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problems. In particular, this research examines how advertising data can be used to 

improve demand forecasts, which are important for strategic and operational planning. 

Producing more accurate demand forecasts can help companies become more profitable, 

efficient and effective. The results show that including advertising spend and calendar-

based variables in time-series models can improve the accuracy of demand forecasts. 

Moreover, using relatively simple models augmented with exogenous variables can 

produce more accurate forecasts than more complex pure time-series models.  

 

Since demand forecasts are often organised in a hierarchical structure, this research 

also examines how the performance of bottom-up and aggregate approaches to demand 

forecasting change across forecast horizons and as more data are collected. The findings 

suggest that when there is less data available, an aggregate forecasting approach produces 

more accurate forecasts, while a bottom-up approach becomes more accurate with more 

data. The results led to the development of an extension to time-series cross validation 

that reduces the sensitivity of results to the number of observations used in the initial 

training subset. This new technique, called repeated time-series cross validation 

(RTSCV), offers a more comprehensive way to assess time-series model performance.   

 

Overall, this research leverages consumer and firm activity data to answer important 

business questions and improve strategic decision-making. The findings help researchers 

and industry professionals better interpret and translate advertising effectiveness models 

into practice. Tools are provided to help practitioners to better understand the effects of 

advertising and optimize marketing resources. Finally, this research demonstrates how 

marketing departments and media agencies can harness their data to provide additional 

value to clients by using it to address other business problems.  
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strategic decision-making. The findings will also help researchers and industry 

professionals better interpret and translate advertising media effectiveness models into 

practice. Furthermore, this research provides tools to better understand the effects of 

advertising and optimize marketing resources.  

 
1.3 Main Contributions of this Research 

 

The overall aim of this Ph.D. is to leverage consumer and firm activity data to answer 

important business questions and improve strategic decision-making. In particular, this 

research advances the development of statistical models that companies can use to 

measure the effectiveness of their media channels. From a practical perspective, this 

research provides companies with a methodology that they can use to predict marketing 

performance metrics and better understand the effectiveness of their media channels. The 

insights from this process would help businesses to optimize the allocation of their 

marketing resources. This research also shows companies how they can connect the 

outputs of advertising media effectiveness models with practical marketing calculations, 

such as media channel ROI. This would assist marketing managers in interpreting and 

implementing the results of these models within their advertising campaigns. More 

broadly, this would help encourage the use of marketing analytics in organisational 

decision-making and improve the translation of advertising media effectiveness models 

into practice. Hanssens and Pauwels (2016) describe the benefits of increased use of 

marketing analytics as substantial, observing that organisations of any size and industry 

gain sustainable competitive advantages from using marketing analytics.  

 

The research findings also have the potential to be generalised to other problems 

involving understanding the influence of multiple factors with carryover and interaction 

effects on performance metrics. For example, health organisations may be able to use 

insights from this research to assess the effectiveness of the variety of hospital 

touchpoints a patient is exposed to. Another field where this research may be useful is 

team sports analytics, where individual players could be considered as channels 

contributing to broader goals, such as winning or scoring a goal. Coaching staff would 

likely be interested in assessing how effective individual players are, along with their 

interaction effects on other teammates and competitors. 
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explanatory context. More specifically, this chapter examines whether including 

advertising spend and calendar-based variables can improve the accuracy of demand 

forecasts. It also explores how the performance of different approaches to predicting total 

demand respond to changes in data availability and forecast horizon. The data, 

methodology and results of this research are presented. Additionally, a new time-series 

model evaluation technique, repeated time-series cross validation (RTSCV), is developed 

and empirically evaluated.  

 

Finally, conclusions of this research, along with future research directions, are 

discussed in Chapter 5.  
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Furthermore, models based on aggregate data have been shown to provide useful insights 

into advertising media effectiveness, with budget allocation informed by these insights 

resulting in improved financial performance (de Haan et al. 2016; Wiesel et al. 2011). 

Therefore, research that uses aggregate data to develop advertising media effectiveness 

models is also important and relevant to industry. While individual-level data can provide 

more granular insights and enable personalized targeting, it is important to evaluate its 

cost and quality before using it to quantify advertising media effectiveness. 

2.3.2 Model Development 

 

The Model Development stage uses the collected data to estimate one or more 

advertising media effectiveness models. Figure 2-3 presents a topology showing the 

modelling approaches identified from this review. In light of the conceptual structure of 

the literature shown in Figure 2-1, we have categorised these approaches by whether 

individual-level data or aggregate data are used.   

