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Tämän Pro Gradu tutkielman tavoite on tutkia Google hakusanojen volyymien yhteyttä 

asiakaskiinnostukseen sekä sitä voiko hakusanadatalla ennustaa alennusmyynnin 

myyntituloksia. Pro Gradu on tehty case-yrityksen avulla. Yritys on mahdollistanut todellisen 

alennusmyynnin tuloksien analysoimisen tarjoamalla alennusmyyntidatan tähän 

tutkimukseen. Hakusanadata on ladattu ilmaiseksi Google Trends- sivuilta. Hakusanadatan 

on todettu olevan harhaton otos asiakkaiden hiljaisesta kiinnostuksesta. Hakusanojen 

ollessa kaupallisia, niitä voidaan tulkita ostohalukkuuden mittarina haettua aihetta kohtaan. 

Tämä mahdollistaa hakusanavolyymien käyttämisen prokuurana asiakaskiinnostukselle ja 

siten hakusanadataa voidaan hyödyntää myyntituloksien ennustamiseen. Käyttämällä 

Google Trends hakusanadataa voidaan mahdollisesti säästää yrityksen käyttämää rahaa 

ja aikaa vähentämällä perinteisten asiakaskyselyiden määrää. Tutkimuksen 

päätutkimuskysymys on ”Voiko Google-hakukoneen hakusanavolyymeillä ennustaa 

alennusmyynnin myyntituloksia, kun hakusanavolyymit toimivat prokuurana 

asiakaskiinnostukselle?” Tätä tutkimuskysymystä lähdetään ratkaisemaan kolmella 

teoriaosuudella, jotka käsittelevät verkkokäyttäytymistä, hakukonedataa sekä 

hakusanadatalla ennustamista. Tutkimus on kvantitatiivinen ja toteutetaan klassisella 

lineaarisella regressiomallilla. Tutkimuksen tulokset ovat lupaavia. Hakukonedata onnistui 

ennustamaan merkityksellisesti kivijalkaliikkeen myyntiä sekä kokonaismyyntiä, muttei 

kuitenkaan onlinekauppamyyntiä. Tulokset viittaavat siihen, että hakukonedataan 

perustuva selittävä muuttuja parantaa nykyisiä ennustusmalleja, koska muuttuja pystyy 

ennustamaan sekä alennusmyynnin yleisiä trendejä että potentiaalisia käännekohtia.  
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The objective of this master’s thesis is to examine search query volume- based predictor’s 

predictive power towards the case company operated bargain sale. The phenomena of 

using search queries for forecasting has gained interest during the last decades due to the 

increasing usage of search engines. Search query data is an unbiased sample of the 

population and it represents genuine and unspoken interest towards the query topic. The 

searches include commercial queries, which can be considered as proxies for customer 

interest and thus can be used for analyzing and predicting sale sizes. Google Trends 

provides free to download files that include search query volumes from chosen timelines. 

This recently discovered data opens a new opportunity for companies to study their 

consumer interests without having to conduct costly and time-consuming consumer 

surveys. The main research question is “Can Google search engine query volumes help 

estimating bargain sale outcomes from the perspective of representing a proxy for customer 

interest?” There are three theory parts to find answers to this research question. These 

three theoretical parts are customer online behavior, search engine data and forecasting 

with search queries. The thesis is a quantitative research and the forecasting will be done 

with a classic linear regression model. The results are prominent. The search query data 

was able to forecast significantly the brick store sale and the total sales. However, not the 

online store sale. The results suggest that the Google predictor improves the current 

forecasting models by being able to detect public bargain sale trends as well as the potential 

turning points of the sale. 
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1. Introduction 

 
This thesis starts off by introducing the research topic. The most relevant and often used 

term and keywords are explained after covering the research topic. In the third sub header 

the research limitations are covered. Under the fourth sub header there is going to be a 

preliminary literature review to introduce the main authors and research done towards the 

topic in hand. After this there will be the theoretical framework is presented, and research 

questions are introduced after this. The introduction chapter will end with an outline of the 

whole thesis. 

 

1.1 Research topic 

This thesis’ research is conducted to see if customer interest can be evaluated through 

online search engines’ search query volumes. More precisely can search query volumes 

help predicting case company’s bargain sales’ financial outcomes. The use of search 

engine search volume data has been proven to be at least helpful as a forecasting tool and 

thus, it should be examined further (Choi & Varian 2011). Forecasting methods have been 

previously used for predicting housing markets, employment and product prices just to 

name a few (Varian 2014). The topic is current and relevant because of the continuously 

increasing use of the internet and search engines (Statista 2018b). This user increase 

reinforces to study search query forecasting further by trying it on different economic 

measures (McLaren & Shanbhoge 2011).  

This master’s thesis is done with the help of a case company. This means that the search 

query data predicting power will be experimented on actual bargain sales data. The case 

company will provide the data about the studied bargain sale campaign. This sales data will 

work as the dependent variable for this thesis. The search query data is going to work as 

the explanatory variable. The used search query data is emitted from Google Trends. 

Google Trends provides search volume weekly statistics for different search queries. Just 

by looking at the histograms for the studied search query from Finland there is a notable 

repeating shape and distinctive peaks on search volumes. These peaks make it interesting 

to conduct this study and see if there is interconnection between the bargain sale sizes and 

search query volumes.  
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1.2 Main Keywords 

The topic of this thesis has some specific keywords that will be repeated throughout the 

whole thesis. In this sub-chapter these keywords will be defined and explained. Some words 

are the product of other researchers. Due to the similarity of the research these keywords 

are also used in this thesis and author credits are given to these specific words. 

 

Bargain sale and Clearance work as synonyms for each other throughout the 

whole thesis. They refer to the sale that is held twice a year by to the case company 

and which will work as the dependent variable and explained phenomena of this 

thesis. 

Search word or term is the word or words that a person enters into the search 

engine to get wanted results. Refers specifically to one individual word. 

Search word query is a more extensive when compared to just ‘search word’. The 

search word query represents everything that a person might enter into the search 

engine at once. It can be a question, a line of words, a title etc. This study focuses 

on studying a search word query. 

Google Trends is a search query data explorer of Google. It allows the user to see 

the unbiased data sample of a certain search word and query that users have 

entered into Googles search engine. The user can download the data as a CSV-file 

and explore it further. (Rogers 2016) In this thesis the data used to examine the 

forecasting power of the search word query is obtained from Google Trends.  

Google predictor was used by the authors Askitas and Zimmerman (2009). By this 

term the authors describe the relationship between the examined phenomenon and 

the Google search query data. When talking about the search query data and its 

relationship on the bargain sale the variable will be called the Google predictor. 

SVI is an abbreviation for Search Volume Index and it refers to the Google Trends 

datasets index value per week (Da, Engelberg & Gao 2011). In other words, SVI 

refers to the search word query volume that is in index form. The query index is used 

to describe the Google Trends data. The data is in index form instead of raw levels 

of queries for a certain search word. The index numbers are normalized values from 

0 to 100 determining the total query volume for search term divided by the total 

number of queries at a point in time (Choi & Varian 200). Simplified the index is: 

search interest index = [(number of queries for search term in time t) / (Maximum 
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search query amount)] * 100. If the index is 100 it is the so far maximum of searches 

done during the examined period. If there is next value of 50 it means that the search 

volume was half of the maximum. 

Search query volumes in this thesis represent a proxy for customer interest. This 

is an assumption made about the search query volumes that if the volumes are for 

example high the customer interest is also high. 

WOM is the abbreviation of Word-of-Mouth. WOM is the activity of person-to-person 

information sharing (Buttle 1998). In the thesis WOM is held as face-to-face 

information sharing. 

eWOM and Online WOM are word-of-mouth interaction that happen on online 

platform such as in social media, chatrooms or blogs (Davis and Khazanchi 2008). 

eWOM is an abbreviation from electronic word-of-mouth and as the name 

represents it is the same as WoM only the exception that the communication does 

to happen face-to-face. 

 

1.3 Delimitation 

All of the used data is secondary. The studied search query data is obtained from Google 

Trends (https://trends.google.com/). Sales data is obtained from the case company with the 

help of their employees. This thesis is going to be solely focusing on forecasting the bargain 

sale. The methods used in this thesis are going to precisely optimized for forecasting the 

studied data. Due to the confidentiality agreement of the company in question the 

information provided by the company such as the name of the company or the sale numbers 

will not be shown in this thesis. Nevertheless, this will not affect the study results or the 

interpretations of the results in any way. 

The delimitation for this paper is mainly going to be the used datasets structures. For both 

datasets the main limitation is time. There exists valid data that includes the online store 

from the clearance back from 2013 and onwards. It is necessary to include the online store 

outcomes into the dataset since they are so current and might possess features that are 

neglected with the search query volumes. Thus, the Google Trends data is obtained from 

between years 2013-2017. This search query data will be the independent variable to study 

the sale outcomes. The dependent variables for the study are separately going to be the 

outcomes of the bargains sale campaigns. The bargain sale is held twice a year, spring and 

autumn. Google Trends provides weekly data from a 5-year-scope (2013-2017). In these 

five years there is going to be ten different sales which can be studied. From these ten 
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campaigns there will be data collected from the company. This data is going to be the 

bargain sale dates, the profit of the sale, the budgeted profit of the sale and the marketing 

budgets per sale campaign. Another limiting aspect for sales data and search query data is 

going to be location. All of the studied data is going to be solely collected from Finland. This 

is because the sales are only held in Finland and in Google Trends a user can limit the data 

to any country location or ‘worldwide’. To keep the study coherent the search query data is 

going to be obtained only from Finland.  

To understand the relationship between search queries and customer interest this thesis 

will focus on the reasons and drivers for why people use search engines. These drivers are 

limited to motivations and trigger because the goal is to find the connection between search 

engine usage and customer interest so that the customer interest can for certain be called 

the proxy of search query volumes. For search query data the information is limited to what 

Google Trends provides and thus the methodology will follow the limitations that this data 

form creates. Forecasting methodology will follow previous literature and the actual study 

is conducted with methods that are proven to be useful. Delimitations for methodology is 

the aspect that this thesis is not supposed to be exhaustive. More precise goal is to see if 

there exist an interconnection between variables and if the data in hand has potential for 

future forecasting. This keeps the methods on the basic econometric level which can be 

easily conducted with the help of Excel analytic tools. 

 

1.4 Preliminary Literature Review 

The Concept of search word query forecasting was first examined by authors Ettredge, 

Gerdes & Karuga (2005). After that there has been a significant peak in the amount of 

literature on the topic. Choi and Varian (2009 & 2011) have followed the research of 

Ettredge et. al. and made some groundwork for future research on this topic. Based on the 

mentioned literature, this forecasting method has been proven to be helpful in predicting 

the future of different economic phenomena. Depending on the nature of the phenomenon 

the result accuracy differs. This result variation was studied by Choi and Varian (2009) who 

studied search query forecasting on home sales, automotive sales and tourism. In general, 

this topic seems to be a trending topic since it is still generally new at the scientific field and 

it has shown promising results.  

A doctoral dissertation from Gauri M. Kulkarni (2010) argues that search terms indicate 

purchasing interest and studies this on the predicting power of Google search queries on 

new product sales. This literature is the closest to this thesis and thus has helped structure 
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and choose the relevant theoretical frames. Chosen theories such as word-of-mouth have 

evolved from the research done by Buttle (1998) which had been continued by Godes and 

Mayzlin (2004). Another continuum from Buttles (1998) research has been the theory of 

electronic word-of-mouth which was studied further by Henning-Thurau, Gwinner, Walsh 

and Gremler (2004). These authors studied the motives behind word-of-mouth activity. 

Online behavior theory has gained texture from the work of Rose and Levinson (2004) who 

continued Broder’s (2002) research on search engine user goals. These goals can be 

considered significant when studying the search engine user behavior. These behavioral 

factors are found interesting when evaluating the search query data’s accuracy towards 

customer interest. 

Purcell, Brenner & Rainie (2012) and Fallows (2005) from Pew Research Center have 

stressed out the increase of search engine usage and especially the position that Google 

as the most used search engine. Brin & Page (1998) and Evans (2007) have literature on 

the search engine behavior that due to the increase of search engine usage, is also 

evolving. Rogers (2016) and Choi & Varian (2009, 2011) discuss about Google Trends and 

Google Trend data possibilities for forecasting. With the comparative study between survey-

based and Google Trends indicators Schmidt and Vosen (2009) support the future of using 

Google Trends for forecasting private consumption. 

From the literature used for this thesis Google Trends data has been studied by authors 

Choi and Varian (2009, 2011); Kristoufek (2013); Kulkarni (2010); McLaren and Shanbhoge 

(2011); Vaughan and Romero-Frías (2013); Askitas and Zimmermann (2009); Da, 

Engelberg & Gao 2011; Schmidt & Vosen 2009. Especially Hal Varian (2009, 2011 & 2014) 

and Hyunyoung Choi (2009 & 2011) have been studying Google Trends data and observing 

the possible methods to get the most out of the data. Classical linear regressions have been 

the most used modelling for predicting econometrics phenomena but paper by Varian 

(2014) goes deeper into this subject and reflects that there are many other regression 

models that will perform better when handling big data. One of these possibilities is using 

the ARMA-family models for forecasting (Choi & Varian 2011). Mainly the results from 

research have been to the direction that Google predictors helps to predict the present and 

help the models’ performance. 
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1.5 Theoretical framework 

In figure 1 there is a theoretical framework showing how the thesis shall proceed. As 

mentioned the research starts by finding the reasons that create search query volumes in 

the first place. First step to doing this is by finding the main drivers of online search behavior. 

By doing this the credibility and preciseness of the search word query data can be 

evaluated.  

The main drivers for customer searching behavior will be retrieved with the help of similar 

scientific articles and studies done by other researchers. The search query volumes are 

also observed from the direction of Google as a search engine. Since both attributes have 

their own features that affect the search query volumes they are both under observation to 

create reliability to the thesis’ results. Furthermore reassuring the search query data it is 

necessary to aknowledge the limitation that come up through the theories. 

 

Figure 1: Theoretical Framework 
 

After establishing the background and included features of the search engine data the 

theoretical framework moves on to customer interest. Customer interest is associated to be 

the proxy of search query volumes. This meaning the assumption that if the search volumes 

are high the consumer interest is high and vice versa. This is studied through previous 

literature by finding the causality between these two. To see if this assumption is true on 

hands-in level there is the bargain sale data to study. The possible relationship assumptions 

are tested by seeing how well the search engine data and the sales data correlate. 

Depending on the correlation level the forecasts are created. These forecasts will then be 

plotted against the actualized values to see how well the forecasts perform. 
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In order to find the optimal forecasting model, the previously used forecasting tools and 

methods from similar literature are observed. After evaluating the suitable forecasting 

methods there is a theoretical part about the forecasting methodology to avoid unnecessary 

testing and mistakes. Based on the methodology theory the thesis aims to find the optimal 

forecasting tool for data in-hand. After the model testing and forecast creation there should 

be some solid results that will help to give out answers to the research questions and show 

if the Google predictor possesses predicting power towards the bargain sale. 

 

1.6 Research questions 

To have clear goals for this thesis there exist the main research question and sub-questions 

to divide the main research question into smaller parts to solve. The main research question 

for this thesis is the following: 

 

Can Google search engine query volumes help estimating bargain sale outcomes 
from the perspective of representing a proxy for customer interest? 

 

Sub-questions are formed from this research question considering separately customer 

online behavior, search engines and forecasting methodology. The sub-questions for 

customer online behavior are following: 

• Can search query volumes represent customer interest? 

If so… 

• What customer needs affects search engine activity? 

• Is search engine activity a good measurement for customer interest? 

 

Sub-questions for search query data are the following: 

• Is Google Trends data a valid measurement for customer interest? 

• Is Google Trends data valid for forecasting? 

Sub-questions for forecasting methodology: 

• What forecasting methods are efficient for handling search query data? 

• Is search query-based forecasting beneficial?  
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1.7 Study outline 

The thesis will start with a literature review. The literature review gives a representation 

about what there has been written about on the topic in hand and also, to see who have 

done the first and most significant studies. After this, the paper will move on to the 

theoretical parts. There are three main theoretical parts. The theory starts by going through 

customer online behavior as a phenomenon. The goal is to define what are the drivers that 

make customers use search engines. After defining the drivers there will be a more concrete 

causality relationship between the search word data and customer interest. The main 

theoretical frames under this chapter are going to be the goals behind search engine usage 

and triggers behind these goals. 

