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ABSTRACT
Marketers are frequently faced with the problem of dispersing limited resources among several alternative channels. An optimal allocation across different media types is the key for marketers. What impact the allocation has on advertising investments is an important issue. 
Due to this problem several media mix models were conducted in the past. The purpose of this thesis is to develop an alternative solution to obtain optimal allocation of the media mix. The model to be used is the mixture-amount experiment: a mixture model that is performed at two or more levels of total amount. The goal is to learn about the effects on the response of varying the mixture component proportions and of varying the total amount of the mixture (Cornell, 2002).
Marketing as a whole is not familiar yet with this type of modeling. The method of elaborating the problem is the following. First of all the mixture-amount model will be explained and there will be a closer look at previous research of media mix models used in marketing. The next step is the implementation of the mixture-amount model in marketing and some hypotheses are assumed according to the implementation. Afterward the optimal allocation of the media mix will be analyzed using a sample from a dataset from a commercial TV channel in Europe. Results from the analysis will be discussed and lastly conclusions will be drawn. 
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1. [bookmark: _Toc324087746]THESIS OUTLINE
1.1 [bookmark: _Toc324087747]Introduction
A key problem faced by managers is the allocation of the advertising budget among different media (television, radio, magazines, etc.). Despite the growing literature on the economic impacts of generic advertising (Ferrero et al., 1996), the literature is virtually silent on the issue of media allocation. Aaker and Myers (1982) define the three decision areas for advertising as (i) how much to spend, (ii) what message to convey, and (iii) media decisions. An advertising campaign should be more than just the sum of its portions. It is about the synergy, a mix of media that should be constituted. 
1.2 [bookmark: _Toc324087748]Goals
The goal of this thesis is to investigate a different method to optimize the allocation of the media mix. Based on prior studies regarding the allocation problem, this thesis investigates the impact of variations in investment expenditures across different types of media. By bearing in mind the impact of media allocation on the recognition of advertisements, a thorough understanding of the optimal media allocation is provided. 
1.3 [bookmark: _Toc324087749]Relevance
To study the impact of investments, allowance must be made for the fact that the impact of investments on consumer perceptions differs across products/brands and that budgets are limited. This thesis is relevant from a theoretical view as well as from a managerial perspective. The theoretical view is based on the contribution of the thesis. Prior studies regarding the mixture problem tested the importance of mixing components. Past studies related to media mix models tested the importance of budget allocation across media. However, previous researchers neglected the possibility to use the mixture-amount model in marketing. Therefore, by combining both features, insight is provided on the impact of investments in different types of media. 
From a managerial perspective this thesis is most relevant for marketers to optimize their choice between media given any budget. By investigating the influence on consumer perception (i.e. recognition of a brand campaign), marketers are able to save costs and meet consumer needs.  
1.4 [bookmark: _Toc324087750]Problem statement and research questions
The problem statement of this study is the following:
Do mixture-amount models offer a benefit to optimize the allocation of different types of media used in advertising given any budget?
To answer this statement, the following subsequent research questions are presumed:
1. How do marketers have to allocate their resources across media types?
2. How much do marketers have to spend on advertising?
3. What is the impact of advertising investments and media mix allocation on consumer perception?
1.5 [bookmark: _Toc324087751]Research process and methodology
To obtain a profound understanding of the application of mixture-amount models in marketing, the theory about media mix models is combined with theory of mixture-amount models.  The impact of the model is measured by analyzing a dataset from a commercial TV channel in Europe. Respondents were asked questions about 26 brand campaigns over a given time span. This time span is divided into 6 waves. Each wave consists of unique respondents. Campaigns are separated by brand, with information about the allocation of investments over media. The degree of recognition of a brand campaign is tested with use of media distributions and media investments to establish an optimal allocation of investments over media. 
For analyzing the dataset, the mixture-amount model is used as the linear predictor in a multi-level logistic regression. To predict the probability of occurrence of an event, logistic regression is used by fitting data to a logit function; it is a generalized linear model (GLM) used for binomial regression (Gelman and Hill, 2007). The GLM uses several predictor variables (numerical or categorical). Multi-level modeling takes the hierarchical structure of the data into account by specifying random effects at each level of analysis. This results in a more conservative inference for the total effect. The multilevel logistic regression analysis allows the examination of both between group and within group variability as well as how group level and individual level variables are related to variability at both levels (Khan and Shaw, 2011). A more accurate explanation of the used methodology can be found in chapter 3. 
1.6 [bookmark: _Toc324087752]Thesis structure
This thesis contains six chapters. In the first chapter the structure of the thesis is clarified. The second chapter firstly summarizes the literature background of the mixture problem and shows the main dimensions of a mixture-amount model. Secondly, this chapter summarizes the literature background of media mix models and explains the fitness with respect to marketing. With use of the literature background and the main dimensions of the mixture-amount model, the third chapter explains the methodology of testing and the hypotheses according to this study are formulated. The analysis and results of this study are presented in chapter 4. The results are discussed in the fifth chapter and the proposed hypotheses to answer the research question are tested in this chapter. In the last chapter conclusions are made with regard to this study, and managerial implications, limitations and future research are discussed too.  
2. [bookmark: _Toc324087753]
LITERATURE BACKGROUND
2.1 [bookmark: _Toc324087754]The original mixture problem
Many products are formed by mixing together two or more components. In case of mixing components, the quality of the end product depends on the percentages/proportions of the single components. Another reason for mixing components is to see whether there exist mixtures that produce more desirable product properties than products with a single ingredient (Cornell, 2002). These experiments are known as mixture experiments. From an experimental view, the reason for studying the functional relationship between the measured response and the independent variables is to (i) determine which combination of the available components is the most desirable one, or (ii) to understand the impact produced by the different components. 
The pioneer of mixture experiments is Scheffé (1958). The purpose of the theory developed for experiments with mixtures was to predict the response, when the response depends only on the proportion of the components. This method recognizes that the sum of the (non-negative) proportions must be 100%. Transformed into symbols, if  represents the number of components and  is the proportion of the  component in the mixture, then the following equations hold:

	(2.1)
Scheffé developed some designs for experimenting with mixtures. The foundation of these designs is the choice of points in the component space and the fitting of chosen models which have the same number of coefficients as there are data points. In case of e.g. three components, the component space can be viewed as a triangle, shown in figure 2.1.
Figure 2. 1

The estimated regression model shows the relationships between the explanatory variables and the response variable(s). The purpose is to obtain an optimal response. With regard to experiments containing mixtures, canonical polynomial functions are generally used to estimate the response variable. With canonical polynomials all functions of the same class can be reduced without loss of generality. The first-degree canonical polynomial, where  is the linear predictor, is constructed as follows:

	(2.2)
First-degree canonical polynomial equations contain fewer terms than second degree canonical polynomials and therefore require fewer observed response values in order to estimate the parameters (’s) in the equation. Most of the time, the second-degree canonical polynomial is used to determine the response variable. The construction of the second-degree canonical polynomial is shown below:

(2.3)
According to mixture problems, the analysis of mixture data is equally important to the developing of mixture designs. When polynomials are used to provide measures of the mixing characteristics of the components, most often the model will include all of the terms up to a given degree. Once the degree of the final polynomial model is chosen, tests of hypotheses are performed on groups of parameters in the polynomial model. Testing the null hypothesis against the alternative hypothesis results in the following:
Ho: The response does not depend on the mixture components.
Ha: The response does depend on the mixture components.
	Snee (1973) focuses on the techniques for analyzing mixture data. The purpose is to obtain a better understanding of the mixture system and to identify the role of the different components. Important is the effect of changing the proportion of a component. Corresponding to this change is the change of the proportion of another component. The reason is that the sum of the proportions has to equal 100%. An example of an analyzing technique is model reduction. A model with fewer coefficients makes it easier to understand the system. Consider the following model:

Suppose that , the simplified model is than constructed as follows:

Scatter plots, ratio models and pseudo components are other analyzing techniques that can lead to an adequate model. To examine the behavior of the response variable contour plots are very useful. 
2.2 [bookmark: _Toc324087755]Models for mixture-amount experiments
The general definition of a mixture experiment clarifies that the response depends only on the proportions of the mixture components and not on the total amount of the mixture. However, if the total amount of the mixture also affects the response, the experiment is referred to as mixture-amount experiment (Piepel and Cornell, 1987). A mixture-amount experiment is a mixture experiment that is performed at two or more levels of total amount. The focus of mixture amount models lies in the effect of varying the total amount on the blending properties of the mixture components. On the other hand, if the blending properties are not affected, the effect on the response is interesting when varying the total amount. Component-amount models do not separate these two types of information. Mixture-amount models are therefore preferred over the polynomial component-amount. 
The Scheffé-type mixture models, which are shown in equations 2.1 - 2.3, serve as a starting point for the development of mixture-amount models. The advantage of the Scheffé canonical polynomials is that they are sufficiently flexible for a large number of practical situations. When the amount is added as an explanatory variable, the Scheffé-type mixture model crosses the linear model in the amount:

	(2.4)
The total amount is denoted by  and the  levels of this variable by . By crossing both models, the effects  on the blending properties of the components are explained. Suppose a model  that describes the component blending at each of the  levels of . If the response depends on the total amount, the parameters of  vary as  varies. This dependence can be written (for each parameter  in ) as follows: 

(2.5)
Where  represents the linear effects of ,  the quadratic effects of  and  the th-degree effects of . Suppose a model with . In addition to the different mixture blends, there are three total amounts of each blend that have to be looked at whether the response to each blend changes while varying the total amount. The mixture-amount model for measuring the linear and nonlinear blending properties of the mixture components and for measuring the linear and quadratic effects of the amount variable is as follows:

(2.6)
When the levels , ,   are coded to have zero mean (usually -1, 0, +1 if the levels are equally spaced), the following interpretations hold according to equation 2.6: 
1.  represents the linear and nonlinear blending properties of the mixture components at the average level of total amount.
2.  represents the linear effect of total amount on the linear and nonlinear blending properties of the mixture components.
3.  represents the quadratic effect of total amount on the linear and nonlinear blending properties of the mixture components. 
The coefficients  and  in equation 2.6 are measures of the effects of changing the amount of the mixture on the linear and nonlinear blending properties of the mixture components. For general  and , the model in 2.6 can be written as:

(2.7)
If the blending properties of the components are not affected by the total amount, the effect on the response in equation 2.7 reduces to:

(2.8)
In this equation  represents the effect of  on the response. Because equation 2.8 is not a subset of equation 2.7, re-parameterizing equation 2.7 is necessary (Gorman and Cornell 1982). The re-parameterization involves replacing  with  in the terms  of equation 2.7 and simplifying. Due to the re-parameterizing equation 2.6 can be rewritten into:

(2.9)
Where  and .  signifies the difference between the linear effects of  on the linear blending properties of , and , and  signifies the difference between the quadratic effects of  on the linear blending properties of , and . 
To recap, if the blending properties of the components in the mixture are not equal at the different levels of amount, then mixture-amount models (equation 2.7) are appropriate to discover the property of these components. The parameters in these models clarify how the component-blending properties are affected by varying the total amount. If the blending properties of the components are not affected by varying the total amount, then reduced models (equation 2.8) are appropriate to clarify how varying the amount affects the response.
2.3 [bookmark: _Toc316841219][bookmark: _Toc324087756]Media mix models
In advertising, media refers to communication channels such as television, radio, internet, newspapers, billboards, magazines, etc. The advantages and disadvantages of the media used in this thesis are shown in appendix 1. Advertisers use media to convey their commercial messages to target their potential customers. Advertising identifies and differentiates itself by communicating information about the product, to induce consumers to try new products, to build value, brand preference, and loyalty and to lower the overall cost of sales. Media allocation is the selection and distribution of information to appropriate media channels and in determining the number of ads in each channel (Locander et al., 1978). One of the core issues in media allocation is how to allocate the media budget. This includes decisions like where to advertise and how much to spend in order to match media with the target audience. A fundamental part of advertising involves the selection of media that maximize the effectiveness of advertising. Activities related to the selection of media in the most cost-effective manner are part of ensuring a successful implementation of media strategies.
Optimization studies on media selection were firstly started by Riordan (1958), who introduced the generating function leading to the consideration of both permutations and combinations. Lee and Burkart (1960) followed with the aspect of optimization problems in advertising media planning. The decision facing the advertiser is how to maximize the effect of advertising. Given a fixed budget, what method is the most valuable one? The budget decision issue varies from industry to industry. All kind of factors (like the target audience, product category, and media availability) play a role in how closely an ad is watched. Problems to be solved are coverage maximization (how many people actually notice the ad) and impact maximization (how often has the ad been watched). Media planning begins with a careful analysis of the target market. Important in developing a media plan is: (i) focus on consumer behavior, (ii) create a plan that has a reflection on buying behavior, and (iii) influence consumers.
Many optimization approaches attempt to determine both the optimal set of media channels and the proportion per channel. The literature illustrates three models which played an important role in media allocation. The first model was developed by Vidale and Wolfe (1957), who used aggregate response curves for advertising media to estimate increases in sales from an advertising campaign. Combined with a budget constraint, the best allocation of the advertising budget across media was determined (with use of Lagrange). The second model (Miller and Star, 1960) suggested linear programming to maximize some measure of ad effectiveness by defining the number of exposures in each media channel. The third model (Zufryden, 1975) combined the concepts of diminishing marginal response rates with the maximization objective. As a result of the above-mentioned models, Locander et al. (1978) proposed a media allocation model using nonlinear benefit curves. This approach combines survey response data with subjective estimates from media planners to construct an aggregate benefit curves for each type of media. 
As mentioned before, a key decision faced by marketers is the allocation of the budget among media. On the one hand different approaches of allocation are illustrated, but the role of demand has not yet been discussed. The hypothesis that demand responds equally to all media was rejected in the paper of Kinnucan and Miao (1999). Combining media would thus result in a biased estimate of the demand shift.  
Kinnucan and Thomas (1997) examine in their paper the potential effects of scale on media effectiveness. Normative decision rules were developed to allocate investments across media under different market structures and policy settings. When determining whether advertising is profitable, features like supply response, processor technology, markup behavior, consumers’ price sensitivity, the advertising “tax” incidence, and opportunity cost have to be taken into account. At the same time carryover need to be taken into account, because advertising generally takes at least three months before the intended effect is fully achieved (Leone, 1995). 
One implication in determining whether advertising is profitable is that the mix of advertising media varies from industry to industry. This implication affects the market performance (Porter, 1976). Consumers have to choose among the available brands of a product (interbrand choice). Consumers gather information to the extent that they expect it to increase their utility. Directing the consumers to the brand that best matches their needs, results in sales. The problem is that costs of information are high, as a result that the amount of advertising should vary from product to product (varying efficiency for supplying messages). Also the buyers' demands should vary depending on advertising's perceived cost/benefit ratio in relation to other information sources (Telser, 1964). The amount of advertising investments depends partly the information calculation, the response to different media, or on the costs of placing messages via information sources. 
Different kinds of media mix models are shown in this chapter in order to maximize the effects of advertising. Media allocation is a critical dimension of the marketers advertising decision. It has even been suggested that it is more important than advertising spending decisions (Doyle and Saunders, 1990). It should be noted that marketers should not only look at the aggregate effects of total budget allocation, but that they also have to examine the media-specific effectiveness in order to gain deeper insight of how their media mix has operated. 
2.4 [bookmark: _Toc324087757]Fitness with respect to marketing
Analyzing and choosing media for a brand campaign is a crucial step in the process of advertising media selection. Finding the optimal media mix to reach the target audience is a challenging task, like Pruppers (2007) mentioned in his book: “the average consumer looks over only 9 of the more than 200 magazines on the market. A radio listener usually tunes in to only 3 of the stations available in a given area. Television viewers watch fewer than 8 of the 30-plus stations available by cable or satellite and average network prime-time ratings have declined by more than 30 percent throughout the last decade.”
In Morris (1999), the author highlights the benefit of combining different media. Results show that ad awareness was 65% when consumers viewed the advertisement both on television and in a magazine. It was 19% for those who saw only the magazine ad and 16% for those who saw only the television ad. The increased impact of using two or more media is also known as a media multiplier effect.  
The general purpose of mixture experiments is to make possible estimates of the properties from a limited number of observations. These observations are taken on pre-determined combinations of the components in an attempt to determine which combination maximizes the response. In marketing not only products are formed by mixing two or more components, but also e.g. the product mix. The product mix can be separated in five subsets: quality, brand, service, package and warranty. Another illustration is the marketing mix; the combination of instruments, like the four P’s (Kotler, 2010), is used by organizations to establish their marketing strategy. Linear programming has proved to be a successful method to form an optimal marketing mixture (Stapleton et al., 2003). Thus, mixtures are frequently an important factor in marketing. Taking in consideration the mixture-amount model, it is somewhat more difficult to use the model for above examples, because the response also depends on the total amount. Table 2.1 shows the considerable differences in media mixes in the last 3 years and a forecast of this year and upcoming year. Table 2.2 shows the share of the total advertising spending by medium.
Table 2. 1
	US$ million, current prices Currency conversion at 2010 average rates.

	
	2009
	2010
	2011
	2012
	2013

	Newspapers
	96.973
	95.416
	92.802
	91.911
	91.334

	Magazines
	43.633
	43.741
	43.224
	43.060
	42.909

	Television
	160.199
	178.826
	184.929
	196.182
	207.056

	Radio
	31.778
	32.169
	32.899
	33.906
	35.117

	Cinema
	2.107
	2.315
	2.423
	2.564
	2.718

	Outdoor
	27.774
	29.917
	31.503
	33.357
	35.155

	Internet
	54.683
	84.026
	72.531
	83.457
	96.392

	Total
	417.147
	444.410
	460.311
	484.436
	510.648


Source: ZenitOptimedia (2012)
Table 2. 2
	Share of total ad spend by medium 2009-2013 (%)

	
	2009
	2010
	2011
	2012
	2013

	Newspapers
	23,2
	21,5
	20,2
	19,0
	17,9

	Magazines
	10,5
	9,8
	9,4
	8,9
	8,4

	Television
	38,4
	40,2
	40,2
	40,5
	40,5

	Radio
	7,6
	7,2
	7,1
	7,0
	6,9

	Cinema
	0,5
	0,5
	0,5
	0,5
	0,5

	Outdoor
	6,7
	6,7
	6,8
	6,9
	6,9

	Internet
	13,1
	18,9
	15,8
	17,2
	18,9


Source: ZenitOptimedia (2012)
Selecting the proper blend of media channels for advertising is a crucial activity. A well balanced media mix is cost-effective. The tables above show the global ad spending. It is expected that the total spending from 2009-2013 increases with more than 22 percent to $ 510.648 million. Most of the spending was broadcasted by TV (average of 40.0%), followed by newspapers (average of 20.3%) and internet (average of 16.8%). Striking from the table is the development of internet ad spending. These expenditures grew from 2009-2010 with 53.7%. On the other hand, the expenditures of newspapers, magazines and radio dropped a little. It is predicted that internet will overtake newspapers to become second largest medium. 
3. [bookmark: _Toc324087758]
METHODOLOGY
3.1 [bookmark: _Toc324087759]General approach
This chapter explains the procedure of the study and gives insight into hypotheses related to this study. To test the validity of the hypotheses, an observational study was piloted. With use of a multilevel logistic regression, the experiment will investigate a solution to optimize the allocation of the media mix. The following levels are included in the logistic regression:
 (
Level 1
[
Respondents
]
) (
Level 2
[
Campaigns
]
) (
Level 3
[Waves]
)Figure 3. 1
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)
3.2 [bookmark: _Toc324087760]Data collection
This study uses panel data, which stands for a multidimensional dataset, namely multiple observations of multiple variables at different time periods. It is a large, detailed and growing database made available for academic research by a large commercial broadcaster. The database combines data on real-life advertisements and data on advertising spending in all mass media for large samples of consumers over a given time span and for a great variety of brands and advertising campaigns. Panel analysis can provide a rich and powerful study of a set of people, if both the space and time dimension of the data is considered. The data on real-life advertisements originated from a questionnaire completed by respondents who watched random advertisements. The data on advertising spending contains 26 brand campaigns spread over 6 different time periods (waves) with determined investments across media channels. Between waves the respondents are unique. Within a wave the respondents completed the questionnaire for different brand campaigns. Some waves consist of more respondents than other due to the elimination of missing values and the quantity of respondents used per wave. There is no relationship between the numbers of respondents used per wave. This kind of structure makes the database a hierarchical database. A summary of the advertising spending data is shown below.
Table 3. 1
	Campaign
	Wave
	# Resp.
	Investments
	TV_Inv
	Newsp_Inv
	Mag_Inv
	Radio_Inv

	1
	1
	344
	€     715.755
	79%
	13%
	8%
	0%

	2
	1
	344
	€     646.611
	0%
	99%
	1%
	0%

	3
	1
	344
	€     422.298
	0%
	67%
	33%
	0%

	4
	1
	344
	€     568.271
	55%
	16%
	2%
	27%

	5
	1
	344
	€     437.560
	0%
	100%
	0%
	0%

	6
	2
	363
	€     745.675
	55%
	27%
	10%
	8%

	7
	2
	363
	€ 1.165.175
	37%
	45%
	6%
	12%

	8
	2
	352
	€     558.646
	67%
	0%
	33%
	0%

	9
	2
	352
	€     849.855
	51%
	19%
	11%
	19%

	10
	2
	352
	€     148.033
	0%
	2%
	40%
	58%

	11
	2
	352
	€     674.050
	0%
	83%
	17%
	0%

	12
	3
	349
	€     791.943
	71%
	16%
	13%
	0%

	13
	3
	349
	€     412.623
	0%
	92%
	8%
	0%

	14
	3
	349
	€     165.557
	0%
	39%
	0%
	61%

	15
	3
	349
	€     567.145
	0%
	0%
	0%
	100%

	16
	3
	349
	€     288.457
	0%
	0%
	0%
	100%

	17
	4
	377
	€     528.746
	92%
	0%
	8%
	0%

	18
	4
	377
	€     390.893
	88%
	0%
	0%
	12%

	19
	4
	377
	€     306.093
	0%
	44%
	0%
	56%

	20
	4
	377
	€     192.962
	0%
	80%
	20%
	0%

	21
	4
	377
	€ 1.098.628
	0%
	56%
	14%
	30%

	22
	5
	359
	€     432.932
	43%
	29%
	21%
	7%

	23
	5
	359
	€     611.280
	64%
	0%
	11%
	25%

	24
	5
	359
	€     264.871
	47%
	0%
	0%
	53%

	25
	5
	359
	€     420.486
	0%
	14%
	25%
	61%

	26
	6
	360
	€ 1.853.468
	46%
	14%
	22%
	18%



3.2.1 [bookmark: _Toc324087761]Questionnaire design
The questionnaire completed by the respondents was based on real-life advertisements showed to the respondents without the brand name visible. The purpose of this approach was to explore whether respondents were able to recognize the specific ad. Next to the recognition of the brand campaign, respondents were asked to give their opinion about the campaign. With use of keywords, they were able to evaluate the campaigns. Each keyword contained a 5-point Likert scale to indicate the importance of each rating. At the same time, respondents were asked three product specific questions. In the first question respondents were able to indicate on a 4-point scale if they were responsible for the purchase of the relevant product. The second question requested respondents to indicate in which time period (period 1, 2 or 3) they were planning to buy the product. In the third question respondents were able to specify the level of interest in the product, based on a 5-point Likert scale. A random sample from the dataset is shown below. 
Table 3. 2
	Respondent ID
	5_798

	Wave ID
	5

	Campaign ID
	22

	Advertising Investment
	 € 432.932 

	TV Investment
	43%

	Newspaper Investment
	29%

	Magazine Investment
	21%

	Radio Investment
	7%

	Recognizing Brand Campaign
	Yes

	Rating: Pleasant
	4

	Rating: Unique
	4

	Rating: Credible
	4

	Rating: Clear
	4

	Rating: Harassing
	2

	Rating: Informative
	4

	Rating: Appropriate for Brand
	5

	Rating: Understandable
	4

	Rating: Good Fit
	4

	Responsible for Purchase
	1

	Time Period Purchase
	1

	Product Interest
	4


3.2.2 [bookmark: _Toc324087762]Data preparation
After the data collection, the data has been reduced with use of merging to make the data clearer and easier to work with. Because the database was provided externally, missing values were already filtered out of the data. The provided database consists of just usable respondents. Another action which has been done externally was the merging of the nine rating variables into four new variables, because some rating variables are similar to each other. The means of the similar variables were calculated and assigned to the new variables by the commercial broadcaster. Between waves the respondents are unique. Within a wave the respondents completed the questionnaire for different brand campaigns. Some waves consist of more respondents than other due to the elimination of missing values and the quantity of respondents used per wave. There is no relationship between the numbers of respondents used per wave. 
3.3 [bookmark: _Toc324087763]Testing methodology
For analyzing the dataset, the mixture-amount model is used as the linear predictor in a multi-level logistic regression. Logistic regression is used to predict of the probability of occurrence of an event by fitting data to a logit function. It is a generalized linear model used for binomial regression. 
3.3.1 [bookmark: _Toc324087764]Dependent variable
The dependent variable is the recognition of a brand campaign. The level of recognition varies per wave and per brand campaign. The scale of the dependent variable is binary. Binominal categories are common in research situations like this where the measure of a variable simply identifies qualitative differences between categories.
3.3.2 [bookmark: _Toc324087765]Independent variables
The independent variables are the amount of investment expenditures, media allocation and interest. The definition of media allocation is expressed by the variables TV investments, magazine investments, newspaper investments and radio investments. The total amount of investment expenditures and the allocation of these expenditures across media channels give the opportunity to test what combination of media channels is the most optimal one and thus results in a higher level of recognition. The variable interest is the level of interest of a respondent in a certain product. The model does not contain an intercept in order to avoid perfect collinearity. 
3.3.3 [bookmark: _Toc324087766]GLM
Relationships between recognition and the independent variables are quantified and described by a generalized linear model (GLM). The coefficients and predictions from the fitted model infer and describe (i) relationships patterns, (ii) effects of the explanatory variables on recognition and (iii) the strength of association between the explanatory variables and recognition. The GLM is a flexible generalization of ordinary least squares regression. The GLM generalizes linear regression by allowing the linear model to be related to recognition using a link function and by allowing the magnitude of the variance of each measurement to be a function of its predicted value (Nelder and Wedderburn, 1972). Fitting GLMs and maximum likelihood estimation of their parameters is based on iterative reweighted least squares algorithm. In the GLM, each outcome of recognition, , is assumed to be generated from a particular distribution in the exponential family, a large range of probability distributions that includes the normal, binomial and poisson distributions, among others. The mean, , of the distribution depends on the independent variables, , through:

