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Abstract 

The purpose of this thesis is to evaluate the influences behind the pricing of French wines by 

the use of Applied Mathematics and statistical analysis. A regression analysis, based on a 

literature review of a mathematical compendium, was executed to estimate the coefficients of 

21 characteristics of French wines. To perform such analysis, 490 bottles of wines were picked 

independently from the most famous wine guide of France, the Guide Hachette des Vins. The 

data was collected in order to make a representation of the French wine production 

distribution. The final regression equation was reduced to 11 variables and acquired a low 

goodness of fit. The result may be adequate but not capable of an accurate prediction of the 

average price of a bottle of wine. The result can be used as an example on the presence of 

influences behind the pricing of a wine. 

By the use of regression analysis, a second research was shaped: the impact of a regression 

equation in the creation of a mobile wine application. With knowledge in Industrial Engineering 

and a literature study in the fields of e-business, SWOT-analysis, business planning and 

innovation strategy; a covering analysis was put together in hope to achieve a profitable 

business strategy. Enhancing a search engine in a wine app by the use of regression gives an 

edge against existing competitors. The rewards of a wine app are greater than the risks. 

Henceforth, the creation of a wine app is recommended.  
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Sammanfattning  

Syftet med denna tes är att utvärdera påverkan bakom prissättningen av franska viner genom 

användning av Tillämpad Matematik och statistisk analys. Baserad på en litteraturgenomgång 

av en matematisk kompendium, en regressionsanalys utfördes för att uppskatta koefficienterna 

av 21 egenskaper av franska viner. För att utföra en sådan analys, 490 flaskor vin plockades 

ifrån Frankrikes mest kända vin guide, Le Guide Hachette des Vins. Datainsamlingen gjordes i 

syfte att göra en sann representation av den franska vinproduktionen. Den slutliga 

regressionsekvationen reducerades till 11 variabler och förvärvade en låg goodness of fit. 

Resultatet kan ses som adekvat men kan inte ges som en korrekt prognos av det genomsnittliga 

priset på en flaska vin. Resultat kan användas som ett exempel på influenserna bakom 

prissättningen av ett vin. 

Med regressionanalysen skapades en ny forskningsområde: effekten av en regressionsekvation 

i skapandet av en mobil vin app. Med kunskap i Industriell Ekonomi tillsammans med en 

litteraturstudie inom e-handel, SWOT-analys, affärsplanering och innovationsstrategi en 

omgripande analys sattes samman i hopp om att uppnå en lönsam affärsstrategi. Att förbättra 

en sökmotor i en vin app med hjälp av regressionsanalys ger en kant mot befintliga 

konkurrenter. Att skapa en sådan vin app ger större belöning än risk och därför 

rekommenderas.  
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I. Introduction 
1.1 Background 

The French wine industry had 16.2€ billion euros in sales in 2015 [1]. It’s size, popularity and 

success is what defines France as the country of wine. The market of wines is complex as there 

are too many wines to keep track of. It can be difficult for a consumer to understand the 

complexity of such market size. To purchase the right bottle of wine is troublesome. Too many 

factors come to play. The basic information needed for the consumers are several questions: 

Where was the wine made? Which year was it made? What type of wine is it? Consumers can 

find information about stated questions on the label of the bottle. Further questions such as: 

What does it go well with? Is it a good wine? Are to be answered by relatives, friends or store 

workers. 

To improve the sharing the stated information, wine guides have been created. The purpose of 

their existence is to keep track of wines, rate them and then sell the information to consumers. 

It permits the consumers to avoid the struggle of finding the correct information and receive 

wine recommendations. The most popular wine guide in France is the Guide Hachette des Vins 

[2] which is also the oldest one. The idea behind the guide was to hand out recommendations 

of 10 000 bottles of wine every year all the while giving each bottle a rating, a production 

information and an average price. By analyzing the database of this guide, we understand the 

complexity of the wine market and how only wine enthusiast can navigate through this market. 

Today, the total database of the Guide Hachette des Vins contains 140 000 different bottles of 

wine recommended. 

Through the size and success of the wine industry, external businesses have emerged to take 

advantage of it. Guides on print are an example but today with the technological progress, we 

have guides on the internet and also what we call wine apps. The Guide Hachette des Vins is 

now also available as a webpage, providing a search engine on all the written guides. Since 

2013, wine applications on mobile phones (wine apps) have hit their success. It is a growing and 

promising business where already a dozen of wine apps exists. Vivino is the most popular one 

with over 16 million users [3]. These wine apps sell services in form of search engines, saving 

your favorite wines, receive recommendations and a rating system. Wine guides and wine apps 

have facilitated the decision making of purchasing wine and today play an important role in the 

wine business. 

1.2 Problem statement 

From the background research and development, a few problems have appeared. The 

complexity of the wine market and the amount of information available on each bottle of wine, 

pushes towards a thesis on understanding these attributes. A study is made on the information 

of wine and finding a pattern between them and the price of the wine. How can we reduce the 
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complexity of the wine market? Can it be done through the use of statistical analysis? This 

thesis is interested in answering the following problem statements in hope to reduce the 

complexity of the market: 

 What are the influences behind the pricing of a French wine? 

 How does a wine app benefit from the study on the influences of French wines? 

1.3 Purpose 

The purpose of this project is through statistical analysis understand the reason behind the 

prices of French wines. By the use of regression analysis, we hope to achieve a model helping to 

predict the average price of a French wine given various criteria. Further, we hope to reach a 

covered analysis on the benefits of using a regression model for a wine app. The following 

motivations will be the foundation of this thesis: 

 To create a price prediction model for the Guide Hachette des Vins 

 To create a regression equation for a future business idea of creating a wine app 

The second motivation is of a more personal value where a possible project on creating a wine 

app may be realized. 

1.4 Disposition 

The thesis will be divided in two parts; a mathematical research followed by a research in 

industrial engineering. The reason of the structure is to follow the logical order of the problem 

statements. 

1.5 Demarcation 

The aim of this regression analysis is to create a model where various variables influences the 

price. The limits of regression analysis is the lack of measurement of all aspects in the pricing of 

wines. Two examples are the reputation of a wine and the design of a bottle that can’t be 

measured which leads to their non-existence in the regression analysis. Henceforth, the 

regression analysis can’t be entirely accurate. 

 

II. Theoretical Background 
To assemble needed theoretical background for the mathematical analysis on the prices of 

French wines, a literature review has been made on the compendium Elements of Regression 

Analysis by Harald Lang (July, 2015). Articles on the internet have been researched for 

additional theory. 