After this the thesis moves on to theory about search engine data. The goal for this theory 

parts is to examine search engines and search query data. More precisely the target is on 

Google as a search engine. Hence, this theory part will also cover the theory about Google 

Trends. Important for the reliability for this study is to evaluate Google search engine and 

Google Trends data. Also, the structure of the search query data is under the observation 

and this is why there is a collection of search query data limitation from devoted authors.  

The last theoretical part is going to handle the forecasting methodology. Aim is to find the 

methods that are used to analyze the relationship between the search query volume and 

sales profits. By evaluating previously used forecasting and data handling methods the 

goals is to find the best one to conduct this thesis’ study. There will be also discussion about 

these methods and reasoning about their benefits and faults. 

After the three theoretical parts have been covered the thesis moves on to the empirical 

part of the thesis. In the empirical analysis the goal is to see if there truly are any forecasting 

attributes between the search query data and the customer interest to creates sales. First 

in this chapter are the reasons behind the conduction of the study and connections between 

the theory and the conducted study. After this the thesis moves on to data structures. First 

thing to be explained is the company dependent bargain sales data and then Google Trends 

search query data. After this there is the constructing of the used forecasting method and 

then the used models. After the testing there will be the results and discussion about the 

results. The discussion will focus on the analysis of the results and on the reasons of the 

outcome. After the discussion there is going to be the study result and findings. The thesis 

ends with an executive summary. List of references and appendices are located at the very 

end of the thesis. 
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2. Literature Review 

 
In this chapter there will be a narration about the main literature that has had an influence 

on the thesis topic and that has been directional to the conduction of the research. The first 

part is going to review about the literature used to find the main drivers for online search 

engine usage. This is done by examining customer online behavior. The second part is a 

see-through about the used literature to evaluate the search engine- based forecasting 

methods. The last part focuses on the data analyzing methods and on the forecasting 

models that are used to evaluate the actual correlation between company’s sale data and 

Google Trends’ search query data. 

 

2.1 Customer online behavior 

The amount of research on customer behavior is vast. For this study the focus has been 

mainly on online behavior, eWoM and triggers for these mentioned actions. The increase 

of internet usage has also increased the amount of research done towards understanding 

better the online behavior of customers and search engine functionality. After the millennium 

change there seems to be quite many and very specific articles about user online search 

behavior (Rose & Levinson 2004; Broder 2002; White & Drucker 2007), articles about 
who are the search engine users (Deborah 2005) and what is expected of search engines 

by the users (Teevan, Alvarado, Ackerman & Karger 2004). The most common motivation 

behind the conductions of these research articles has been the lack of previous research 

on the topic of online user behavior. 

Buttle (1998) stresses out in his article “Word of mouth: understanding and managing 

referral marketing” the significance that WoM has on customer behavior. He discusses how 

WoM influences conditions such as awareness, expectations, perceptions, attitudes, 

behavioral intentions and behavior of the consumer. Buttle (1998) says that WoM is stronger 

than any marketer-controlled sources. Thus, WOM works as unconscious advertising for 

the marketer and it is free for the company. Godes and Mayzlin (2004) support this idea 

by stressing out the credibility that WoM has in sharing information. WoM is a possible driver 

for online searching because of the studied efficiency and hopefully also therefore a driver 

for consumer interest shifting. 

Rose and Levinson (2004) as well as Broder (2002) study the motives search engine user 

have for their searching behavior. They try to find what are the users’ needs and goals when 

entering a query into the search engine. They also aim to find the answer to the question: 
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‘Why do people use search engines?’. Broder (2002) conducted his study by making a pop-

up-window survey when using the search engine. This survey was presented to random 

users. The survey simply asked what the user was looking for in very broad question forms 

and all the answers had a different goal behind them. From these answers Broder collected 

a trichotomy of goals (navigational, informational and transactional) that searchers most 

probably have behind their search action. Rose and Levinson (2004) continue the research 

that Broder (2002) has done by adding their own search word query research into it. By 

doing so a new motivated goal was found: The recourse searching goal. Both of the papers 

help out to define the undefined goals that lie behind the customers’ motives. The four 

search goals can all be connected to the reasons to why a potential customer would use 

search engines for information. This extended trichotomy of goals has worked as 

groundwork for further research about online behavior. 

In article “Electronic Word-of-Mouth via consumer-opinion platforms: What motivates 

consumers to articulate themselves on the internet?” by Henning-Thurau et. al. (2004) the 

authors described how word-of-mouth is evolving to be a vital part of the internet since the 

internet is becoming a big platform for discussions about different subjects. This change 

has created a new form of WoM which is called electronic word-of-mouth (eWoM). This is 

a change that has gained interest since eWOM creates obtainable data into the web that 

can actually be studied easily. The eWoM data is in more permanent form and thus, it is 

easy to use for research, which has not been possible from traditional WoM. Henning-

Thurau et. al.  (2004) discuss about the importance of the consumer motives created by 

WoM. These motives seem to be similar with eWoM based on previous literature. This is 

important since there is more literature based on traditional WoM than on eWom. If the core 

human motives stay the same, it is easier to understand the eWOM actions that can be 

obtained from the web and put under research. This list of motives created by WoM has 

worked as a base for the search engine user motives for this thesis.  

 

2.2 Use of online data for forecasting 

Gauri M. Kulkarni (2010) has done a dissertation about the topic ‘Using online search data 

to forecast new product sales’. This has been an important literature for creating the 

structure of this thesis and also, an important literature source for the studied topics. 

Kulkarni (2010) studies the online behavior of customers and how it might have a helping 

impact on forecasting future product sales. As for this thesis, Kulkarni also uses data that 

is provided by Google Trends to test the possible interdependence. Technical report written 

by Choi and Varian (2011) shows more technically how well Google Trends data can be 
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used to help predicting the future and the present for economic indicators. Their paper 

“Predicting the Present with Google Trends” from years 2009 and 2011 has worked as a 

groundwork for other researchers as well. Author Askitas & Zimmermann (2009); 
McLaren & Shanbhoge (2011); Schmidt & Vosen (2009) to name a few have been 

influenced from the research done by Choi and Varian and have had their own influencing 

input into the field of search query forecasting. Also, other researches done by Choi and 

Varian have worked as referential study to many other research papers. 

Using search word data to forecast the future of an economic phenomenon is turning more 

common with the rise of the internet usage. Research done under the Pew Research 
Center (2005 & 2012) there are clear numbers on how the search engines usage is turning 

to be the most popular internet activity for people. Askitas & Zimmermann (2009) and 
Ettredge, Gerdes & Karuga (2005) have studied the effect of search word volumes on 

determining the employment rates. The forecasting of unemployment rate has been a rising 

topic and vastly studied after the Ettredge at. al. (2005) research. Both, Askitas & 

Zimmermann (2009) and Ettredge et. al (2005) studies found that there is significant or 

notable correlation between the economic phenomena and search query volumes. Choi 

and Varian (2011) followed the paper made by Ettredge et. al. (2005) and said it would be 

the first paper to study the predictive abilities of search query volumes (Choi & Varian 2011).  

The big boom of bitcoins also made it quite common to use search word data to predict the 

currency floating because of the lack of an appropriate forecasting tools (Kristoufek 2013; 

Young, Lee, Park, Choo, Jong-Hyun & Kim 2017). Connected papers have come to the 

conclusion that the search query volumes have predictive attributes toward bitcoin value. 

After the year 2005 the number of articles about search engine-based forecasting is 

increasing. Search query forecasting has also created a boom in forecasting flu and 

influenza epidemics and such studies have been conducted by Ginsberg, Mohebbi, Patel, 
Brammer, Smolinski and Brilliant (2009) as well as authors Goel, Hofman, Lahaie, 
Pennock and Watts (2010). 

Research by McLaren and Shanbhogue (2011) focuses on examining the labor and 

housing markets in the UK and can it be predicted by search query data. They discuss the 

problems that search word-based forecasting can entail when used on economic activity 

such as the newness of the data and stiffness of search terms. Another problem they debate 

about is the inevitable index form that Google Trends data possesses. The index property 

of the data narrows down the possibilities that the data can give. It also gives biased result 

when two different queries are compared to each other since the index is done only inside 

of the individual queries data. The indexes from different queries are then not compatible 
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with each other. Kristoufek (2013) mentioned another search query data problem in his 

research article. The problem is that the search data cannot be divided into positive and 

negative interest. Thus, it is not possible to study singularly the positive search interest. 

Castle, Fawcett & Hendry (2009) also adds some problematic features to the Google 

predictor. They characterize the forecasting methods as a trade-off between timeliness and 

data quality. Last salient data limitations were discussed by Vaughan & Romero-Frías 
(2013) and they were barriers that the language and location create to the data. Discussing 

problems around used language and word for the entered query are authors Teevan, 
Alvarado, Ackerman and Karger (2004) (different keywords), Brin and Page (1998) 
(misspelling queries) and Vaughan and Romero-Frías (2013) (language). So, even if the 

search query-based forecasting seems to have prominent results there are still issues that 

limit the usage and create debate between researcher. The debate is mainly about the 

reliability of the forecasting results when Google predictors are involved. 

 

2.3 Data handling methodology 

There are four categories into which data analysis in statistics and econometrics can be 

divided into. These categories were put together by Varian (2014) and they are: 1) 

predicting, 2) summarizing, 3) estimating, and 4) hypothesis testing. Even if not in the list, 

visualization is also an important part of econometric research and it is a good starting point 

if the data size and shape allow it. (Varian 2014)  

The most vitalizing starting point for studying time-series search query data is indeed to 

visualize the dataset and to see how the variables compare to each other when plotted 

against each other on a common timeline. This then helps to validate if there is a possible 

relationship to study and post-evaluate the result by returning to the graph shapes. 

Visualization has been used by various researches such as Kulkarni 2010; Askitas & 

Zimmermann 2009; Choi & Varian 2011; Kristoufek (2013); Shimshoni et. al. (2009); Goel, 

Hofman, Lahaie, Pennock & Watts (2010). Using graphical methods in the beginning of the 

data analysis can also help to detect possible unwanted features and thus help to improve 

the dataset before actual model fitting (Brooks 2008, 133; 140-141; 165-167). 

Varian (2014) discusses that regression models are the optimal tools for summarization. 

Koop and Onorante (2013) discuss in their paper how linear regression models are very 

useful for search query data and it is a straightforward method to create predictions. Hal 
Varian (2014) agrees that linear regression models are efficient and especially large 

dataset allow flexibility into the simple linear models. Varian also discusses about the 
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possibilities that other regression models than just linear regression models can offer for 

handling big data in forecasting. One possible method is using regression trees. The 

research of regression tools was continued by Varian and Choi (2011) by adding ARMA 

(Autoregressive Moving Average)- family forecasting tools as an efficient way of using 

search query data for forecasting economic metrics. 

There is debate between researcher weather Google Trends data is relevant in short-term 

and long-term forecasting. Varian (2014) conclude from various authors that Google search 

queries have significant short-term predictive power when it comes to economic metrics. 

Dimpfl and Jank (2012) shows that search queries can improve long-run predictions when 

they study stock market volatility. The authors speak about autoregressive time series 

models being relevant for handling search queries and they help to created good predictions 

for long-term studies. Choi and Varian (2009, 2011) support this claim with a result that 

search query data can significantly help creating a predictor that helps predicting long-term 

values. Koop and Onorante (2013) debate against Choi and Varian’s finding by saying 

that Google Trends data is rarely useful in broad macroeconomic variables. Though, Koop 

and Onorante (2013) do agree that for more specific variables (private consumption, 

housing or labor marker) the Google Trends data is proven to be helpful and necessary. 

Papers from Choi and Varian (2009, 2011) stress the predictive feature of Google Trends 

data for short-term predicting and predicting the present. In other word search query data 

is good for nowcasting. 

Schmidt and Vosen (2009) conducted a relevant study about comparing survey-based 

indicators with Google Trends. They conclude their findings to the fact that Google Trends 

outperform survey-based indicators when forecasting private consumption. McLaren and 
Shanbhoge (2011) support this ideology and add the possibility that surveys are 

consciously collected based on pre-determined questions whereas the search query data 

is not and might help to answer unexpected and unsupervised issues. Search query data 

is collected based on behavior and is correlated with the current time thus it can provide 

more information about that time period.  

In various articled used to conduct this thesis, the usage of search query data created 

Google predictor as one of predictors increases the model performance significantly. If not 

straightforwardly at least through decreasing the mean squared or mean average errors. 
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3. Customer online behavior 

 
This chapter will handle the topic of customer online behavior. It is a relevant subject 

because it is expected to have causality to the action of online searching. The goal of this 

part is to find the drivers that lead the customers to use internet search engines. These 

established main drivers can be used to evaluate the search data more carefully and thus 

evaluate how well search engine usage behavior actually represent customer interest. Also, 

by defining the motivations and triggers to the drivers it is more possible to see if the search 

action can be controlled by the company or if the company has generated them possibly in 

the first place. 

This chapter starts off with explaining the structure of the chapter and how the handled 

theories connect with each other. Then there will be theory about the main motives for 

search engine usage. After this there will be more theory about the main driver which is 

word-of-mouth. Before ending the chapter, the main triggers for WoM shall be covered. This 

chapter will end with a discussion about the connection relevance of the covered theories 

with the research subject of the thesis. 

 

3.1. Chapter outline 

This third chapter starts by examining the motives behind users for using a search engine. 

After this there is going to be a closer examination of those motives and how they have 

been triggered originally. In Figure 2 there is a causal map about the reasons which create 

search query volumes. From the figure 2 there is a link between ‘Customer interest’ and 

different goals. This goal- approach is created to describe the motivations that people have 

to use search engines and it was originally created by Broder (2002) but was shaped into 

the form that it is used in this thesis by Rose and Levinson (2004). These goals are created 

through different needs and lead to different kinds of search query forms. Through finding 

the user needs it is possible to track where these goals were originated from. 
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Figure 2: Causal Map of Search Engine Use Motives and Triggers 
 

Figure 2 shows the main drivers that have been chosen to be the most accurate ones for 

this thesis. The main drivers are: Traditional word-of-mouth (WOM) and internet based 

electronic word-of-mouth (eWOM). There are certain needs that trigger people to share 

information to one another. In part 3.4 there is going to be more detailed theory about the 

reasons for why people take part in electronic as well as traditional word-of-mouth. 

Simplified the theory parts show that WoM/eWoM creates needs which turn in to goals. 

These goals are satisfied through search engines. Depending on the need the search query 

is formed. Together all these search goals create search volumes that can be examined. 
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3.2 Search engine user motives 

The amount of search engine users in the United States in 2015 was 219.7 million users 

and the predicted user amount for the year 2020 is 239.1 million users. This will be 

approximately a 20 million user increase. After this the coverage is going to be over 70% of 

the whole population in the United States. (Statista 2018b) This 70% is only search engine 

users. When including all of the internet users the percentage will be even higher. These 

search engine users search for personally relevant information as well as answers to trivial 

questions. People use search engines for knowledge and also just for fun. Traditionally 

information-searching has been used for learning objectives. Nowadays, when search 

engines have made the information-search less challenging, it is more common to search 

information aka trivia just out of curiosity. (Fallows 2005) Based on studies it seems 

apparent that people search for information to fill out some need for example out of curiosity 

or due to an information gap. 

Before the internet the information search has been through books and libraries. Now with 

the digitalization the traditional searching activity is moving more to the internet. But the 

surmise is that the motivations are still similar to as why people search for information, 

especially customers. From a commercial point of view the internet has opened up a whole 

new scale of opportunities. Now when a potential customer hears something interesting for 

example about a bargain sale they can simply just type in what they know about the topic 

into the search engine and expect relevant results. In order to understand the search engine 

usage goals, it is necessary to sort out first the motivations behind the search queries 

themselves. (Teevan et. al. 2004) This digitalization of information search seems also to be 

changing the form of consumer behavior since in traditional information search a customer 

should turn into a fellow product user for advice (in other word participate in word-of-mouth 

communication). Nowadays it is possible to evaluate products through the search engine 

results and find the optimal one just by browsing the web. Even though there are shifts 

towards more efficient information search possibilities the triggers for finding information 

should still be the same. These triggers, more commonly said these needs are the ones 

that should be established in order to understand the customer mindset before even starting 

the information search in the first place. 

