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Abstract	

In the modern digital world, the rise of online advertising has brought attribution problem to 
the digital advertising forefront. Attribution is the problem of assigning credits to different 
marketing activities that lead users to perform desirable actions and is considered as one of 
the biggest challenges that the online advertising industry is currently facing. There is an 
imperative need for data-driven tractable models that will overpass the inadequacies of the 
currently used rule-based and ad-hoc attribution models, such as the “last-touch” attribution 
model (LTA). A data oriented methodology will gain insights towards attributing credits to 
different marketing interventions based on the observed individual user online behaviour.  
In this report, two data-driven and statistically oriented attribution models are developed; a 
Second-order Probabilistic Model (SPM) and a Bagged Logit Model (BLM). The analysed 
dataset corresponds to an automotive advertising campaign of “A Fortune 500 Automobile 
Manufacturer” that took place in the United States from June 15, 2009 to August 23, 2009. 
Due to the limited amount of available data, the recorded third-party websites serving the 
client’s advertisements are handled as different marketing channels. That is, the proposed 
data-driven attribution models estimate the contribution of each channel (website) to the 
conversion probability at user-level in order to attribute the recorded conversions among the 
used channels. The attribution results of SPM and BLM are compared to the ones provided by 
the LTA; the latter seems to partly overestimate both statistically and economically 
insignificant channels and underestimate efficient ones. An additional predictive random 
forest model is generated, having the power to accurately predict 97.47% of targeting 
outcomes (conversion or not) given a user’s funnel path and other explanatory features, such 
as the total advertising exposure time.  
The contribution of this report can be summarised in the insightful information provided to 
marketers through the proposed attribution methodologies regarding the efficiency of 
different marketing channels. Furthermore, the developed models, which are easy both to 
implement and to interpret, can be easily extended to incorporate additional marketing 
formats and features in order to capture the marketing activities that move users down the 
funnel path towards conversion and optimise marketing budget allocation among the most 
efficient channels. 
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	1																																																					
Introduction	

In online advertising, attribution is the problem of identifying and assigning credits to the 
marketing activities that lead users to desirable actions. A desirable action is the pre-specified 
goal of a marketing activity and is called conversion.  A conversion can be viewed as a user’s 
response to marketers’ “call-to-action”. Depending on the nature of the advertised company, a 
conversion can be considered as an online purchase, a subscription (engagement with the 
company), a click or any other pre-specified action like a search quote.  

In the modern online advertising world, advertisers have the ability to track users’ digital 
footprints and characteristics, gaining useful insights regarding users’ online behavior. By 
analysing a consumer’s behavior, marketers can identify the effect of different marketing 
activities on his or her decisions and adjust their targeting strategies to optimise marketing 
budget allocation. However, a user’s online journey, which can be conceptualised as a 
conversion funnel path, becomes more complicated while he or she is exposed to multiple 
advertisements through multiple channels and media. For instance, a user that performs a 
conversion might have been targeted through emails, display advertisements on different 
websites, search advertisements on search engines like Google, video advertisements on 
websites like YouTube and other online or offline marketing formats. The marketers seek to 
understand which one(s) of the aforementioned marketing activities led this particular 
customer to a successful conversion. Therefore, there is an imperative need for data-driven 
models that will gain insights towards attributing credits to different marketing interventions 
that drive users’ decisions throughout their funnel paths.  