2.1 Multiple linear regression 

Multiple regression analysis is a mathematical methodology with purpose of creating a model 

around variables. In order to find a pattern in the prices of French wines and its influences, such 

method will be used. The construction is the following: 
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𝑦𝑖 = ∑ 𝑥𝑖𝑗𝛽𝑗 + 𝑒𝑖 , 𝑤ℎ𝑒𝑟𝑒 𝑖 = 1, … , 𝑛

𝑘

𝑗=0

 

In the formula, 𝑛 represents the amount of observations made and 𝑦𝑖  the response variable. 𝑥𝑖𝑗 

represents the explanatory variables and 𝑘 their quantity. The response variable and the 

explanatory variables are given data whilst 𝛽𝑗  are the coefficients we seek to estimate in order 

to create a model. Lastly, 𝑒𝑖 are the stochastic residuals [4]. In matrix form, the method stands 

as: 

𝒀 = 𝑿𝛽 + 𝒆 

𝑤ℎ𝑒𝑟𝑒 

𝒀 = (

𝑦1

⋮
𝑦𝑛

) , 𝑿 = (
1
⋮
1

  

𝑥11 ⋯ 𝑥1𝑘

⋮ ⋱ ⋮
𝑥𝑛1 ⋯ 𝑥𝑛𝑘

) , 𝜷 = (
𝛽0

⋮
𝛽𝑘

) , 𝒆 = (

𝑒1

⋮
𝑒𝑛

)   

In order to perform a multiple regression analysis, five assumptions are to be fulfilled: 

1. The presence of a linear relationship between the response and explanatory variables. 

2. The non-existence of multicollinearity. 

3. 𝐸(𝑒𝑖) = 0 which translates to the mean of the residuals being equal to 0 [4].  

4. 𝐸(𝑒𝑖
2) =  σ2 which means there is no presence of auto-correlation [4]. Assumption 3 

and 4 leads to the need of the residuals to be normally distributed. 

5. The model is assumed to be homoscedastic (explained in 2.8). 

 

2.2 Ordinary Least Squares (OLS) 

To estimate the 𝛽 coefficients, the Ordinary Least Squares (OLS) method is used. It aims to 

minimize the sum of the squared residuals ê𝑡ê = |ê|2 by solving the normal equation 

𝑋𝑡ê = 0, 

where ê = 𝑌 − 𝑋𝛽. 

We get that 

�̂� = (𝑋𝑡𝑋)−1𝑋𝑡𝑌  

where �̂� is the estimated value of 𝛽. [4] 
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2.3 Dummy variables and multicollinearity 

A dummy variable is an explanatory variable taking one of two values: zero or one. The creation 

of dummy variables comes from qualitative researches where words nor adjective cannot be 

used in the equation [4]. Every explanatory variables has to be described by a number in order 

to find the 𝛽estimates. As an example, a regression analysis on the pricing of cars can contain 

an explanatory variable taking into account the color of the car. As blue and red cannot be used 

in the equation, a dummy variable called “blue” could be made. “Blue” would then take the 

value 1 if the car is blue and 0 if the car is red. Furthermore, the color red becomes a 

benchmark variable which means that the regression equation is designed for a red car. The 

coefficient for the variable “Blue” will be the average price differences between a red and a 

blue car.  

Multicollinearity is the phenomena of linear relations between explanatory variables. In the 

blue and red car example, if two dummy variables were to be created: blue and red. Both 

variables would be connected to each other. If the car is red: the value of blue would be 0 and 

red 1. If the car is blue: the value of blue is 1 and red 0. This is an example of perfect 

multicollinearity. Hence, deciding on which variable to be a benchmark prohibits the 

intervention of multicollinearity. An imperfect multicollinearity presents the correlation of an 

explanatory variables with a linear combination of other explanatory variables. 

 

2.4 VIF 

In order to depict multicollinearity, the Variance inflation factors, called VIF, method can be 

used. It examines the regression by giving a value to each explanatory variable. The rule of 

thumb provides us a guide on which explanatory variables to use or not. It is said that if VIF > 

10, multicollinearity exists and the explanatory variable should be removed. The formula is the 

following [4]: 

𝑉𝐼𝐹 =
1

1 − 𝑅𝑖
2, 

Where 𝑅2 is explained in (2.5). 

2.5 𝑅2 𝑎𝑛𝑑 𝜂2 

When evaluating a multiple regression model, calculating 𝑅2 and/or �̅�2 provides a scale on how 

precise the model is. It’s a measurement of the goodness of fit and its name is the coefficient of 

determination [4]. The coefficient ranges from 0 to 1 where the higher the value, the better the 

model is. Much debate lurks around whether there is a rule of thumb when it comes to the 

value of 𝑅2. There is no standard value of 𝑅2 that stamps the goodness of the model. It all 

depends on the regression and the subject of research [5]. The formula of 𝑅2 is the following: 
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𝑅2 =
|ê∗|2 − |ê|2

|ê∗|2 , 

Where 𝑅2 and 𝑅∗
2 are “the coefficients of determination for the full and the restricted 

regression” and ê, ê∗ the corresponding residuals [4]. 

On a smaller scale, the partial eta squared is a measurement of the effect size and evaluates 

every explanatory variables, one by one. The value of the eta squared presents the significance 

of an explanatory variable for the regression. The formula is [4]: 

𝜂2 =
𝑅2 − 𝑅∗

2

1 − 𝑅∗
2  

A rule of thumb has been implemented by Cohen which gives the following intervals [6]: 

0.02~small significance 

0.13~medium significance 

0.26~large significance 

The logic behind the stated rule of thumb is clear. If the value is close to zero, it means that for 

the designated explanatory variables, the full and restricted have almost the same coefficient of 

determination. This means the variable has a small or non-existent impact on the goodness of 

fit, hence it is insignificant. An insignificant variable is recommended to remove from the model 

to create a reduced and more accurate model. 

2.6 Q-Q plot 

In the assumptions of a multiple regression analysis, the residuals were in need of two 

characteristics:𝐸(𝑒𝑖) = 0, 𝐸(𝑒𝑖
2) = 𝜎2. This informs the need of normally distributed residuals. 

The Q-Q plot allows to investigate whether or not the residuals are normally distributed. If they 

follow the theoretical line, the assumptions are confirmed. 

 

Example of a Q-Q plot [7] 
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2.7 F-test and p-value 

In order to understand the statistical significance of the 𝛽 estimates, the F-test can be used. It 

sets up a null hypothesis that one or several 𝛽 estimates are 0 and it’s tried against a hypothesis 

that one or several 𝛽 estimates are unequal to 0. The formula for the F-test is the following: 

𝐹 =
𝑛 − 𝑘 − 1

𝑟
(

|ê∗|2

|ê|2 − 1),  

Where 𝑛 is the amount of observations, 𝑘 of explanatory variables and 𝑟 of residuals. 

The p-value is of form: 

𝑝 = Pr(𝑋 ≥ 𝐹),  

Where 𝑋 ∈ 𝐹(𝑛 − 𝑘 − 1). The null hypothesis is rejected if 𝑝 < 𝛼 where 𝛼 is the significance 

level and usually takes the value 0.05. 

 

2.8 Endogeneity, heteroscedasticity and homoscedasticity 

Endogeneity occurs when 𝐸(𝑒𝑖) ≠ 0. The problem is due the residuals being dependent on the 

value of one or multiple explanatory variables. This translates to the presence of a correlation 

[4]. This could occur by the poor choice of data collection as well as measurement errors. 