People use search engines to fill out an underlying need (Rose & Levinson 2004). Broder 

(2002) has created a trichotomy of web search types to understand these needs. These 

search types describe the need and the goal of the search that the user wants to fulfil. The 

types are: navigational searches, informational searches and transactional searches. 

Navigational searches have the goal to find a specific URL of a website. For example, a 
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customer could enter the search query command “example store” to the search engine and 

expect to be navigated to the official company website. Informational searches are 

considered to be the most traditional search types because it is similar to the traditional 

library information searching method (Rose & Levinson 2004). These informational 

searches have the goal to find further information about a topic in interest. For example, a 

potential customer could enter search command for ‘new car’ just to get more information 

about it. The expected result could be for example a catalogue of new car models, what are 

the cars like and where are they sold at. In other words, the informational search result is 

expected to be broad information stream about anything that is related to the topic of 

interest. Transactional searches aim to find a website in which an activity can be performed. 

For example, a user could search for a specific clothing brand and expect to get a website 

that offers the possibility to shop online for the specific brand products. 

Rose and Levinson (2004) continue this Broder’s study (2002) by adding one more type 

into the web search types. This type is resource search. The goal of this type is to find 

something specific to have as a resource. This means that the searcher does not just want 

the transitory information. For example, a customer could enter the search command for a 

clearance in the hope to find the sale catalogue. Not just to view the catalogue at that 

moment but also to have it during the whole week when that sale is held. This search has 

not been done to learn about the topic but more about having the information at hand when 

it is needed. The authors described the resource searching from the searchers point of view 

as “My goal is to obtain a resource (not information) available on web pages”. Rose and 

Levinson (2004) categorized the need for the resources as download, entertainment, 

interact and obtain. Downloading is an indication for owning a resource for further need and 

retention. Entertainment indicates to videos and pictures. Items that can be watched that 

are available to find from the result page. Interact resources are results that help the current 

situation for example the weather or measurement converter tool. Last resource form was 

to obtained resources which the authors indicates as something that is possible to print out 

or just look from the screen. These are thing as lecture plans and scientific articles. 

Originated from Broder’s (2002) research authors Rose and Levinson (2004) specify 

informational searches into two categories: Direct and Undirected. The separation is based 

on what kind of further information is the searcher aiming to get and how it effects the search 

term entered to the search engine. Direct goal is targeted to find a particular further 

information on the topic for example, using the search word query ‘When is the clearance 

held’. This kind of a search query has only one unambiguous answer. The second one, 

unidirectional goal, describes the searches desire to learn anything or everything about the 
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topic. In this case the search query is very open for example only entering a company name 

and the expected search results are any information where the search word query is 

mentioned. 

When understanding the user goals and what expectation lie behind the entered search 

query, it is possible to increase the performance of the search engine on result accuracy. 

Also, there is the possibility to gain relevant data about what kind of information search 

engine users are looking for and what triggers them to search the topic. (Teevan et. al. 

2004) By understanding these goals that the potential customer might have it is also easier 

to evaluate how well the search word query volume can predict the actual interest towards 

the query-subject. When thinking about the search engine user goals, they are limited to 

personal levels and are quite hedonistic, which is understandable since the main goal is to 

fulfill a personal need. (Rose & Levinson 2004) But even as a personal need the need can 

be one that evolves around social interaction. With further research there seem to be more 

community-based motives that might trigger information needs for search engine user. 

These motivations are created by person-to-person interactions or in other words through 

word-of-mouth. These community-based approaches study more precisely the motives that 

happen before entering a query to a search engine. These community-based approached 

are also more pervasive. (Godes & Mayzlin 2004) 

  

3.3 WoM creates searching motivations 

Vakratsas and Ambler (1999) discusses in their article that the ignition for the actual 

customer behavior comes from the mental effect that is generated by an outside trigger. 

The authors have done this study based on more than 250 articles to observe how 

advertising works on consumer behavior. Their paper focuses on how advertising can work 

as the ignitor for the mental effect. Important for this thesis is to stress out from the article 

the fact that adverting does not only mean the conscious advertising from the marketer. 

Advertising can also be implicit and interactive, and it may happen unconsciously from the 

marketer, but it has the same advertising effect on the consumer. This unconscious 

advertising can be for example conversations with fellow consumer about a product 

excellence. Studied by Lindgreen and Vanhamme (2005) this is also called viral marketing 

or as the thesis focuses on calling it, the word-of-mouth marketing. Word-of-mouth 

marketing creates marketer unconscious advertising which might then triggers the customer 

to buy the product or at ‘google’ it and see what it is all about. 
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Word-of-Mouth is one of the oldest information-sharing methods and has existed as long 

as the humankind has been able to communicate to one another. WOM is person-to-person 

communicating where there is an information communicator and the receiver. The 

information that is shared is non-commercial, but the message has a positive or negative 

approach toward a company, brand, product, service and so on. WOM-activity is said to 

have a strong influencing ability on people’s knowledge, feelings and thus their behavior. 

This activity is said to be stronger than any marketer-controlled sources. Thus, word of 

mouth could work as a company promoter and it is free of charge if the company gets its 

consumer to share their product/service experience. This is only one of the reasons why 

WOM has been studied lately more and more. The goal would be to find a way to control 

the information that customers share and thus create good company image and increase 

sales. (Buttle 1998; Lindgreen & Vanhamme 2005)  

Godes and Mayzlin (2004) are supporting this idea by stressing out the credibility that WOM 

has compared to anything else. Peer-to-peer communication has the authenticity that is 

hard to mimic by a company. This is because the authentic feel comes from the assumption 

that a company cannot be involved in the interaction. The honest agenda of simply sharing 

information about positive or negative experience reinforces the power of WOM. Lindgreen 

and Vanhamme (2005) continues this mentality by saying that WOM marketing has the 

power it has because of the emotion of surprise. This emotion of surprise refers to the 

experience the customer has had on the company or product. When consumer experiences 

a surprising emotion of satisfaction or dissatisfaction it is more prominent that the person 

will share this experience to others (Henning et. al. 2004; Lindgreen & Vanhamme 2005).  

With the importance of WOM for a company there is a problem. Godes and Mayzlin (2004) 

address there is a difficulty of actually measuring WOM and control its usage on promotion. 

This is because information change happens in conversation forms. Word of mouth usually 

happens face-to-face and is strongly linked to the attitudes of the communicator and 

receiver (Lindgreen & Vanhamme 2005). Godes and Mayzlin (2004) aims to solve this 

problem by focusing on the current trend which is the electronic word of mouth (eWOM). 

The eWOM is easier to examine since it leaves a permanent trace into the internet which 

then can be obtained and observed. Electronic word-of-mouth message is also more 

straightforward since the sender needs to articulate his or her message into writing thus it 

is easier to understand if the message is positive or negative approach. (Lindgreen & 

Vanhamme 2005) Another noteworthy feature is that when studying eWOM it is possible to 

examine the whole conversation from beginning to end and see how the topic evolves 

during conversation (Hung & Yiyan Li 2007). 
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Cheung and Thadani (2010) discusses that the advent of the internet has accelerated the 

power of the (electronic) word-of-mouth activity. The internet provides platforms that are 

easy to access, participate in conversation and share information of their own. These 

platforms also offer on-date information about current topics and consumer products. Online 

platforms allow people whom don’t know each other to spread information between one 

another which then broadens the scale of information receivers. This concluding to the fact 

that the internet provides bigger networks in which consumer can have word-of-mouth 

activity between each other. (Henning-Thurau et. al. 2004) Davis and Khazanchi (2008) 

summarizes online based WOM as: “The ability to exchange opinions and experiences 

online is known as online word of mouth (WOM)”.  

Henning-Thurau et. al. (2004) stress out the power of WOM and how the movement towards 

eWOM also shift the power from the company to the consumers. This is through the network 

that the online platform provides and thus gives the consumers the freedom to share any 

kind of criticism to others.  This power of consumer to consumer influence turns big when 

the topic gets a buzz on it. This buzz is interesting since it is created by word-of-mouth, but 

it also creates word-of-mouth. The term ‘buzz’ refers to the phenomenon when a topic gets 

an unexpected online interest around it and this then creates web searching and discussion 

around the topic (Kulkarni 2010). If a company manages to get a buzz about its products, it 

will be free worldwide advertisement. An optimal goal would be to gain WOM on a positive 

product experience which then would turn into an online buzz and catch the attention of 

people that would never otherwise be in touch with the company. 

In Buttle’s (1998) article there was an important notation that WOM does not have to be 

only consumer-to-consumer based information sharing. It can also be a bit more 

commercial without being straightforward company advertisement. This kind of “half-

commercial” WOM happens when the other person is a company employee and the other 

is a normal consumer but the conversation between the two does not evolve around the 

goal to gain sales. The WoM that happens between for example, the sales assistant and 

the customer may trigger the customer to search more information about the topic he or 

she heard about due to the knowledge of the sale assistant. When the company employee 

is part of the WoM there might be skepticism about the genuineness of the conversation. 

When including a friendship aspect to the conversation it makes the expectation for the 

conversation to be genuine. Thus, this kind of “half-commercial” WoM can either work as 

peer-to-peer information sharing or it can feel like a face-to-face advertisement. 

As stated WOM has an important place when evaluating consumer communication and 

information sharing and thus, customer behavior. To understand customer behavior even 
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deeper the theory will look into the reasons behind word-of-mouth. By finding the reasons 

why people share some things and some they don’t it is possible to understand if these 

triggers could be possibly controlled by the company. Through controlling these triggers 

there is a possibility to control the creation of brand awareness and customer interest 

(Chaudhuri & Holbrook 2001). 

 

3.4 Triggers creating word-of-mouth 

There exist reasons behind why people participate in word-of-mouth activity and these 

reasons are similar to electronic WoM. Authors Henning-Thurau et. al. (2004) collected 

together the primitive reasons why people share information between each other. In their 

article “Electronic Word-of-Mouth via consumer-opinion platforms: What motivates 

consumers to articulate themselves on the internet?” the authors discuss about the 

electronic word-of-mouth motives. They state that the consumer motivations created from 

WoM are similar with eWoM, based on previous literature. The main WoM drivers were 

collected together from papers by authors: Dichter (1966); Engel, Blackwell & Miniard 

(1993) and Sundaram, Mitra & Webster (1998). Since the papers are continuations of each 

other there were same motives listed between authors. For this list these duplications were 

removed. These itemized motivations collected by authors Henning-Thurau et. al. (2004) 

are: 

From Dichter (1966): Product-involvement, self-involvement, message-involvement 

and other-involvement. The word involvement indicates to the strong connection 

that the communicator has towards the discussed topic. Product-involvement refers 

to a strong feeling about the product and thus the need to share it further on to gain 

personal reassurance. Self-involvement represents the persons need to share 

information about a product to gratify personal emotional needs. Message-

involvement is the outcome of a message trigger of an advertisement, commercial 

etc. that was strong enough to simulate the need to discuss about the topic further 

with a peer consumer. Other-involvement refers to the activity where the 

communicator has a need to share the topic to the receiver for more specific 

personal or social reasons.  

From Engel et. al (1993): Involvement, self-enhancement, concern for others and 

dissonance reduction. Involvement is the involvement the communicator has on the 

topic and this simulates general need for further discussions on the topic. Self-

enhancement refers to the need of the communicator to gain attention with the 
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product information and expressing him- or herself as an intelligent shopper. 

Concern for others is the genuine need to help the other such as friend or relative 

to make good purchasing decision. Dissonance reduction is the feeling after a bad 

purchase and my conversation the goal is to reduce this doubt. 

From Sundaram et. al. (1998): Altruism (positive and negative WOM), helping the 

company, anxiety reduction, vengeance and advice seeking. Altruism from positive 

or negative WOM refers to the act of sharing own experiences and through that the 

target of helping the other to make a good purchasing decision or avoiding it. Helping 

the company as the name says is simply the desire to support the company due to 

personal involvement or through good experience. Anxiety reduction refers to the 

ease that a discussion gives to the communicator on his or her negative feeling of 

anger, anxiety and frustration that the product purchase or advertisement has 

created. Vengeance is to share personal negative experience to make the company 

look bad as a revenge of the personal bad experience. Advice seeking is the act of 

discussion when the goal for the communicator is to resolve a problem by obtaining 

advice from others. 

Henning-Thurau et. al. (2004) compile from several authors that consumers share WOM 

mainly when their consumption-related expectations are not reinforced. Depending if the 

WOM is negative or positive the sharing motivations differ. Also depending on how 

strong/involving the need or the feeling has been for the communicator affect the message 

effectiveness (Lindgreen & Vanhamme 2005). A strong emotional feel to the subject 

(Lindgreen & Vanhamme 2005) and negative experience (Anderson 1998) are the most 

probable conditions for a consumer to share their experiences to others. This is reinforced 

by the idea that when one consumer finds something strong emotionally (negative or 

positive) it would be expected to be the same for peer-consumer and thus sharing the 

experience would be considered to be highly useful for the receiver as the experience was 

for the communicator (Lindgreen & Vanhamme 2005). The assumption behind the 

communicator is that there is some utility for the information which could be moved forwards 

to the receiver. This utility approach was explored by Balasubramanian and Mahajan 

(2001), Lindgreen and Vanhamme (2005) and also used by Henning-Thurau et. al. (2004) 

to understand the need for sharing a message to one another from a different direction than 

just personal emotion. 

When combining all of the mentioned WoM motivations together and observing them 

together the result is that they all have some kind of utility behind them (Henning-Thurau 

et. al. 2004). Balasubramanian and Mahajan (2001) describes this utility framework to 
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integrate social and economic activity together. These utilities are focus-related utility, 

consumption utility and approval utility. When examining the collected motivations, it can 

be seen that all of them fit into one of these utilities and hence gives a bigger picture about 

consumer behavior (Henning-Thurau et. al. 2004). The focus-related utility describes a 

motive that support and strengthens the community. Consumption utility reflect the gain 

from the contribution of others in other words the consumption of the conversation creates 

further knowledge to the communicator and the receiver. Approval utility focuses on the 

idea that the communication generates social approval. (Balasubramanian & Mahajan 

2001) The collected motivations can be divided in to these utility- groups based on their 

character (Henning-Thurau et. al. 2004). The original group division for motivations was 

roughly done by Henning-Thuraus et. al. in their article (2004). With the adjustments of the 

list of motivations this division was adjusted further in this thesis. Here is a list of these 

motivations divided into utility groups based on their utility purpose: 

In focus-related utility group there are: Other-involvement, Concern for others, 

Altruism (positive and negative WOM) and Helping the company. Vengeance also 

is included in this group since it has a community impact and the utility groups are 

narrowly assumed to be including only positive motivations. Message-involvement 

is included into this group if the messages main goal is to support the receiving end 

in some way. 

In consumption utility- group there are: Product-involvement, Self-involvement and 

Advice seeking. Message-involvement is included in this group if the message is 

shared to the receiver personally in order to gain further information about the topic 

and the receiver is the one who offers the information. Dissonance reduction is 

included in this group since the goal of the communicator is to share the word in 

order to reduce personal dissonance and this same goal applies also for anxiety 

reduction- motive 

In approval utility- group there are: Self-enhancement and Involvement. 

 

People use search engines to fulfill an underlying need. This need is created by interactions 

that happen through word-of-mouth or through electronic/online word-of-mouth. People 

share consumer related word-of-mouth when they have had a strong feeling of involvement 

about the consumer experience and then the shared information will work as a utility for the 

communicator, receiver or community. This user need then forms into a goal that the search 

engine is expected to fulfill. Thus, hits on specific search queries will increase. 
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3.5 Discussion 

The observed bargain sale is held twice a year and by so has evolved to be a part of some 

consumers yearly traditions. The “rareness” of the sale creates word-of-mouth around the 

sale when the sales dates are approaching, or this could be assumed based on the notable 

search volume increases around the sale dates. The WoM will be spread by dedicated 

brand loyalists (Chaudhuri & Holbrook 2001) and by consumers who find the sale 

convenient. Due to the increase of internet usage the bargain sale has gained to be a part 

of also the electronic platforms and creation of eWoM. But in any scenario, there are 

motivations that create buzz around the sale and these motivations can be associated with 

the ones mentioned in the theory. Especially current with the bargain sale search query 

volumes would be mostly the positive motivations. This with the assumption that a 

consumer would not look up bargain sales which they have not heard good feedback about.  