(3.1)
The GLM consists of three elements:
1. A probability distribution from the exponential family.
2. A linear predictor: 
3. A link function  such that: 
In this framework, the variance is a function, , of the mean:

(3.2)
The unknown parameters, , are estimated with maximum likelihood, maximum quasi-likelihood, or Bayesian techniques. 
In case of this study the response data, , are binary (recognizing a brand campaign: yes or no). The distribution function is generally chosen to be the binomial distribution and the interpretation of  is then the probability, , of  taking on the value one. The link function for this study is the canonical logit link:

(3.3)
GLMs with this setup are logistic regression models. Logistic regression is used to predict the random effects. That is the effect of media allocation and amount on recognition, across samples from respondents/campaigns/waves. Observations from the same respondent, campaign or wave are correlated with each other and therefore added to the model. The variability between and within the 3 levels (waves, campaigns and respondents) can be tested as well as how the 3 levels are related to variability at both levels. Variable(s) measured at one level influence the regression coefficients of other levels.
3.3.4 [bookmark: _Toc324087767]GLMM
The linear predictors in this study incorporate random effects. Therefore an extension of the GLM is necessary: the generalized linear mixed model (GLMM). The models ﬁt by the GLMM extend the GLM by incorporating correlations among the responses. The assumption that the dataset consists of a hierarchy of different populations whose differences relate to that hierarchy is present (respondents per brand campaign and per wave). Generalized linear models apply when the data are uncorrelated. The models fit can be represented as follows:
,
,

(3.4)
On the basis of the maximum likelihood estimator, tests can be constructed for a given hypothesis. The functional form of the model is then the following:

(3.5)
In this model  represents the degree of recognition,  the wave,  the campaign, and  the respondent. The probability of recognizing a brand campaign is calculated with the following equation:

(3.6)
For testing the hypotheses made according to the dataset, the software program SAS was used. This software program is very useful for analyzing large datasets. The results from the analysis are interpreted with a confidence level of 95 percent. 

3.4 [bookmark: _Toc324087768]Hypotheses
Since the goal of this thesis is to introduce a different approach to optimize the allocation of the media mix, the hypotheses are separated into three components that represent the model. These components reflect the research questions stated in the first chapter. The first component is consumer perception, the second component is media allocation, and the third component is the amount of advertising investments. With an optimal allocation of the media, marketers are able to simplify their investment decision. The investment decision is complex and an important issue according to advertising expenditures. Also consumers’ response differs across media types. 
3.4.1 [bookmark: _Toc324087769]Consumer perception
Consumers choosing among the available brands of a product must invest in information gathering. The process of purchasing a product is often described using the AIDA-model. This marketing model, including four essential steps to define an advertisement, consists of Awareness (to an ad message), Interest and Desire (for the brand), and Action (buying the brand). This process works entirely in the conscious mind.
To convince consumers that they should buy a specific brand, the first step is to make them aware to the advertising message. It is important to know whether respondents recognize the relevant campaign and what the corresponding problems are. Recognition leads to the purchase of a brand. This strategy is known as a conative strategy. They are designed to lead more directly to some type of consumer response. One level of testing is whether a respondent is able to recognize the advertisement as one that the respondent has seen before. Brand awareness is frequently overlooked by marketers in thoughts of strategy. It is often seen as the ability to identify a brand within a bunch of brands to make a purchase. Product details do not always require identification of the brand name. Often it is no more than a visual image of the product characteristics that stimulates a response to the brand. Recall of the brand is therefore not necessarily required because brand awareness may proceed through recognition.  This is a key point in the thought of brand awareness as a communication goal. The difficulty lies in the difference between recognition and recall, which is very important to advertising strategy. The difference depends upon the effect that arises first in the consumers’ mind: category need or brand awareness. Most of the time the brand is presented to the consumer first, and this is what stimulates the consumer to consider the relevance of category need. The sequence in the mind is: recognition of the brand reminds me of category need. 
3.4.2 [bookmark: _Toc324087770]Media allocation
Since there are many different ways to convey an advertising message, the media mix generating the greatest returns must be identified. Media allocation can be an important situational factor. Some types of media may be more appropriate for certain types of product or brand campaigns. Media allocation can make certain needs more salient and stimulate the motivation to pay attention to the ad. The types of media used in this study are: TV, newspapers, magazines and radio. These media channels are used in 26 brand campaigns by a commercial TV channel in Europe. Consumer perception as a response variable and the 4 different media types as explanatory variables form the basic model. The first hypothesis refers to the basic model. The question is whether the media channels together influence the recognition of a brand campaign. This results in the following hypothesis:
H: All components of the media mix have the same influence on the recognition of a brand campaign.
H: At least one component of the media mix has a different influence on the recognition of a brand campaign.
It is very likely that the allocation of the media mix have an influence on the recognition of a brand campaign. As stated before, making consumers aware of a specific brand stimulates the purchase decision. Media contributes to this process of making consumers aware of certain products and brands. 
With a large database it is more difficult to run statistical tests than with a smaller database, but the results are more reliable. The next step according to the basic model is to look if it could be simplified. The prediction equation for nearly equal coefficients may provide ways to reduce the number of coefficients in the model (Snee, 1973). In case of the model with 4 different media channels it might be easier to work with a 3-component media mix. Discovering situations where two components have equal effects can be a valuable aid in understanding the mixture data. The variables ‘newspapers’ and ‘magazines’ are both written media. A possibility to simplify the basic model is to merge both variables into one new variable: ‘written media’. Both possible models are illustrated below.
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Assuming that all parts of the media mix together have an influence, both models can be compared with each other. When the influence of the media mix on recognition of the second model is similar to the first model, then it is allowed to use the 3-component media mix model. The hypothesis that goes with this comparison is the following: 
H: The variables ‘newspapers’ and ‘magazines’ have equal effects and can be merged into the variable written media.
H: The variables ‘newspapers’ and ‘magazines’ do not have equal effects and cannot be merged into the variable written media.
3.4.3 [bookmark: _Toc324087771]Amount of advertising investments
The goal is to predict the outcome using the optimal model. To achieve this goal, a model is shaped including all predictor variables that are useful in predicting the response variable. This study uses forward selection. Variables can be entered into the model and logistic regression can test the fit of the model after each measurement is added. The basic model can be extended by adding the total amount of advertising investments (). Prior studies according to media allocation proved that consumers do not respond equally to all media (Kinnucan and Miao, 1999). According to the optimization problem it is important to know whether media allocation depends on the amount of advertising. If it does, the next step is to determine what exact allocation is the optimal one. With this in mind the following hypothesis arises:
H: The recognition of a brand campaign does not depend on the total amount of advertising investments.
H: The recognition of a brand campaign does depend on the total amount of advertising investments.
	It seems obvious that the amount of advertising investments does have an influence on the recognition of a brand campaign. If marketers expand their advertising budget, ignoring the allocation of these investments across media, brand campaigns can be exposed to the audience with higher quality and/or higher quantity. A logical consequence is that consumers are more capable of recognizing a brand campaign.
The first three hypotheses assumed that it is very plausible that media allocation influence recognition and that advertising investments influence recognition. Given these assumptions the following question applies: Does the recognition of a brand campaign depend on the amount of advertising investments and the allocation of these investments across media? It is expected that the answer to this question is yes, because as stated before advertising investments opens doors in relation to market coverage. Some products/brands can be exposed to consumers better with a certain media type than other products/brands. Different segments of the target population respond differently to different media. An optimal allocation would result in making it easier for consumers to recognize a brand campaign. To see whether the model with interaction between advertising investments and the allocation of these investments across media influence consumer perception, the third hypothesis has to be tested: 
H: The recognition of a brand campaign does not depend on the total amount of advertising investments and the allocation of these investments across media.
H: The recognition of a brand campaign does depend on the total amount of advertising investments and the allocation of these investments across media.
3.5 [bookmark: _Toc324087772]Investigating the optimal model
Different combinations of media types will create different responses and provide different values to the marketing organization. The purpose of the media allocation process is to attempt to identify which media types or which combinations will provide the best impact and greatest returns. The model containing media allocation as well as the amount of advertising investments forms the basis in the process of finding the optimal model. Several components can be added to the model to see whether the overall model gets more significant or not. Due to multicollinearity it is very hard to find significances. It is important that the model fits the data well. The different media types are highly correlated. In this case, the media types may not contribute significantly to the model individually, but together they contribute a lot. The goal is to predict recognition from the set of media types, so multicollinearity is not a problem. The predictions will still be accurate. If the goal was to understand how media types impact recognition, then it would have been a big problem. One way to reduce the impact of multicollinearity is to include interaction terms.  
3.5.1 [bookmark: _Toc324087773]Covariates
In search of finding the optimal model, adding covariates to the model could increase the fit of the model. One covariate is relevant to test if it contributes to the model fit. The covariate is inherent to the recognition of a brand campaign and may thus improve the fit.
The covariate to be tested is interest (. Evaluating a brand must be related to a currently relevant motivation, as Fennel (1978) argues that all consumers’ behavior is motivated. Consumers who are interested in a certain product are more aware of the attributes of that specific product than consumers who are not interested. With this information consumers who are interested might be capable of recognizing a brand campaign more often than consumers who are not interested. Therefore the following hypothesis will be tested to investigate whether interest in a brand will increase the fit of the model:
H: The recognition of a brand campaign does not depend on the interest in a product.
H: The recognition of a brand campaign does depend on the interest in a product. 
Once proved that recognition does depend on the interest in a product, focus on interaction is the next step. Taking into account the previous hypothesis, a higher level of interest in a product may result in a higher probability of recognizing a brand campaign. In case of interaction, interest is multiplied with media allocation. The difference is that the interaction is more specific. Consumers are sensitive for the way information is presented to them. For example, consumers with a high level of interest may prefer TV above other media types, thus a media allocation with 100% TV investments than result in a higher probability of recognizing a brand campaign than any other allocation. The corresponding hypothesis is:
H: The recognition of a brand campaign does not depend on the interest in a product and the allocation of advertising investments across media.
H: The recognition of a brand campaign does depend on the interest in a product and the allocation of advertising investments across media.
3.5.2 [bookmark: _Toc324087774]Interaction terms
An interaction effect exists when the effect of an independent variable on a dependent variable differs depending on the value of a third variable (Jaccard, 2001). The use of interaction effects of the media mix enables testing for the effectiveness in overlap of reach of various media. In case of interaction terms, forward selection is also used to find significant variables. For example, in the methodology of approaching consumers the use of TV in combination with radio might result in a higher level of recognition. If at least one media interaction terms has a different influence on the recognition, the next step is to examine if multiple interaction terms improve the model fit. The possible interaction terms between media are illustrated below.
Figure 3. 3

In case of a 3-component model, the design of the hypotheses is constructed with use of three steps. The first step consists of singular interaction terms. The 3-component model shows 3 singular interactions. The hypothesis for the first step is shown below:
H: The interaction term (e.g. ‘’) has no effect on the recognition of a brand campaign 
H: The interaction term (e.g. ‘’) does has an influence on the recognition of a brand campaign.
Once one of the singular interaction terms has an effect on the recognition the next step is to include two interaction terms. 
H: The interaction terms (e.g. ‘’ and ‘’) have no effect on the recognition of a brand campaign 
H: The interaction terms (e.g. ‘’ and ‘’) do have an influence on the recognition of a brand campaign.
If the model extended with two interaction terms shows significance, the final step in the forward stepwise selection is to add all interaction terms:
H: All interaction terms have no effect on the recognition of a brand campaign 
H: All interaction terms do have an influence on the recognition of a brand campaign.
With regard to the 4-component model the same methodology should be used as shown above. The research questions presumed earlier in this thesis could be hypothesized in the line represented in the following conceptual framework:
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4. [bookmark: _Toc324087775]ANALYSIS AND RESULTS
4.1 [bookmark: _Toc324087776]General Findings
This section shows the empirical results of the mixture-amount study. The interpretation of the results can be found in chapter 5.
4.1.1 [bookmark: _Toc324087777]The basic model
The first step to the optimization of the media allocation is to test whether media channels have an influence on the recognition of a brand campaign. The basic model to be worked with is the following:

The response variable  is the recognition of a brand campaign. The interpretation of a  in the basic model is the expected response if  is 100%. This means that the entire advertising budget is invested in media type . The sum of all the proportions together has to be 100%. Thus, a change in proportion of a media type results in a change of at least one other proportion. It is therefore impossible to make inferences about the individual parameters. In the basic model the proportions of advertising in media channels is denoted as follows: 