The aforementioned problem becomes even more challenging if someone accounts for 
different combinations of marketing activities and channels as well as frequency and quantity 
of such interventions. Should an advertiser target a user with emails and display 
advertisements and if so by how many and at which point in his or her digital path? Does the 
sequence of such activities play a key role to users’ decisions and which networks or third-
party advertising sites should be preferred? All those questions are vital for marketers in order 
to account for those marketing activities, media and channels that will provide an optimal 
budget allocation and increase their potential customers’ propensity to convert. In such 
dynamic environments, “consumer and manager learning may give rise to the evolving 
business scenario” (Dekimpe and Hanssens, 1999) in which both “marketing spending and 
consumer conversions evolve together in a long-term equilibrium” (Kireyev et al., 2016).  
In order to address the aforementioned challenging problem of attribution, the advertising 
industry is currently using some rule-based and ad-hoc attribution methodologies and 
evaluation models, such as the widely used “last-touch” (known also as “last-click” or “last-
ad”) attribution model (LTA), and simplistic online metrics, such as the Click Through Rate 
(CTR) and the Cost Per Acquisition (CPA) introduced by Google. The LTA model and the 
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corresponding online metrics, assign full credits to the last marketing activity (click or 
impression) that took place before a user’s recorded conversion, ignoring the prior marketing 
activities. Such approach fails to take into consideration the cumulative effect of multiple 
advertising exposures throughout a user’s funnel path. In addition, the LTA model underlies 
that the desirable outcome of a user’s action would have been the same if he or she was 
targeted only by the last marketing activity that took full credits in the last conversion. Such 
assumption undeniably leads to a suboptimal budget allocation with an over and under 
estimation of the actual efficiency of various marketing formats. 
Some additional heuristic methodologies that are currently used in the digital advertising 
industry in order to combat the limitations of the LTA model are the “first-touch”, “time-
decay”, “position-based” and “linear” attribution models proposed by Google. Nonetheless, 
these attribution techniques suffer from similar, to the LTA’s, limitations and lack of a data-
driven tractable approach that will provide insightful feedback regarding the efficiency of 
different marketing interventions that drive users’ online behaviour. 
In this report, two data-driven and statistically oriented attribution models are developed in 
order to assign credits of conversions to different marketing activities of an automotive 
advertising campaign of “A Fortune 500 Automobile Manufacturer”. More specifically, a 
Second-order Probabilistic Model (SPM) and a Bagged Logit Model (BLM) are generated, 
the results of which are then compared to the ones provided by the “last-touch” attribution 
model (LTA). Although, an increased sample size is needed to drive any causal inference, the 
LTA model appears to underestimate efficient channels, whereas overestimate insignificant 
ones. In addition, a random forest model is generated aimed at predicting whether a user is 
going to convert given his or her funnel path and other explanatory features. This 
classification model provides to marketers the capability to predict upcoming conversions, 
after attributing recorded ones through the proposed data-driven attribution models. The 
contribution of this report can be summarised in the insightful information provided to 
marketers through the proposed attribution methodologies, which are easy both to implement 
and to interpret.  
The outline of this report is organised as follows. A literature overview of attribution in online 
advertising as well as the data exploration, preprocessing and transformation stages of the 
used dataset are presented in Section 2 and 3 respectively. In Section 4, the proposed data-
driven attribution and predictive models are introduced, followed by a discussion of 
conclusions, managerial implications and recommendations for future research in Section 5. 
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	2																																																																										
Literature	Overview	

Attribution modelling has proven to be one of the biggest challenges that digital advertising 
industry is currently facing. Industry experts have realised that the currently adopted 
methodologies address severe limitations and that there is an imperative need for data-
oriented approaches that will lead to efficient attribution models. Consequently, the problem 
of attribution in online advertising has become an active area of research with an increasing 
interest and importance over the last decade. Due to the recency of the problem, the literature 
is quite sparse. However, several researchers have proposed different attribution techniques 
(Shao and Li, 2011, Wiesel et al., 2011, Jordan et al., 2011, Dalessandro et al., 2012, 
Abhishek et al., 2012, Anderl et al., 2013, Li and Kannan, 2014, Xu et al., 2014, Ghose and 
Todri, 2015, Zantedeschi et al., 2016, Kireyev et al., 2016). 
Shao and Li (2011) developed a data-driven attribution approach through a bagged logistic 
regression trying to capture the contribution of different channels to the desirable conversion.  
Dalessandro et al. (2012) extended the work of Shao and Li (2011) and proposed an 
attribution methodology to assign credits on channels proportional to their effectiveness on 
the conversion probability based on the causal effect of each advertisement. They accounted 
for the sequence of the advertisements that a user was exposed to in order to construct a 
causal attribution framework.  