Endogeneity leads to inconsistent 𝛽 estimates. The OLS method would lose its potentiality. 

Homoscedasticity is presented in the assumptions of multiple linear regression and is defined 

by 𝐸(𝑒𝑖
2) = 𝜎2 and 𝐸(𝑒𝑖) = 0. It indicates that the residuals are independent between 

observations and that they have the same standard deviation regardless of the x-value 

(explanatory variables) [4]. In other words, the explanatory variables have the same variance: 

the same spread from the mean value.  

If the variance or standard deviation varies between observations, the OLS estimates will be 

inconsistent and the residuals are then specified as heteroskedastic. In order to prove 

heteroscedasticity, the residuals against the response variable are to be plotted. If plot presents 

are relation between the two, then heteroscedasticity is true. 
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From this plot [8], we see an example of homoscedasticity and heteroscedasticity. As 

homoscedasticity have the same standard deviation for all explanatory variables, the plot can 

take of the form in [8]. Since heteroscedasticity have a varying standard deviation, the spread 

of the variables differs (increases in the example above). A cone like figure is a standard form of 

heteroscedasticity. 

2.9 Breusch-Pagan test 

As mentioned in (2.8), plotting the residuals against the response variable is a way to find 

heteroscedasticity. To enhance the existence of heteroscedasticity, the Breusch-Pagan test can 

be applied. The value received from the test is compared to the significance value 𝛼 in (cf. 2.7 F-

test and p-value). If it’s below 𝛼, the null hypothesis of homoscedasticity is rejected and the 

regression is heteroscedastic. The test variable is 𝐿𝑀 = 𝑛𝑅2 and the value that is compared to 

𝛼 is Pr(𝑋 ≥ 𝐿𝑀), where 𝑋 is 𝜒𝑝−1
2 -distributed [9]. 

 

2.10 Transformation of variables and White’s Consistent Variance Estimator 

A method to deal with heteroscedasticity is the White’s Consistent Variance Estimator [4]. It 

serves to reduce the inconsistency of the OLS in a heteroskedastic situation. By the use of the 

Ordinary Least Squares formula and a diagonal matrix of squared residuals, the consistent 

estimator for the heteroscedastic estimator takes of the following covariance matrix form: 

𝐶𝑜𝑣(�̂�) = (𝑋𝑇𝑋)−1(∑ ê𝑖
2𝑥𝑖

𝑡𝑥𝑖)(𝑋𝑇𝑋)−1

𝑛

𝑖=0

 

The second method is used to reduce heteroscedasticity and move towards a more 

homoscedastic model [4]. Instead of using the standard regression model, the logarithm of the 

response variable can be applied and would transform the regression into a log-linear 

regression. This transformation has an impact on the spread, attempting to reach a normal 

distribution.  
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The analysis of the regression would be different. For every increase of 𝑥, the value of 𝑦 is 

increased by 𝛽. With the log-linear relationship, for every increase of 𝑥, the value of 𝑦 is 

increased by 100𝛽%. 

 

2.11 Akaike Information Criterion 

In order to understand the impact of an explanatory variable in the regression analysis, the 

Akaike Information Criterion (AIC) formula can be used: 

𝐴𝐼𝐶 = 𝑛𝑙𝑜𝑔(|ê|2) + 2𝑘, 

Where 𝑛 are the number of observations, 𝑘 the amount of variables and ê the estimated 

residuals. The value of the AIC is a measurement and is used to compare the initial model and a 

second model with a reduced amount of explanatory variables. If the model with less variables 

have an inferior AIC value then it’s more accurate. 

 

III. Execution 
3.1 Software 

To execute the regression analysis, two software were used. Excel was used to collect and 

organize all data. R was used to run the regression where four packages were downloaded: 

 Lsr to find the eta-squared values 

 Lmtest for the Breusch-Pagan test 

 Car for the VIF calculations 

 Sandwich for the White’s Consistent Variance Estimator 

3.2 Data collection 

The data collection is based upon 490 bottles of wine which were assembled from 

www.hachette-vins.com. The reason behind the choosing of Le Guide Hachette des Vins is its 

reliability. It’s the oldest and most popular wine guide in France which was created in 1985 [10]. 

Their database consists of a listing of 140.000 rated bottles of wine all while creating a new 

guide every year of 10.000 bottles as stated in the introduction. All information given by the 

guide has been picked up in the regression except for the Appellation and the temperature in 

which you keep your wine. We have decided to exclude bottles of champagne and rosé. The 

following table represents the information collected (price included). 

http://www.hachette-vins.com/
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Chart 1: The collected data from Le Guide Hachette des Vins 

3.3 Selection of variables 

3.3.1 Response variable 

The response variable of the regression is the price of the bottle of wine. We seek to create a 

model around the prices and to understand what the influences behind the price are. The price 

will be in the currency of euros and for bottles in the 75cl format. If a chosen bottle is of 

different size, the bottles/box was either dismissed or a proportion calculus was made. 

3.3.2 Explanatory variables 

The explanatory variables are all the possible influences on the price of a bottle of wine. We 

initially believe they are the ones stated in chart 1 (cf. 3.2 Data collection). The rating in the 

collection will be of value 0, 1, 2 or 3 where 0 means the wine is listed (it has no flaws and has 

the quality to appear in the guide) and a grade 3 means the wine is exceptional [2].  

As for the Vintage variable, the age of the bottle will be written in the collection. This means if a 

bottle of wine was produced in 1995, the value written in Vintage would be 2016 − 1995 =

21.  

Variables Explanation 

Price The price of the wine in 75cl format in euro 

Rating The grade received from the website 

Bottles The amount of bottles produced 

Vintage The age of the wine 

Classification If it's a standard wine or a 1er / Grand cru 

Organic If the wine is organic or not 

Color If the wine is red or white (champagne/rosé excluded) 

Region From what region was the wine produced 

Varietal What type of grape was used 
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The Bottles variable contains the amount of bottles produced where it needs to be higher than 

0.  

As for the rest of the variables, they are of a qualitative nature. In order to use them in the 

regression, a transformation is needed and they become dummy variables. The variable 

Classification will take the value of 0 if the wine is standard and 1 if the wine is a 1er or Grand 

Cru.  

The variable Organic will take the value of 0 if the wine is standard and 1 if the wine is organic. 

 The variable Color will be transformed into a dummy variable called Red which has the value of 

1 if the wine is red and 0 if it’s white.  

The variable Region will be transformed into 7 dummy variables of the 7 regions (stated in chart 

2). The variable Varietal will be transformed into 11 dummy variables, each being a type of 

grape (stated in chart 2). The regions chosen were the regions producing the most wines in 

France [11].  