To investigate whether media channels have an influence on the recognition of a brand campaign at all is to test the first hypothesis: 
H: 
	H: At least one of the  is different
The tables below show the outcomes of the first hypothesis (the results of the whole test can be viewed in appendix 2).
Table 4. 1
	Fit Statistics

	-2 Res Log Pseudo-Likelihood
	43320.34

	Generalized Chi-Square
	6991.80

	Gener. Chi-Square / DF
	0.75


Table 4.1 lists information about the fitted model. Twice the negative of the residual log likelihood in the final pseudo-model equals 43320.34. The ratio of the generalized chi-square statistic and its degrees of freedom is close to 1. The residual variability in the marginal distribution of the data is measured here. The closer to one, the better the model fits the data.
Table 4. 2
	Covariance Parameter Estimates

	Cov Parm
	Estimate
	Standard Error

	Respondent_ID
	0.8372
	0.06988

	Campaign_ID
	0.4222
	0.1516

	Wave_ID
	0.1537
	0.1823


The ‘Covariance Parameter Estimates’ table shows the estimated variances of the random effects. The positive estimate values state that responses from the same respondent are correlated, responses from the same campaign are correlated, and that responses from the same wave are correlated. The variance of ‘Respondent_ID’ is the largest of all levels (0.8372), indicating that the answers given by one respondent are strongly correlated.
Table 4. 3
	Solutions for Fixed Effects

	Effect
	Estimate
	Standard Error
	DF
	t Value
	Pr > |t|
	Alpha
	Lower
	Upper

	TV_Inv
	-0.2677
	0.3730
	18.92
	-0.72
	0.4818
	0.05
	-1.0486
	0.5133

	Newspaper_Inv
	-2.1150
	0.4073
	17.18
	-5.19
	<.0001
	0.05
	-2.9737
	-1.2563

	Magazine_Inv
	-3.4372
	1.1835
	21.42
	-2.90
	0.0084
	0.05
	-5.8954
	-0.9790

	Radio_Inv
	-0.5431
	0.4477
	18.16
	-1.21
	0.2406
	0.05
	-1.4830
	0.3969


Table 4.3 shows the individual parameters estimates. The parameter for the variable ‘’ has the highest estimate of all. This means that e.g. an increase of TV investments with 1%, and a decrease in e.g. newspaper investments with 1%, results in an increase of the linear predictor. The value of which the linear predictor increases (‘’ +1% and ‘Newspaper investments’ -1%) is calculated as follows: . With a proportional allocation of the media the linear predictor is: . Using equation 5.6 the probability of recognizing a brand campaign is then: . 
Table 4. 4
	Type III Tests of Fixed Effects

	Effect
	Num DF
	Den DF
	F Value
	Pr > F

	TV_Inv
	1
	18.92
	0.51
	0.4818

	Newspaper_Inv
	1
	17.18
	26.96
	<.0001

	Magazine_Inv
	1
	21.42
	8.44
	0.0084

	Radio_Inv
	1
	18.16
	1.47
	0.2406


The ‘Type III Tests of Fixed Effect’ table displays significance tests for the fixed effects in the model. The ‘F Value’ is the square of the ‘t Value’ shown is the previous table.
Table 4. 5
	Contrasts

	Label
	Num DF
	Den DF
	F Value
	Pr > F

	Has media effect?
	3
	20.31
	7.38
	0.0016


The ‘contrast’ table shows hypotheses involving linear combinations of fixed and/or random effects and outputs the likelihood ratio test. This test is more reliable for finite amounts of data. What can be concluded from this table is that recognition significantly depends on media (F = 7.38 and p = 0.0016). This result implies that the media mix does have an impact on the recognition of a campaign. 
	The basic model, a 4-component media mix model, may be reduced to a 3-component media mix model. That is, the variables newspapers and magazines can be merged into a new variable:  . The second hypothesis examines whether a 4-component or a 3-component media mix is better.   

The F-overall examines here:
:
: 
or 
H: 
	H: At least one of the  is different
	The  in the three component media mix model refers to the variable ‘written media’. The results of this test are shown below. (The full test can be found in appendix 3).
Table 4. 6
	Solutions for Fixed Effects

	Effect
	Estimate
	Standard Error
	DF
	t Value
	Pr > |t|
	Alpha
	Lower
	Upper

	TV_Inv
	-0.3557
	0.3478
	20.36
	-1.02
	0.3183
	0.05
	-1.0803
	0.3689

	Writtenmedia_Inv
	-2.3209
	0.3089
	15.41
	-7.51
	<.0001
	0.05
	-2.9779
	-1.6640

	Radio_Inv
	-0.6914
	0.4289
	19.33
	-1.61
	0.1231
	0.05
	-1.5880
	0.2052



Table 4. 7
	Contrasts

	Label
	Num DF
	Den DF
	F Value
	Pr > F

	Writtenmedia
	1
	15.41
	56.44
	<.0001



The  value is significant. The 3-component media mix has a significant effect on recognition. The variables ‘newspapers’ and ‘magazines’ can be merged into the variable ‘written media’. This means that the fit of the second model with 3 media types is as good as the first model.
4.1.2 [bookmark: _Toc324087778]The amount of advertising investments
The next step in finding the optimal media allocation is to introduce the amount of advertising investments to the model. Previous results show that the fit of a 3-component media mix model in relation to recognition is better than a 4-component media mix model. Further analysis and results are logically based on the three component model. Including the amount of investments in the model results in the following model:

The amount of investments, , is the total amount given in the dataset divided by 100.000. Variable  varies from 1.48033 to 18.53468 depending on the brand campaign. The interpretation of  is the impact of advertising investments on the response. To see whether this model has a better fit than the basic model, the following hypothesis has to be tested:
H: 
H: 
or
H: 
	H: 
The tables below display the results of the second hypothesis (the results of the whole test can be viewed in appendix 4).
Table 4. 8
	Solutions for Fixed Effects

	Effect
	Estimate
	Standard Error
	DF
	t Value
	Pr > |t|
	Alpha
	Lower
	Upper

	TV_Inv
	-1.4078
	0.4940
	11.96
	-2.85
	0.0147
	0.05
	-2.4846
	-0.3310

	Writtenmedia_Inv
	-3.1614
	0.4358
	7.989
	-7.25
	<.0001
	0.05
	-4.1667
	-2.1561

	Radio_Inv
	-1.0801
	0.4632
	11
	-2.33
	0.0397
	0.05
	-2.0997
	-0.06063

	A
	0.1190
	0.04252
	20.71
	2.80
	0.0108
	0.05
	0.03052
	0.2075



Table 4. 9
		Contrasts

	Label
	Num DF
	Den DF
	F Value
	Pr > F

	Has amount effect?
	1
	20.71
	7.84
	0.0108



The number of degrees of freedom in table 4.6 is one, because the difference between the two models is one variable. The F-value is the square of the t-value of variable  in table 4.5 (), where the number of degrees of freedom of the t-test is equal to the number of degrees of freedom in the denominator of the F-test. The results show that the amount of advertising investments has a significant effect on the recognition of a brand campaign. (F = 7.84, p = 0.0108). 
It is Important to know whether the interaction effect between the amount of advertising investments and the allocation of these investments across media types contributes significantly to the fit of the model. The model that goes with this information is shown below:

The hypothesis corresponding with this model is as follows:
H: 
	H: 
or
H: 
H: At least one of the  is different from 
Findings of the third hypothesis are illustrated in the tables below (the other tables with regard to this test can be found in appendix 5).


Table 4. 10
	Solutions for Fixed Effects

	Effect
	Estimate
	Standard Error
	DF
	t Value
	Pr > |t|
	Alpha
	Lower
	Upper

	TV_Inv
	0.4881
	0.7673
	16.92
	0.64
	0.5332
	0.05
	-1.1313
	2.1076

	Writtenmedia_Inv
	-3.6117
	0.5517
	21.82
	-6.55
	<.0001
	0.05
	-4.7564
	-2.4671

	Radio_Inv
	-1.5563
	0.7733
	19.12
	-2.01
	0.0585
	0.05
	-3.1741
	0.06157

	TV_Inv*A
	-0.1883
	0.1146
	19.05
	-1.64
	0.1167
	0.05
	-0.4281
	0.05146

	Writtenmedia_Inv*A
	0.2412
	0.09885
	17.28
	2.44
	0.0257
	0.05
	0.03292
	0.4495

	Radio_Inv*A
	0.2337
	0.1767
	16.98
	1.32
	0.2035
	0.05
	-0.1391
	0.6064


Table 4. 11
	Contrasts

	Label
	Num DF
	Den DF
	F Value
	Pr > F

	Interaction media*A
	2
	18.37
	3.78
	0.0421



What can be concluded from this test is that at least one of the  is significantly different from the others (p = 0.0421). The recognition of a brand campaign does depend on the interaction effect between the total amount of advertising investments and the allocation of these investments across media. The model fit does improve when extended with interaction terms between the media mix and the amount of advertising investments. An implication of this result is that the optimal media mix may depend on the exact amount of advertising.
4.1.3 [bookmark: _Toc324087779]Interest
It is especially consumers who are interested in a certain kind of product that might be willing to buy the product. In the search for a model that fits the data optimally, interest in a product  may result in a higher probability of recognizing a brand campaign. The question is whether the impact of interest in a product is significantly different from zero or not. The model including interest is shown below. 

The interest in a product is a categorical variable and consists of 5 levels (dummy variables). The interest term in the model is constructed as follows: . The corresponding hypothesis is:
H: 
H: 
or
H: 
H: At least one of the is different 
Table 4. 12
	
	Solutions for Fixed Effects

	Effect
	Interest
Level
	Esti-
mate
	Std.
Error
	DF
	t-
Value
	Pr > |t|
	Alpha
	Lower
	Upper

	TV_Inv
	
	1.5707
	0.7810
	17.5
	2.01
	0.0600
	0.05
	-0.07345
	3.2148

	Writtenmedia_Inv
	
	-2.6501
	0.5706
	22.39
	-4.64
	0.0001
	0.05
	-3.8322
	-1.4679

	Radio_Inv
	
	-0.6032
	0.8018
	19.65
	-0.75
	0.4607
	0.05
	-2.2776
	1.0711

	TV_Inv*A
	
	-0.1974
	0.1166
	19.1
	-1.69
	0.1066
	0.05
	-0.4414
	0.04649

	Writtenmedia_Inv*A
	
	0.2455
	0.1022
	17.4
	2.40
	0.0278
	0.05
	0.03018
	0.4608

	Radio_Inv*A
	
	0.2460
	0.1830
	17.29
	1.34
	0.1963
	0.05
	-0.1396
	0.6316

	Interest_Product
	1
	-2.1025
	0.1700
	3534
	-12.36
	<.0001
	0.05
	-2.4359
	-1.7691

	Interest_Product
	2
	-1.8120
	0.1538
	2910
	-11.78
	<.0001
	0.05
	-2.1136
	-1.5104

	Interest_Product
	3
	-1.3432
	0.1020
	1985
	-13.16
	<.0001
	0.05
	-1.5433
	-1.1431

	Interest_Product
	4
	-0.6761
	0.1000
	1810
	-6.76
	<.0001
	0.05
	-0.8722
	-0.4799

	Interest_Product
	5
	0
	.
	.
	.
	.
	.
	.
	.



Table 4. 13
	Contrasts

	Label
	Num DF
	Den DF
	F Value
	Pr > F

	Has interest effect?
	4
	2799
	77.69
	<.0001



The results show that the interest variable has a significant explanatory value (p < 0.0001). The parameter in the last row of table 4.12 is set to zero to cope with the collinearity problem due to the categorical explanatory variable interest. Each level of interest in a product represents the mean difference in linear predictor of a given interest level and level 5, the reference level. Interest is an ordinal variable with 5 categories. Interest level 1 correspond to small interest and interest level 5 to high interest. (appendix 6 illustrates the full test). 
Now that it has been shown that the interest variable has a significant effect, the hypothesis with interaction between interest and media allocation can be examined. First of all the model is illustrated, followed with the statistical formulation of the sixth hypothesis:

The interaction term ‘’ is constructed as follows:  for each interest level . To compare the model including the main effect of the variable interest with the model including the interaction effect of interest and media mix,  the following hypotheses are examined:
H: 
H: 
or
H:  for each interest level
H: At least one of the  is different
Table 4. 14
	
	Solutions for Fixed Effects

	Effect
	Interest
Level 
	Esti-
mate
	Std.
Error
	DF
	t-
Value
	Pr > |t|
	Alpha
	Lower
	Upper

	TV_Inv
	
	1.5885
	0.7997
	18.48
	1.99
	0.0620
	0.05
	-0.0886
	3.2655

	Writtenmedia_Inv
	
	-2.4840
	0.5834
	24.16
	-4.26
	0.0003
	0.05
	-3.6877
	-1.2803

	Radio_Inv
	
	-0.9432
	0.8202
	21.41
	-1.15
	0.2629
	0.05
	-2.6470
	0.7606

	TV_Inv*A
	
	-0.1924
	0.1175
	19.05
	-1.64
	0.1180
	0.05
	-0.4383
	0.05355

	Writtenmedia_Inv*A
	
	0.2486
	0.1023
	17.3
	2.43
	0.0263
	0.05
	0.03295
	0.4642

	Radio_Inv*A
	
	0.2361
	0.1831
	17.1
	1.29
	0.2144
	0.05
	-0.1500
	0.6222

	TV_Inv*Interest_Prod
	1
	-2.0352
	0.3301
	9262
	-6.17
	<.0001
	0.05
	-2.6822
	-1.3881

	TV_Inv*Interest_Prod
	2
	-1.9644
	0.3065
	9262
	-6.41
	<.0001
	0.05
	-2.5652
	-1.3635

	TV_Inv*Interest_Prod
	3
	-1.4678
	0.1966
	9262
	-7.47
	<.0001
	0.05
	-1.8531
	-1.0825

	TV_Inv*Interest_Prod
	4
	-0.6824
	0.1925
	9262
	-3.54
	0.0004
	0.05
	-1.0598
	-0.3050

	TV_Inv*Interest_Prod
	5
	0
	.
	.
	.
	.
	.
	.
	.