An additional data-oriented attribution methodology was proposed by Wiesel et al. (2011), 
who implemented an econometric autoregressive model to investigate the effectiveness of 
different advertising channels accounting for interactions among the latter. Working on the 
same level of complexity and aiming to increase practical acceptance by the managers of the 
advertising industry, Anderl et al. (2013) introduced a graph-based framework where the 
plethora of advertising channels at a user’s funnel path was analysed as a Markov chain of 
events. The aforementioned researches and the corresponding methodologies are statistical 
oriented, although data-driven, and the most severe limitation is that they did not account for 
the observed individual consumer behavior (Abhishek et al., 2012). 
Abhishek et al. (2012) proposed a dynamic Hidden Markov Model (HMM) of consumer 
behavior, capturing a user’s deliberation process by incorporating time varying covariates like 
ad-stock. At this approach, advertising exposures move consumers to different stages of the 
corresponding funnel path, successfully accounting for conversions that are not directly 
attributable to online advertising. In addition, Kireyev et al. (2016) developed a multivariate 
time-series model to investigate the dynamics between displayed advertisements and paid 
searches, proving that attribution and dynamic interactions between different channels 
influence optimal budget allocation.  
Similarly to the area of research of Kireyev et al. regarding the dynamics between different 
channels but by analysing individual-level data of consumers’ advertising exposures, Li and 
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Kannan (2014) proposed a Bayesian framework taking into consideration the carryover and 
spillover effects of past advertisement exposures throughout the users’ funnel paths. By 
assigning credits to the advertising channels based on the estimated carryover and spillover 
effects, Li and Kannan demonstrated that a data-driven attribution provides different results 
from the ones produced by currently used metrics in the online advertising industry. For 
instance, they showed that through such a data-driven attribution at user-level, someone can 
identify cases in which “retargeting strategies may actually decrease the conversion 
probability”. Another hierarchical Bayesian model was applied by Zantedeschi et al. (2016), 
who conducted randomised field experiments to estimate both the short and the long term 
effects of different advertising channels on the conversion probability.  
Extending the research of dynamics of advertising channels among different advertising 
clicks, Xu et al. (2014) introduced a Mutually Exciting Point Process Model in order to 
investigate the effect of various advertising formats on the online purchase. Their contribution 
to the literature can be attributed to the unique modelling of advertising clicks and purchases 
(conversions) as dependent random events in continuous time. That is, a click on an 
advertisement may not lead to an immediate conversion (purchase), but instead to another 
click on another advertisement; therefore a sequence of clicks may lead to a final conversion.  

Ghose and Todri (2015) developed an experimental framework based on the viewability of 
impressions and proposed a generalised Difference-In-Differences (DID) attribution model. 
Through this approach they showed that exposure to display advertisements can increase both 
the “users’ propensity to search for the brand and product” and the probability of a potential 
conversion. In addition, based on the analysed dataset, Ghose and Todri proved that the earlier 
a user is targeted in the funnel path, and the longer the duration of exposure to a display 
advertisement, the more likely the user is to convert through direct visits to the client’s 
website. 

A different attribution approach from the aforementioned empirical data-driven 
methodologies was followed by Jordan et al. (2011) and Berman (2016). Payment rules for 
advertisements served by multiple channels were introduced, based on cooperative Game 
Theory and Shapley Value calculations (Roth, 1988, Winter, 2002). Although such models 
provide insightful feedback regarding bid strategies to marketers and demonstrate that 
attribution modelling improves budget allocation, they are computationally expensive and the 
introduced complexity makes their implementation even unfeasible in many cases (Berman, 
2016). As a result, heuristics and empirical data-driven attribution models are preferred and 
game-theoretic models are limited to verification of an attribution technique through simple 
experiments. 
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	3																																																																										
Data	Analysis	