 

 
Figure 2-3 - Main Advertising Media Effectiveness Modelling Approaches 

 

2.3.2.1 Aggregate Data Modelling Approaches 

 

Within the aggregate data category, the two major modelling approaches are 

persistence modelling and customized modelling. Pioneered by Dekimpe and Hanssens 

(1995), persistence modelling uses multivariate time-series techniques to model the 

relationships between media channels and marketing performance metrics. Multivariate 

time-series models can simultaneously model the relationships between multiple 

variables, while handling endogeneity issues and incorporating exogenous variables, such 
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as product pricing. Persistence modelling is typically used to address research questions 

requiring the disentangling of the short- and long-term effects of media channels on 

marketing performance metrics (Leeflang et al. 2009). This is usually done using impulse 

response functions, which can also provide insight into the direct and indirect effects of 

media channels over time. Persistence modelling allows the data to define the 

relationships between marketing variables, rather than pre-specifying relationships. This 

can make persistence models more flexible, generalisable and extensible than other 

models that require relationships to be pre-specified. However, this flexibility comes at 

the cost of the results often being harder to interpret.    

 

We have classified papers in the literature reviewed that do not fall into the persistence 

modelling category, but still use aggregate data, as adopting a customized modelling 

approach. This is because while persistence modelling papers tend to focus on 

disentangling the short and long-term effects of marketing, customized modelling papers 

address a broader range of research questions that require the use of different modelling 

techniques. For example, Kumar et al. (2017) use a time-varying effects model to capture 

the time-varying synergistic effects of social media and traditional media on brand sales. 

In contrast with persistence modelling, researchers adopting the customized modelling 

approach tend to specify relationships between marketing communications activities and 

marketing performance metrics. For example, Dinner et al. (2014) assume that offline 

media channels influence online searches for a company, which, when combined with 

other online media channels, influence total sales. This enables researchers to construct 

models that are relatively easy to interpret and address specific research questions. 

However, this approach may reduce the generalisability of results, as the frameworks of 

pre-defined relationships may only be relevant to the datasets on which they are built. It 

can also be difficult to extend these frameworks as there is little guidance around how 

new marketing variables (e.g. a new media channel) should be incorporated. Additionally, 

omitted variable bias may be introduced if important relationships are not included in the 

modelling framework.  

 

2.3.2.2 Individual-Level Data Modelling Approaches 

 

The availability of individual customer data detailing their interactions with online 

media channels has heightened academic and industry interest in developing more 

granular models (Kannan et al. 2016). Such research can be broken into two streams: 
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single source modelling and attribution modelling. Single source modelling involves 

applying traditional marketing mix concepts to individual-level data, which are often 

accumulated at a daily level. All of the studies rely on data from a sample of customers, 

with three of the studies examining members of company loyalty programs (Danaher and 

Dagger 2013; Kumar et al. 2016; Saboo et al. 2016). Since single source studies typically 

use data from a sample of customers, it is important that adopters of this approach ensure 

that the sample is representative of all customers. Another challenge with single source 

modelling is the collection of individual-level media exposure data, with customer self-

reporting potentially limiting the accuracy of research results (Danaher and Dagger 

2013).  

 

Unlike the other approaches, which usually involve some form of aggregation, 

attribution models tend to operate at a more granular level by considering individual 

marketing touchpoints. Since these data are usually not available for offline media 

channels, attribution modelling is typically limited to online media channels. Another 

difference between single source modelling and attribution modelling is that the single 

source approach will typically involve assessing the effectiveness of media channels 

using traditional approaches, such as elasticities. Attribution modelling, on the other 

hand, estimates media channel effectiveness by aggregating the attribution value of each 

channel for each conversion. Attribution models are generally based on either heuristics, 

which assign credit to media channels based on certain rules (e.g. last touch), or more 

data-driven modelling techniques (Jayawardane et al. 2015). These models typically use 

a measure of individual purchase outcome as the dependent variable and media exposure 

and control variables as the independent variables. Survival (Ji and Wang 2017; Hou et 

al. 2016) and Markov models (Anderl et al. 2016) have been shown to outperform 

common heuristic models, such as last touch, and more simplistic techniques, such as 

logistic regression, in predicting conversions. These models are closer representations of 

reality as they consider the sequencing and time effects of individual customer journeys. 

The main data-driven models used in the literature are summarized in Table 2-1, with the 

relatively limited use of neural networks representing an opportunity for further research.   