The types of grape chosen are the most common ones that can be found not only in France, but 

also in the rest of the world. The dummy variables Other whites and Other reds are designated 

for uncommon types of grapes, specific type of grapes in a region or a mixture of grapes. Not all 

wines are based on a singular type of grape which is why these two dummy variables come in 

handy.  
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Variables  Value 

      

Response variable     

Price 𝑦 € 

     

Explanatory variables     

Rating 𝑥1 0 𝑡𝑜 3 

Bottles 𝑥2 𝑈𝑛𝑖𝑡 

Vintage 𝑥3 𝑈𝑛𝑖𝑡 

Classification 𝑥4 0 𝑜𝑟 1 

Organic 𝑥5 0 𝑜𝑟 1 

Red 𝑥6 0 𝑜𝑟 1 

Alsace 𝑥7 0 𝑜𝑟 1 

Bordeaux 𝑥8 0 𝑜𝑟 1 

Bourgogne 𝑥9 0 𝑜𝑟 1 

Languedoc-Roussillon (Languedoc) 𝑥10 0 𝑜𝑟 1 

Provence 𝑥11 0 𝑜𝑟 1 

Vallée de la Loire (Loire) 𝑥12 0 𝑜𝑟 1 

Vallée du Rhône (Rhone) 𝑥13 0 𝑜𝑟 1 

Riesling (RI) 𝑥14 0 𝑜𝑟 1 

Gewürztraminer (GWT) 𝑥15 0 𝑜𝑟 1 

Chardonnay (CH) 𝑥16 0 𝑜𝑟 1 

Sauvignon Blanc (SB) 𝑥17 0 𝑜𝑟 1 

Pinot Gris (PG) 𝑥18 0 𝑜𝑟 1 

Other whites (OW) 𝑥19 0 𝑜𝑟 1 

Syrah (SY) 𝑥20 0 𝑜𝑟 1 

Merlot (ME) 𝑥21 0 𝑜𝑟 1 

Cabernet-Sauvignon (CS) 𝑥22 0 𝑜𝑟 1 

Pinot Noir (PN) 𝑥23 0 𝑜𝑟 1 

Other reds (OR) 𝑥24 0 𝑜𝑟 1 

Chart 2: Definition of the variables (with their shorter name in parenthesis) 

 

3.3.3 Variable distribution 

In order to make a fair regression analysis, collecting data must be a precautious action. One 

must be careful not to over nor underrepresent a variable which defines the problem of a 

biased sample. To remedy the biased sample, we have collected 70 bottles of wine for each 

region, meaning a total of 490 bottles of wine in data. To make a representation of the wine 

production per region, research have been made in order to find the distribution of the wine 

production of each region. The reason behind it is that every region does not produce wine of 
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every type of grape listed above. Each region have a different distribution and some are even 

specialized in one or two types of grape. 

 

  
Alsace [12] 

Bordeaux 
[13] 

Bourgogne 
[14] 

Languedoc 
[15] 

Provence 
[16] 

Loire [17] Rhone [18] 

Whites wines               

Gewürztraminer 19.80% - - - - - - 

Riesling 21.80% - - - - - - 

Pinot Gris 15.40% - - - - - - 

Sauvignon Blanc - 4.00% - 2.25% - 6.00% - 

Chardonnay - - 48.00% 1.80% - 9.00% - 

Other whites 25.40% 16.00% 12.00% 10.95% 9.00% 51.00% 6.00% 

Red wines               

Syrah - - - 21.00% 17.00% - 20.00% 

Merlot - 40.00% - 14.50% - - - 

Cabernet 
Sauvignon 

- 24.00% - 9.00% 4.30% 25.00% - 

Pinot Noir 10.20% - 34.00% - - - - 

Other reds 7.40% 16.00% 6.00% 40.50% 69.70% 9.00% 74.00% 

Chart 3: The distribution of the wine production for the seven chosen regions 

Another possible remedy to prevent a biased sample is to make a complete random selection of 

bottles of wine. 

3.4 The initial model 

Before initializing our first model, variable treatment must be made. In order to prevent perfect 

multicollinearity, we must set up benchmarks. With the dummy variable red we had already set 

up a benchmark meaning that if the value is 0 then the wine is white. For the regions, a 

benchmark must also be present. To do so we remove the Vallée du Rhône variable, making it a 

benchmark. This means that if all the 6 other region variables take the value 0 then the region is 

Rhône. Another benchmark must be set for the white wines. We remove the other white 

variable meaning that if the values of RI, GWT, CH, SB and PG are equal to 0 (and red equal to 0) 

the wine is white and of another type of less common grape (or a mixture of white grapes, 

explained in 3.3.2). One last variable must be removed which is the other red variable. The 

same way as for the whites, if the values of SY, ME, CS and PN are equal to 0 (and red equal to 

1) the wine is red and of another type of less common grape or a mixture of red grapes. These 
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variables could have been removed before the data collection but it is more organized to have 

them when picking up data and then afterwards removed them to create benchmarks. We now 

have our initial model which will be solved by using the software R. 

𝑃𝑟𝑖𝑐𝑒 = 𝛽0 + (𝑅𝑎𝑡𝑖𝑛𝑔)𝛽1 + (𝐵𝑜𝑡𝑡𝑙𝑒𝑠)𝛽2 + (𝑉𝑖𝑛𝑡𝑎𝑔𝑒)𝛽3 + (𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛)𝛽4

+ (𝑂𝑟𝑔𝑎𝑛𝑖𝑐)𝛽5 + (𝑅𝑒𝑑)𝛽6 + (𝐴𝑙𝑠𝑎𝑐𝑒)𝛽7 + (𝐵𝑜𝑟𝑑𝑒𝑎𝑢𝑥)𝛽8 + (𝐵𝑜𝑢𝑟𝑔𝑜𝑔𝑛𝑒)𝛽9

+ (𝐿𝑎𝑛𝑔𝑢𝑒𝑑𝑜𝑐)𝛽10 + (𝑃𝑟𝑜𝑣𝑒𝑛𝑐𝑒)𝛽11 + (𝐿𝑜𝑖𝑟𝑒)𝛽12 + (𝑅𝐼)𝛽14 + (𝐺𝑊𝑇)𝛽15

+ (𝐶𝐻)𝛽16 + (𝑆𝐵)𝛽17 + (𝑃𝐺)𝛽18 + (𝑆𝑌)𝛽20 + (𝑀𝐸)𝛽21 + (𝐶𝑆)𝛽22 + (𝑃𝑁)𝛽23

+ 𝜀 

IV. Results 
4.1 The initial model 

After running the initial model into R, we get the following results:  

 

Chat 4: Plot of the residuals and the fitted values 

By looking at the plot, it would appear to be a relation between the residuals and the fitted 

values although the clarity is not strong enough to conclude on heteroscedasticity. 