	WM_Inv*Interest_Prod
	1
	-2.5458
	0.4035
	9262
	-6.31
	<.0001
	0.05
	-3.3368
	-1.7548

	WM_Inv*Interest_Prod
	2
	-2.3775
	0.3619
	9262
	-6.57
	<.0001
	0.05
	-3.0869
	-1.6681

	WM_Inv*Interest_Prod
	3
	-1.6443
	0.2000
	9262
	-8.22
	<.0001
	0.05
	-2.0363
	-1.2522

	WM_Inv*Interest_Prod
	4
	-0.8229
	0.1876
	9262
	-4.39
	<.0001
	0.05
	-1.1906
	-0.4552

	WM_Inv*Interest_Prod
	5
	0
	.
	.
	.
	.
	.
	.
	.

	RD_Inv* Interest_Prod
	1
	-1.6109
	0.4031
	9262
	-4.00
	<.0001
	0.05
	-2.4011
	-0.8207

	RD_Inv* Interest_Prod
	2
	-0.8772
	0.3622
	9262
	-2.42
	0.0155
	0.05
	-1.5872
	-0.1673

	RD_Inv* Interest_Prod
	3
	-0.7222
	0.2465
	9262
	-2.93
	0.0034
	0.05
	-1.2053
	-0.2390

	RD_Inv* Interest_Prod
	4
	-0.4186
	0.2409
	9262
	-1.74
	0.0823
	0.05
	-0.8908
	0.05357

	RD_Inv* Interest_Prod
	5
	0
	.
	.
	.
	.
	.
	.
	.



Table 4. 15
	Contrasts

	Label
	Num DF
	Den DF
	F Value
	Pr > F

	Interaction: media*Interest_Product
	12
	9262
	26.78
	<.0001


The above tables show that the model including the interaction effect of interest and media mix is also very significant (). (appendix 7 illustrates the full test).
4.1.4 [bookmark: _Toc324087780]Interaction terms
Now that the model including the interaction effect of interest and media mix shows a better fit, the last step is to examine if interaction terms between media results in a better fit. The method of adding interaction terms to the model is the forward stepwise selection. Table 4.16 (output from the test illustrated in appendix 6) shows that the individual Wald test of ‘written media’ is significant and that ‘TV’ and ‘radio’ are not significant.
Table 4. 16
	Solutions for Fixed Effects

	Effect
	Estimate
	Std. Error
	DF
	t Value
	Pr > |t|
	Alpha
	Lower
	Upper

	TV
	1.5707
	0.7810
	17.5
	2.01
	0.0600
	0.05
	-0.07345
	3.2148

	Writtenmedia_Inv
	-2.6501
	0.5706
	22.39
	-4.64
	0.0001
	0.05
	-3.8322
	-1.4679

	Radio
	-0.6032
	0.8018
	19.65
	-0.75
	0.4607
	0.05
	-2.2776
	1.0711


The first interaction term to add to the model is ‘’. Based on the individual Wald tests the interaction between these types of media has the highest chance of improving the fit of the model. The model including this interaction term is the following:
 
The media interaction term ‘’ is defined as follows: . The hypothesis associated to test whether the model fit improves by adding this interaction term is the following:
H: 
H: 
or
H: 
H: 
The outcomes of this test can be found in appendix 8. The most important table regarding to this test is shown below.
Table 4. 17
	Contrasts

	Label
	Num DF
	Den DF
	F Value
	Pr > F

	Interaction: TV*Writtenmedia
	1
	18.21
	2.90
	0.1054


What can be concluded from this table is that the interaction term does not improve the fit of the model (p = 0.1054). With this information the forward stepwise selection ends at this point. The two most significant media types were chosen in the first interaction term. Adding another interaction term or adding more interactions to the model would be useless.
4.1.5 [bookmark: _Toc324087781]The optimal model
After finding the model with the best fit, the following step examines what the optimal media allocation is, given previous findings. In the usual definition of a mixture-amount experiment, the response is said to depend not only on the proportions of the mixture components but also on the total amount of the mixture. In case of this study this means; recognition depends not only on allocation across different media channels, but also on the amount of advertising investments. According to this study the optimal model also includes the interaction term ‘’ (table 4.14 and 4.15). In this study the best model is the following:
	

5. [bookmark: _Toc324087782]GENERAL DISCUSSION
The results of this study are summarized in the previous chapter, but what do the results actually imply. In this chapter, the usefulness of the results is discussed and the connections between results are interpreted. 
5.1 [bookmark: _Toc324087783]Media allocation and recognition
In finding an optimal model, the first test of this thesis examined the influence of media on the recognition of a brand campaign, corresponding with the mixture experiment. To obtain the highest degree of recognition, not taken into account the advertising investments, marketers should use only TV. Using the parameter estimates of table 4.3, the linear predictor is: . The probability of recognizing a brand campaign can be estimated by using equation 5.6 and the outcome of the linear predictor: . Chapter 4.1.1 shows that marketers should not use a proportional distribution of the media mix. With a proportional distribution the degree of recognition is 17%. When marketers only use radio the degree is 37%, which does not differ that much from TV. On the other hand, newspapers and magazines have a low degree of recognition when used as only media type, 11% for newspapers and 3% for magazines. 
The second test (table 4.5) showed that a 3-component model, where newspapers and magazines are merged into the variable ‘written media’, is significantly as good as a 4-component model. In a 3-component model, the optimal allocation of media is 100% for TV. Using the parameter estimates of table 4.4, the linear predictor of this model is: . The degree of recognition is: .  
Although there are differences between the reading audience of newspapers and magazines, the advertising section in both media are quite similar. Therefore, marketers do not have to doubt between the use of newspapers or magazines when chosen to use written media according to this study. The choice between these media will then be made on the basis of other aspects (e.g. target audience).
5.2 [bookmark: _Toc324087784]Amount of advertising investments
Advertisers’ media selection is often based on the advertising budget. The results show that the assumption often made by marketers that the media selection depends on the advertising budget (Kinnucan and Miao, 1999) is correct. The first research question is concerned with the problem of how marketers have to allocate their resources across media types, corresponding to the mixture amount experiment. The literature showed that the key problem faced by marketers is how to allocate their advertising budget. The model where media and advertising expenditures are integrated illustrates the first possibility for marketers to allocate their resources and tells them how much they have to spend. The results of table 4.8 show that when there are no restrictions regarding the amount to spend, the optimal allocation is 100% for radio. To get a degree of recognition of 100% the amount of ad investment has to be at least 5.355.803 euro. The linear predictor is: . The degree of recognition is: . With such an amount it is logical that the degree of recognition is that high, although this is not very realistic. There are, if any, very few advertisers who can afford such an amount. According to the database the advertising investments had a minimum of 148.033 euro and a maximum of 1.853.468. Taken this restriction into account , the optimal allocation is also 100% for radio. The amount of investments is the maximum, 1.8 million euro. 
The interaction between media and amount illustrates that the amount of advertising investment is specified by media. Comparing this model with the model without interaction the outcome of optimal allocation is different. The optimal allocation in previous model was 100% for radio; the results of table 4.10 show that in this model (with and without restrictions) the optimal allocation is also 100% for radio. With restrictions, the linear predictor is: . The degree of recognition is: . With a minimum investment of 148.033 euro the optimal allocation would be 100% for TV (degree of recognition is 55%). The turning point lies at an investment of 484.454 euro, where the optimal allocation is 50% for TV and 50% for radio, or 100% for TV and 0% for radio, or 0% for TV and 100% for radio. The degree of recognition is 40% The effect of specifying the amount to media shows that completely recognition with a proportional media allocation (33% TV, 33% written media, 33% radio) requires an investment of 7.173.700 euro or higher. 
5.3 [bookmark: _Toc324087785]Interest in a product
The above allocations refer to all consumers in the market, but a marketing manager is always looking for new ways to satisfy the needs of consumers and sell products to them. A marketer wants to optimally serve his customer. Therefore it is plausible to select interested consumers instead of all consumers to acquire a more reliable outcome. The results of table 4.13 validate the assumption that adding interest to the model improves the model fit. The recognition of a brand campaign does depend on the interest in a product. Using the parameter estimates of table 4.12, a media allocation of 50% for TV and 50% for radio, advertising investments of 484.454 euro, and an interest level of 5, the linear predictor in this model would be: . The degree of recognition would be  65%. When focusing on all consumers, not knowing whether the consumer is interested or not, the recognition would be 40% (as shown in previous model). 
The turning point in this model lies at an investment of 490.280 euro. At an interest level of 4 (with an amount of 490.280 euro), the degree of recognition would be 48%. For an interest level of 1, the recognition would be 18%, illustrating the huge differences between the levels. 
Next to adding interest to the model, the interaction between media and interest was tested. As mentioned, a marketer wants to fulfill the needs of customers. By not only looking at interested people, but also look at the consistency between interest in a product and by which channel the product is promoted to them, marketers are able to perfectly meet the needs of the consumer. It makes it clearer to follow a certain strategy. The results of table 4.15 show that the interaction positively affects the use of TV and written media and negatively affects the use of radio. In general, the overall fit of the model increases as a result that it makes it easier for consumers to recognize a certain campaign. However, marketers should not rely on the interaction of radio and interest to allocate their resources. When using again a media allocation of 50% for TV and 50% for radio, advertising investments of 484.454 euro, and an interest level of 5, the linear predictor in this model would be: The degree of recognition would be  61%. This probability of recognizing a brand campaign is lower than the degree of recognition in previous model, but the outcome is more reliable.  
5.4 [bookmark: _Toc324087786]Interaction effect of different media
The final step in finding the optimal model was to add interactions between the media channels to the model described in section 4.1.4. Like Morris (1999) points out in his paper; ad awareness increases when two or more media are used. In contrast to what Morris states, this study does not show a significant effect by adding media interactions to the model. With regard to this study this means: in the choice of how to allocate the resources, marketers should not rely on the interaction between media to convey an ad message, as it would not result in an increase of recognition. There are no significant interaction effects.
5.5 [bookmark: _Toc324087787]The optimal model
According to this study the output from the test examined in hypothesis 6 shows the best model. Previous findings show that a higher level of interest in a product would result in higher ability to recognize a brand campaign. Therefore, with an interest level of 5 and the amount of ad investment restriction used in this study, the optimal allocation of this study is the following:
· Radio: 100%
· Written media: 0%
· TV: 0%
The amount of advertising investment regarding this allocation is 1.853.468 euro and the degree of recognition is 97%. The turning point lies at an investment of 491.809 euro, where investments below this turning point result in an allocation of 100% for TV and above this turning point in an allocation of 100% for radio. When looking at the data, the overall advertising investments for written media were 44%, while in this study, the use of written media would never result in reaching the highest degree of recognition.  
	To summarize, the results of this study show that when a marketer is not willing or capable of finding the optimal model this could have a huge impact on your customers and your advertising expenditures. A secure analysis of the target audience and advertising investments decisions are part of ensuring a successful implementation of media strategies.