3.1 Data	Exploration	&	Preprocessing	

The used dataset corresponds to an automotive advertising campaign of “A Fortune 500 
Automobile Manufacturer” that took place in the United States from June 15, 2009 to August 
23, 2009. It represents a random sample of 4,775 online users and consists of 132,345 
display/search impressions, 1,827 clicks on those impressions and 59,823 activities the users 
performed on target websites, separated into three different data files respectively. An activity 
is defined as a conversion, if the recorded report of a user’s online behavior contains the 
phrases “dealer.com”, “quote”, “inventory”, “build”, “price”, or “find a dealer”. That is, a user 
may perform multiple conversions at each time. In addition, a user can convert either through 
clicking on an impression, which will lead him or her to a target website or through direct 
individual visits to target websites without any click on a display or search advertisement. 
Initially, the provided dataset is preprocessed and cleaned in order to filter out “bad” users, 
which can be viewed as “bots” or “web crawlers”. Such users appear to be exposed to or click 
on a significantly large number of advertisements or perform an extremely increased number 
of activities. In order to control for those non-realistic people, users with more than 1,000 
impressions, 30 clicks and 500 activities are omitted from the analysis.  

Different data manipulation techniques are implemented in order to reveal and extract the 
most important information captured by the provided dataset. In Figure 1, some initial 
findings at user-level are presented. More specifically, for each recorded user, the total 
number of impressions, clicks and activities is identified. An average user is exposed to 18 
impressions, clicks on 0.15 advertisements and performs 4 activities, half of which are 
considered conversions. The average Click Through Rate (CTR) is 2.7% and the Conversion 
Rate (accounting for unique conversions in multiple activities for users that visit the target 
websites after a click on a displayed advertisement) is 7.6%. Furthermore, the average time of 
targeting a user per day is approximately 300 seconds or 5 minutes. Each user is exposed in 
multiple online advertisements and only different third-party websites are recorded. 
Therefore, each website is approached as a different marketing channel at each user’s funnel 
path. In Figure 2, the total number of impressions served by each one of the 28 unique 
channels (websites) is presented. 
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Figure 1.  Descriptive statistics at user-level of the “Fortune 500 Automobile Manufacturer” dataset 

 

Figure 2. Descriptive statistics at channel-level of the “Fortune 500 Automobile Manufacturer” dataset 

3.2 Data	Transformations	

After exploring the client’s datasets at user and channel level, an individual panel dataset is 
generated. For each user the impressions, clicks and performed activities are extracted based 
on the corresponding date and time. Conversions made without clicking are initially matched 
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to the most recent impression at a time window of one week in order to be attributed to other 
impressions/channels at a later stage. The determined time window can be attributed to the 
limited available data and time horizon as well as to the frequency of targeting (minute-scale). 

Since the given dataset consists of user impressions on different websites, each third-party 
website is handled as a different channel at the conversion path. In addition, the time horizon 
is chosen to one calendar day due to the limited amount of available data (from June 15, 2009 
to August 23, 2009). Moreover, for a given user with multiple impressions and clicks, 
multiple converted activities may take place per day, and thus any of those activities is 
considered as a unique conversion for the corresponding date. For instance, if a given user at a 
given date performs 15 different activities 4 of which are considered to be converted actions, 
then at the transformed dataset this user will have one recorded conversion at the respective 
date.  
Each observation of the transformed panel dataset corresponds to a unique combination of 
user and date. In other words, each instance represents a targeted user at a specific date, 
depicting the channels that the user was exposed to throughout the date and if there was any 
performed activity that can be considered as a conversion. Furthermore, for each user 
additional features are extracted underlying the number of displayed advertisements, the total 
time that he or she is targeted and whether he or she is a new visitor (has any recorded activity 
prior to the corresponding date) or has any previously recorded conversions. A sample draft of 
the transformed dataset is depicted in Table 1, whereas a detailed example of the 
aforementioned transformations is presented in Appendix A. 

Table 1. Sample of the transformed individual panel dataset per user and date. 

 

3.3 Data	Limitations	

To begin with, there is an inconsistency in the recorded users between impressions, clicks and 
activities. For instance, from the 4,770 unique users with impressions, only 471 have recorded 
clicks, while the total number of unique users with clicks is 1,200. Therefore, at this dataset 
there are users that appear to have clicked on advertisements that are not recorded as 
impressions. Those clicks are assumed to be made on search advertisements, which are not 
recorded on the current dataset. Ιndisputably, it is highly unlikely that Google would provide 
individual-level data records to an advertiser. 