𝑹𝟐 𝑹𝟐̅̅ ̅̅  𝑳𝑴 𝐏𝐫 (𝑿 ≥ 𝑳𝑴) 

0.388 0.360 110.840 0.000 

Chart 5: Goodness of fit and Breusch-Pagan test 

From the value of 𝑅2, the goodness of fit of the basic model is at 0.388 which translates to 

38.8% of the average price of a French wine is described by this model. To empower the 

statement of heteroscedasticity, the Breusch-Pagan test was performed and by having the 

value equal to zero (exactly 3.32 ∗ 10−14) the hypothesis of homoscedasticity is rejected. The 

regression is heteroscedastic. 
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Estimate 

Std. 
Error 

p-
value 

𝜼𝟐 VIF 

(Intercept) 9.322 3.468 0.007  - 

Rating 2.088 0.783 0.008 0.009 1.203 

Bottles 0.000 0.000 0.772 0.000 1.253 

Vintage 0.616 0.106 0.000 0.044 1.269 

Classification 23.430 2.402 0.000 0.124 1.209 

Organic -1.772 1.852 0.339 0.001 1.202 

Red 0.083 2.719 0.975 0.000 3.266 

Alsace -6.299 4.146 0.129 0.003 3.992 

Bordeaux 7.764 3.542 0.029 0.006 2.912 

Bourgogne -1.337 4.367 0.759 0.000 4.429 

Languedoc -0.769 2.943 0.794 0.000 2.011 

Provence -5.362 2.787 0.054 0.004 1.804 

Loire -7.996 3.475 0.021 0.006 2.804 

RI 4.586 5.256 0.383 0.000 1.554 

GWT 6.187 5.378 0.250 0.001 1.522 

CH -6.262 3.958 0.114 0.003 2.277 

SB 2.433 5.774 0.673 0.000 1.139 

PG 11.390 5.819 0.050 0.005 1.409 

SY 16.320 2.943 0.000 0.040 1.259 

ME -0.951 3.623 0.792 0.000 1.781 

CS 5.764 3.279 0.079 0.004 1.666 

PN 7.853 4.558 0.085 0.003 2.335 

Chart 6: Results of the initial model 

By looking at the VIF-values, we see no clear signs of multicollinearity as no value is close to 10. 

4.2 Dealing with heteroscedasticity 

As mentioned in 2.10, heteroscedasticity can be dealt with in two ways. At first, we try by using 

the logarithm transformation of the response variable, which leads to the following equation. 

𝐿𝑜𝑔(𝑃𝑟𝑖𝑐𝑒) = 𝛽0 + (𝑅𝑎𝑡𝑖𝑛𝑔)𝛽1 + ⋯ + (𝑃𝑁)𝛽23 + 𝜀 

We get the following results: 
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Chart 7: Plot of the residuals and Log (Price) 

The plot shows that using Log in the response variable has greatly reduced the 

heteroscedasticity as the plot has lost its pattern seen in Chart 3. 

 

𝑹𝟐 𝑹𝟐̅̅ ̅̅  𝑳𝑴 𝐏𝐫 (𝑿 ≥ 𝑳𝑴) 

0.340 0.310 54.431 0.000* 

Chart 8: Goodness of fit and Breusch-Pagan test of Log (Price) 

By looking at the Breusch-Pagan test, the value has greatly increased, from  3.32 ∗ 10−14 to 
*8.551 ∗ 10−5 although it is still near zero (and still under 𝛼 = 0.05). These results prove a 

decrease of heteroscedasticity and the model is approaching homoscedasticity. 

4.3 Creating a reduced model 

A reduced model is created from the initial model (the Log (Price) model) where some variables 

are deleted. In order to find which variables hold little to no significance, the AIC method is 

applied. To understand which variables are going to take part in the AIC test, we have to look 

up at the 𝜂2 and the p-values of the desired model. A rule has been defined where these 

insignificant variables have a 𝜂2 < 0.02 and a 𝑝 − 𝑣𝑎𝑙𝑢𝑒 > 0.05. The reason behind this rule is 

to find variables that have a small impact on the goodness of fit (explained in 2.5) and that have 

a high probability of having a 𝛽-estimate equal to zero (explained in 2.7). 

To find the values of the 𝜂2 and 𝑝, we use White’s Consistent Variance Estimator for the 

Log(Price) model as there still might be some evidence of heteroscedasticity. 
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p-value 𝜼𝟐 

(Intercept) 0.000  

Rating 0.003 0.013 

Bottles 0.207 0.005 
Vintage 0.035 0.017 

Classification 0.000 0.118 

Organic 0.893 0.000 

Red 0.650 0.000 

Alsace 0.360 0.001 

Bordeaux 0.000 0.019 

Bourgogne 0.048 0.005 

Languedoc 0.193 0.003 

Provence 0.600 0.001 

Loire 0.215 0.002 

RI 0.871 0.000 

GWT 0.183 0.002 

CH 0.000 0.013 

SB 0.635 0.000 

PG 0.031 0.008 

SY 0.001 0.024 

ME 0.085 0.004 

CS 0.680 0.000 
PN 0.552 0.000 

Chart 9: The p-values and eta-squared values of the Log (Price) by the use of White’s Consistent Variance 

Estimator 

In the table, the variables written in bold may be insignificant to the reduced model as they 

follow the constraints stated above. We now proceed by calculating the AIC for each reduced 

variable in the model and differentiate it with the initial AIC for the Log (Price) model. 

Δ𝐴𝐼𝐶 = 𝐴𝐼𝐶∗ − 𝐴𝐼𝐶𝑖𝑛𝑖𝑡𝑖𝑎𝑙(𝐿𝑜𝑔) 

  𝚫𝑨𝑰𝑪 

Bottles 1.373 

Organic -1.981 

Red -1.802 

Alsace -1.228 

Languedoc 0.160 

Provence -1.637 

Loire -0.219 
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RI -1.973 

GWT -0.559 

SB -1.712 

ME 1.040 

CS -1.854 

PN -1.722 

Chart 10: Values of the Δ𝐴𝐼𝐶 

If the 𝐴𝐼𝐶∗ of the reduced explanatory variable is inferior to the  𝐴𝐼𝐶𝑖𝑛𝑖𝑡𝑖𝑎𝑙(𝐿𝑜𝑔) of the initial 

model it means that the reduced model is better. This translates to a negative value of 

the Δ𝐴𝐼𝐶. If the value is negative and the variable is a dummy, we remove it from the model. 

The dummy variables to be removed are: Organic, Red, Alsace, Provence, Loire, RI, GWT, SB, CS 

and PN. The three variables with a positive Δ𝐴𝐼𝐶 value is kept for the reduced model. Our 

reduced regression is the following: 

𝐿𝑜𝑔(𝑃𝑟𝑖𝑐𝑒) = 𝛽0 + (𝑅𝑎𝑡𝑖𝑛𝑔)𝛽1 + (𝐵𝑜𝑡𝑡𝑙𝑒𝑠)𝛽2 + (𝑉𝑖𝑛𝑡𝑎𝑔𝑒)𝛽3 + (𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛)𝛽4

+ (𝐵𝑜𝑟𝑑𝑒𝑎𝑢𝑥)𝛽8 + (𝐵𝑜𝑢𝑟𝑔𝑜𝑔𝑛𝑒)𝛽9 + (𝐿𝑎𝑛𝑔𝑢𝑒𝑑𝑜𝑐)𝛽10 + (𝐶𝐻)𝛽16

+ (𝑃𝐺)𝛽18 + (𝑆𝑌)𝛽20 + (𝑀𝐸)𝛽21 + 𝜀 

We get: 