 

Model Type Description Papers 
Simple 
Probabilistic  

Compiled using empirical probabilities rather 
than being estimated using statistical learning 
techniques 

Shao and Li (2011), Dalessandro et 
al. (2012), Wooff and Anderson 
(2013), Yadagiri et al. (2015), Yin 
et al. (2016), Nisar and Yeung 
(2018), Yuvaraj et al. (2018) 
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solutions (Albers 2012). Heuristic methods are widely used in practice to determine 

marketing resource allocation. Examples of these methods include setting the marketing 

budget based on a fixed percentage of historical sales or estimates of the advertising 

expenditure of competitor firms (West et al. 2014). In a survey completed by 125 US 

marketers, West et al. (2014) find that heuristics are popular as they are easy to use and 

provide general rules that can be adapted depending on the situation. Another key reason 

for the use of heuristics in marketing resource allocation is that marketers tend to be 

distrustful of solutions that give specific outputs, instead preferring to use tools that allow 

them to see a range of options, which they can use to help them make a final decision 

(Albers 2012). Examples of such tools include Microsoft Excel and dashboards, which 

allow managers to interact with the data-driven models and formulas behind advertising 

media effectiveness estimates and budget recommendations. This helps managers assess 

trade-offs and understand recommendations, which encourages their implementation 

(Albers 2012). This practice also reinforces our earlier recommendations to consider 

measures of risk and visual tools when assessing and comparing models. 

 

The survey completed by West et al. (2014) reveals that the marketing budget setting 

process often involves both heuristics and data-driven models, with heuristics helping to 

provide insight into the reasonableness of the results of data-driven models (West et al. 

2014). Thus, marketers often use multiple methods to inform marketing resource 

allocation decisions. It would be beneficial for researchers to keep this in mind when 

illustrating how management can use their models for decision-making.  

 

2.4 Key Findings and Managerial Implications 

 

The key managerial themes and insights that can be observed throughout the literature 

are summarized in Table 2-3.  

 

Finding Example Papers 
There are synergies between media channels. 
Companies benefit from coordinating their online 
and offline media channels, as well as their paid, 
owned and earned media channels 

Naik and Raman (2003), Naik and Peters (2009), 
Wiesel et al. (2011), Dinner et al. (2014), Kumar 
et al. (2016), Pauwels et al. (2016b), Frison et al. 
(2014), Srinivasan et al. (2016), Pauwels et al. 
(2016a), Kireyev et al. (2016) 

Advertising media effectiveness and synergistic 
effects of media channels on marketing 
performance metrics can vary over time 

Osinga et al. (2010), Kumar et al. (2017) 
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2.5.1 Data 

 

A key area of future research is taking advantage of the amount of data available about 

marketing communications activities. For example, Kolsarici and Vakratsas (2018) and 

Kumar et al. (2017) suggest including competitor information when measuring 

synergistic effects as a direction for future research. The growth of online media channels 

has led to the development of many additional measures of consumer behaviour, such as 

website clicks and video views. Wedel and Kannan (2016) explain the need for marketing 

models to take advantage of this information, stating that current research has only 

scratched the surface of information available about consumer media channel 

interactions. Given the amount of information available, research is needed to investigate 

how the choice of marketing metrics (e.g. clicks, impressions, expenditure, ratings, etc) 

in advertising media effectiveness models influences their output (Liu-Thompkins 2019). 

 

In addition to behavioural data, media channels themselves contain a wealth of 

metadata (e.g. design, content information) that is often only represented as a single data 

point (e.g. expenditure) (Wedel and Kannan 2016). Investigating how the characteristics 

of advertisements, such as their content and design features (e.g. color), can moderate 

their effectiveness, is a potential area for future research. Unstructured data, such as social 

media posts, could also provide valuable information for advertising media effectiveness 

models. Furthermore, Hanssens and Pauwels (2016) highlight the need for better 

integration of soft, attitudinal metrics (e.g. survey based) with hard, behavioural metrics 

(e.g. click-through rate) in marketing models. The literature suggests that incorporating 

these additional metrics into advertising media effectiveness models can add valuable 

information to them. For example, in an investigation covering $3.4 billion in spending 

by 20 brands, Liaukonyte et al. (2015) found that television advertising influences online 

shopping, with advertising content playing a key role. Srinivasan et al. (2016) also note 

that consumer activity data can serve as early indicators of advertising media 

effectiveness, with their results suggesting that if a TV campaign failed to generate 

increased paid search clicks, sales volumes were only likely to marginally increase.  

 

Finally, analysing media channels in categories allows marketers to assess advertising 

media effectiveness at a more aggregated level, such as how effective owned media 

channels are compared to paid media channels. This would be useful for strategic 
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decision-making. The categorisation of the media channels identified in the literature is 

shown in Table 2-5.  