The data about the search query volumes of the bargain sale are only numbers, but they 

can be assumed to be created through navigational, informational, transactional and 

resource search goals. The navigational target is to find the website of the company hosting 

the bargain sale or the bargain sales own website. Informational search would give the goal 

of finding where and when the bargain sale is held. Transactional goal could target to find 

the online shop of the bargain sale and avoid going to the physical store. Lastly the resource 

goal would be in the bargain sale case to have the catalogue and timetable of the sale. 

These are the objective query hits that show as high or low index values. To see how the 

bargain sale queries are created the motivations behind WoM might give explanations. 

Main motivations behind WoM about the bargain sale would be product-involvement, self-

involvement, message-involvement, self-enhancement, concern for others, dissonance 

reduction, helping the company, advice seeking and other-involvement. The bargain sale is 

held only around one brand, and this increases the product-involvement aspect for the 

customer to share their involvement in the brand (Chaudhuri & Holbrook 2001). Self-

involvement is strong also because of the trust towards the brand and for many the mindset 

that they return to the bargain sale every time to reinforces the gratification of personal 

needs. Message-involvement was the trigger created via advertisements and around the 

bargain sale there is marketing around the sale and hopefully these ads also create WoM 

amongst potential customers. Self-enhancement can be considered as a part of the fact 

that the focus in on a bargain sale which immediately might refer to an intelligent buying 

habit when compared to buy the brand-product normal priced. When observing more the 

question why a person would share information about the bargain sale the concern for 
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others- motivation is definitely one. The dissonance reduction- motive is not that positive 

from first glance but since bargain sale might have the tendency to push the consumer to 

buy something out of low-price rather than need the consumer might need to discuss the 

purchase in order to realize it was a good purchase. Helping the company- motivation might 

mainly come from old employees or some real brand loyalists. Advice seeking- motivation 

might most definitely be a leading factor to the bargain sale since there might exists peer-

consumers who need advice where to get the specific brand with affordable price. Lastly 

the other-involvement should be mentioned since there can be many different personal, 

historical and social reasons why a customer would share the word about the bargain sale. 

These motivations towards the bargain sale can also be categorized to the utility- groups. 

The bargain sale connects people and brings similar consumers together. This need for 

connection might create the focus-related utilities for the consumers in the need of 

strengthening the community. Consumption utility mainly would refer to the need to discuss 

the sale advantages and why the consumer should buy a product that is offered only during 

the sale. Since the bargain sale is a brand product sale as mentioned it does evolve around 

the approval utility. Consumers want to feel a part of a social group and product brands are 

modern ways to show in what lifestyle the individual is involved in or wants to be involved 

in (Chaudhuri & Holbrook 2001). The bargain could be considered most strongly as the 

approval utility since the bargain sale lures customer with rare items and reduces prices. 

This would reflect mostly to the need to make a good buy and gain specifically product from 

that specific brand. 

Google predictor (search query data) aims to provide a measure for “consumers’ 

preparatory steps to spend by employing the volume of consumption related search 

queries” (Schmidt & Vosen 2009). These preparatory steps can be thought as a part of the 

consumer purchasing process. The process steps are 1. Problem recognition, 2. 

Information search, 3. Evaluating alternatives, 4. Purchase decision and 5. Post-purchase 

evaluation. When considering the triggers and motives for search engine usage they go 

hand-in-hand with process steps 1, 2 and 3.  

The first step of problem/interest recognition can be considered as the trigger for the action 

which in this case can be seen as the utility-based approach. The second step of information 

search is quite straight-forward. This happened between WOM conversation and using the 

search engine or solely in the current internet era the consumer goes straight to the search 

engine for information digging. The third step ‘Evaluating the alternatives’ is easily done 

through the search engine as well since it is quite simple to just enter queries, find results 

and then compare these results to each other to find the best choice (step 4). Step five can 
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work as the ignitor for new triggers. The post-purchase opinion can be spreader as WOM 

or eWOM and thus creating need to other consumers and/or helping other to evaluate their 

product choices. The use of search engines has evolved to be such a strong part of our 

lives that it is starting to be essential to include it into many traditional consumer behaviors 

analyzing tools (Koufaris 2002). 
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4. Search engine data 

 
The fourth chapter focuses on examining the theory around search engines and the creation 

of search query data. The first part here is going to be about online search engines in 

general. The second part is going to handle more precisely the features about Google as a 

search engine and Google Trends as a data provider. The third part aims to criticize the 

usage of search query data and discover the main limitations that search query data has 

and how the problems can be avoided and possibly solved. The last sub-header there is 

going to be discussion about the Google Trends data benefits. Main focus of this sub-

header is how search engine data can be useful and specifically on a company-level how it 

can accelerate measuring metrics performance. 

 

4.1 Search engine as a personalized tool 

Search engines have been around almost as long as the internet. Search engines help 

internet users to find what they are looking for from the vast amount of provided information. 

The first search generators were made and used between 1995-1997. From there on the 

search engines have evolved remarkably. The first namely official search engines were 

made and used in 1998-1999 and it could support navigational and informational queries. 

In other words, the search engine could lead to the pages were the information was held 

but not yet provide pictures, maps of downloadable material. This is the period when Google 

search engine was born. Google is a revolutionary search engine since it was the first one 

to use link structure of the web for quality ranking and first to utilize links to improve search 

query result relevance (Brin & Page 1889). After the year 1999 search engines have 

evolved further on to target the user need behind the search queries. (Broder 2002) Ever 

since the search engines have been advancing in a rapid pace and searching is currently 

one of the most popular activities to do in the internet (Purcell, Brenner & Rainie 2012). 

All search engine users are individuals and there exists user divergence among the 219.7 

million search engine users (Statista 2018b) that can be distributed into more perceivable 

groups. The probability that all search engine users with different geographic and 

demographic features would be homologous search engine users is doubtful. Research 

done by Pew Research Center and written by Deborah Fallows (2005) concludes that the 

most probable search engines user is going to be a young, high earning and educated man. 

The article showed that 88% of men and 79% of women are habitual search engine users. 
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In study also made by Pew Research Center in year 2012 showed that 83% of the whole 

focus group preferred Google as their number one search engine (Purcell et. al. 2012). 

There seems to be more difference between age groups than between genders. Fallow 

(2005) continues in her research that 89 percent of under 30-year-olds use search engines. 

This makes the age group the most active group of search engine users. After this there is 

a pattern. The higher the age of the group is the less is the search engine usage is in 

percentage. In the age group 30 to 49 the search engine users are 85% of the age group. 

In the age group 50 to 64 the usage percentage drops to 79%. But even with the differences 

it is remarkable that every group mentioned has over 50% user coverage. This study by 

Pew Research Center was conducted to the users who live in the US during years 2004 

and 2005. From the geographic point of view and the time span there might be some 

differences compared to the Finnish population search engine usage in 2018. But again, 

the amounts probably won’t differ that much between western countries. It is safe to say 

that at least half of the western population uses search engines. 

On daily base user activity Pew Research Center made a study in 2012. The research result 

was that the daily search engine usage is 60% of the users in group 18 years to 49 years. 

In group of 50-years and more the daily usage is only 41%. But in 50+ group the weekly 

search engine usage is higher (39%) when compared to group 18-29 and 30-46 who had a 

26-27percentage for search engine daily usage. The search engine usage is significantly 

higher in groups that have the highest education and income levels. (Purcell et. al. 2012) 

Concluding the researches it is more probable that the search engine user is a young male 

with high education and high-income level. 

Due to the huge user base and individuality enhancement in the 2010- century the search 

engines’ functions have been evolving towards personalization (Brin & Page 1998; Hannák, 

Sapiezyski, Kakhki, Lazer, Mislove & Wilson 2017). This personalization is the activity 

where the search query results are optimized according to the users’ previous search 

activity, browsing activity, location and other collected broeser cookies (Hannák et. al. 

2017). This targeted goal is interesting since 65% of search engine users agreed in a 

research done by Pew Research Center that: “It’s a BAD thing if a search engine collected 

information about your searches and then used it to rank your future search results, 

because it may limit the information you get online and what search result you see” (Purcell 

et. al. 2012). This act of personalization is problematic because it is often used only for 

commercial purposes rather than just helping the user to navigate the internet (Brin & Page 

1998; Purcell et. al. 2012). However, it does optimize the search query results and helps 

company marketing success when their ads reach the correct target group. 
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Search engines have existed only approximately 20 years and have evolved extremely fast 

from nothing to something that millions of users use on daily bases (Broder 2002). By the 

evolution of search engines, it is turning more and more common that internet users ‘google’ 

everything they feel of interest and most commonly the internet path starts with the use of 

a search engine (Evans 2007). It is also turning more common that users see only the first 

ten results of the entered search query and then resume with another search query (Brin & 

Page 1998; Evans 2007). This means that the search engines need to be more precise on 

what kind of result come out first and user learn to the fact that even with the simplest search 

query the right result is expected to pop-up (Teevan et. al. 2004). Also, the learned ease of 

‘googling’ necessary things at the needed time has made it more obvious that users search 

for certain things when they are current for example the query volume for “diet” is connected 

with new year’s resolutions and query volume peaks in the beginning of every year and is 

the lowest on holiday seasons (Da, Engelberg & Gao 2011). 

Hannák et. al. (2017) discusses in their paper that the personalization was originally used 

to give the users better search results but due to commercialization and the lack of personal 

privacy more negative sides are appearing. The referred authors debate that there should 

be more research done towards these negative side effects since it has been studied and 

proved that personalization is in general better for the search engines functionality. The 

main negative side is that in order to personalize search results personal data needs to be 

collected but then it is important to secure this data. However, the whole purpose behind 

personalization is to get more people to use search engines due to their invincibleness. 

Since search engines are not information themselves but a tool to find what the user is 

looking for, it is just natural for the result to be personalized for the query in question. A 

search engine is a tool for the user to browse the web and find what they are looking for. 

Thus, the mechanism of search engines should evolve around the user and how to fulfill 

the user search goal most efficiently (Teevan et. al. 2004). However, the question here is 

to fulfill the search query need, not to optimize the entire internet to the user. 

 

4.2 Google Trends 

There exist many search engines in the world such as Bing, Yahoo, Altavista, Ecosia just 

to mention a few but Google is the most used search engine in the world (Statista 2018a; 

Purcell et. al. 2012). Google as the most used search engine has obviously the vastest user 

base. This big user base creates better credibility to the search data. The bigger the sample 

the more there is data to support the dissertations and thus making the study reliable. 
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Googles datasets are also unbiased, anonymous, classified and aggregated (Rogers 2016). 

These are the reasons why Google search data was chosen to for thesis. 

Google has made it possible for users to observe the search query data themselves by 

offering Google Trends platform where one can download search data for a precise search 

query from a certain time period and location. Google search data is free to view and 

download. It is available at: https://trends.google.com/trends/. The site allows the user to 

type in the search query of interest and see graphically how many hits the query has had in 

for example, the past 3 years. The user can adjust the search timeline to the furthest as to 

2004 and change the region from worldwide to only including one region. Google Trends 

also shows the most used related search words to the one enquired. The search query 

includes all hits that has had the search word in it. (McLaren & Shanbhoge 2011) For 

example, if the search query is for the word ‘data’ the query includes everything that has 

the word ‘data’ in it such as ‘data analysis’, ‘data forecasting’ etc. The user can also compare 

search words and see how they compare to each other in a graph form. 

The user can download the data as a CSV file and can easily reformed it into an excel-file. 

The data shows the date and the weekly index of search queries. Because of the increase 

of search engine usage Google needed to create and index to count the used search 

queries. This is because the number of actual searches would be too big to monitor. This 

weekly index is calculated by diving the number of searches that include the query term by 

total number of online search queries submitted during the week and the highest index 

number is normalized to be maximum of 100 (Choi & Varian 2009).  

Google Trends data is time series data and depending on the observed time period the data 

can be divided into real time and non-real time data. The difference between these datasets 

is the time period from which the random sample of search data has been obtained. Since 

Google Trends provides weekly indexes the real time datasets include everything within the 

last 7 days and the non-real time datasets include everything from 2004 till the current 

hours. (Rogers 2016) For this thesis the observation is done with non-real time datasets. 

Because of the informative and reliable data that Google Trends provide journalist have 

been using Google trends information to stay on track on the most recent topics (Barrett 

2015). It is easy to see the interest spikes and the topic trend line against time. An election 

study is a good example of how the Google Trends data is informative. Since the search 

queries can be studied by location the user/journalist/academic can compare how different 

states in America are interested or curious about opposing candidates. (Rogers 2016)  
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4.3 Search query data limitations 

So far, this paper has focused on the benefits of using search word data for forecasting 

purposes. However, it is important to go through the problems and limitations that the 

forecasting method might pose. As mentioned, there are differences in the search engine 

users and in their behavior. There are also limitations in the search query data itself and by 

acknowledging these limitations the data can be analyzed reliably and comprehensively. 

The most common limitations are collected together from various authors that have come 

upon these method limitations and these limitations are handled next. 

McLaren and Shanbhoge (2011) discussed in their paper that customers vary in their way 

of using search engines, which might affect the size and reliability of the observed sample. 

The difference appears through the searching habits. Customers might search for the exact 

same thing, but they might use completely different search queries and keywords. Authors 

Teevan, Alvarado, Ackerman and Karger (2004) discussed about this problem of search 

engines users using different keywords. When studying only a certain search query this 

means that the relevant data that is emitted from Google Trends might be missing an 

important sample of interested consumers. Instead of using the specific search query that 

is studied the users might enter search queries that lead to finding the official website of the 

bargains sale by using completely different keywords. Brin and Page (1998) support this by 

suggesting a user habit that has effect on the search query which is misspelling entered 

keywords and Vaughan and Romero-Frías (2013) add the language difference for 

keywords. A misspelled word and using a different language works the same as another 

keyword for a search engine. Google has the tendency to correct obvious misspellings and 

with the help of Google Translate include more language options thus give the right search 

result anyways. This means that these search engine users should be included in the 

sample of interest but due to the restriction of the observed search query they are not. It is 

not certain though that all languages and misspelled words are corrected by the search 

engine. These different keyword queries are not prone to be included into the datasets 

unless they are all individually collected together by the researcher (Ginsberg et. al. 2009). 

It would be a lot of survey work to find all the misspelling, different language versions and 

all the different query variation that it would demand a lot of time. 

Since the obtained data from Google Trend is in weekly index form instead of in amounts, 

it creates limitations to the data usage. It is expected to do the analysis so that it includes 

the index formalities since there is no fixed numbers of search amounts.  McLaren and 

Shanbhoge (2011) criticize the index form that Google provides. The index form is valid for 

research only when one search query is examined singularly. Different queries cannot be 
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compared because the index numbers are related to each other in that specific dataset. For 

example, if a search term query data has an index value of 100 and another that is 50. The 

one with the value 50 had half the search interest as the one that scored 100. So, when 

compared to another dataset the index value 50 is not necessary half of that datasets index 

of 100. The first dataset might indicate 100 on over a million search terms as the second 

dataset could indicate 100 on the only on a third of a million search queries. The value 100 

is only given to the maximum about of searches that the specific search term has had during 

that time period. Value of 100 could easily be the indicator of only 10 search queries if that 

is the maximum about of searches that the search term ever has had. 

Kristoufek (2013) discussed in his scientific report about Bitcoin value forecasting that the 

search data does not divide the positive and negative search interest from each other. This 

matter was also brought up by McLaren and Shanbhoge (2011) because searching just out 

of curiosity without any actual interest creates significant background noise to the dataset. 

This can also fortify a negative agenda thus giving a false interpretation of positive interest 

(Henning-Thurau et. al. 2004). This is a troublesome disadvantage in a situation where the 

goal is to see if the search volumes correlate with positive customer interest in the 

assumption that positive interest creates sales. 