  Estimate Std. Error p-value VIF 

(Intercept) 2.252 0.057 0.000 - 

Rating 0.092 0.027 0.000 1.164 

Bottles 0.000* 0.000 0.113 1.145 

Vintage 0.013 0.003 0.000 1.177 

Classification 0.770 0.083 0.000 1.131 

Bordeaux 0.523 0.095 0.000 1.627 

Bourgogne 0.407 0.096 0.000 1.658 

Languedoc 0.195 0.082 0.018 1.217 

CH -0.533 0.117 0.000 1.550 

PG 0.383 0.179 0.032 1.025 

SY 0.498 0.098 0.000 1.079 

ME -0.227 0.116 0.052 1.419 

 Chart 11: The beta estimates and their p-values of the reduced model 

*As the amount of bottles are usually in the thousands, the beta estimate is low: -0, 00000112 
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𝑹𝟐 𝑹𝟐̅̅ ̅̅  𝑨𝑰𝑪𝒓𝒆𝒅𝒖𝒄𝒆𝒅 𝑨𝑰𝑪𝒊𝒏𝒊𝒕𝒊𝒂𝒍𝑳𝑶𝑮 𝑨𝑰𝑪𝒊𝒏𝒊𝒕𝒊𝒂𝒍 

0.329 0.313 871.360 883.226 4135.707 

Chart 12: The goodness of fit of the reduced model 

 

  

  

Chart 13: The residuals vs fitted and the Q-Q plot of the reduced model 

  

V. Discussion 
5.1 Evaluation of the reduced model 

By examining the plots in Chart 13, heteroscedasticity has been reduced to (or almost) 

homoscedasticity. No pattern or cone shape is presented in the plot which leads to the 

assumptions of the standard deviations being the same for the values of the explanatory 

variables. The Q-Q plot almost following the theoretical line strengthens the argument of the 

standard deviations being the same and normally distributed. The VIF values of the reduced 

model presents no sign of multicollinearity as they are all near the value of one and far from 

the rule of thumb of 10. As we have a found an adequate linear relationship between the 

response variable and the explanatory variables, the five assumptions to perform a regression 

analysis stated in 2.1 are satisfied. 

The p-values (except for Bottles and Merlot ME) are under the 𝛼-value of 0.05 which means 

that the 𝛽-estimates are accurate and the null hypothesis is rejected (except for the two stated 

variables). Therefore, the 𝛽-estimates can be trusted and used. 
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 The goodness of fit has reduced from 0.388 to 0.329 by reducing the model. This means the 

reduced model explains less the variability of the response variable around its mean value. The 

R squared of 0.329 translates to 32.9% of the average price is explained by the reduced model. 

The value of 0.329 is considered low and questions the reliability of the model. Many variables 

have been removed in the reduced model as they were considered insignificant by the 

constraints of the eta-squared and p-values. Reducing these variables and taking the Log of 

Price has greatly decreased the R squared value. Although, the Log of Price was mandatory as 

heteroscedasticity needed to be rectified. A low goodness of fit leaves room for speculation. 

Are the chosen variables incorrect? Was the data wrongly collected? Are there missing 

variables? 

 

5.2 The meaning of the reduced model 

From the results of the reduced model, the regression equation is the following: 

𝐿𝑜𝑔(𝑃𝑟𝑖𝑐𝑒) = 2.252 + 0.092(𝑅𝑎𝑡𝑖𝑛𝑔) − 0,00000112(𝐵𝑜𝑡𝑡𝑙𝑒𝑠) + 0,013(𝑉𝑖𝑛𝑡𝑎𝑔𝑒)

+ 0,77(𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛) + 0,523(𝐵𝑜𝑟𝑑𝑒𝑎𝑢𝑥) + 0,407(𝐵𝑜𝑢𝑟𝑔𝑜𝑔𝑛𝑒)

+ 0,195(𝐿𝑎𝑛𝑔𝑢𝑒𝑑𝑜𝑐) − 0,533(𝐶𝐻) + 0,383(𝑃𝐺) + 0,498(𝑆𝑌) − 0,227(𝑀𝐸)

+ 𝜀 

Considering the model is reliable and accurate (although it is not, as discussed in 5.1), we have 

proven some stereotypes in wine production. Understanding the stereotypes of wine was a 

personal reason behind this thesis. We hoped to find if some stereotypes were true or false. It 

is clear that the variable classification increases in average the price of a bottle of wine. This 

comforts the stereotype behind wines that are 1er Cru or Grand Cru being more expensive as 

they are superior wines. The higher the rating, the higher the average price of a bottle of wine 

is. The more bottles being produced, the lower the average price is. The older wine, the higher 

the average price is. We must not forget that the reduced model has the Log (Price) which 

translates to the following meaning: the increase of 1 unit of an x-value leads to an increase of y 

by 100𝛽%. 

By reducing the model, we have removed many variables. The reason of such is due to their 

insignificance to the model. This being said, these variables have become benchmarks along 

with the already existing benchmarks before starting the initial model. For example, the 

removal of the variable Riesling (RI) meant that the difference of the average price between 

Riesling and the benchmark Other whites was nonexistent. The price change would not be 

affected and the variable Riesling become together with other whites, the benchmark. 

 

5.3 Speculation 

As presented in the Demarcation of the thesis, much information about wine have been left out 

in the regression analysis. Criteria such as reputation, brand, appellation and design are 
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unmeasurable data that would’ve been impossible to determine for 490 different bottles of 

wine.  

A variable weather could have been used in the regression. It is well known that the weather 

has a big impact on the quality of the grape hence producing a better wine (which could lead to 

higher prices). There were two reasons of this choice. Firstly, on the wine search engine used to 

find all data collected for the regression analysis, no information was given about the weather 

during the production of wine. To find from an external source the weather conditions for 490 

bottles of wines produced between 1990 and 2013 may have been very difficult. The second 

reason was the belief of multicollinearity if the variable weather were to be created. We 

believed that weather would have a linear relationship with two variables: the year of vintage 

and region. The impact on the price would be the same for the weather and the two variables.  

Information on the alcohol percentage were not found on the Guide Hachette des Vins. Again, 

to find information on the alcohol content for the 490 chosen bottles of wine from another 

external source could be very inefficient or impossible. The mentality behind buying wine is 

different from other types of alcohol. The buying process is more about finding a wine 

depending on the taste, the price, the form and the food pairing, not whether the wine 

contains 0.5% more alcohol then another wine. This may be the reason why wine guides don’t 

bring up information about the alcohol content of a wine. If we were to find that information, it 

would require to find pictures on the labels of each bottle collected in the data. 

Wines have two functions: either the consumers drinks it or keeps it in a cellar for maturity 

purposes (or to higher the selling price). As stated above, finding information for these 

functions from an external source is time consuming. 

A last information worth of speculating is the food pairings. One could think that depending on 

what food a wine should be drunk for, the price can vary. It is known that some wines should be 

drunk with meat, fish, cheese, desserts, or even without any food. The limits and definitions of 

the food pairings of a wine are unclear and differ from people and cultures.  