 

Media Channel Paid, Owned or Earned FIC or CIC Online or Offline 
Offline Media (i.e. 
television, radio, print) 

Paid FIC Offline 

Salesforce Paid FIC, CIC Offline 
Paid Search  Paid CIC Online 
Display Paid FIC Online 
Affiliates Paid FIC Online 
Retargeting Paid FIC Online 
Email Owned FIC Online 
Organic Search Owned CIC Online 
Website (Direct) Owned  CIC Online 
Referrals Earned CIC Online 
Reviews Earned CIC Online 
Mobile Paid, Owned FIC, CIC Online 
Social Media Paid, Owned, Earned FIC, CIC Online 
Audio Paid, Owned, Earned  FIC, CIC Online 
Video  Paid, Owned, Earned  FIC, CIC Online 

Table 2-5 - Media Channel Classification in the Literature Reviewed 

 

Interestingly, some media channels can belong to multiple categories (e.g. Facebook 

can be a paid media channel through advertising and an owned media channel through a 

company page). However, advertising media effectiveness models in the literature tend 

to categorize each media channel into only one category. To help more accurately capture 

the direct and indirect effects that occur, future research should include all of the 

categories of a media channel. Additionally, when developing models, researchers would 

benefit from considering all the media channels a company uses, not just the ones that 

fall under the paid media category. Earned and owned media channels may exert their 

own influence on sales or have synergistic relationships with paid media channels. Thus, 

considering paid, earned and owned media channels are critical for gaining a clear 

perspective of the effectiveness of media channels and necessary to provide accurate 

recommendations. Another notable observation is the absence of multiple social media 

channels, such as Facebook and Instagram, in a single study. Given the widespread usage 

and advertising across social media, it would be valuable for future research to consider 

all of the individual social media channels that a company uses.  

 

2.5.2 Modelling  

 

To provide an overview of the strengths and weaknesses of the various modelling 

approaches, we adopt a similar method to Leeflang et al. (2009) by rating each approach 
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Figure 2-4 - Literature Reviewed by Modelling Approach & Model Estimation Method 

 

 
Figure 2-5 - Literature Reviewed by Publishing Year and Modelling Approach 

 

The growth in attribution modelling studies has been driven by the increased 

availability of individual-level data and with it, the prospect of quantifying advertising 

media effectiveness on an individual level. An important question is how attribution 

modelling relates to conventional advertising media effectiveness concepts, such as 
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advertising elasticities. Danaher and Van Heerde (2018) are one of the first to address 

this issue, deriving a formula that links attribution to advertising elasticities. The authors 

show that the attribution of a media channel is proportional to the elasticity of the 

response variable to the media channel multiplied by the number of exposures to that 

channel. This suggests that while elasticities capture the potential influence of a media 

channel regardless of exposure to it, attribution measures capture its realized influence 

given the number of exposures. Thus, budget allocation using attribution measures can 

result in a bias towards media channels that consumers are highly exposed to, rather than 

ones that are truly effective. For three brands of a North American speciality retailer, 

Danaher and Van Heerde (2018) find that optimal budget allocation based on elasticities 

outperforms those based on attribution measures. The connection of elasticities and 

attribution measures provides many opportunities for future research, such as 

investigating how advertising budgets can be optimized at an individual level. 

 

A related area for future research is reconciling newer, individual-level modelling 

approaches, such as attribution modelling, with more traditional aggregate modelling 

approaches, such as persistence modelling. While one argument is to solely focus on the 

individual-level modelling approaches as they can provide more granular insights, data 

collection and organisation issues can sometimes hinder the implementation of these 

approaches in practice. Existing research has demonstrated that aggregate modelling 

approaches can provide insights into advertising media effectiveness that improve 

company financial performance, suggesting that there is still a place for these approaches. 

The big-picture perspective provided by aggregate modelling approaches may make them 

more suitable for strategic decision-making, while the granular insights provided by the 

individual-level modelling approaches may make them more useful for tactical decision-

making and targeting. We call for future research to investigate how marketers can take 

advantage of both modelling approaches, or how to aggregate the results from granular 

attribution models to answer higher-level strategic questions.  

 

Figure 2-4 also reveals that only 11 studies involve models estimated using Bayesian 

techniques, whereas 43 studies are based on models estimated using frequentist methods. 

Bayesian modelling can help deal with datasets of different granularities, incorporate 

additional known information into models and reduce the uncertainty of parameter 

estimates. For example, Gallego et al. (2019) produce more accurate sales forecasts by 

using a Bayesian structural time-series (BSTS) model that can incorporate a priori 
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on sales, as well as an indirect effect via consumer activity metrics, such as paid search 

clicks. This means that tracking consumer activity metrics can act as early performance 

indicators of advertising campaigns.  