McLaren and Shanbhoge (2011) debate that the correlation between demographic features 

and search engine users make the used sample uncomprehensive. This meaning that not 

all people are search engine users or in this case Google search engine users. This creates 

a misinterpretation of the customer interest since the non-search engine users are not 

included into the data. This problem makes the studied customer interest data (search query 

data) sample homogenous. Also, for the purposes of this thesis it is good to acknowledge 

the fact that the search engine user is most probably a highly educated and mid-earning 

young man (Deborah Fallows 2005). This means that the least search engine using sample 

is not a part of the customer interest sample which is studied. 

Last limiting problem that was collected from McLaren and Shanbhoge (2011) is that the 

search query data is relevantly new and has a short backrun. This is at least when compared 

to other economic indicators that have had more time to evolved during time. This short 

backrun undermines the reliability of the data. The Google Trends data backs only up to 

2004 (Rogers 2016) and all correlations studies beyond that are impossible to conduct. This 

limits the possibilities of the search query data. Also, the lack of data makes it harder to 

draw solid conclusions. This short backrun also makes it harder to remove possible 

seasonality from the data since Google Trends does not do that yet (Schmidt & Vosen 

2009). It is not a problem at every forecasting situation but for example when evaluating 
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employment rates is should be considered and then the Google Trends data need 

adjustment to meet the expected variable criteria (Schmidt & Vosen 2009; Shimshoni, Efron 

& Matias 2009). 

 

4.4 Discussion about Google Trends data benefits  

The most obvious benefit of using search query data from Google Trends for forecasting is 

that the data is free to view, download and study (Rogers 2016). This is significant when 

compared to a traditional survey that might take a lot of time and resources from the 

company to conduct. Google Trends provides unbiased and a big sample of data possibly 

from the exact same thing that the conducted survey would be about but in current time and 

with minimum resources. Search query volumes also represent numeric data about general 

interest toward a topic. This makes it also easy for the company to evaluate results with 

other numeric metrics as well. (Schmidt & Vosen 2009) 

Choi and Varian (2011) found in their research that search queries are useful and can be 

used as indicators for the consumer purchase interest. Especially in situations where the 

consumer evaluates the purchase before the actual decision. This way the query data is 

most effective for the company to use when the studied cause is something that has 

information about interest before the actual purchase happens. For example, information 

search is relevant especially before a car purchase but in this internet era information 

search can be included to almost anything from kitchen shopping to service providers.  

Studies also show that search query forecasting is especially rewarding for examining 

private consumption. Search query volume- based indicator outperformed survey-based 

indicators in almost all in-sample and out-of-sample forecasting experiments. This is 

because survey-based indicators do not accurately capture the link between actual 

spending decision and what have been expected to be.  Search data indicator avoids this 

because it gives out an unsupervised response from customer, potential customers and 

non-customers. (Schmidt & Vosen 2009) Furthermore, it has been studied that the search 

query volumes help to predict general volatility better in time periods where volatility is high 

and thus give more precise predictions. This enhancement increases the model reliability 

since high volatility has been problematic in forecasting models. With precise volatility 

predicting, it is possible to remove it safely from the data and/or study the volatility further. 

(Dimpfl & Jank 2012) 
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Google Trends can also help a company to see trends and features that they have not 

noticed before. Possibly a clear seasonality can be discovered and then used to accelerate 

production. Google Trend also provides locations in which that search query has been used 

the most which is also beneficial information for example for production goals as well. There 

is also a possibility to find product ideas through queries that are most likely linked with the 

company’s products or the query in question. When it comes to competition it is easy to see 

if the neighboring companies’ products get bigger volumes or if there exist content others 

use that gather attention around it. These are good starting point when increasing business 

or staying in the game. (Collins 2016) 
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5. Forecasting with search queries 

 
In this chapter the goal is to find the relevant methods that previous literature has proven to 

be useful when handling and predicting with search query data. The aim is to scout out the 

appropriate methods and models that will be used to conduct this thesis’ research. The 

chapter starts with data analytics and data modifying then moves on to the forecasting 

methods. Noteworthy information about the upcoming theory is that all in all there exists 

numerous different models to use for forecasting, however, due to the thesis’ limitation the 

main focus is going to be on the most frequently used simple models that are suitable for 

search query data. The goal is also to handle models that would be the most suitable for 

solving the research question of this thesis. 

 

5.1 Data analytics and data modifying 

Before starting to construct any econometric model, it is important to make sure that the 

data is valid itself. This is done by cleaning the data from outliers, non-numeric values or 

from other possible distracting features that create distortion into the dataset and thus, to 

the model and results (Varian 2014, Da et. al. 2011). Specific feature of Google Trends data 

is that the values are given only in weekly indexes and this needs to be acknowledged and 

the other datasets modified according to it. In this thesis it is done by converting the 

dependent variables data into adequate form by also indexing the values, which is generally 

a preferred method. (McLaren & Shanbhoge 2011)  

Data modifying is a common way to reassure compatible results. By dividing time-series 

data into separate periods helps to create in-sample period data and out-of-sample period 

data which can be used for parameter estimation and to test out the model performance 

(Schmidt & Vosen 2009). This was used by and also by Schmidt and Vosen (2009) in their 

research. Shimshoni et. al. (2009) modified their data by dividing the search query dataset 

into yearly periods. After the division they used historical data to forecast the yearly trends. 

Then they compared the forecasted data with the actual datasets to see if the forecast is 

worthy. For creating the forecasting model, they created an in-sample period data for 

creating the model and evaluated its performance based on the out-of-sample (test data) 

output. 

If the search query data is not comprehensive enough by itself, the search query data can 

be used to create more exogenous variables. This method was used by Schmidt and Vosen 

(2009). They created exogenous variables to use in the regression by extracting known and 



 36 

unobserved factors from the search query data. For extracting variables, the authors used 

unweighted least squares method. These artificially created exogenous variables have the 

potentiality to provide useful information to the researched through how the variables react 

at each given time of the dataset and with other variables. (Schmidt & Vosen 2009; Koop & 

Onorante 2013) Another good policyfor modifying the search query data in order to get 

desirable results is to create the Google predictor in the form of probabilities rather than 

including them as they are into the regression. This is a good method if the goal is to predict 

long-term results since the further the predicted period is the fuzzier the results will be and 

thus probabilities will be more helpful than actual numbers. (Koop & Onorante 2013). 

In the case of forecasting with a classical linear regression (CLR) model there exist some 

unwanted data features that should be acknowledged and adjusted on the dataset before 

beginning. Especially time related features might be an issue since the search query data 

is time series. When using the CLR model the creation of the estimators demands data 

inspection since the estimator is created through the use of ordinary least squares (OLS) 

method. The OLS estimator needs to be the best, unbiased, linear estimator (BLUE) that is 

possible to extracted from the data. To make sure that the estimator is BLUE the CLR model 

needs to follow five assumptions, which are the following: 

(1) The errors have zero mean  

(2) The variance of the errors is constant and finite over all values of Xt 

(3) The errors are linearly independent of one another 

(4) There is no relationship between the error and corresponding x variate 

(5) The error terms are normally distributed.  

(Brooks 2008, 43-44) 

 

These assumptions are now presented in the form of using CLR model, however, these 

assumptions are also present in many other forecasting models and hence are important to 

acknowledged before starting any forecasting.  

 

5.2 Search query forecasting methods 

The search engine forecasting is based on the idea that the search query data has 

predictive power that represents unspoken interest form the search engine users. (Ettredge 

et. al. 2005; Shimshoni et. al. 2009; Choi & Varian 2011). Goel, Hofman, Lahaie, Pennock 
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and Watts (2010) describes in their article this interest causality as: “…it is a short step to 

conclude that what people are searching for today is predictive of what they will do in the 

near future” and data journalist at Google describes this connection “Examining what people 

search for provides a unique perspective in what they are currently interested in and curious 

about” (Rogers 2016). It is conducive to see how this customer interest has been handled 

in econometric forms by researchers. Before actually performing the correlation study it is 

important to choose the right methods to do it. For the goals of this study the main data 

handling methods are collected together from similar studies. These methods and the 

authors who have used the method are collected together into Table 1. 

 

Data visualizing Classic Linear 

Regression Model 

Autoregressive models Nowcasting 

• Kulkarni (2010) 

• Askitas & 
Zimmermann (2009) 

• Choi & Varian 

(2011) 

• Kristoufek (2013) 

• Shimshoni, Efron & 

Matias (2009) 

• Goel, Hofman, 

Lahaie, Pennock & 

Watts (2010) 

• Varian (2014) 

• Ettredge, Gerdes & 

Karuga (2005) 

• Goel, Hofman, 
Lahaie, Pennock & 

Watts (2010) 

• Ginsberg, Mohebbi, 

Patel, Brammer, 

Smolinski & Brilliant 

(2009) 
• Varian (2014) 

• McLaren & Shanbhoge 

(2011) 

• Choi & Varian (2011) 

• Goel, Hofman, Lahaie, 

Pennock and Watts 

(2010) 

• Choi & Varian (2009) 

• Kristoufek (2013) 

• Da, Engelberg & Gao 

(2011) 

• Schmidt & Vosen 
(2009) 

• Dimpfl & Jank (2012) 

• McLaren & 

Shanbhoge 

(2011) 

• Choi & Varian 

(2011 & 2009) 

Castle, Fawcett 

& Hendry 

(2009) 

Table 1: SVI Forecasting Methods collected 

 

The best starting point for searching variable causalities is to understand the bigger picture 

of the data through data visualization. Data plotting for example is a method that is used to 

examine the data behavior before adding any models into it. Also, different kind of graphs 

help to evaluate the data reliability for example by spotting out data distortion. The data 

plotting method was used by all of the authors named in Table 1, to pre-study their data and 

see how the data works after inserting it into the model. For example, Varian (2014) uses 

plotting to demonstrate the difference between the actual data, predicted data and model 

fit when observing website visit amounts. 
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From relevant literature it can be summarized that the most simple and useful model to use 

for forecasting is the classical linear regression model which is based on variable correlation 

and thus can be helpful for creating predictions and forecasting the near future (Goel, 

Hofman, Lahaie, Pennock and Watts 2010). Another quite commonly used and simple 

method is the autoregressive model. Choi and Varian 2011 support this argument by 

concluding their findings to: “That simple seasonal AR model that include relevant Google 

Trends variables tend to outperform models that exclude these predictors by 5% to 20%”. 

The seasonal-AR model gains more predictive power when the Google Trends data is 

added as Google predictor for forecasting (Choi & Varian 2009) 

Choi and Varian (2011) discussed in their technical paper that the more information (data) 

a research has for forecasting the more accurate the result will be. This is an obvious 

assumption, but the authors did add, though, that based on research it is possible to create 

a reliable google predictor even without having centuries worth of time-series data. This 

google predictor is noticed to be best and most helpful for present forecasting and the short-

term forecasting which in other words is called nowcasting. 

 

5.2.1 Data visualization  

Visualization is an important part of econometric research and it is a good starting point 

because it helps to understand the whole data and how it is shaped (Varian 2014). Using 

graphical methods in the beginning of the data analysis can also help to detect possible 

unwanted feature such as heteroscedasticity, autocorrelation or outliers from the datasets. 

(Brooks 2008, 133; 140-141; 165-167; 230). It is also a common policy to visualize the 

outcome after fitting the model into the data. This is to see for example how the predicted 

data look against the actualized data and if it is trustworthy.  

Data visualization is an easy way to avoid unnecessary pitfalls. When the data is visualized 

in appropriate way such at plotting the data or creating statistic bars it is possible to see 

what the data is capable of or if the data need some observation cleaning or in the worst-

case scenario if the data is not suitable at all. These are situations that are good to 

acknowledge before starting the analysis because it saves time and it will reassure the 

results reliability. (Stedman 2012)  

Especially now in the era of big data it is more essential to pre-evaluate the data before 

starting the analyzing and modelling. This is to sort out the unnecessary information and 

only focus on the wanted data. (Varian 2014) With the usage of big data there is more need 

for more advanced analytics where machine learning is becoming an important part. When 
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dealing with machine learning it is important to visualize also the output to see if that the 

models are performing as planned. (Rouse 2017) 

 

5.2.2 Classical linear regression model  

Classical linear regressions have been the most used models for predicting econometric 

phenomena (Koop & Onorante 2013). The CLR model can be used to create prediction but 

also in many cases the regression values work as the reference values for model variable 

evaluation (Ginsberg et. al. 2009). The basic regression is the most important tool of 

econometrics and also the easiest to comprehend, so, no wonder it is the most frequently 

used predicting tool (Brooks 2008, 27). 

When using a regression model for forecasting the predictive assets of the Google search 

data are used by creating an explanatory variable from the search query data and adding it 

into the model in order to explain the dependent variable. The regression will then give out 

the significance and correlation between the dependent variable and the Google predictor. 

The idea behind the regression tool is to find correlation between the variables and by so 

help to understand the change that an explanatory variable has on the dependent variable. 

After finding the possible intercept and correlations it is possible to make linear predictions 

to future values. (Brooks 2008, 27)  

For the regression analysis it is not unfortunately always this straightforward. The 

explanatory variable can be for example a collection of different features where the search 

query data is only a part whole data, or the dataset is too large to simplify it into one 

regression. (Koop & Onorante 2013) Since the most important task of the regression tool is 

to detect and summarize relationships. It is necessary that the analyzing tool can handle 

the data in hand. In a situation where the variables are not straightforward the future of 

machine learning becomes helpful. Mostly these machine learning tools help to summarize 

various sort of nonlinear relationships in the data. There are three features that work as 

indicators for the need of having more powerful regression tools for the data. First there is 

the size of the data that might demand more power from the regression tool to conduct 

results. The second feature is that there might exist more appropriate predictors than the 

estimator might allow and thus the help from a variable selector is welcome. Third feature 

links to the third one that the bigger the dataset is the more reliable the estimations are and 

thus it is good to aim for big data and not leave the power of the predicting tool get in the 

way of this. The machine learning tools can thus provide more flexible relationships than 
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simple linear models. Just an example of these machine learning tools are decision trees, 

support vector machines, neural nets and deep learning. (Varian 2014) 

There is debate on whether or not Google variables are good for linear predicting (Choi & 

Varian 2011). Simple linear or logistic regression tool is the safe and secure way to handle 

a predicting problem but when datasets are big and complex more trained data analyze 

could be in order (Varian 2014). However, it is necessary to say that all analyzes are 

dependent on the data and the relationships of the variables and reshapes the Google 

predictors predicting power. For some macroeconomic phenomena the Google predictor is 

a perfect match and for some it works only as a directional estimation. One thing can be 

proven accurate is that Google variables are good for signaling turning points and model 

changes (Koop & Onorante 2013, Goel et. al. 2010). Some research also discusses about 

the collecting features that the Google search queries have. This ‘collective wisdom’ is 

integrated into the search query and can create, through regression, information about the 

studied econometric variables in different points of time. (Koop & Onorante 2013) 

 

5.2.3 Autoregressive models 

Since search queries create time series data it is expected that researchers would use the 

most popular stochastic time series models, which are the autoregressive integrated 

moving average (ARIMA) models or the solely the ARMA models, which are more suitable 

for univariate time series modeling (Adhikari & Agrawal 2013, 9; 18-19). The ARIMA model 

and especially the simple seasonal AR model are proven to be useful when handling search 

query data. This is because all of the models that have the Google predictor in them 

outperforms models that excluded the predictor. (Choi & Varian 2009; 2011, Schmidt & 

Vosen 2009) An example of this outperformance is that when Google predictors are 

included into the AR-model the forecasting performance increases the baseline model 

performance as well as the out-of-sample models performance (Schmdt & Vosen 2009). 

This outperformance also makes the autoregressive time series model better at succeeding 

in long-run predictions and also when the system is iterated forwards. (Dimpfl & Jank 2012). 

When predicting volatility, the simple autoregressive models is not enough anymore and to 

gain better results it is better to use an AR model that understand model heteroscedasticity 

(Adhikari & Agrawal 2013, 18; Dimpfl & Jank 2012). The basic AR-model, even with search 

query data, managed to create models with a good fit and predict volatility accurately in 

calm times, however, the models does not provide information about future volatility. It is 

also interesting to see that when handling volatility, the model that includes the search query 
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data will outperform a univariate realized volatility model, but unfortunately at the same time 

the predictive power of the search query predictor decreases. 