User	ID Date Exposed	Channels	
(site	IDs)

Any	Activity	
Conversion

Number	of	
Displayed	Ads

New	User Converted	
User

Time	following	
User	(sec)

44505442 14/06/09 [109000.0] 0 3 1 0 0
44505442 19/06/09 [263648.0] 0 8 0 0 456
44505442 28/06/09 [431027.0] 0 12 0 0 340
44505442 18/07/09 [263648.0] 0 1 0 0 0

44505442 19/07/09 [263648.0,	
109000.0]

0 19 0 0 3359

44505442 21/07/09 [263648.0] 1 5 0 0 170

44505442 25/07/09
[109000.0,	
431027.0,	
419277.0]

0 48 0 1 1745

45924417 16/07/09 [477068.0] 0 2 1 0 25
45924417 28/07/09 [419277.0] 0 2 0 0 134

45924417 20/08/09 [109000.0,	
419277.0]

1 6 0 0 1513

45924417 21/08/09 [109000.0,	
419277.0]

0 32 0 1 2035

48149830 13/07/09 [472808.0] 0 6 1 0 1059
…



3.	Data	Analysis	 	 Data	Limitations	

13 

Furthermore, a separation between search and display advertisements, which will give the 
potential of exploring the dynamic effects between each other, is not possible based on this 
dataset, since impressions do not have any feature that will distinguish between the two 
different types of marketing activities. Someone can capture such information only at click 
level by distinguishing advertisers including a “Paid Search”. However, someone cannot use 
this explanatory variable to expand this information into the impression level, which is the 
main aspect of interest, but can assume, as explained in above, that all recorded impressions 
are due to display advertisements and that search ones are missing. 
In addition, from the 2,798 unique users with recorded activities, only 1,095 have been 
exposed to the client’s advertisements, reducing significantly the number of observations that 
can be used for modelling at a later stage. More specifically, from the 15,606 observations of 
the transformed dataset, only 221 instances correspond to a successful activity conversion (an 
activity conversion is obtained if any of the pre-specified activities take place at the 
corresponding date). 
Moreover, the form of the dataset is not ideal for an attribution problem. A user is exposed to 
multiple online advertisements and only different websites are recorded. Therefore, someone 
should handle the different websites as different marketing channels at a user’s funnel path. In 
addition, a user can perform multiple conversions (activities) throughout his or her online 
journey, and therefore, attribution concepts based on a sequence of events that lead to a 
conversion are not directly applicable. For this reason, a transformed dataset is generated 
(Section 3.2) and used at the upcoming attribution modelling stage. 
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	4																																																														
Attribution	Modelling	

4.1 Probabilistic	Model	

Following a similar approach to the one proposed by Shao and Li (2011), a Second-order 
Probabilistic Model (SPM) is generated, aimed at capturing the contribution of each channel 
(website) at user-level. Initially, the empirical first-order probability of conversion 𝑦, given 
the presence of channel 𝑐! , 𝑖 = 1,… ,28, at a user’s funnel path is computed as follows: 

𝑃 𝑦 𝑐! = !!"#$%$&'(!!)
!!"!#$(!!)

                                               (1)  

where 𝑁!"!#$(𝑐!) denotes the total number of users exposed to channel 𝑐! and 𝑁!"#$%$&'(𝑐!) 
denotes the number of users exposed to channel 𝑐! that had any conversion at the 
corresponding day. Next, the second-order conditional probability for each recorded pair of 
channels at the dataset is computed. Since a user is exposed to multiple advertisements 
through multiple channels, the combined presence of different channels at a user’s funnel path 
should be taken into consideration to account for interactions between the used channels. 
Conceptually, someone can consider higher orders, but practically, even for the third-order, 
the number of observations with the same channel combination (same three different sites at 
users’ funnel paths) is insignificant for the used dataset. The pairwise conditional conversion 
probability of a user exposed to both channels 𝑐!  and 𝑐! is calculated as follows: 

𝑃 𝑦 𝑐! , 𝑐! = !!"#$%$&'(!!,!!)
!!"!#$(!!,!!)