 

These studies present strong evidence of within-media and cross-media synergies, 

thereby highlighting the value of using both online and offline media channels. The extant 

marketing literature also demonstrates that consumer mindset and activity metrics can 

improve sales response models and provide a more complete picture of the consumer path 

to purchase. However, there is a lack of research showing how including consumer 

activity metrics when modelling the effects of paid media channels affects return on 

investment (ROI), cost per acquisition (CPA) and budget allocation calculations. These 

metrics are commonly used in practice by marketing managers for reporting and decision-

making purposes, making them important to consider in a research setting. There is also 

an absence of research showing the implications of using disaggregated marketing 

performance metrics when calculating these metrics. For example, Dinner et al. (2014) 

consider online and offline performance measures, while Srinivasan et al. (2016) consider 

aggregated ones. It is not clear whether one level of aggregation is preferable to the other. 

While it is often easier to collect aggregated data, disaggregated data can contain 

additional information that is lost by aggregation (Hyndman and Athanasopoulos 2018). 

This chapter addresses these issues by answering the following research questions, which 

are derived from RQ2: 

 

1. What effects do consumer activity metrics have on ROI, CPA and budget 

allocation calculations? 

2. What are the implications of using disaggregated marketing performance 

metrics when performing elasticity, ROI, CPA and budget allocation 

calculations? 

3. To what extent do the findings of Srinivasan et al. (2016) generalise to 

different product, data and expanded media channel contexts?  

 

This chapter makes three main contributions to the extant marketing literature. First, 

we complement the work of Srinivasan et al. (2016) by including an expanded number of 

online and offline media channels, collecting higher frequency data and using enquiries 

instead of sales as the marketing performance metric. These differences help us address 

the call of Srinivasan et al. (2016) to investigate the extent to which their findings 
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Media Channel Online/Offline FIC/CIC Paid/Owned/ 
Earned 

Quality/ 
Volume 

Paid Search Engagement 
Rate 

Online CIC Paid Quality 

Facebook Page Posts 
Engagement 

Online CIC Owned Quality 

Table 3-2 - Media Channel Classification 

 

3.4 Methodology 

 

This research requires a flexible methodology that can model direct and indirect 

relationships between media channels, consumer activity metrics and marketing 

performance metrics over time. Persistence modelling is a well-established approach to 

this task, using multivariate time-series techniques to simultaneously model the short and 

long-term relationships between variables, while handling endogeneity issues and 

incorporating exogenous variables. Persistence models also allow the data to define the 

relationships between variables, rather than pre-specifying them, which ensures that the 

methodology is generalisable to companies with different sets of media channels. The 

steps in the modelling approach are outlined in Table 3-3.    

 

Methodological Step Relevant Literature Research Question 
1. Stationarity Testing  
Augmented Dickey-Fuller 
(ADF) test  
Structural break test 

Fuller (1996), Perron (1989) Are variables stationary or 
evolving over time? 
Are there structural breaks in 
variables? 

2. Model Building 
VAR model 

Dekimpe and Hanssens (1999) How do endogenous variables 
interact in the short run? 

3. Advertising Effectiveness  
Impulse Response Functions 
(IRFs) 
 

Lütkepohl (2007) What is resulting change in an 
endogenous variable when 
another endogenous variable is 
shocked by 1 standard 
deviation? 
 

4. Marketing Metrics 
Return on Investment (ROI), 
Cost Per Acquisition (CPA), 
Budget Allocation 

ROI/CPA - Dinner et al. (2014) 
Budget Allocation - Danaher 
and Dagger (2013), de Haan et 
al. (2016) 

How many enquiries does $1 of 
advertising spend gain? 
How much advertising spend is 
required to elicit one enquiry? 
How can budget allocation be 
improved based on elasticities 
of paid media channels? 

Table 3-3 - Overview of Methodological Steps for Quantifying Advertising Media Effectiveness 

 

First, stationarity testing was performed on all variables to determine whether 

differencing or cointegration testing was required. The results of this can be found in 

Table 3-1, which shows that all variables aside from TV advertising expenditure are 

stationary. While TV Spend did not report a stationary result for the ADF test, it was 

found to be stationary after a structural break test was conducted. The non-stationary 
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significance (de Haan et al. 2016; Pauwels et al. 2016b). Summing up all the statistically 

significant IRF estimates yields the total direct effect of one endogenous variable 

(impulse) on another (response). The results of these marketing effectiveness calculations 

are discussed in sections 3.5.1 and 3.5.2, while the ROI, CPA and budget allocation 

calculations are shown in section 3.5.3. ROI, CPA and budget allocation values are 

detailed in section 3.5.3 as their calculations are built on IRF values, which are discussed 

in sections 3.5.1 and 3.5.2. Explaining the calculations in this order helps prevent the need 

to go back to earlier sections when reading about ROI, CPA and budget allocation results. 