When using a model that understands heteroskedasticity for example HAR- model 

(heterogeneous autoregressive model) the model with search query data also manages to 

keep the search query predictive power across time. This model efficiency is because the 

HAR-models has been proven to be good at capturing long-memory properties of realized 

volatility. Need to refine that the HAR-models were chosen to be the outperforming models 

when using search queries to predict individual’s interest towards aggregate stock market. 

Interesting outcome was that when the individuals interest rose to invest the volatility also 

increased. (Dimpfl & Jank 2012)  

Another useful model of the autoregressive models’ family is the vector autoregressive 

model (VAR), which is most suitable for situations when there is more than on dependent 

variable (Brook 2008, 209). The model is not equally popular when forecasting interest 

through search queries but is has been used by researchers at some level and it has given 

noteworthy and sufficient models to use for predicting (Dimpfl & Jank 2012, Kristoufek 

2013). For example, Da et. al. (2011) used the VAR model to study the interest volatility of 

investors and found out that the effect of news and extreme returns increase the interest 

level.  

Autoregressive models should be used when the dataset is large enough since the model 

creates prediction from its own lagged values, which means that the larger the dataset is 

the more useful the predictive model will be (Goel et. al. 2010). If there is considerable 

volatility in the search query dataset then an autoregressive model with heteroskedastic 

features should be chosen. Since the model selection is not all black and white there is a 

good possibility that the predictive power increases when combining models in orderly 

moderation (Goel et. al. 2013) 

 

5.2.4 Search query data in Nowcasting 

McLaren and Shanbhoge (2011) raised the topic of nowcasting in their paper. The definition 

of nowcasting is to predict the present hence the combined name ‘Now’ and ‘Forecasting’. 

Previous research has been focusing mainly between search volumes and brick store sales, 

but the focus has been shifting more on to ‘predicting the present’ thus seeing how well the 

search volumes correlate with contemporary phenomena (Goel et. al. 2010). The use of 

search query volumes for nowcasting or short-term forecasting has been an investigated 
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topic in the current literature and the topic has gained interest due to the positive results 

(Koop & Onorante 2013; Castle et. al. 2009; Schmidt & Vosen 2009).  

Nowcasting is not a forecasting model itself but it is essential to bring up since almost all of 

the used models are trustworthy and suitable in short-term predicting. This is not a negative 

aspect since currently the ability to forecast the present is becoming more important. Castle 

et. al. (2009) addressed the reasons for the need of nowcasting in their article: “Nowcasting 

is not just Contemporaneous Forecasting”. The main four reasons are the following:  

1. The first and most important reason for the need of acknowledging and using 

nowcasting is that the obtained data is almost never time accurate. This means that 

the collected data is usually published with a time lag and thus does not represent 

the current day when the forecasting is made (Koop & Onorante 2013). 

 

2. The second reason is that economic time series are only a glimpse or a flash 

estimate of the phenomena. This means that the data is in interconnection with the 

current time and when the data is used with a lag then it represents potentially the 

past environment. This is problematic when predicting long-term forecast, the data 

is correlated with the context of issues that happened at the time when the data was 

collected. These features have the possibility to decrease the data reliability the 

further in time the forecast goes. 

 

3. The third reason is the inconsistency of the subsets, which are problematic. This 

means that since the time series data is computed from different components to 

form a systematic model these components should be available through different 

periods, but this does not always happen thus leading to ‘changing dataset problem’. 

Thus, leading to the situation that the closer the forecast is to the actual time period 

of the data the better the forecast is and in many cases the data lag bound the 

forecast to turn into nowcasting. 

 

4. The fourth reason for creating a nowcast is to find early warning signs even if the 

timely current datasets are available. If the nowcasts are already significantly 

different from the measured series, the nowcast values work as an evaluating sign 

that the measures wont most probably work on the long run. So, when predicting a 

nowcast it might help to check the used datasets timeliness and see how lagged 

they are according to the current time. 
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Forecasting is most often used to predict private consumption which is 70 % of the US-

GPD. When measuring GPD and private consumption the time is always in the essence of 

the process, but GDP (in the US) is published only once a month which inevitably creates 

a measurement lag of possibly one month into the data. With Google Trends data there is 

no significant lag in the data and thus it will help to create an accurate nowcast with the 

lagged data. Nowcast can be very helpful when great uncertainty, volatility and unique 

shocks are at hand because all of these three are features that make it very difficult to do 

long(er) time prediction. It is desirable to have accurate forecast for the current moment 

since the nowcasts can then be used to support another forecast that can predict a period 

further. In these situations, having a search query data assisted model can be particularly 

useful since past value indicators lose their predictive power and the Google predictor assist 

them to be used accurately once more. (Schmidt & Vosen 2009) 

Nowcast can be done without including Google predictors into the forecast but the Google 

predictor does give additional forecasting power when nowcasting conventional monthly 

macroeconomic variables (Koop & Onorante 2013). When creating a nowcasts with the 

help of the Google predictor it has been noticed to create valuable information to understand 

future volatility. Valuable pieces of information about volatility can be in many cases help to 

understand the current time and possibly know how to react against volatility. (Dimpfl & 

Jank 2012) 

Google variables have been used as regressors to indicate possible correlation but Google 

variable regressors have been pointed out to be useful for choosing the optimal nowcast 

model in each point of time. This is quite smart since a search query represents a certain 

time period. It is possible to see from the search query correlation which nowcast represent 

which time period and the best correlated values will increase the models’ accuracy when 

preforming the forecast. This method has been proven to be useful when using dynamic 

model selection method (DMS) for finding the best nowcast for specific macroeconomic 

variables. The usage of Google predictor in the dynamic model selection outperformed the 

conventional DMS most of the times. The DMS models are very useful since the Google 

predictor has been proven to be useful at most of the time but at sometimes it is still found 

to be unnecessary (Choi & Varian 2011) and by deploying the DMS the periods can be 

found when the Google predictor increases the predictability. (Koop & Onorante 2013)  
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6. Methodology 

 
The aim of this sixth part is to see how well the bargain sale variable and the Google 

predictor correlate together. Also, it is necessary to see if there exists predictive power in 

the Google search history toward sales forecasting. From this possible correlation simple 

forecasting models are used to see short-term prediction accuracy. The thesis does not aim 

to create an exhaustive predictor or model. More important is to validate the predictive 

power of the Google predictor towards the bargain sale outcomes 

The methodology part will start by explaining the research background. The dataset 

structures and characters will be introduced right after this. Both the bargain sale data and 

Google Trends data limitations will be acknowledged in the structure parts. After this there 

is the data analysis where the actual forecasting will be conducted. The analysis part will 

start with an evaluation of the dependent variables. This will be done through a regression 

analysis. After this the forecasting model will evaluated. Naturally after this there will be a 

forecasting model for all of the sufficient dependent variables and a forecast can be created. 

Very last of this thesis is going to be the forecast results. 

 

6.1 Research background 

Based on the previous research it seems very plausible that the search query volumes 

might be able to predict the bargain sale outcomes. Putting aside previous literature for a 

while the main supporting reason to believe that Google Trends search query data could 

forecast the bargain sale outcomes came from the search data graph (Appendix 1). From 

the graph it is easy to see how the weekly index for search query volume peaks uniformly. 

When looking at the timeline on X-axis the peaks happen twice a year. One peak around 

spring time and one peak around autumn time. This is quite of a coincidence since the 

bargain sales are held twice a year, one in spring and one in autumn. Some of the peaks 

differ significantly in size from each other. This has some strong indications that there might 

be some actions that have affected the size of the index value. From the graph it seems 

plausible that changes of the peak sizes could be the result of changing customer interest 

towards the bargain sale hence plausible to be predicted through the Google predictor. The 

second supporting reason is the shape of the sales outcomes (appendix 2). The bargain 

sales outcomes follow somewhat similar increasing shape as the search query volumes 

graph. This means that there is an increasing trend in both, the search query data as well 

as in the bargain sales data. 
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Due to the increasing interest towards big data analysis it makes it important for the 

company to know how to take advantage of free, online information sources. The search 

query data is only a tip of the iceberg when it comes to analyzing data from online, however, 

it is a very insightful and easy beginning point. The more there is research about the online 

data the more there will be efficient analyzing tools to help the company. This is another 

reason that gave meaning to conduct this research.  

In figure 3 there is a simplified presentation of the causality between the bargain sale data 

and the search query data. The actual sales forecast represents solely itself and is the main 

target of the study. If you can forecast the actual sales, you can optimize all other company 

actions. The budgeted sales data proxy as the company actions. Since the budgets are 

created through company decision and resources the dataset is a comprehensive 

representation of the actions that the company will carry out in order to obtain the budgeted 

sales. The budgeted sales are presumed to represent all company actions since it would 

not be fruitful to study all company actions singularly. This way it is possible to get a clear 

view of the company actions and if they are indeed a part of the process of creating the 

customer interest and thus search query volumes. The search query volumes, as 

mentioned, stand for a measurement for the customer interest since customer interest 

creates search query volumes. The company actions are expected to influence the 

customer interest and through the customer interest it is expected to create search query 

volumes and therefore sales. When examining the company actions and the customer 

interest it is possible to forecast the actual sales. 

 

 

Figure 3: Causality map of observed datasets 
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6.2 Bargain sale data 

In this part the main bargain sale data characteristics are explained. The part starts with a 

description of the data structure and then moves on to data limitations. In the data limitations 

there will be limitations that impacts the usage of the data and also the interpretations of 

the forecasting results. The data is obtained through the bargain sale arranging case 

company. Six different datasets were obtained. These obtained datasets are theactualized 

outcomes and the budgeted outcomes of the bargain sales from each spring and autumn 

period. Since the search query data is time-series data the time periods of the bargain sales 

are also included into the data. This is to understand the trend lines and the evolvement of 

the data as time passes. The company performed marketing budgets are also collected 

since they might possess vital information for further understanding about the research 

results. 

 

6.2.1 Bargain sale data structure 

The bargain sale duration is one week, and the observations of the sales are weekly sums. 

This induces that there will be one observation per bargain sale. This means that there are 

ten different sale outcomes to study. To create reliability to the research the sale outcomes 

are also studied together but mainly as separate subsets. These subsets are online store 

outcome, brick store outcome and total outcomes. From all these subsets there are the 

actual and the budgeted sale outcomes. The subsets are studied individually to see if some 

of the them correlates better with the Google predictor than the others. To make the bargain 

sale easier to evaluate with the search query data the bargain sale data is also changed to 

index form. This indexing is done the same way as for the search query data. 

The bargain sale, indexed subsets can be observed from Figure 4. All of the subsets differ 

from each other, however, there seems to be similar shapes in all of them. There is an 

increasing trend all the way to ‘Autumn 2016’ and ‘Spring 2017’ when there is a small drop 

in all except the budgeted total sales. It is interesting to observe when the variables hit the 

index value 100. The outcomes hits index 100 the first time in ‘Spring 2016’. The budgeted 

total (BUD total) stays after that close to the value 100. This could indicate a shift in the 

company expectations. In ‘Autumn 2017’ the actualized outcomes pass their budgeted 

values and actual total and actual online sales hit the index value 100. This increase can 

be considered as a lagged outcome from the company actions. 
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Figure 4: Sale outcomes subsets together (indexed) 

 

The budgeted sales proxy as company actions, which means that the budgeted sales are 

also observed from the causality direction. In appendix 6 all the budgeted sales and 

actualized sales are plotted against each other. The shapes are very coherent. This would 

suggest that the case company is very close at predicting the actual sales. Especially for 

total sales and brick store sales the budgeted sales are very coherent with the actualized 

sales. The total budgeted sales are in size most accurate when the brick store sales are 

better at following similar shapes. This would mean that the company actions are working 

in order to obtain the budgeted sale amounts. The only curiosity are the values after ‘Spring 

2017’. Budgeted sales are expected to drop but in fact the actual sales grow over the 

budgeted line. Hopefully the SVI will give some extra predicting power to this unexpected 

shift. 

A part of the bargain sale data are also the marketing budgets that were made for each 

bargain sale. The marketing budget are examined in order to further understand possible 

changes and differences in the actualized and budgeted sales. It is obviously expected that 

the marketing budgets have impact towards the actual sale outcomes and also, they are a 

significant part of supporting the budgeted sales realization. 

If after the data analysis it seems that the search query volumes do not give significant 

results or there exist turning point that are hard to understand, the research can turn to see 

if the marketing budgets might have an explaining impact on the actualized sales. The 

marketing budget data values are also indexed and are summarized in figure 5 together 

with the actualized sale outcomes. The marketing budgets includes offline-media prints, 

radio and outdoor advertising.  
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As a presumption is that it is obvious that the budgeted outcomes would correlate with the 

marketing budgets since the marketing budget is to support the budgeted sales. This is why 

the budgeted outcomes were not plotted against the marketing budgets since both variables 

are company created numbers, so the gained information from the graph would not bring 

any essential knowledge into this research.  

 

 

Figure 5: Marketing budget versus Actual Sale Outcomes 

 

When observing the marketing budget against the actual sale outcomes (Figure 5) there is 

a slightly increasing shape. Until ‘Autumn 2016’ the marketing budget and the sales 

outcomes peak and drop quite similarly, however, the marketing budgets shift more radically 

up and down. The sale outcome and the marketing budgets have some similarity which 

would indicate that the marketing budget might be explanatory about the actual sales. It 

would be only reasonable that the increase in marketing budgets would help to gain more 

customer attentions and thus lead to larger sales. It is only positive and expected that the 

marketing budget and the actual sale values move consistently with each other. Based on 

figure 5 it would indicate the obvious that the marketing budget have causality towards the 

sale sizes  
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6.2.2 Bargain sale data limitations 

The bargain sale time scope was chosen mainly to be able to follow the brick store success 

and the online store success simultaneously. The online store shopping possibility was 

added to be a part of the bargain sale in 2013. Because the search engines correlate well 

with the digitalization it was thought important to have the online store (ecom) included into 

the research. Another factor affecting this decision was that the data from Google trends 

was more valuable to study between years 2013 and 2017. This time period showed the 

most significant peaks that could be examined. The bargain sale is held twice a year which 

means that there are two summed values of the sale to study per year. These decisions 

resulted to the outcome that there are in total ten bargain sales under observation. 

The data size is the most concrete limitation since the results can be only considered 

directional since there is not a lot of previous data to create forecast values. However, there 

would be no amount of data that could give exhaustive results since forecasting is always, 

in reality, estimating the future values. But in general, the bigger the data size is the better 

and reliable the results are (Choi & Varian 2011). Nevertheless, the goal of this thesis is 

only to find out the forecasting possibilities behind the Google predictors and the bargain 

sale data, not the exhaustive prediction model. However, as mentioned in the structure part 

to solve this data scarcity the bargain sale data was divided to actual and budgeted total 

sales, brick store sales and online store sales. This way there is more ground to evaluate 

the data and give more precise results about which sale outcome is the most correlated 

with the search query data and what these correlations might tell about the forecasting 

possibilities. 

 

6.3 Google Trends Search Query Data 

This part will describe the search query data characteristics. The part will start by explaining 

the dataset structures and then move on to the limitations. The limitations will go through 

features that limited the structure of the search data but also limitations that might affect the 

research conduction and results. 

The observed query was chosen based on intuition and testing. Same way as McLaren and 

Shanbhoge (2011) chose theirs. Different kind of relative queries where examined but the 

only query that gave significantly more observations and volatility was the chosen one (the 

company name + bargain sale name). Google Trends has the ability to provide related 

queries when searching for query volumes (Rogers 2016). However, all of the related 

queries where the same as the observed one only with an added year in the end. This 
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reassured the decision to go with the current query since there is no related queries that 

should be included in the research. Thus, the bargain sale name was chosen to be the 

observed search query. 

Assumption that is made about the data is that all consumers searching the chosen query 

are interested in the bargain sale one way or another and thus supporting the assumption 

that the search queries represent consumer interest towards the bargain sale. The search 

query volumes are only seen as numbers, but these numbers have been created by actions. 

