed, the model decreased in performance. Specifically, MAPE increased from

11.7% to 15.2%.
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Figure 20: The Model Fit for the SARIMAX.

Figure 21: The Model Forecast for the SARIMAX.
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7.3 Neural Network Autoregression
As with the SARIMAX, the Neural Network Autoregression includes no dummy variables for

seasonality or trend. The optimal values of p,P,k were found to be NNAR(10,3,7)4. Thus, the

model incorporates 10 lags of the training set, and a seasonal lag of 3, and 7 nodes in the

hidden layer. These values were found by testing for optimal outputs in R studio. Table 6,

illustrates the various values of MAPE in with different values of p,P,k.

Table 6: NNAR Optimal Values

However, these percentage errors were studied more closely, as the MAPE were sometimes

considerably lower because of a low prediction error in the COVID-19 period. For example,

NNAR(10,16) had a MAPE of 13.58%. However, most of its predictions were far worse than

some of the other models that got higher MAPE. The reason is its low prediction error in the

extreme value. Because most of the models prediction error is higher than 75% in this quarter,

their mean prediction errors are significantly increased.

Looking at the graph in Figure 22, the model fits with nearly perfect correlation with the actual

sales. Here, the R-squared is 99.99%. However, the model also produces satisfactory results

when forecasting new values in the test set. Compared to the two other models, the NNAR

performs best with an MAPE of 10.8%. Moreover, the extreme value in the test set is also

affecting this model's MAPE. The percentage error of the predicted quarters leading up to that

extreme value is 0.05%, 7.2%, 1.79%, 1.55%, and 2,03%. (Appendix C) This is the equivalent of

a forecasting accuracy of 99.95%, 92.8%, 98.21%, 98.45%, and 97.97%. Thus, this model´s

accuracy is significantly better than what is thought of when only looking at the MAPE.
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Figure 22: The Model Fit for the NNAR.

Figure 23: The Model Forecast for the NNAR.
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Chapter 8

Discussion
In this thesis, two statistical models and one machine learning model were trained and tested to

predict Nike's quarterly sales in the USA. The aim was to investigate whether the incorporation

of search volume index derived from Google Trends and customer satisfaction index derived

from the American Customer Satisfaction Index have predictive capabilities. More specifically,

this thesis aims to answer: "To what extent can search volume index, derived from Google
Trends, and customer satisfaction index, derived from the American Customer
Satisfaction Index, predict the quarterly revenue of the sports brand, Nike? ".

This chapter will discuss the results and consider their possible explanations.

In order to answer the research question of this thesis, the results can be broken down into

several key findings. The results show that both the Google Trends index and the American

Customer Satisfaction Index have predictive capabilities. However, this depends on several

factors and modeling decisions. Furthermore, the GT index is significantly more capable of

predicting than the ACSI. There are some possible explanations as to why the GT index has

more impact than the ACSI in the forecasting models.

As discussed above, the ACSI is measured in yearly intervals. Consequently, the seasonality is

non-existent. On the other hand, Nike´s quarterly sales consist of a clear and repetitive

seasonal pattern. This difference affects the relationship between the observations and is,

therefore, affecting the predictive capabilities of the ACSI. However, although this thesis lacks

quarterly observations of the ACSI, it is unclear whether customer satisfaction is at all prone to

the same seasonality changes as the two other variables. While product sales and information

seeking are affected by seasonality, customer satisfaction is likely less fluctuating. Although the

sales are reduced in a period, the customers might still be satisfied with the products. This is

further underpinned by looking at the already low variation across the yearly ACSI

measurements. In addition to the seasonality, the ACSI lacks a trend component. A clear

increasing trend can be seen in the sales from 2004 - 2021. However, the customer satisfaction

index is stationary. This indicates that even though the revenue has significantly increased since
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2004, the ACSI has been less affected. However, this trend is further accelerated by the

dependent variable´s influence by macroeconomic factors, such as inflation rate and economic

fluctuations. Since the sales are observed as nominell revenue income, inflation rates and

economic growth are contributing to its increasing trend. These factors do likely not affect

customer satisfaction to the same degree and it is, therefore, more stable through the observed

period. On the other hand, the Google Trends index is also affected by a rising trend. However,

this trend could be the combination of increased demand, popularity and an increase in the

publics' use of Google. These dissimilarities between the ACSI and the sales are influencing its

capabilities in the forecasting models. Moreover, this is a limitation of this thesis, as the sales

are measured in nominal currencies and the ACSI is an index score without any impact from

seasonality or macroeconomic factors.Consequently, this thesis will lean against GT index as

the independent variable with forecasting capabilities. Still, the results indicate that the ACSI

has some influential force in the model, and when included, is reducing the Mean Percentage

Error by two percent on average. Essential to this accuracy is the optimal time lag.