 

3.5 Results 

 

The results are discussed over three sections. First, the direct marketing effects 

uncovered in the analysis are discussed, followed by the indirect marketing effects. These 

results are then used to perform ROI, CPA and budget allocation calculations.  

 

3.5.1 Individual Effects  

 

The discussion of the direct marketing effects is broken down into separate sections, 

with each section focusing on a separate consumer activity metric or enquiry variable. 

For each variable, the statistically significant IRF estimates are summarized in two 

visualisations, with one showing the breakdown of impulses over time and the other 

highlighting the total direct effects2. Table 3-4 summarizes all total direct effects, along 

with their start period, end period and duration. Table 3-5 summarizes the orthogonal IRF 

results (total direct effects) in matrix form for additional understanding.  

 

Impulse Response Total IRF Start 
Period  

End 
Period 

Total 
Periods 

Facebook Ads Spend Facebook Page Posts 
Engagement 

0.4677 1 5 5 

Paid Search 
Engagement Rate 

Offline Enquiries 0.2048 2 9 8 

Paid Search Spend Offline Enquiries 0.0871 2 3 2 
TV Spend Offline Enquiries 0.0829 1 1 1 
Magazine Spend Offline Enquiries 0.0738 1 1 1 
Website Page Views Offline Enquiries 0.0656 2 2 1 
Display Spend Offline Enquiries 0.0415 1 1 1 
Facebook Ads Spend Online Enquiries 0.5864 1 12 12 

 
2 Confidence intervals are excluded from the visualisations as they crowd the plots, making it difficult 

to compare multiple variables on the same graph.  
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Impulse Response Total IRF Start 
Period  

End 
Period 

Total 
Periods 

Facebook Page Posts 
Engagement 

Online Enquiries 0.4648 2 16 15 

Website Page Views Online Enquiries 0.2093 1 2 2 
Outdoor Spend  Online Enquiries 0.0907 2 5 4 
Magazine Spend  Online Enquiries 0.0404 2 2 1 
Display Spend Paid Search 

Engagement Rate 
0.0179 3 9 7 

TV Spend Paid Search 
Engagement Rate 

0.0054 3 4 2 

Paid Search Spend Paid Search 
Engagement Rate 

-0.0069 1 1 1 

Facebook Ads Spend Website Page Views 0.3636 1 9 9 
Facebook Page Posts 
Engagement 

Website Page Views 0.2985 2 15 14 

Video Spend Website Page Views 0.2227 2 14 13 
Paid Search 
Engagement Rate 

Website Page Views 0.1628 1 7 7 

Paid Search Spend Website Page Views 0.0786 1 2 2 
Magazine Spend Website Page Views 0.0372 2 2 1 

Table 3-4 - Total Direct Effects of Media Channels on Consumer Activity Metrics and Enquiry Variables 

 

Impulse Paid Search 
Engagement Rate 

Facebook Page 
Posts Engagement 

Website 
Page Views 

Online 
Enquiries 

Offline 
Enquiries 

Display 
Spend 

0.0179 NA NA NA 0.0415 

Facebook 
Ads Spend 

NA 0.4677 0.3636 0.5864 NA 

Facebook 
Page Posts 
Engagement 

NA NA 0.2985 0.4648 NA 

Magazine 
Spend 

NA NA 0.0372 0.0404 0.0738 

Outdoor 
Spend 

NA NA NA 0.0907 NA 

Paid Search 
Engagement 
Rate 

NA NA 0.1628 NA 0.2048 

Paid Search 
Spend 

-0.0069 NA 0.0786 NA 0.0871 

TV Spend 0.0054 NA NA NA 0.0829 
Video 
Spend 

NA NA 0.2227 NA NA 

Website 
Page Views 

NA NA NA 0.2093 0.0656 

Table 3-5 - Matrix of Orthogonal IRF Results (NA means not statistically significant or applicable) 

 

3.5.1.1 Online Enquiries 

 

Five media channels have a statistically significant effect on online enquiries. As 

shown in Figure 3-5 and Figure 3-6, Facebook ads spend has the largest total direct effect, 

followed by Facebook page posts engagement. The statistically significant result for 