They have been studied to be the creation of navigational, informational, transactional and 

resource searching goals. All these queries have the name of the bargain sale in them and 

thus they are included into the search query data. These are search queries such as 

‘bargain sale website’ and ‘where can I buy this brand on sale’, ‘when is *bargain sale name* 

held’ etcetera. These represent the need and goals of the potential customers.  

The concept of the bargain sale and the sales name is very limited and thus can be assumed 

to be representing only itself in the search queries. The query is expected not to indicate 

anything else than what it is when entered to the search machine. Also, since the query is 

very specific it constrains the individual searchers to people who are actually interested in 

the topic in hand. This is mentioned in the previously handled assumption that the search 

queries would present more positive interest rather than negative (see Kristoufek (2013) 

theory about negative and positive interest). This is another assumption made about the 

search query data that it would represents positive customer interest towards the bargain 

sale. If it would not represent positive customer interest, it would be very curious to see how 

negative interest can create sales. However, in order to keep the thesis straightforward the 

sales are expected to increase through positive searching interest. 

 

6.3.1 Search query data structure 

The emitted search query data is time-series data and the search volumes are presented 

in index form (see keyword SVI). This index form forces the data to be studied solely 

together since the indexes are created in a way that they are dependent on each other’s 

values and the indexes indicates distances from one value to another. This means that the 

dataset cannot be studied if the time-series from 2013 to 2017 would have been obtained 

separately from Google Trends.  For this study it is important to state that the focus is only 

on the entered search queries to the Google search engine. The study does not count the 

search results that the users have received as an outcome from their search query request. 

This is because the search result of the search query is irrelevant because the core focus 
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is on the means of expressing interest toward the search query by doing the action of 

entering the query.  

Search word queries are unbiased in a sense that the results are not affected by any 

experimental atmospheres. The data is created by single users without any surveillance 

and thus the data can be considered as true to the reality as possible hence the SVI will 

provide a good insight on the amount of interest toward the search query phenomena at a 

given time period. The original form of the SVI data can be seen in appendix 1. In the 

appendix-figure it clearly shows peaks two times a year and probably not so accidentally 

the peaks are all around the same time as the bargain sale dates. To see how well the 

peaks sizes correlate with the bargain sale data some modifications to the search query 

data were necessary. 

The actual search query data was downloaded 29th of January 2018 from Google Trends. 

The data is from weeks between 3.2.2013 - 24.12.2017 and is consisted from 256 SVI 

observations.  Since the bargain sale data is consisted of ten sales and thus ten weeks, the 

search query data is divided into ten periods as well. In table 2 there is a precise division of 

which search query periods are included into which bargain sale. This was done since the 

weekly data was not compatible to be compared with the bargain sale data in its original 

form. To study the interest toward a precise bargain sale the highest search volume index 

was emitted from that search index period and acknowledged as the search query volume 

of that sale. For example, sale of ‘Spring 2013’ has the maximum search index value 

between periods 3.2.2013 to 30.6.2013.  

 

Table 2: Search volume index division per bargain sale week 

Bargain Sale Weeks included 

Spring 2013 3.2.- 30.6.2013 

Autumn 2013 7.7.-29.12.2013 

Spring 2014 5.1.-22.6.2014 

Autumn 2014 6.7.-28.12.2014 

Spring 2015 4.1.-28.6.2015 

Autumn 2015 5.7.-27.12.2015 

Spring 2016 3.1.-26.6.2016 

Autumn 2016 3.7.-27.12.2016 

Spring 2017 1.1.-25.6.2017 

Autumn 2017 2.7.-24.12.2017 
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In appendix 3 (Weekly SVI per bargain sale week) the search query data is graphed 

separately depending on which bargain sale the search query data is included. It is 

interesting to see that the peaks are almost separate from all of the other variables. The 

difference between the peak and the values before is almost from 0 to 100. This is a strong 

indication that the company is doing something right to gain so much more attention around 

the bargain sale. This might be the reason of a good marketing allocation or integrated 

company actions or just due to customer loyalty. However, based on the graphs the 

structure of the search query data is pretty clear and potential to represent customer interest 

toward the sale. 

 

6.3.2 Search query data limitations 

From the theory about search query data it is clear that the data has certain limitation and 

some of these limitations are also present in the studied search query- data. Main limitations 

for the search query data in hand are the following: 

- Geographic differences 

- Only weekly indexes available 

- There is no separation between negative and positive interest 

- Synonymic keywords and misspellings are not included 

- Dataset only includes interest from Google search engine users 

 

First and foremost, limitation that was made to the data at the point of obtaining was limiting 

the entered search queries only to the region of Finland. This was because the bargain sale 

is held only held in Finland. Also, when comparing Finland-region search query volumes 

with worldwide volumes the difference was insignificant but to be sure the limitation was 

made. 

The Google Trends data is only available on a weekly level and as mentioned before the 

data is in index-form. This means that we have only a certain mean value for a weekly 

search amount. This amount is in index form, which also limits the research since there is 

no possibility to see the actual day to day search amount. Hence the result will also be in 

approximate amounts. The result will then be more directional rather than factual. 

Another problem which will be strongly present throughout the research is the problems that 

the studied search query data does not show negative and positive interest a part of each 

other. So, if the volumes are high because for example a scandal around the company it 
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will be accidentally assumed to be positive. This problem has been tried to avoid by 

choosing the bargain sale name since it has not had any public negativity around it yet. 

Limitation that is related to this same problem is the power of marketing. It is possible that 

a peak in search volumes are solely based on effective marketing. However, this will be 

handled just as positive interest towards the sale and thus may just gain more customers 

to the sale. It will be a separate study to see how well search query volumes can predict 

marketing campaign success. 

Possible attribute to lower the data reliability is that query synonyms and misspellings are 

not included into the dataset. This is difficult to pass-by since the sale is still in quite a small 

scale in the scale of general worldwide query volumes. Since the sale is only in Finland and 

the data is studied in Finland there are no relevant keywords associated with the sale to 

include into the datasets. Also, language is difficult since the sale does not have an official 

English version name thus a non-Finnish speaking person can use any kind of synonym to 

find the sale. In theory part about ‘Online Search engine’ there was an important mention 

about the possibility of having more search engine users than shown in the search query 

volumes. These users are the ones who do not use the specific query that this thesis is 

looking into. The evolvement of the Google search engine it might be that people searching 

just for a topic of ‘Finnish bargain sale’ or just misspelling the bargain sale name might get 

the right answer on the first try and then the user won’t rewrite his or her query to the correct 

form. This means that the potential customer never has to use the search query of the 

bargain sale name thus never creating a hit to the observer search query. 

The dataset only has interest from Google search engine users. This means that there is 

going to be some kind of biasness in the user sample. Since it is not possible to assume 

that all customers use solely Google search engine or if at all search engines, there will be 

certain undefined limitation in the users who creates the search query data. For example, it 

can be that the main bargain sale buyers are the opposite from the main search engine 

users. This information should be acknowledged when evaluating the sample that represent 

the customer interest. The sample will not be exhaustive to include all the actual bargain 

sale customers. 
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6.4 Data analysis 

In this part there is going to be an evaluation of forecasting models and then finding the 

model to predict bargain sale outcomes. The part starts with an introduction about the 

phases to find the optimal forecasting tool. Then the part moves on to validation of the 

model predictor. After this there will be a brief conclusion of the study findings. More 

profound discussion about the result will be in chapter 7. 

 

6.4.1 Visualizing the datasets 

There are six different datasets in the bargain sale data that can be considered as different 

variables and can be studies as the dependents. When observing the data visually there 

appears to be an increasing connection between the search volume index values and the 

actual sales outcomes as well as the budgeted sales. This can be seen from figures 6 and 

7. Based on the figures it would seem that the SVI correlates better with the actual sales- 

values rather than the budgeted ones. This is because looking at the figure 6 of actual sales 

there is a more coherent increasing pattern that follows the same path as the SVI. The 

actual values are a bit higher than the SVI values. The highest peak of the actual sales 

comes with a lag when compared to the SVI. When looking at the budgeted values from 

figure 7 the budgeted sales are more stable around index value 80. Only exception is the 

budgeted online store (BUD ecom) sales which is by glance the most accurate with the SVI 

values. 

 

 

Figure 6: Search volume index vs. Actual sales outcome indexes 
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Figure 7: Search volume index vs. Budgeted sales outcome indexes 

 

From the information obtained from the data structure investigation the search query 

volumes were also plotted against the marketing budgets in Figure 8. This was done to see 

how well the marketing budget would correlate with the customer interest rates. The main 

ups and downs are quite similar until ‘Autumn 2015’ when the peaks start to be the opposite 

form each other. However, there does not seem to be any indications that the marketing 

budget would affect the search query volumes.  

 

Figure 8: SVI versus Marketing Budget 
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These figures (figure 6, 7 and 8) give good insight of the upcoming possibilities for predicting 

and therefore also reinforces the research to be continue with the current data and use it 

for forecast modelling. The data structure suggests that the forecasting will be done through 

classic linear regression model. Through the modelling it is possible to see which one of the 

dependent variables are actually correlating the best with the search query volumes and 

thus, are efficient for forecasting. 

 

6.4.2 Linear regression analysis 

The bargain sale dataset is small and only one subset (dependent variable) will be under 

observation at a time. The search query volumes will be the explanatory variable and it is 

called the Google predictor. Time is important feature in both of the datasets. Since the 

datasets are simple and small the most appropriate model would be the classical linear 

model. The research will start by seeing through linear regression results and by so see 

which of the bargain sale subsets correlate the best with the Google predictor.  

Using Microsoft Excel, the regression data analysis was performed individually to all of the 

actual and budgeted sales outcomes to see which of them holds the strongest connection 

with the search query data. The performed regressions were in form sale outcome ~ SVI + 

error term and the results were coherent. All gained coefficients were significant since the 

significance level of the F statistics were always under 0.05 (Appendix 4 and 5). R-squared 

values had more difference between subsets. Nevertheless, all of the values except actual 

online-store (ACT ecom, R2 ~ 0,45) and budgeted brick store (BUD Brick, R2~0,52) showed 

correlation around 70%. The highest explanatory power was for budgeted total (BUD total) 

which was 77,4%, however, actual brick store (ACT Brick) was also very good with a fit of 

77%. Close to second was the actualized total sales (ACT total) with R2 ~ 0,68. 

The marketing budget was also expected to be correlating with the Google predictor. To be 

sure a regression analysis was performed where the SVI was explained with the marketing 

budget. The regression form was SVI ~ marketing budget + error term. As already notices 

the results were equally insignificant as the graph gave to expect since the explanation level 

was only 23% (R2 ~ 0,23). It is positive that the marketing budgets are more coherent with 

the actual sales, however, it is unexpected that the marketing budget size does not affect 

the search engine query amounts. This would have been an obvious assumption to be 

made in the beginning of the research. 

From conduction of a simple regression there seems to be a connection between two 

dependent variables: BUD total and ACT Brick (Appendix 4 and 5). The budgeted values 
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represented the company actions toward sale generating. This makes it interesting to see 

that the Google predictor correlates the best with the total budgeted sales. This could signal 

that the company actions and goals are consistent at creating customer interest and hence 

search query volumes. This would give hope that the company expectations and the level 

of customer interest are on the same level. The variable ACT Brick (brick store) is the most 

interesting to study since it is the best correlated actual sales value. Since the actual sales 

are the forecasting target the study will also include the variable ACT total (actual total 

sales) into further research. The variable was chosen because it had R2 ~ 0,68 (Appendix 

4) which is still in the level of being significant. The actual sales values are the most 

important to study further since they are the unknown values for the company and 

forecasting them will help out on budgeting and strategy creation. 

 

6.4.3 Residual analysis 

The classical linear regression model is not always the most appropriate model for the data 

which means that the appropriateness of the data needs to be tested and this can be done 

through a residual analysis. When performing a linear regression model there are some 

assumptions made towards the variables and their relationships. To reassure that these 

assumptions are not neglected it is good to analyze the error terms of the model. Since 

residuals work as the estimations for the error terms and they are easily obtained it is valid 

to analyze the residuals that are created during the linear regression model.  

The OLS assumption that need to be verified are the following: (1) the errors have zero 

mean, (2) the variance of the errors is constant and finite over all values of Xt, (3) the errors 

are linearly independent of one another, (4) there is no relationship between the error and 

corresponding x variate, and lastly (5) the error terms are normally distributed. (Brooks 

2008, 43-44) In other word the goal is to have weak exogeneity, linearity, standard variance 

(homoskedasticity), independence (autocorrelation) and the non-existence of 

multicollinearity. The assumption (3) will be discarded since there is only one independent 

variable in the model which means that there cannot be multi-collinearity in the model. Since 

dependent variables for actual brick store sales and total sales had the highest correlation 

with the Google predictor and they are the values that need to be forecasted, their residual 

will be studied next. In real life none of these assumptions cannot be fulfilled perfectly but 

the goal is to have values close to perfect. 

Before going to the first official assumption it is good to see the nature of the connection 

between the dependent variable and the independent variable. This referring to the situation 

weather there is a linear or non-linear connection between the two variables because this 
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will determine the how the variables are included in the model. In figure 9 and 10 there are 

plots between the dependent variables (ACT Brick and ACT Total) and the Google 

predictor. In figure 9 there is the actual brick store sales (ACT Brick). With the help of the 

trend line there can be seen a clear linear growth. In figure 10 where the actual total sale 

(ACT total) is plotted against the SVI the connection also seems to be linear. This means 

that there is no need to modify variables in the model to include non-linearity. The 

regression model can be held the same. 

 

 

Figure 9: Actual brick store sales plotted against SVI 

 

 

Figure 10: Actual total sales plotted against SVI 

The first assumption was that the errors to have a zero mean. For actual brick store sales, 

the residuals do have a zero mean or at least very close to it with a negative value og 

0,0000000000000178. For the actual sales the residuals also had a mean value very close 

to zero (0,0000000000000057). This means that both of these dependent variables pass 

the first OLS assumption. (Appendix 4) 
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The second assumption reassures that the variance for the error term is constant. In other 

words that the error terms are homoscedastic. This can be examined through the residual 

plots (figure 11 and 12). If heteroskedasticity is present the plotted residuals would perform 

a shape that systematically changes as the values increase. When looking at figures 11 

and 12 there is not systematic shapes to be noticed. Of course, the reliability weakens 

because of the small dataset but based on this there is no significant heteroskedasticity to 

be found. 

 

 

Figure 11: Residual plot from ACT Brick dependent 

 

Figure 12: Residual plot from ACT total dependent 

The fourth assumption reassures that there is no relationship between the error and 

corresponding x variate. This can also be checked from figures 11 and 12 where the 

residuals (error terms) are plotted against the corresponding variate (search index). When 

looking at the plots and the trendline there is no linear connection between these two 

variables. This would verify that the fourth assumption is assured.   

-11
-9
-7
-5
-3
-1
1
3
5
7
9

11

10 30 50 70 90

Re
sid

ua
ls

Search index

Search index  Residual Plot - ACT Brick

-17,00

-12,00

-7,00

-2,00

3,00

8,00

13,00

10 30 50 70 90

Re
sid

ua
ls

Search index

Search index  Residual Plot - ACT Total



 60 

The OLS assumption of ‘no autocorrelation’ says that the error terms of different 

observations should not be correlated with each other. With time series models it is very 

common that the following value is somehow dependent on the previous values and thus 

the rule of autocorrelation will most likely be violated. However, to be sure it is good to check 

the residuals plotted against time. This is done in figures 13 and 14. If autocorrelation would 

be present there would be repeating patterns, however, from looking at the figures there 

seems to be no autocorrelation in neither of the residual plots. 

 

 

Figure 13: Residual plot against time (ACT Brick sales) 

 

 

Figure 14: Residual plot against time (ACT total sales) 

The last OLS assumption is that the error terms are normally distributed. This can be easily 

check through the normal probability plot. These plots can be seen in figures 15 and 16. 

The residuals are plotted against the theoretical normal distribution and in order to be 

normally distributed the residuals should form approximately a straight line. Both of the plots 

seem to form approximately a straight line and this affirms the last assumption. 
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Figure 15: Normal Probability plot for Actual brick store sales residuals 

 

 

Figure 16: Normal Probability plot for Actual total sales residuals 

 

All OLS assumptions were verified. This means that the estimator is BLUE and the 

regression analysis is valid.  This then concludes to the fact that the research can be 

continued with the Google predictor and use it for forecasting purposes. 