As illustrated in the results, the two predictor variables perform better at different time lags. One

reason for this may be found by looking at the Purchasing Process Model illustrated in Table 15.

As described, the models perform best when the GT-index has one or zero-month time lag.

Thus, it indicates that the period from searching on Google until a purchase is lower than one

month. The ACSI, on the other hand, performs best with a time lag of one quarter. These two

optimal time lags indicate that the ACSI is predictable of the sales some months before the GT

index. It is in line with prior research and can be illustrated in Philip Kotler's model in Table 15.

Figure 24: Modified Purchasing Process Model
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Based on the purchasing process, the time lag of the ACSI could be described in the initial step.

Here, satisfied customers, through word of mouth will expose new customers. However, there is

a time period until the customer has a purchasing need for Nike products. Then, the customer is

in the information-seeking process. Within a month, this customer is purchasing a product from

Nike. Furthermore, based on the customer satisfaction, the new customers will affect other

individuals through word of mouth. Additionally, there is on average a three month period before

satisfied customers purchase Nike products.

However, in addition to finding the optimal time lag for forecast accuracy, the results from all

three models vary. As presented in the results, the best performing model is the Neural Network

Autoregression, followed by the SARIMAX. This supports previous work on the idea that

predictive performance is improved in combined models. In this thesis, both the NNAR and

SARIMAX are models which combine more than one forecasting technique. These two models

provided satisfactory results and should be considered in future studies. Apart from one quarter

in spring 2020, most predictions of the two hybrid models had percentage errors lower than 3%.

In other words, these two models predicted most quarters in the test set with an accuracy

beyond 97%. Although the MLR model predicted with lower accuracy, most predictions were

around 90% accuracy. Thus, this model proves as a decent baseline model that gave some

useful insights in the training of the other two models. However, as described in the results, the

model regression output described a negative relationship between the sales variable and the

ACSI variable. This is another reason to doubt the reliability of the ACSI into a predictive model

of MLR.
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Chapter 9

Conclusion

In this thesis, two statistical models and one machine learning model were developed to predict

Nike's quarterly sales. The goal was to examine the extent to which the search volume index

from Google Trends and the customer satisfaction index from the ACSI could predict the sales

figures for Nike. Two out of three of the models gave satisfactory results and demonstrated the

predictive capabilities of the two exogenous variables. Specifically, the hybrid models Seasonal

ARIMA with Regressors and Neural Network Autoregression performed with the highest

accuracy, and the baseline model Multiple Linear Regression had the highest percentage error.

However, the baseline model served as an essential tool in evaluating time lags and features

that were implemented into the other models.

Furthermore, this thesis finds that the time lag of the variables is of great importance to forecast

accuracy. Moreover, the optimal time lag is in line with previous work. It fits in with the

Purchasing Process Model, where customer satisfaction has a more significant lag value than

search volume.  Moreover, this thesis theorizes that customer satisfaction occurs in the first

stage of the Purchasing Process Model. Search volume takes place in the fourth and is,

therefore, closer to the purchasing decision.

Consequently, the Google Trends index is more capable of predicting sales. However, the

American Customer Satisfaction Index can increase the forecast accuracy if implemented with

the optimal time lag into the model. Nevertheless, the ACSI cannot forecast the sales of Nike on

its own with satisfactory results. In addition, the ACSI consists of several dissimilarities to the

dependent variable in this thesis. Thus, this thesis is also concluding on the predictive

capabilities of the ACSI with skepticism. However, GT provides clear capabilities in predicting

the sales. However, with this in mind, this thesis empirically illustrated the predictive capabilities

of these two variables, using three different analytical models.

In future studies, it would be interesting further to test the predictive capabilities of these two

variables. However, the measurement of customer satisfaction should be with the same

frequencies as the other variables. Thus, ensuring that the measurements are collected in the
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same period. Furthermore, to decrease the possibilities of time lags smaller than one month, the

search engine volume index should also be collected with higher frequencies. Thus, future

research should focus on more specific data to further adjust the time lag to increase the

forecasting accuracy.

In conclusion, this paper has empirically demonstrated that incorporating the Google search

volume index and the American Customer Satisfaction index into statistical models can predict

the quarterly sales of Nike one month before its release, with satisfactory results.
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Appendix A
Multiple Linear Regression (Results)

Appendix B
Seasonal Autoregressive Integrated Moving Average with Regressors (Results)
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Appendix C
Neural Network Autoregression (Results)
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