6. [bookmark: _Toc324087788]CONCLUSION
6.1 [bookmark: _Toc324087789]Main conclusion
The main conclusion provides an answer to the research question: “Do mixture-amount models allow to the optimization of allocation budgets among different types of media used in advertising?” The study supports the statement that mixture-amount models allow to the optimization of media allocation. This means that consumers, who are interested in a certain product, are directly affected by an optimal allocation among media. Moreover, consumers who are interested in a product in consistency with the media are more able to recognize a brand campaign when the budget allocation among media is optimized. 
6.2 [bookmark: _Toc324087790]Managerial implications
Marketing communications are changing more and more from a one-way process to a two-way process because of the media. Communication is the foundation of relationship between the consumer and the marketer. This change suggests the need for new measures of the effects and effectiveness of marketing communications. One of the core issues in a brand campaign is to prepare an effective media strategy. The mix of advertising media varies from industry to industry. An optimal allocation of media is an important task of every marketer. Marketers need to understand the impact of different media concerning the product/brand. In order to do this, marketing managers need to understand the advantages and disadvantages of the different media, how they work together and the impact on sales and costs. The key is to concentrate on proper attribution of different media. Sometimes marketers need to spend more or less to reach their target. On the other hand, a balanced media mix is cost-effective. Once the amount of investments determined, marketers should focus on the details within the consumer market and the media channels. An overall product/brand objective needs to be clear, including measures of success and failure. 
	The outcomes of the optimal model show that marketers should always, depending on the advertising investment and level of interest, choose for 100% TV, 100% radio, or 50% TV and 50% radio. A proportional allocation is never the case. Different values of the parameter estimates shown in table 4.14 could have resulted in a proportional allocation. Consider the optimal model illustrated in this study in combination with an interest level of 5, the average advertising investments (586.847 euro), and the parameter estimates shown in table 6.1. Each point in component space would then result in an equal degree of recognition. The linear predictor of a proportional distribution is:  The degree of recognition is  56%.  At this point a different outcome depends on the advertising investments and the level of interest, and not on the media allocation. 
Table 6. 1
	Effect
	Interest level
	Estimate

	TV_Inv
	
	1,5767

	Writtenmedia_Inv
	
	0,4339

	Radio_Inv
	
	0,8258

	TV_Inv*A
	
	-0,2292

	Writtenmedia_Inv*A
	
	-0,0345

	Radio_Inv*A
	
	-0,1012

	TV_Inv*Interest_Product
	1
	-2,0352

	TV_Inv*Interest_Product
	2
	-1,9644

	TV_Inv*Interest_Product
	3
	-1,4678

	TV_Inv*Interest_Product
	4
	-0,6824

	TV_Inv*Interest_Product
	5
	0,0000

	WM_Inv*Interest_Product
	1
	-2,5458

	WM_Inv*Interest_Product
	2
	-2,3775

	WM_Inv*Interest_Product
	3
	-1,6443

	WM_Inv*Interest_Product
	4
	-0,8229

	WM_Inv*Interest_Product
	5
	0,0000

	RD_Inv* Interest_Product
	1
	-1,6109

	RD_Inv* Interest_Product
	2
	-0,8772

	RD_Inv* Interest_Product
	3
	-0,7222

	RD_Inv* Interest_Product
	4
	-0,4186

	RD_Inv* Interest_Product
	5
	0,0000


6.3 [bookmark: _Toc324087791]Limitations
The first part of the limitations is about the data. According to the data, demographic factors of respondents are missing. Including the demographic factors could have been useful in analyzing differences between income, gender/age and recognition. Besides that, these factors could also be useful in determining differences according to consumer perceptions; as proved in this study, an optimal allocation influences consumer perceptions.
	Due to multicollinearity it was hard to find significant effects. The goal was to predict recognition from the set of media types, so multicollinearity was not a problem, but it was not possible to fully understand how media impact recognition. This is largely due to the fact that this study involved an observational data set, where no effort had been made to collect high-quality data. 	
Furthermore, competitive advertising efforts can have considerable effects on the sales of a product. Ignoring competition may lead to biased estimation of advertising effects. When evaluating advertising effectiveness, marketers should not only look at the effects of the total budget allocation, but should also examine the media specific effectiveness in order to gain deeper insight into how their media mix has worked. The results also show that with unlimited resources a degree of recognition of almost 100% could be attained. One note is that with a higher amount of spending, the risk increases. Area-specific factors (like regional regulations) and common factors (introduction of a competing product) can affect sales. Responses to advertising investments may than be below the expectations. 
6.4 [bookmark: _Toc324087792]Future research
Based on the findings of this study, a recommendation to future research is 	to investigate the influence of the mixture amount model on recognition in different market segments. The budget decision varies from product to product and marketers are always looking for new ways to optimally serve their customers. To make the data more appropriate, demographic factors are needed. Some products are used in particular by men/women with high/low income in a certain age category. Also psychological factors respond to the needs of the marketer. All consumers’ behavior is motivated (Fennel, 1978). As shown in chapter 5.3, the level of interest in a product affects the recognition of a brand campaign. Therefore, consumers’ motivation (feelings) is recommended to be taken into account in future research. A final suggestion is to extend the data with other media channels. As shown in table 2.2, internet is expected to have a share of advertising spend of almost 19% in 2013. 
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[bookmark: _Toc324087794]APPENDIX 1
Advantages and disadvantages per media channel
	Television

	Advantages
1. High reach
2. High frequency potential
3. Low cost per contact
4. High intrusion value
5. Quality creative opportunities
6. Segmentation possibilities through cable outlets

	Disadvantages
1. Greater clutter
2. Low recall due to clutter
3. Channel surfing during commercials
4. Short amount of copy
5. High cost per ad




	Radio

	Advantages
1. Recall promoted
2. Narrower target markets
3. Ad music can match station's programming
4. High segmentation potential
5. Flexibility in making new ads
6. Able to modify ads to fit local conditions
7. Intimacy 
8. Mobile-people carry radios everywhere
9. Creative opportunities with music and other sounds

	Disadvantages
1. Short exposure time
2. Low attention
3. Few changes to reach national audience
4. Target duplication when several stations use the same format
5. Information overload




	Newspaper

	Advantages
1. Geographic Selectivity
2. High flexibility
3. High credibility
4. Strong audience interest
5. Longer copy
6. Cumulative Volume discounts
7. Coupons and special-response features
	Disadvantages
1. Poor buying procedures
2. Short life span
3. Major clutter
4. Poor quality reproduction
5. Internet competition with classified ads



	Magazines

	Advantages
1. High market segmentation
2. Targeted audience interest by magazine
3. Direct-response techniques
4. High color quality
5. Availability of special features
6. Long life
7. Read during leisure time
	Disadvantages
1. Declining readership
2. High level of clutter
3. Long read time
4. Little flexibility
5. High cost




[bookmark: _Toc324087795]APPENDIX 2
H1: The basic model
GLIMMIX Procedure
	Model Information

	Data Set
	WORK.COMPLETEDATAMIN4

	Response Variable
	Recognition

	Response Distribution
	Binomial

	Link Function
	Logit

	Variance Function
	Default

	Variance Matrix
	Not blocked

	Estimation Technique
	Residual PL

	Degrees of Freedom Method
	Kenward-Roger

	Fixed Effects SE Adjustment
	Kenward-Roger



	Number of Observations Read
	9280

	Number of Observations Used
	9280



	Dimensions

	G-side Cov. Parameters
	3

	Columns in X
	4

	Columns in Z
	2536

	Subjects (Blocks in V)
	1

	Max Obs per Subject
	9280


The ‘dimensions’ table illustrates the size of the matrices. There are 4 columns in the X matrix, corresponding to the media variables. The Z compromises the respondents, campaigns and waves (2504 + 26 + 6).
	Optimization Information

	Optimization Technique
	Conjugate-Gradient

	Parameters in Optimization
	3

	Lower Boundaries
	3

	Upper Boundaries
	0

	Fixed Effects
	Profiled

	Starting From
	Data


The ‘Optimization Information’ table provides information about the methods and size of the optimization problem. The Conjugate-Gradient method is an algorithm for the numerical solution of the model. The parameters in optimization are the selection of parameter values, which are optimal in some desired sense. 

	Iteration History

	Iteration
	Restarts
	Subiterations
	Objective
Function
	Change
	Max
Gradient

	0
	6
	12
	41913.392139
	10.47941090
	0.178493

	1
	5
	10
	42650.740881
	4.77518752
	0.262864

	2
	2
	4
	43207.478749
	0.72400917
	0.051374

	3
	0
	1
	43305.758371
	0.05510849
	0.044615

	4
	0
	1
	43318.088016
	0.00805407
	0.045338

	5
	0
	1
	43320.025055
	0.00328092
	0.097975

	6
	0
	1
	43320.706481
	0.00184165
	0.069762

	7
	0
	1
	43320.338495
	0.00080894
	0.010198



	Convergence criterion (ABSPCONV=0.001) satisfied.


The ‘Iteration History’ table displays information about the progress of the optimization. Each row corresponds to the computation of a new set of pseudo-data, and a new optimization. The table shows the optimization count (iteration), the number of restarts, the number of iterations per optimization (subiterations), the change in the parameter estimates (change), and the value of the largest gradient at the end of the optimization (max gradient). The procedure performed 7 updates before the convergence criterion was met. At this point, the largest value of the gradient was near zero. 
	Fit Statistics

	-2 Res Log Pseudo-Likelihood
	43320.34

	Generalized Chi-Square
	6991.80

	Gener. Chi-Square / DF
	0.75


The ‘Fit Statistics’ table lists information about the fitted model. Twice the negative of the residual log likelihood in the final pseudo-model equals 43320.34. The ratio of the generalized chi-square statistic and its degrees of freedom is close to 1. The residual variability in the marginal distribution of the data is measured here. The closer to one, the better the model fits the data.
	Covariance Parameter Estimates

	Cov Parm
	Estimate
	Standard Error

	Respondent_ID
	0.8372
	0.06988

	Campaign_ID
	0.4222
	0.1516

	Wave_ID
	0.1537
	0.1823


The ‘Covariance Parameter Estimates’ table displays estimates and standard errors for all covariance parameters.
	Solutions for Fixed Effects

	Effect
	Estimate
	Standard Error
	DF
	t Value
	Pr > |t|
	Alpha
	Lower
	Upper

	TV_Inv
	-0.2677
	0.3730
	18.92
	-0.72
	0.4818
	0.05
	-1.0486
	0.5133

	Newspaper_Inv
	-2.1150
	0.4073
	17.18
	-5.19
	<.0001
	0.05
	-2.9737
	-1.2563

	Magazine_Inv
	-3.4372
	1.1835
	21.42
	-2.90
	0.0084
	0.05
	-5.8954
	-0.9790

	Radio_Inv
	-0.5431
	0.4477
	18.16
	-1.21
	0.2406
	0.05
	-1.4830
	0.3969


Above table displays the solutions for the fixed effects in the model.
	Type III Tests of Fixed Effects

	Effect
	Num DF
	Den DF
	F Value
	Pr > F

	TV_Inv
	1
	18.92
	0.51
	0.4818

	Newspaper_Inv
	1
	17.18
	26.96
	<.0001

	Magazine_Inv
	1
	21.42
	8.44
	0.0084

	Radio_Inv
	1
	18.16
	1.47
	0.2406


The ‘Type III Tests of Fixed Effect’ table displays significance tests for the fixed effects in the model. The ‘F Value’ is the square of the ‘t Value’ shown is the previous table.
	Contrasts

	Label
	Num DF
	Den DF
	F Value
	Pr > F

	Has media effect?
	3
	20.31
	7.38
	0.0016


 The ‘Contrast’ table shows hypotheses involving linear combinations of fixed and/or random effects and outputs the F-test of each linear contrast. 



[bookmark: _Toc324087796]APPENDIX 3
H2: Newspaper and magazine  written media
GLIMMIX Procedure
	Model Information

	Data Set
	WORK.COMPLETEDATAMIN4

	Response Variable
	Recognition

	Response Distribution
	Binomial

	Link Function
	Logit

	Variance Function
	Default

	Variance Matrix
	Not blocked

	Estimation Technique
	Residual PL

	Degrees of Freedom Method
	Kenward-Roger

	Fixed Effects SE Adjustment
	Kenward-Roger



	Number of Observations Read
	9280

	Number of Observations Used
	9280



	Dimensions

	G-side Cov. Parameters
	3

	Columns in X
	3

	Columns in Z
	2536

	Subjects (Blocks in V)
	1

	Max Obs per Subject
	9280



	Optimization Information

	Optimization Technique
	Conjugate-Gradient

	Parameters in Optimization
	3

	Lower Boundaries
	3

	Upper Boundaries
	0

	Fixed Effects
	Profiled

	Starting From
	Data



	Iteration History

	Iteration
	Restarts
	Subiterations
	Objective
Function
	Change
	Max
Gradient

	0
	4
	8
	41912.303975
	10.78578265
	0.27396

	1
	3
	6
	42649.477617
	4.64617251
	0.167788

	2
	2
	4
	43208.035574
	0.70914816
	0.297422

	3
	0
	1
	43305.144978
	0.06589179
	0.048336

	4
	0
	1
	43318.035519
	0.01040531
	0.048223

	5
	0
	1
	43320.077459
	0.00421488
	0.102588

	6
	0
	1
	43320.800425
	0.00198882
	0.073047

	7
	0
	1
	43320.415247
	0.00072422
	0.010963



	Convergence criterion (ABSPCONV=0.001) satisfied.