 
 
  

-10,00

-5,00

0,00

5,00

10,00

0 20 40 60 80 100

Re
sid

ua
ls

Sample Percentile

Normal Probability Plot - ACT Brick

-10,00

-5,00

0,00

5,00

10,00

0 20 40 60 80 100

Re
sid

ua
lsl

Sample Percentile

Normal Probability Plot - ACT total



 62 

6.5 Forecasts and their interpretations 

Forecasting will be done with the help of a linear regression model and the forecasts will be 

conducted through Excel. The forecasts are done with the original euro (€) values for all 

dependent variables. The forecasts have been done using the search query volumes and 

the previous actualized sale values. After the forecasts have been obtained the values are 

indexed against each other in the 0 to 100 value scale. To visualize the forecasting accuracy 

the forecasting values are plotted against the actualized values.  

The budgeted values are not forecasted because they are dependent on the predictions of 

the actualized values and this would violate the OLS assumptions. This means that the 

forecasts are only done to the actual sale values. Since the actualized online store (ACT 

ecom) did not get a significant correlation with the Google predictor and thus the model has 

not been verified with the OLS assumptions, the online store values are not forecasted. The 

forecast for actualized total sales (ACT total) and brick store sales (ACT Brick) are 

presented in figure 17. The blue line represents the forecast and the orange line shows the 

actualized sale values. 

From the figure 17 it is possible to see that the actual total sale forecasts are not that far 

apart from the actualized sale outcomes. The overall average seems to be the same even 

though the forecasts have more volatility in their values. The actualized brick store (ACT 

Brick) got the best correlation with the Google predictor and it can be seen in these graphs. 

The lines are seemingly more alike when comparing to the total sale values. In average the 

brick store forecasts are not a lot better from the actual total sale forecasts, however, the 

forecasted value distances from the actualized values per observations are generally 

smaller than for the brick store forecasts. Especially between ‘Autumn 2014’ and ‘Autumn 

2016’ the predictions are close to perfect for the actual brick store values.  

After ‘Autumn 2016’ the forecasts show higher sales than the actualized sales, which is 

interesting since budgeted values were also expected to drop from 100 to around 80. This 

could be explained if there has been some undetected factor that has affected the sales 

between ‘Autumn 2016’ and ‘Spring 2017’, however, not the search volumes. This could be 

for example an incident that has affected the brand image. An unfortunate event on the 

brand image does not necessarily drop the search query volumes since people can ‘google’ 

the bargain sale also with a negative mindset which then does not lead to sales. The 

marketing budget was plotted against the actual sales in the ‘Bargain sale data’- part. 

Curious to see is that in ‘Autumn 2016’ the marketing budget drops a little bit. This might 

have caused a one period lagged effect on the sales. This change could have cumulated 
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to the actual sales a bit stronger than expected. Probably the marketing cuts have been 

accidentally made somewhere where the marketing has been effective before but where it 

has not impacted the ‘googling’ of the bargain sale. This would explain why the SVI does 

not drop. 

 

 

Figure 17: Forecasts for actual total and brick store sales 
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The forecasts were also plotted against the budgeted values to see if these company 

actions are in possible causality towards the actualized sale changes. These plots can be 

found from appendix 6. For budgeted brick store sales there was a significant budget drop 

after ‘Autumn 2016’. This is apparent in the actualized sales, however, not in the forecast. 

This indicates an information lack in the budgeted sales forecasting model. The search 

query volumes do not include this expected drop in ‘Autumn 2016’. The budgeted values 

were planned to keep dropping after ‘Autumn 2016’, however, in reality the actualized 

values kept growing past the budgeted values. The forecasts done with the help of the 

Google predictor are more accurate with predicting the sales growth when compared to the 

budgeted sales expectation. This result would follow the previous literature and reassure 

that the search query predictor can help predicting unexpected interventions when the 

models excluding the Google predictor cannot.  
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7. Conclusions 

 
The thesis ends by concluding the main research results and findings and answering the 

research questions. Also, recommendations for further research are presented at the end. 

 

7.1 Research results and findings 

The research results follow the same line as previous literature. This means that there is 

potential to use Google predictors in order to predict bargain sale outcomes. It also confirms 

that the research done for the bargain sale data is done correctly and the results can be 

considered valid and potential for further research. The goal of this thesis was to study the 

search query volumes predicting power toward the bargain sale separately from other 

factors. This was done to see how well the predictor works on its own and thus, 

understanding what predicting power comes solely through the Google predictor. The 

results showed that there are some unexpected features in the forecasted values. The 

forecasting model was not targeted to be exhaustive, which means that it is not advisable 

to use the Google predictor singularly when predicting the bargain sale in the further 

research but rather find supporting predictors to add into the model. Hence it would be 

advisable to try out this thesis’ Google predictor for the bargain sale by adding it into a 

multivariate forecasting model. Possible variables to add into the model could be variables 

representing the level of the case company’s brand image and a variable representing the 

chosen marketing allocation in social media. 

Varian (2014) said: “As economists know well, there is a big difference between correlation 

and causation” in one of his many researches and it is very true. In this thesis the correlation 

has been in the core of analyzing results. Correlation between the Google predictor and the 

bargain sales total sales and brick store values are significant. However, the online store 

values were weakly correlated with the Google predictor, but this does not exclude the 

possibility of causality. Varian (2014) continued his statement “So even though a predictive 

model will not necessarily allow one to conclude anything about causality by itself, such 

models may help in estimating the causal impact of an intervention when it occurs”. Since 

there seems to be an interesting connection between the Google predictor and the bargain 

sale and if the correlation does not significate causality there is definitely proof that the 

Google predictor will be useful at signaling possible turning points and it will help the 

research result accuracy. 
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This Varian’s (2014) expression was actualized when the budgeted values were adjusted 

so that they start dropping after ‘Spring 2017’ when in fact the actualized sales kept on 

growing. The Google predictor was able to forecast this growth trend and thus prove its 

significance on predicting unexpected incidents. From literature is was mentioned that the 

search query data can help prediction possible trends. For a company this could be very 

beneficial since the Google predictor was able to predict the sale trend. Also, from the 

theoretical part it is important to stress out the possibility that Google Trends can help 

indicating what product would be the next big thing. The company just needs to go explore 

product search queries and their volumes. 

Even though the goal was to forecast the actual sales it was good to acknowledge that there 

was no significant difference between the Google predictor and budgeted sale values. It 

would have been worrying if the Google predictor would have not correlated at all with the 

budgeted values. The reason for this statement is that if the budgeted sales which 

represented a proxy for company actions, would have parted a lot from the search query 

volumes it would have indicated biased expectations from the company towards the 

upcoming sales and hence customer interest.  It is also good to see that there is some 

interconnection since this might show the power of the company action towards the 

customer interest. By acknowledging this there might be a path to understanding and 

measuring customer interest on a new level and by so creating better sales. 

The fact that the Google predictor forecasted the brick store (ACT Brick) values the best 

was surprising. The actual total sales (ACT total) would have been the most ideal to forecast 

since it represents the main goal. By having the ability to predict the incoming sales it is 

easier to manage investments, future ideas and strategical moves when there is a certain 

financial limit that the company need to follow. However, presumably it is quite obvious that 

the actual sale outcomes have more features to consider and thus more volatility, so it would 

complicate the predicting accuracy. It would have been more expected that the online store 

sales would correlate the best with the search query amounts. Especially since the online 

store sales are in size going past the brick store sales. The actual online store outcomes 

(ACT ecom) had the highest volatility from all of the dependent variables. The variable had 

the lowest R2 value, which confirms the Google predictors weakness towards predicting 

variables with high volatility. This is coherent with previous research.  

Based on the result that the Google predictor did not correlate with the online store sales, 

it would be quite wise to assume that the people who ‘google’ the bargain sale are mainly 

looking at the information that will be helpful when shopping at the brick store. These 

searching goals would be mainly navigational and informational searching goals. Another 
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reason for this insignificant correlation would be that the online store provides shopping 

possibilities to people outside of Finland. This would suggest the expected search query 

limitation that the data is consisted from only one search query and for this thesis the query 

was in Finnish. This will automatically exclude the different language versions. The bargain 

sale does not have an official name in for example English thus a non-Finnish speaking 

person can use any kind of synonym to find the sale. With the current Finnish language 

dependent query, the Google predictor might be able to only predict the online stores sales 

that are created by Finnish speaking customer.  

Another curious finding was the fact that the marketing budgets did not correlate with the 

search query volumes. It would have been very well expected that when marketing budgets 

increase it would increase the visibility of the bargain sale and then create higher customer 

interests. It would be interesting to study this further and find out why there is no correlation. 

 

7.2 Answers to research questions 

Before answering the main research question the sub-question will be answered first. First 

the online customer behavior question, then the search query data related questions and 

lastly the forecasting methodology sub-question are answered. 

 

Can search query volumes represent customer interest? If so what customer needs 

affects search engine activity and is search engine activity a good measurement for 

customer interest? 

It is possible to explain the search query volumes with customer purchasing interest. 

Anybody using a search engine has a conscious or unconscious goal behind their search 

activity. When considering the search engine user as a potential customer searching 

information about the bargain sale it is obvious that there exists some level interest towards 

the sale. This interest can then move from the computer keyboard into the bargain sale 

cashier and create sales. 

The user need that create the search activities are the needs for personal empowerment or 

feel of belonging into bigger community. These needs are most probably created through 

WoM or eWoM. These needs create goals and the goals represent themselves through the 

form of the query. The query forms can be either navigational searches, informational 

searches, transactional searches or resource obtaining searches depending on the search 

goal. 
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Is Google Trends data a valid measurement for customer interest and is the data valid for 

forecasting? 

Search engine data is valid for explaining a sample of the whole population of interest 

towards the bargain sale. Google is the most popular search engine and thus it should be 

the best at representing the biggest sample search of the customer interest. When 

narrowing the research to include only the Google search engine some of parts of the whole 

population are lost. Also, by studying only the search engine users the non-users are 

automatically excluded from the forecasts. However, when acknowledging these limitations, 

the Google Trends data can be used for forecasting and it is easy to model. The data 

represents an unbiased sample of Google search engines users’ interests. 

 

What forecasting methods are efficient for handling search query data and is search 

query-based forecasting beneficial? 

The efficient forecasting method depends strongly on the datasets and variables that are 

predicted with the search query data. The efficiency comes from the data itself and 

determines the model which can be used for forecasting. There does not exist only one way 

to forecast with search queries that would be better than the other. For this thesis’ data and 

variables, the classic linear regression model forecasting was the best one because the 

observed data verified necessary assumptions. 

Based on this research and also on the relatively current literature the search query data 

shows significant helpful features towards forecasting. From the research results gained 

from this thesis’ result it would confirm the helpfulness of the Google predictor when testing 

it towards the bargain sale. The Google predictor towards the bargain sale was indeed 

found beneficial.  

 

With the help of the answers to the sub-question the main research will be answered next. 

The main research question is the following: 
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Can Google search engine query volumes help estimating bargain sale outcomes from 

the perspective of representing a proxy for customer interest? 

 

Straightforward answer is that the Google predictor is helpful when predicting bargain sale 

outcomes. It does indicate customer interest on theoretical level as well as on practical 

level. The secondary data gives out promising results for the Google predictor predicting 

power. Especially towards predicting two out of three actualized sale sizes. The results 

recommend adding the Google predictor as a part of the future forecasting. It will represent 

the proportion of interest that the search engine users have, and it will help out on creating 

sales estimations. The search query volumes also help out following the upcoming trends 

towards the bargain sale popularity. 

 

7.3 Suggestions for further research  

From literature and theory, it seems that it is possible that the search query forecasting 

research reveals something completely new from the datasets. In this thesis this was how 

the Google predictor managed to predict sales growth better than the company itself with 

its budgeted sale sizes. By adding the Google predictor into the sales estimations, it is 

possible to estimate causal impacts when something unexpected occurs. One future 

research suggestion would then be to test out the Google predictor into bigger datasets to 

find more of the causalities that the predictor is able to estimate or even disclose. 

Another suggested future research is to create a more comprehensive forecasting model 

for the bargain sale. This means that new explanatory variables are added into the model 

to fill out the gaps that are not acknowledged when forecasting solely with the Google 

predictor. These explanatory variables could be measures for the popularity of the company 

brand, measures about the popularity of the products sold at the bargain sale or measures 

expressing the general knowledge of the existence of the sale. One possible research could 

be around finding these needed variables in order to improve the forecasting model. 
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It would also be interesting to test out the Google predictor on forecasting marketing 

campaign success. In this thesis’ research there was only a glimpse of the marketing budget 

and there was no correlation with the search query volumes. Thus, it would be interesting 

to study why doesn’t the marketing budgets show in the search volumes. Another search 

about marketing would be to examine the marketing campaign success with the help of the 

google predictor. For future research it could be profiting to see the customer interest level 

from Google search amount and reflect these with marketing campaign success. Possible 

research questions for this could be for example the following: 

• Is it possible to predict the marketing campaign success with the help of the Google 

predictor?  

• Will the Google search volumes change based on the marketing campaign? 
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8. Executive summary 

 

This research provides analyzes and evaluations of the predictive power of search query 

volumes (Google predictor) when forecasting the case company’s bargain sale. The used 

methods for testing out the Google predictor’s forecasting possibilities towards the different 

bargain sale dependent variables were classic linear regression models. The CLR models 

were also used to create the forecasts. All dependent variables were checked to verify the 

linear regression model demands. All the regression outcomes and results can be found 

from the appendices and data analytics -part. 

The research results are promising. The obtained forecasts follow similar patterns as the 

studied previous literature. In practice the Google predictor was able to predict two out of 

three bargain sale outcomes and therefore would signal that there is prominent predicting 

power. The Google predictor forecasted the total sales and brick store sales the most 

accurately. The Google predictor was able to predict the actual sales growth trends when 

the budgeted sales were not able to do it. However, it was surprising to see that the Google 

predictor was not able to predict the online store sales. It would have been expected that 

these two variables would have had the highest correlations. Also, it was unexpected to find 

that the marketing budgets did not have any significant correlation with the search query 

volumes. This is a significant finding since the marketing should be the causality for creating 

customer attention and thus make customers ‘google’ for the bargain sale and create search 

query volumes. 

The results cannot be considered exhaustive for the whole customer base since the 

research is done only to study the search engine users. This means that only search engine 

users are included into the forecast models. The small dataset restrains the amount of 

previous observations that can be used to create next period forecasts. However, based on 

the results it is confident to say that the Google predictor for the bargain sale forecasting is 

helpful and has the advantage of explaining previously unknown phenomena and also 

upcoming trends. Thus, the search query data should be considered as a part of the 

decision-making process firstly through Google Trends observation and secondly by adding 

the Google predictor into the company’s future forecasting models.  
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From the theoretical part the main findings for the bargain sale were the following:  

• Google Trends helps at detecting upcoming product trends 

• Search query volumes help to study singular product demands 

• Analyzing what people search for can help choosing what products should be added 

to the collections 

 

From the empirical part the main findings for the bargain sale were the following:  

• The Google predictor was significant at predicting brick store sales 

• The online store sales cannot be predicted when solely using the Google predictor 

• The marketing budgets were not helpful at explaining the search query volumes  

• It is possible to create a forecasting model for the bargain sale that contains the 

Google predictor 

 

Future recommendations for the company: 

• Improve the bargain sale forecasts by adding the Google predictor as one of the 

explanatory variables 

• Test the Google predictor for bigger datasets such as the continuing company sales 

• Improve the forecasting results by adding complementary explanatory variables into 

the forecasting model  

• Try the Google predictor on marketing campaign forecasting 
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Appendices 
Appendix 1: Weekly index for search query volume in Finland (Google Trends, data accessed 29 January 2018) 
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Appendix 2: Sales outcomes  
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Appendix 3: Weekly SVI per Bargain sale week 
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Appendix 4: Regressions analysis for Actual Sales Outcome 
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Appendix 5: Regressions analysis for Budgeted Sales Outcome 
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Appendix 6: Budgeted total sales plotted against actual sales 

 