A variable used in the regression may have had a bad impact on the regression. The wine jury of 

the Guide Hachette des Vins are wine experts and gave accurate ratings on each bottle of wine. 

The problem is that the book/website is a guide. All bottles listed are recommended which 

means a wine with a 0 rating is a good wine. One could think that having a rating system going 

from bad to good would be better to achieve a more accurate regression (instead of a rating 

system going from good to exceptional). 

 

5.4 Conclusion 

The reduced model has a low goodness of fit by the value of 32.9% and the p-values are low 

enough to reject the null hypothesis of the 𝛽 estimates being equal to zero (from the exception 

of the explanatory variables bottles and Merlot ME). We conclude by having a model being 
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quite adequate but we can’t mark the reliability and accuracy of the final regression equation. 

The prediction of the price can’t entirely be described by the model nor can the beta estimates 

describe the coefficients for the explanatory variables. It is recommended to use this model as 

an example on how the price can be influenced by various factors but not for precise 

predictions.  

From the results and speculations, one could question the reliability of the guide used for our 

statistical analysis. By using all given information by the guide, a low goodness of fit was 

received from the regression. As stated in the speculation, many variables that could potentially 

have an influence on the price were left out by the guide. It would appear that the guide is 

incomplete and needs to provide further information. By statistical analysis, the guide maybe 

shouldn’t be considered as the best wine guide in France. Although, we mustn’t forget that the 

wine market is complex which may inform of the non-optimality of trying to create a prediction 

model. One may conclude that finding a perfect pattern in the prices of French wine is too 

difficult. 

If creating a wine app is a future project of ours, we hope to achieve a more precise regression 

equation by using more data as there are hundreds of thousands different wines (in France and 

in the rest of the world). It will be necessary to add more variables (stated in 5.3) but also to 

add the production cost of each bottle of wine. Further, more research will be needed on 

model accuracy and data relevance. The aim is to have a regression equation having a good 

enough goodness of fit to predict the average price of a bottle of wine.  

 

VI. Analyzing a mobile phone wine application 

business 
6.1 Introduction 

In this part of the bachelor’s thesis, we will seek to define the benefits of creating a wine app 

and the benefits of using regression analysis for this wine app. This is a projection of a business 

plan which means the actually creation of the wine app is not included. We seek to understand 

whether or not it will be a good business to create a wine app. We have not assembled a team 

for the creation. This research is about speculation and creating an analysis of the market and 

the opportunities of wine apps. 

Before speculating, a map must be brought together to understand the current situation of the 

market and the presence of competitors. There exists a few wine apps today that can be 

downloaded from the Play Store and the AppStore depending if the mobile phone is of Android 

or Apple. From the information given by these stores, we see that there are at least 18 million 

users where Vivino has 16 million of them [3]. From the Play Store, we can find information 

about how these apps generate income and what rating have they received from the 

consumers. From the Play Store, Vivino has an average of 4.3 [20] out of 5 in rating, Drync has 
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3.7 [21] and Wine-searcher has 4.3 [22]. The source of income of their apps are by upgrading 

your free account into a premium account. Premium accounts give extra service to users such 

as better connection with friends or having access to a larger database or receive a faster use of 

the search engine and the wine label recognition or being able to create a virtual cellar to 

manage your bottle of wine at home. 

By the use of Google Trends, we see an increase popularity in wine apps. Consumers are 

curious in knowing which wine apps are available today and which provides the best service. 

We have the following graph: 

 

Chart 14: Graph representing the evolution of the search term “wine app” in Google [19] 

We clearly see an increase which pushes further the motivation of creating a wine app 

alongside with the popularity explained above on the existing wine apps. 

 

6.2 Method 

In order to a analyze a business plan for a wine app, a literature study is made by the use of 

Google Scholar and the Royal Institute of Technology’s own library, KTHB Primo. To find the 

relevant literature, the following search words were used: e-business (electronic business), e-

commerce (electronic commerce), business plan, innovation management and SWOT analysis. 

By the help of the literature studies, studies in Industrial Engineering and business 

administration, we hope to achieve a profitable business plan. 

6.3 Theory 

6.3.1 Defining e-Business and e-Commerce 

The physical transaction of buying wine remains the major selling point. The objective is to 

create a guide for the consumers. Through the definition of e-business by Ravi Kalakota and 

Marcia Robinson, e-business takes form through the use of internet. It has created new 

business opportunities where “information is replacing inventory; and digital products are 

replacing physical goods” [23]. With this being said, our goal is to sell information through the 

use of internet. Selling or trading products and/or services by the means of the internet is the 

definition of e-commerce. Thus the goal of making a wine app is to create an e-commercial 

service generating profit. Today, e-commerce is not only available on computers, but also on 
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mobile phones. Mobile applications are tools for mobile phones, accessible by internet, with 

aim to generate money from the consumers. A wine app is a mobile application providing 

services and information on wine. The services provided are a search engine and wine 

recommendations for the consumer. The information aspects given by the app are the average 

price, the wine rating, food pairings and comments by consumers.  

 

 

Chart 15: An evolution of new business opportunities in the wine business 

Chart 15 is an illustration of a current evolution happening today for many business, from which 

we deducted from the logical order of the definitions. Here, it shows how in the wine industry, 

new business opportunities have emerged from traditional wine selling in stores to selling 

information of wine through mobile applications. 

6.3.2 What is a business plan? 

What is wrong with most of the business plans? William A. Sahlman straightforwardly answers 

too many numbers and not enough information that matters for the investors. Too detailed 

financial projections are “an act of imagination” [24]. When it comes to a new venture or 

business idea, there are too many unknown factors to create a detailed prediction on revenues 

and profits. Such predictions proves of too much optimism. William Sahlman presents four 

criteria in order to make a successful business plan:  

1. The people behind the project should have knowledge on the product or service, how it 

was made and how is the market for such product or service (knowing about the 

competitors and customers). 

2. The opportunity of the project must be defined. How is the market growing? Is it 

attractive? Or will it be? Investors are interested growing markets that allow businesses 

to make money. 

3. The context of the project is to be presented. The entrepreneur must take in fact of the 

factors outside of his business that could have potential impact. 

4. What are the risks and the rewards from this new venture? A presentation and 

discussion on the benefits and on what can go wrong. 