	Fit Statistics

	-2 Res Log Pseudo-Likelihood
	43320.42

	Generalized Chi-Square
	6992.04

	Gener. Chi-Square / DF
	0.75



	Covariance Parameter Estimates

	Cov Parm
	Estimate
	Standard Error

	Respondent_ID
	0.8362
	0.06983

	Campaign_ID
	0.4489
	0.1540

	Wave_ID
	0.08873
	0.1335



	Solutions for Fixed Effects

	Effect
	Estimate
	Standard Error
	DF
	t Value
	Pr > |t|
	Alpha
	Lower
	Upper

	TV_Inv
	-0.3557
	0.3478
	20.36
	-1.02
	0.3183
	0.05
	-1.0803
	0.3689

	Writtenmedia_Inv
	-2.3209
	0.3089
	15.41
	-7.51
	<.0001
	0.05
	-2.9779
	-1.6640

	Radio_Inv
	-0.6914
	0.4289
	19.33
	-1.61
	0.1231
	0.05
	-1.5880
	0.2052



	Type III Tests of Fixed Effects

	Effect
	Num DF
	Den DF
	F Value
	Pr > F

	TV_Inv
	1
	20.36
	1.05
	0.3183

	Writtenmedia_Inv
	1
	15.41
	56.44
	<.0001

	Radio_Inv
	1
	19.33
	2.60
	0.1231



	Contrasts

	Label
	Num DF
	Den DF
	F Value
	Pr > F

	Writtenmedia?
	1
	15.41
	56.44
	<.0001




[bookmark: _Toc324087797]APPENDIX 4
H3: The amount of investments
GLIMMIX Procedure
	Model Information

	Data Set
	WORK.COMPLETEDATAMIN4

	Response Variable
	Recognition

	Response Distribution
	Binomial

	Link Function
	Logit

	Variance Function
	Default

	Variance Matrix
	Not blocked

	Estimation Technique
	Residual PL

	Degrees of Freedom Method
	Kenward-Roger

	Fixed Effects SE Adjustment
	Kenward-Roger



	Number of Observations Read
	9280

	Number of Observations Used
	9280



	Dimensions

	G-side Cov. Parameters
	3

	Columns in X
	4

	Columns in Z
	2536

	Subjects (Blocks in V)
	1

	Max Obs per Subject
	9280



	Optimization Information

	Optimization Technique
	Conjugate-Gradient

	Parameters in Optimization
	3

	Lower Boundaries
	3

	Upper Boundaries
	0

	Fixed Effects
	Profiled

	Starting From
	Data



	Iteration History

	Iteration
	Restarts
	Subiterations
	Objective
Function
	Change
	Max
Gradient

	0
	4
	8
	41908.483021
	19.07366797
	0.264814

	1
	2
	5
	42660.643143
	7.27126382
	0.066229

	2
	2
	4
	43226.592927
	0.94375479
	0.299591

	3
	0
	1
	43324.044993
	0.09022011
	0.109163

	4
	0
	1
	43337.113165
	0.00864070
	0.074933

	5
	0
	1
	43339.270734
	0.00649719
	0.096006

	6
	0
	1
	43340.020501
	0.00238154
	0.008724

	7
	0
	1
	43339.831787
	0.00213069
	0.009585

	8
	0
	1
	43339.781352
	0.00139497
	0.009417

	9
	0
	1
	43339.828319
	0.00156107
	0.007641

	10
	0
	1
	43339.782686
	0.00120939
	0.008027

	11
	0
	1
	43339.82103
	0.00125046
	0.006292

	12
	0
	1
	43339.782656
	0.00097716
	0.006493



	Convergence criterion (ABSPCONV=0.001) satisfied.



	Fit Statistics

	-2 Res Log Pseudo-Likelihood
	43339.78

	Generalized Chi-Square
	6999.62

	Gener. Chi-Square / DF
	0.75



	Covariance Parameter Estimates

	Cov Parm
	Estimate
	Standard Error

	Respondent_ID
	0.8361
	0.06979

	Campaign_ID
	0.2767
	0.1165

	Wave_ID
	0.2390
	0.3305



	Solutions for Fixed Effects

	Effect
	Estimate
	Standard Error
	DF
	t Value
	Pr > |t|
	Alpha
	Lower
	Upper

	TV_Inv
	-1.4078
	0.4940
	11.96
	-2.85
	0.0147
	0.05
	-2.4846
	-0.3310

	Writtenmedia_Inv
	-3.1614
	0.4358
	7.989
	-7.25
	<.0001
	0.05
	-4.1667
	-2.1561

	Radio_Inv
	-1.0801
	0.4632
	11
	-2.33
	0.0397
	0.05
	-2.0997
	-0.06063

	A
	0.1190
	0.04252
	20.71
	2.80
	0.0108
	0.05
	0.03052
	0.2075



	Type III Tests of Fixed Effects

	Effect
	Num DF
	Den DF
	F Value
	Pr > F

	TV_Inv
	1
	11.96
	8.12
	0.0147

	Writtenmedia_Inv
	1
	7.989
	52.61
	<.0001

	Radio_Inv
	1
	11
	5.44
	0.0397

	A
	1
	20.71
	7.84
	0.0108



	Contrasts

	Label
	Num DF
	Den DF
	F Value
	Pr > F

	Has amount effect?
	1
	20.71
	7.84
	0.0108





[bookmark: _Toc324087798]APPENDIX 5
H4: Amount of investments and media allocation
GLIMMIX Procedure
	Model Information

	Data Set
	WORK.COMPLETEDATAMIN4

	Response Variable
	Recognition

	Response Distribution
	Binomial

	Link Function
	Logit

	Variance Function
	Default

	Variance Matrix
	Not blocked

	Estimation Technique
	Residual PL

	Degrees of Freedom Method
	Kenward-Roger

	Fixed Effects SE Adjustment
	Kenward-Roger



	Number of Observations Read
	9280

	Number of Observations Used
	9280



	Dimensions

	G-side Cov. Parameters
	3

	Columns in X
	6

	Columns in Z
	2536

	Subjects (Blocks in V)
	1

	Max Obs per Subject
	9280



	Optimization Information

	Optimization Technique
	Conjugate-Gradient

	Parameters in Optimization
	3

	Lower Boundaries
	3

	Upper Boundaries
	0

	Fixed Effects
	Profiled

	Starting From
	Data



	Iteration History

	Iteration
	Restarts
	Subiterations
	Objective
Function
	Change
	Max
Gradient

	0
	4
	8
	41909.202395
	24.43723563
	0.187765

	1
	4
	8
	42672.062146
	9.73773797
	0.27635

	2
	1
	2
	43242.747284
	1.41819964
	0.261326

	3
	0
	1
	43343.549771
	0.08830952
	0.043514

	4
	0
	1
	43355.137366
	0.01276290
	0.034334

	5
	0
	1
	43356.966931
	0.00528654
	0.092799

	6
	0
	1
	43357.604818
	0.00117332
	0.004912

	7
	0
	1
	43357.406606
	0.00087891
	0.009847



	Convergence criterion (ABSPCONV=0.001) satisfied.





	Fit Statistics

	-2 Res Log Pseudo-Likelihood
	43357.41

	Generalized Chi-Square
	7004.98

	Gener. Chi-Square / DF
	0.76



	Covariance Parameter Estimates

	Cov Parm
	Estimate
	Standard Error

	Respondent_ID
	0.8373
	0.06989

	Campaign_ID
	0.2378
	0.09306

	Wave_ID
	0.1018
	0.1219



	Solutions for Fixed Effects

	Effect
	Estimate
	Standard Error
	DF
	t Value
	Pr > |t|
	Alpha
	Lower
	Upper

	TV_Inv
	0.4881
	0.7673
	16.92
	0.64
	0.5332
	0.05
	-1.1313
	2.1076

	Writtenmedia_Inv
	-3.6117
	0.5517
	21.82
	-6.55
	<.0001
	0.05
	-4.7564
	-2.4671

	Radio_Inv
	-1.5563
	0.7733
	19.12
	-2.01
	0.0585
	0.05
	-3.1741
	0.06157

	TV_Inv*A
	-0.1883
	0.1146
	19.05
	-1.64
	0.1167
	0.05
	-0.4281
	0.05146

	Writtenmedia_Inv*A
	0.2412
	0.09885
	17.28
	2.44
	0.0257
	0.05
	0.03292
	0.4495

	Radio_Inv*A
	0.2337
	0.1767
	16.98
	1.32
	0.2035
	0.05
	-0.1391
	0.6064



	Type III Tests of Fixed Effects

	Effect
	Num DF
	Den DF
	F Value
	Pr > F

	TV_Inv
	1
	16.92
	0.40
	0.5332

	Writtenmedia_Inv
	1
	21.82
	42.86
	<.0001

	Radio_Inv
	1
	19.12
	4.05
	0.0585

	TV_Inv*A
	1
	19.05
	2.70
	0.1167

	Writtenmedia_Inv*A
	1
	17.28
	5.95
	0.0257

	Radio_Inv*A
	1
	16.98
	1.75
	0.2035



	Contrasts

	Label
	Num DF
	Den DF
	F Value
	Pr > F

	Interaction: media*A
	2
	18.37
	3.78
	0.0421





[bookmark: _Toc324087799]APPENDIX 6
H5: Interest in a product
GLIMMIX Procedure
	Model Information

	Data Set
	WORK.COMPLETEDATAMIN4

	Response Variable
	Recognition

	Response Distribution
	Binomial

	Link Function
	Logit

	Variance Function
	Default

	Variance Matrix
	Not blocked

	Estimation Technique
	Residual PL

	Degrees of Freedom Method
	Kenward-Roger

	Fixed Effects SE Adjustment
	Kenward-Roger



	Number of Observations Read
	9280

	Number of Observations Used
	9280



	Dimensions

	G-side Cov. Parameters
	3

	Columns in X
	11

	Columns in Z
	2536

	Subjects (Blocks in V)
	1

	Max Obs per Subject
	9280



	Optimization Information

	Optimization Technique
	Conjugate-Gradient

	Parameters in Optimization
	3

	Lower Boundaries
	3

	Upper Boundaries
	0

	Fixed Effects
	Profiled

	Starting From
	Data



	Iteration History

	Iteration
	Restarts
	Subiterations
	Objective
Function
	Change
	Max
Gradient

	0
	7
	12
	42198.189047
	22.54062632
	0.16758

	1
	3
	6
	43086.09267
	9.88097489
	0.219804

	2
	2
	4
	43776.155316
	1.58432221
	0.175237

	3
	0
	1
	43891.315717
	0.08480197
	0.055931

	4
	0
	1
	43903.689778
	0.00911321
	0.047796

	5
	0
	1
	43905.310298
	0.00257390
	0.02593

	6
	0
	1
	43905.596069
	0.00337387
	0.006954

	7
	0
	1
	43905.673702
	0.00145457
	0.005056

	8
	0
	1
	43905.647298
	0.00023275
	0.000927



	Convergence criterion (ABSPCONV=0.001) satisfied.





	Fit Statistics

	-2 Res Log Pseudo-Likelihood
	43905.65

	Generalized Chi-Square
	7137.72

	Gener. Chi-Square / DF
	0.77



	Covariance Parameter Estimates

	Cov Parm
	Estimate
	Standard Error

	Respondent_ID
	0.6585
	0.06509

	Campaign_ID
	0.2550
	0.09938

	Wave_ID
	0.08776
	0.1159



	
	Solutions for Fixed Effects

	Effect
	Interest
Level
	Esti-
mate
	Std.
Error
	DF
	t-
Value
	Pr > |t|
	Alpha
	Lower
	Upper

	TV_Inv
	
	1.5707
	0.7810
	17.5
	2.01
	0.0600
	0.05
	-0.07345
	3.2148

	Writtenmedia_Inv
	
	-2.6501
	0.5706
	22.39
	-4.64
	0.0001
	0.05
	-3.8322
	-1.4679

	Radio_Inv
	
	-0.6032
	0.8018
	19.65
	-0.75
	0.4607
	0.05
	-2.2776
	1.0711

	TV_Inv*A
	
	-0.1974
	0.1166
	19.1
	-1.69
	0.1066
	0.05
	-0.4414
	0.04649

	Writtenmedia_Inv*A
	
	0.2455
	0.1022
	17.4
	2.40
	0.0278
	0.05
	0.03018
	0.4608

	Radio_Inv*A
	
	0.2460
	0.1830
	17.29
	1.34
	0.1963
	0.05
	-0.1396
	0.6316

	Interest_Product
	1
	-2.1025
	0.1700
	3534
	-12.36
	<.0001
	0.05
	-2.4359
	-1.7691

	Interest_Product
	2
	-1.8120
	0.1538
	2910
	-11.78
	<.0001
	0.05
	-2.1136
	-1.5104

	Interest_Product
	3
	-1.3432
	0.1020
	1985
	-13.16
	<.0001
	0.05
	-1.5433
	-1.1431

	Interest_Product
	4
	-0.6761
	0.1000
	1810
	-6.76
	<.0001
	0.05
	-0.8722
	-0.4799

	Interest_Product
	5
	0
	.
	.
	.
	.
	.
	.
	.



	Type III Tests of Fixed Effects

	Effect
	Num DF
	Den DF
	F Value
	Pr > F

	TV_Inv
	0
	.
	.
	.

	Writtenmedia_Inv
	0
	.
	.
	.

	Radio_Inv
	0
	.
	.
	.