Facebook page posts engagement matches Kumar et al. (2016), who found that firm-
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Figure 3-5 - IRF Effects on Online Enquiries Over Time 

 

 
Figure 3-6 - IRF Totals for Online Enquiries 

 

3.5.1.2 Offline Enquiries 

 

Figure 3-7 and Figure 3-8 show that both online and offline media channels have 

direct effects on offline enquiries, with TV advertising having the largest effect in a single 

period. The effects of the offline media channels are larger than the online media channels 

on a per period basis, but the influence of paid search lasts for longer. The effects of the 

offline media channels are immediate, meaning that consumers generally see an 

advertisement and make an offline enquiry on the same day. This contrasts to the more 

delayed effects of the online media channels, indicating that consumers who search online 
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for brand spend some additional time gathering additional information before making an 

offline enquiry. Interestingly, both variables related to paid search, namely expenditure 

and engagement rate, have statistically significant direct effects on offline enquiries. 

Increasing the paid search engagement rate by one standard deviation has a smaller 

immediate effect than increasing paid search expenditure, but the effect is more sustained 

over time. Thus, it can be more beneficial for firms to focus on increasing the engagement 

rate of paid search, rather than simply spending more money on the media channel. This 

could involve improving the quality of paid search advertisements or increasing 

investment in other media channels that might drive consumers to a paid search 

advertisement. The presence of direct effects for both paid search variables suggest that 

including a consumer activity metric, in addition to a firm activity metric, can provide 

additional insight into the effects of customer-initiated paid media channels.  

 

 
Figure 3-7 - IRF Effects on Offline Enquiries Over Time 
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Figure 3-8 - IRF Totals for Offline Enquiries 

 

3.5.1.3 Paid Search Engagement Rate 

 

Figure 3-9 and Figure 3-10 reveal the existence of three direct effects on the 

engagement rate of paid search advertising. Increasing TV and display advertising 

expenditure have delayed positive effects on the paid search engagement rate. TV and 

display are firm-initiated media channels, which appear to generate awareness about the 

travel brand and prompt consumers to search for more information about it online. As 

seen in sections 3.5.1.1 and 3.5.1.2, this can lead to a consumer making an enquiry. The 

positive effect of display advertising matches the results of Kireyev et al. (2016), who 

find that display ads can increase search conversion and clicks. The relationship between 

TV and paid search advertising was also identified by Srinivasan et al. (2016), showing 

that offline media channels can positively influence online consumer activity metrics. The 

effects for TV and display are not felt until the third day, suggesting that consumers who 

decide to further investigate the travel brand online may not immediately do so after 

seeing an advertisement. These consumers contrast those described in section 3.5.1.2, 

who make an offline enquiry on the same day as being exposed to TV and display 

advertising.  

 

Interestingly, increasing paid search expenditure has an immediate negative effect on 

the paid search engagement rate. This finding reinforces the results of Dinner et al. 

(2014), who find that paid search expenditure had a negative association with click-

through rates. Dinner et al. (2014) suggest that this negative relationship is a result of 

firms bidding on more esoteric keywords with lower click-through rates as their paid 



 61 

search advertising budgets increase. Therefore, firms should be careful about selecting 

appropriate keywords for paid search advertising and be aware of the diminishing returns 

of increasing their overall budget allocation towards this media channel. 

 

 
Figure 3-9 - IRF Effects on Paid Search Engagement Rate Over Time 

 

 
Figure 3-10 - IRF Totals for Paid Search Engagement Rate 
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effects for this company, indirect effects are still sizeable, contributing 13.82% of the 

total effects for offline enquiries and 26.07% of the total effects for online enquiries. 

Additionally, Appendix 1 shows that the total effects of media channels on marketing 

performance metrics become greater and last for longer when indirect effects are 

included. 

 

 
Figure 3-15 - Percentage Breakdown of Direct and Indirect Effects of Media Channels on Online and 

Offline Enquiries 

 

 