Regular 
Business

e-Business

e-Commerce

Mobile 
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6.3.3 SWOT-analysis 

A SWOT-analysis is a tool used to create an overview of a business plan. It helps to point out the 

strengths, the weaknesses, the opportunities and the threats. In our case, we use the SWOT-

analysis to respond to the business plan criteria pronounced by William A. Sahlman, except for 

the people criteria. The reason behind excluding the people criteria is the fact that this 

bachelor’s thesis is an analysis of a business plan, not the actually realization. We are not 

creating a wine app which means there is no need to assemble a team. The SWOT is usually 

represented as a table presenting the four criteria [25]: 

 

Chart 16: The definition of the SWOT-analysis 

6.3.4 Innovation management 

In innovation management comes the important role of innovation strategy. As explained in 

Innovation Management (2012), innovation strategy answers three questions [26]: where is the 

company? Where does the company aim to be? And, how will the company get there? In our 

case, as the company has not yet been created, we only focus on the two questions: Where 

does the company aim to be? And, how will the company get there? In the creation of a wine 

app, the desired position to be in is where the app has been created and there is much freedom 

and space to improve it. The app is required to have a strong database and a good amount of 

consumers to generate profit.  
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6.4 The analysis of a business plan 

In attempt to create an overview, we will perform a SWOT-analysis [27] on the project: creating 

a wine app having a regression model. The structure from the chart of Wikipedia is used as well 

as an article by MindTools are used to perform a complete SWOT-analysis. 

Strengths: 

 We have access to a reliable database giving information about professional ratings, 

average prices, production location, types of grape, etc.  

 Use of regression analysis to give recommendations to the consumers based on their 

budget, wanted rating and all the other variables in the reduced model. 

 A mobile application is a software which means there is no reliability to human errors. 

The business can’t be delayed by lead times nor weather, for instance.  

 A very low personnel cost which can lead to a very high profitability. 

 A feasible project 

Weaknesses: 

 A time craving project in order collect a base data of wine bottles and to create the 

software. 

 A project relying entirely on the final result. There is no prototype to create to see if the 

project will be realizable or profitable. This could lead to a major loss if the software 

turns to be unpopular. 

Opportunities: 

 Extend the database by letting the consumers add bottles of wine. 

 High flexibility when it comes to changes and improvements as it is a software and it can 

be updated. 

 Different ways of generating income such as offering premium services, sponsors, ads, 

pay-2-use and in-app purchases. 

 Possible collaborations with other (maybe less popular) wine apps such as sharing the 

database.  

 Expanding from French wines to worldwide wines to all types of alcohol. 

Threats: 

 A recent market which means predicting the growth of the market is difficult. The 

market and business can all of a sudden loose its popularity. 

 A scenario where all the potential consumers are already using a wine app. 

 A few wine apps already exists and the biggest one is Vivino with over 16 million users. 

 Some competitors have a very well developed app with all the necessary functions (e.g. 

having a profile linked to Facebook and Google+, having a friend list to give and receive 
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recommendations, in-app recommendations, and a large database with a search engine 

and the implementation of rating and comments). 

 Political actions or sanctions that would decrease the popularity of alcohol and wine 

guides (low risk). 

 

6.5 Business projection 

In a technological business environment, the Technology S-curve [28] by R. Foster allows to 

visually represent the life cycle of a wine app. A possible projection of creating a wine app may 

take the following form: 

 

Chart 17: The Technology S-curve (investments in a technology against the performance) 

As stated in the weaknesses of the SWOT analysis, early investment won’t have an impact on 

the performance of the app. The application is a final product that only works when completed. 

The investments to create the app are in form of time, dedication and money. This is how we 

will achieve the position that we want to be at for this business as stated in 6.3.4 Innovation 

management. The process is to first find investors as stated in 6.3.2. Acquiring investors 

requires a good business plan. To acquire a good business plan, a team must be assembled 

where the whole team understand the app and the market. With investors and a team, the app 

can be created in which it will require time, dedication, motivation and will.  

When the curve leans upwards strongly, the app will have been completed. At this stage, any 

small investments will lead to much higher performances. This is where the app allows space 

for software upgrades and updates. This can exemplified as repairing bugs, errors, improving 

the search engine, enlarging the database, adding new functions for the consumers or making a 

new design. This is the position we aim for as stated in 6.3.4 Innovation management. 

Enhancing the application leaves room for higher profitability and more consumers. 

The development of the app will reach its maturity after time which translates to any type of 

investments will have a small impact on the performance of the app. To beat the maturity 

problem, the opportunities stated in the SWOT analysis come to play. Collaborating with other 



33 
 

existing wine apps or expanding the database and search engine to all different kinds of alcohol 

are remedies for the maturity problem. 

 

6.6 Result 

The SWOT-analysis presents many strengths and opportunities. If these are greater than the 

weaknesses and threats, then the project may be profitable and recommended. The biggest 

threat is the existence of competitors. There are at least 18 million users of the already existing 

wine apps. If there are no new potential consumers then this new wine app must aim to gain 

the customers of the existing wine apps. As a customer, it is highly unlikely to switch from one 

app to another (or e.g. from one internet provider to another) if you are already satisfied. 

Consumers don’t tend to look for other possibilities when they are already receiving what they 

need. Both these assumptions are not an adequate representation of the situation. The market 

of mobile applications is growing and new potential customers are available. Wine (and alcohol) 

will always be a large industry and consumers will always be in need of guidance. A wine app is 

a feasible project offering flexibility and a potential profitability.  

The business projection proves of the reliability of the project. Investing in a technological 

business will enhances the performance which could potentially lead to more customers. It is 

important to understand that the app must be completed before being operational. If the 

creation succeeds, any investment have the opportunity to highly strengthen the performance 

and make the app highly profitable. As the making of a wine application (and the majority of all 

mobile applications) requires little personnel, a success would lead to high profitability and a 

failure to a non-catastrophically loss, different from the industries where a failure would lead to 

high unemployment. The reward of making the app is greatly higher than the risk. Such project 

is recommended. 

To generate income, the application must start out as free as they are already existing 

competitors. A premium account will be sold to the consumers willing to gain higher 

performance of the app which will be the main income generation. In-app purchases and ads 

will not be included in this app as these factors may potentially lose customers. Ads can greatly 

bother consumers as they are displayed on the screen of the mobile phone. 

In creating this wine app with regression analysis, this start-up will be a threat of entry to the 

existing competitors which will pressure the prices of their premium charges. Since this app is 

different from the others it will shake up the competition and create a high intensity of rivalry. 

Creating such intensity is important when entering an already existing market as the app needs 

to find a comfortable position in the market. By shaking up the competition, the app can 

manage to steal already existing consumers as the existing apps will be focused to keep their 

position on the market and not on upgrading the performance of their app. There will be a price 

competition between the existing apps and this newly created one. This will encourage 

companies to cut prices to win new customers and the apps with the best service and price 



34 
 

ratio will be the most successful one. As we believe that regression analysis will provide a great 

search engine, this app might stand a chance against the heavy already existing competition. 

6.7 Conclusion: standing out from the competitors 

We conclude by marking this project as recommended. It is important to differ from the 

competitors and offer different or better services than them. By the use of statistical analysis, 

this wine app would have the benefit of using regression analysis. From a regression equation, 

the app can offer recommendations to the consumers by the use of chosen criteria from the 

consumers. To exemplify, assume a customer seeking to know how much money he should pay 

for a specific type of wine. If he or she wants a bottle of chardonnay from 2014 having a rating 

of 2 out of 3 stars, the app will be able, by the use of regression analysis, give an average price 

on such wine. Hopefully, such uniqueness will be a useful addition tool to stand out from the 

competitors and be attractive to consumers. 
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