	TV_Inv*A
	1
	19.1
	2.87
	0.1066

	Writtenmedia_Inv*A
	1
	17.4
	5.77
	0.0278

	Radio_Inv*A
	1
	17.29
	1.81
	0.1963

	Interest_Product
	4
	2799
	77.69
	<.0001



	Contrasts

	Label
	Num DF
	Den DF
	F Value
	Pr > F

	Has interest effect?
	4
	2799
	77.69
	<.0001





[bookmark: _Toc324087800]APPENDIX 7
H6: Interest in a product and media allocation
GLIMMIX Procedure
	Model Information

	Data Set
	WORK.COMPLETEDATAMIN4

	Response Variable
	Recognition

	Response Distribution
	Binomial

	Link Function
	Logit

	Variance Function
	Default

	Variance Matrix
	Not blocked

	Estimation Technique
	Residual PL

	Degrees of Freedom Method
	Kenward-Roger

	Fixed Effects SE Adjustment
	Kenward-Roger



	Number of Observations Read
	9280

	Number of Observations Used
	9280



	Dimensions

	G-side Cov. Parameters
	3

	Columns in X
	21

	Columns in Z
	2536

	Subjects (Blocks in V)
	1

	Max Obs per Subject
	9280



	Optimization Information

	Optimization Technique
	Conjugate-Gradient

	Parameters in Optimization
	3

	Lower Boundaries
	3

	Upper Boundaries
	0

	Fixed Effects
	Profiled

	Starting From
	Data



	Iteration History

	Iteration
	Restarts
	Subiterations
	Objective
Function
	Change
	Max
Gradient

	0
	9
	17
	42305.875834
	18.16214029
	0.152586

	1
	2
	4
	43066.451202
	8.82021747
	0.305482

	2
	2
	4
	43884.083805
	1.66883517
	0.196708

	3
	0
	1
	44033.965287
	0.10785072
	0.059689

	4
	0
	1
	44048.268867
	0.01161330
	0.049974

	5
	0
	1
	44050.056001
	0.00209381
	0.025904

	6
	0
	1
	44050.374227
	0.00073697
	0.0094



	Convergence criterion (ABSPCONV=0.001) satisfied.





	Fit Statistics

	-2 Res Log Pseudo-Likelihood
	44050.37

	Generalized Chi-Square
	7160.09

	Gener. Chi-Square / DF
	0.77



	Covariance Parameter Estimates

	Cov Parm
	Estimate
	Standard Error

	Respondent_ID
	0.6586
	0.06528

	Campaign_ID
	0.2555
	0.09978

	Wave_ID
	0.09604
	0.1225



	
	Solutions for Fixed Effects

	Effect
	Interest
Level 
	Esti-
mate
	Std.
Error
	DF
	t-
Value
	Pr > |t|
	Alpha
	Lower
	Upper

	TV_Inv
	
	1.5885
	0.7997
	18.48
	1.99
	0.0620
	0.05
	-0.0886
	3.2655

	Writtenmedia_Inv
	
	-2.4840
	0.5834
	24.16
	-4.26
	0.0003
	0.05
	-3.6877
	-1.2803

	Radio_Inv
	
	-0.9432
	0.8202
	21.41
	-1.15
	0.2629
	0.05
	-2.6470
	0.7606

	TV_Inv*A
	
	-0.1924
	0.1175
	19.05
	-1.64
	0.1180
	0.05
	-0.4383
	0.05355

	Writtenmedia_Inv*A
	
	0.2486
	0.1023
	17.3
	2.43
	0.0263
	0.05
	0.03295
	0.4642

	Radio_Inv*A
	
	0.2361
	0.1831
	17.1
	1.29
	0.2144
	0.05
	-0.1500
	0.6222

	TV_Inv*Interest_Prod
	1
	-2.0352
	0.3301
	9262
	-6.17
	<.0001
	0.05
	-2.6822
	-1.3881

	TV_Inv*Interest_Prod
	2
	-1.9644
	0.3065
	9262
	-6.41
	<.0001
	0.05
	-2.5652
	-1.3635

	TV_Inv*Interest_Prod
	3
	-1.4678
	0.1966
	9262
	-7.47
	<.0001
	0.05
	-1.8531
	-1.0825

	TV_Inv*Interest_Prod
	4
	-0.6824
	0.1925
	9262
	-3.54
	0.0004
	0.05
	-1.0598
	-0.3050

	TV_Inv*Interest_Prod
	5
	0
	.
	.
	.
	.
	.
	.
	.

	WM_Inv*Interest_Prod
	1
	-2.5458
	0.4035
	9262
	-6.31
	<.0001
	0.05
	-3.3368
	-1.7548

	WM_Inv*Interest_Prod
	2
	-2.3775
	0.3619
	9262
	-6.57
	<.0001
	0.05
	-3.0869
	-1.6681

	WM_Inv*Interest_Prod
	3
	-1.6443
	0.2000
	9262
	-8.22
	<.0001
	0.05
	-2.0363
	-1.2522

	WM_Inv*Interest_Prod
	4
	-0.8229
	0.1876
	9262
	-4.39
	<.0001
	0.05
	-1.1906
	-0.4552

	WM_Inv*Interest_Prod
	5
	0
	.
	.
	.
	.
	.
	.
	.

	RD_Inv* Interest_Prod
	1
	-1.6109
	0.4031
	9262
	-4.00
	<.0001
	0.05
	-2.4011
	-0.8207

	RD_Inv* Interest_Prod
	2
	-0.8772
	0.3622
	9262
	-2.42
	0.0155
	0.05
	-1.5872
	-0.1673

	RD_Inv* Interest_Prod
	3
	-0.7222
	0.2465
	9262
	-2.93
	0.0034
	0.05
	-1.2053
	-0.2390

	RD_Inv* Interest_Prod
	4
	-0.4186
	0.2409
	9262
	-1.74
	0.0823
	0.05
	-0.8908
	0.05357

	RD_Inv* Interest_Prod
	5
	0
	.
	.
	.
	.
	.
	.
	.



	Type III Tests of Fixed Effects

	Effect
	Num DF
	Den DF
	F Value
	Pr > F

	TV_Inv
	1
	17.16
	0.21
	0.6543

	Writtenmedia_Inv
	1
	22.83
	47.42
	<.0001

	Radio_Inv
	1
	19.57
	4.31
	0.0512

	TV_Inv*A
	1
	19.05
	2.68
	0.1180

	Writtenmedia_Inv*A
	1
	17.3
	5.90
	0.0263

	Radio_Inv*A
	1
	17.1
	1.66
	0.2144

	TV_Inv*Interest_Product
	4
	9262
	23.61
	<.0001

	Writtenmedia_Inv* Interest_Product
	4
	9262
	26.05
	<.0001

	Radio_Inv* Interest_Product
	4
	9262
	5.12
	0.0004



	Contrasts

	Label
	Num DF
	Den DF
	F Value
	Pr > F

	Interaction: media*Interest_Product
	12
	9262
	26.78
	<.0001
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H7: Media interaction terms
GLIMMIX Procedure
	Model Information

	Data Set
	WORK.COMPLETEDATAMIN4

	Response Variable
	Recognition

	Response Distribution
	Binomial

	Link Function
	Logit

	Variance Function
	Default

	Variance Matrix
	Not blocked

	Estimation Technique
	Residual PL

	Degrees of Freedom Method
	Kenward-Roger

	Fixed Effects SE Adjustment
	Kenward-Roger



	Number of Observations Read
	9280

	Number of Observations Used
	9280



	Dimensions

	G-side Cov. Parameters
	3

	Columns in X
	22

	Columns in Z
	2536

	Subjects (Blocks in V)
	1

	Max Obs per Subject
	9280



	Optimization Information

	Optimization Technique
	Conjugate-Gradient

	Parameters in Optimization
	3

	Lower Boundaries
	3

	Upper Boundaries
	0

	Fixed Effects
	Profiled

	Starting From
	Data



	Iteration History

	Iteration
	Restarts
	Subiterations
	Objective
Function
	Change
	Max
Gradient

	0
	11
	15
	42301.181931
	18.26286215
	0.258695

	1
	2
	5
	43069.545937
	9.37730280
	0.199859

	2
	2
	4
	43895.134926
	1.73565671
	0.166454

	3
	0
	1
	44047.065986
	0.11545526
	0.096168

	4
	0
	1
	44061.570338
	0.01264285
	0.060039

	5
	0
	1
	44063.419543
	0.00223255
	0.023696

	6
	0
	1
	44063.749283
	0.00078422
	0.008454



	Convergence criterion (ABSPCONV=0.001) satisfied.





	Fit Statistics

	-2 Res Log Pseudo-Likelihood
	44063.75

	Generalized Chi-Square
	7165.71

	Gener. Chi-Square / DF
	0.77



	Covariance Parameter Estimates

	Cov Parm
	Estimate
	Standard Error

	Respondent_ID
	0.6591
	0.06531

	Campaign_ID
	0.2246
	0.09092

	Wave_ID
	0.08619
	0.1123



	
	Solutions for Fixed Effects

	Effect
	Interest
Level 
	Esti-
mate
	Std.
Error
	DF
	t-
Value
	Pr > |t|
	Alpha
	Lower
	Upper

	TV_Inv
	
	1.5076
	0.7621
	17.7
	1.98
	0.0637
	0.05
	-0.09543
	3.1107

	Writtenmedia_Inv
	
	-2.6236
	0.5645
	23.77
	-4.65
	0.0001
	0.05
	-3.7892
	-1.4580

	Radio_Inv
	
	-0.8025
	0.7847
	21.11
	-1.02
	0.3180
	0.05
	-2.4338
	0.8288

	TV_Inv*A
	
	-0.2924
	0.1223
	18.2
	-2.39
	0.0279
	0.05
	-0.5492
	-0.03555

	Writtenmedia_Inv*A
	
	0.2583
	0.09709
	16.72
	2.66
	0.0167
	0.05
	0.05317
	0.4634

	Radio_Inv*A
	
	0.2247
	0.1727
	16.39
	1.30
	0.2114
	0.05
	-0.1408
	0.5901

	TV_Inv*Interest_Prod
	1
	-2.0286
	0.3303
	9261
	-6.14
	<.0001
	0.05
	-2.6760
	-1.3812

	TV_Inv*Interest_Prod
	2
	-1.9581
	0.3066
	9261
	-6.39
	<.0001
	0.05
	-2.5592
	-1.3570

	TV_Inv*Interest_Prod
	3
	-1.4619
	0.1965
	9261
	-7.44
	<.0001
	0.05
	-1.8472
	-1.0767

	TV_Inv*Interest_Prod
	4
	-0.6806
	0.1925
	9261
	-3.54
	0.0004
	0.05
	-1.0579
	-0.3033

	TV_Inv*Interest_Prod
	5
	0
	.
	.
	.
	.
	.
	.
	.

	WM_Inv*Interest_Prod
	1
	-2.5539
	0.4047
	9261
	-6.31
	<.0001
	0.05
	-3.3471
	-1.7607

	WM_Inv*Interest_Prod
	2
	-2.3856
	0.3629
	9261
	-6.57
	<.0001
	0.05
	-3.0970
	-1.6743

	WM_Inv*Interest_Prod
	3
	-1.6496
	0.2004
	9261
	-8.23
	<.0001
	0.05
	-2.0423
	-1.2568

	WM_Inv*Interest_Prod
	4
	-0.8247
	0.1878
	9261
	-4.39
	<.0001
	0.05
	-1.1929
	-0.4566

	WM_Inv*Interest_Prod
	5
	0
	.
	.
	.
	.
	.
	.
	.

	RD_Inv* Interest_Prod
	1
	-1.6106
	0.4030
	9261
	-4.00
	<.0001
	0.05
	-2.4005
	-0.8206

	RD_Inv* Interest_Prod
	2
	-0.8770
	0.3621
	9261
	-2.42
	0.0154
	0.05
	-1.5868
	-0.1672

	RD_Inv* Interest_Prod
	3
	-0.7223
	0.2464
	9261
	-2.93
	0.0034
	0.05
	-1.2054
	-0.2393

	RD_Inv* Interest_Prod
	4
	-0.4186
	0.2408
	9261
	-1.74
	0.0822
	0.05
	-0.8908
	0.05347

	RD_Inv* Interest_Prod
	5
	0
	.
	.
	.
	.
	.
	.
	.

	TV_Inv*WM_Inv
	
	3.8668
	2.2695
	18.21
	1.70
	0.1054
	0.05
	-0.8973
	8.6310



	Type III Tests of Fixed Effects

	Effect
	Num DF
	Den DF
	F Value
	Pr > F

	TV_Inv
	1
	16.28
	0.14
	0.7113

	Writtenmedia_Inv
	1
	22.44
	54.39
	<.0001

	Radio_Inv
	1
	19.11
	3.97
	0.0609

	TV_Inv*A
	1
	18.2
	5.71
	0.0279

	Writtenmedia_Inv*A
	1
	16.72
	7.08
	0.0167

	Radio_Inv*A
	1
	16.39
	1.69
	0.2114

	TV_Inv*Interest_Prod
	4
	9261
	23.42
	<.0001

	WM_Inv*Interest_Prod
	4
	9261
	26.10
	<.0001

	RD_Inv* Interest_Prod
	4
	9261
	5.12
	0.0004

	TV_Inv*WM_Inv
	1
	18.21
	2.90
	0.1054



	Contrasts

	Label
	Num DF
	Den DF
	F Value
	Pr > F

	Interaction: TV*Writtenmedia
	1
	18.21
	2.90
	0.1054




1


3


4


5


6


1 Campaign


4 Campaigns


5 Campaigns


5 Campaigns


6 Campaigns


5 Campaigns


360 Resp


1436 Resp


1885 Resp


1745 Resp


2134 Resp


1720 Resp


Data
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Interaction terms 4-component model


TV*Newspaper


Interaction terms 3-component model


TV*Writtenmedia


TV*Radio
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TV*Radio
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Newspaper*Radio


Magazine*Radio


Writtenmedia*Radio
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