Impulse Response Direct Indirect Total 
Display Spend Offline Enquiries 0.0415 0.0039 0.0454 
Display Spend Online Enquiries 0.0000 0.0006 0.0006 
Facebook Ads Spend Offline Enquiries 0.0000 0.0330 0.0330 
Facebook Ads Spend Online Enquiries 0.5864 0.3227 0.9091 
Facebook Page Posts Engagement  Offline Enquiries 0.0000 0.0196 0.0196 
Facebook Page Posts Engagement  Online Enquiries 0.4648 0.0625 0.5273 
Magazine Spend  Offline Enquiries 0.0738 0.0024 0.0762 
Magazine Spend Online Enquiries 0.0404 0.0078 0.0482 
Outdoor Spend Offline Enquiries 0.0000 0.0000 0.0000 
Outdoor Spend  Online Enquiries 0.0907 0.0000 0.0907 
Paid Search Engagement Rate Offline Enquiries 0.2048 0.0107 0.2155 
Paid Search Engagement Rate Online Enquiries 0.0000 0.0341 0.0341 
Paid Search Spend Offline Enquiries 0.0871 0.0037 0.0908 
Paid Search Spend Online Enquiries 0.0000 0.0162 0.0162 
TV Spend  Offline Enquiries 0.0829 0.0012 0.0841  
TV Spend Online Enquiries 0.0000 0.0002 0.0002 
Video Spend Offline Enquiries 0.0000 0.0146 0.0146 
Video Spend Online Enquiries 0.0000 0.0466 0.0466 
Website Page Views Offline Enquiries 0.0656 0.0000 0.0656 
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metrics. This suggests that aggregating enquiries or excluding indirect effects results in 

the loss of some information about media channel effectiveness.     

 

There are also differences in ROI and CPA values between the models. For Models 2 

and 4, these differences do not change the order of the paid media channels in terms of 

cost effectiveness. For Models 1, 3 and 5, the ROI and CPA values are more varied 

depending on whether on whether consumer activity metrics and indirect effects are 

included. There are some similarities, with TV being the least effective and display the 

most effective media channel from a CPA and ROI perspective. However, there are clear 

differences, such as the CPA of video advertising being much larger in Model 5 compared 

to Model 3. When the indirect effects of media channels are accounted for, the CPA of 

Facebook advertising improves considerably, falling from $112.37 in Model 1 to $66.18 

in Model 5. This is because the inclusion of indirect effects captures the relationships 

between Facebook advertising, Facebook page posts engagement and website page 

views, which flow on to online and offline enquiries. Across the models, the CPAs of the 

paid media channels are higher when consumer activity metrics are included. This is most 

likely because the consumer activity metrics mediate some of their effects on online and 

offline enquiries, making their CPAs seem higher than they really are. This suggests that 

if consumer activity metrics are included in the analysis, the indirect relationships 

between media channels and marketing performance metrics should be accounted for in 

ROI and CPA calculations. Overall, ROI and CPA values vary depending on whether the 

underlying model incorporates disaggregated marketing performance metrics and 

consumer activity metrics, as well as whether the indirect effects of media channels are 

accounted for.  

 

The total elasticities for the paid media channels in each model are presented in Table 

3-9 and Figure 3-18. The current budget allocation of the travel brand is compared to the 

recommended budget allocation recommended by each of the models in Table 3-10 and 

Figure 3-19. As budget allocation calculations are directly based on total elasticities, 

larger budget allocations are given to media channels with larger total elasticities. 

 

Media 
Channel 

Total Elasticity (used in budget allocation) 
Model 1 Model 2 Model 3 Model 4 Model 5 

Display  0.0300 0.0220 0.0344 0.0262 0.0330 
Facebook 0.1619 0.1422 0.2075 0.2472 0.2749 
Paid Search 0.0631 0.0404 0.0824 0.0505 0.0702 
Video - 0.1074 0.0523 0.1491 0.0234 
Outdoor 0.0250 - - - 0.0250 
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Media 
Channel 

Total Elasticity (used in budget allocation) 
Model 1 Model 2 Model 3 Model 4 Model 5 

Magazine 0.0646 - 0.0670 - 0.0685 
TV 0.0600 - 0.0651 - 0.0609 

Table 3-9 - Total Elasticity Values for Paid Media Channels 

 

 
Figure 3-18 - Comparison of Total Elasticity Values for Paid Media Channels 

 

Media 
Channel 

Current 
Allocation 

Recommended Allocation 
Model 1 Model 2 Model 3 Model 4 Model 5 

Display  3.14% 7.43% 7.07% 6.77% 5.55% 5.94% 
Facebook 36.74% 40.00% 45.57% 40.78% 52.25% 49.44% 
Paid Search 13.54% 15.59% 12.95% 16.20% 10.68% 12.63% 
Video 5.85% 0.00% 34.41% 10.28% 31.52% 4.22% 
Outdoor 4.67% 6.19% 0.00% 0.00% 0.00% 4.50% 
Magazine 14.72% 15.97% 0.00% 13.17% 0.00% 12.32% 
TV 21.34% 14.82% 0.00% 12.80% 0.00% 10.95% 

Table 3-10 - Current vs Recommended Budget Allocations 

 


































































































































































































