                                          (2)  

where 𝑁!"!#$(𝑐!) denotes the total number of users exposed to both channels 𝑐!  and 𝑐! and 
𝑁!"#$%$&'(𝑐! , 𝑐!) denotes the number of converted users exposed to both channels 𝑐! and 𝑐!. 
Having computed the probabilities for each of the 28 different channels 𝑐!, the contribution of 
each channel, 𝐼(𝑐!), to the desired conversion is computed as follows: 

𝐼(𝑐!) = 𝑃 𝑦 𝑐! +
1

2(𝑛!!!)
𝑃 𝑦 𝑐! , 𝑐! − 𝑃 𝑦 𝑐! − 𝑃 𝑦 𝑐!

!!!
        (3) 

where 𝑛!!! is the total number of combinations of channels 𝑐! and 𝑐!!! present in the dataset. 

The user-level contribution of each channel to the desired conversion is presented in Table 2. 
Channel 505578 appears to have the highest contribution, while it accounts only for 0.49% of 
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total impressions of the dataset. On the other hand, there are multiple channels that appear to 
have a negative effect on user’s propensity to convert. Further investigation of the viewers of 
those websites is needed, since there must be a possibility that those users are neither on the 
market searching for a car nor have the interest in the industry and should not be targeted. 

Table 2. Contribution of each channel to the conversion probability based on SPM 

 

4.2 Bagged	Logit	Model	

Additionally to the probabilistic model, a Bagged Logit Model (BLM) is developed trying to 
infer the increase in the conversion probability given the presence of a channel at a user’s 
funnel path.  To estimate a Logit model the Maximum Likelihood Estimation (MLE) is used. 
An MLE regression equation is produced by choosing the parameters 𝛽 that maximise the log-
likelihood function. More specifically, the Logit model can be formulated as: 

𝑃 𝑦!"#$%&'("# = 1 = 𝐺 𝑧                                             (4) 

where 𝐺~ Cumulative Distribution Function for a standard logistic random variable: 

𝐺 𝑧 =
𝑒!

1+ 𝑒! ,                                                       (5) 

𝑧 = 𝛽! + 𝛽!! ∙ 𝑐ℎ!!!
+ 𝛽! ∙ 𝑛𝑒𝑤 𝑢𝑠𝑒𝑟 + 𝛽! ∙ 𝑐𝑜𝑛𝑣 𝑢𝑠𝑒𝑟 + 𝛽! ∙ 𝑛𝑢𝑚 𝑎𝑑𝑠 + 

+𝛽! ∙ 𝑡𝑎𝑟𝑔𝑒𝑡 𝑡𝑖𝑚𝑒 
and: 

• 𝑐ℎ!!: binary variable indicating if channel  𝑐! is present at the user’s funnel path. 
• 𝑛𝑒𝑤 𝑢𝑠𝑒𝑟: binary variable indicating if the user is new and there is no recorded 

impression at a previous date. 
• 𝑐𝑜𝑛𝑣 𝑢𝑠𝑒𝑟: binary variable indicating if the user had any recorded conversion in the 

past. 
• 𝑛𝑢𝑚 𝑎𝑑𝑠: the number of displayed advertisements that the user is exposed to at the 

corresponding date 
• 𝑡𝑎𝑟𝑔𝑒𝑡 𝑡𝑖𝑚𝑒: the total amount of time (in seconds) that the user is targeted at the 

corresponding date. 

Channel	
(site_ID)

Contribution Channel	
(site_ID)

Contribution

505578 0.03497 509687 0.00085
109000 0.02180 419277 0.00041
328059 0.01550 597650 0.00002
121541 0.00952 682366 0.00000
376963 0.00911 737334 0.00000
477068 0.00903 674710 -0.00066
263648 0.00703 674114 -0.00093
108958 0.00633 666527 -0.00155
701790 0.00469 468389 -0.00177
431027 0.00450 472808 -0.00192
349956 0.00288 762784 -0.00195
701791 0.00211 679756 -0.00230
582346 0.00206 749319 -0.00239
408048 0.00135 591531 -0.00241
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The rationale behind the bagging aspect of the model can be attributed to the unbalanced 
dataset, where a small proportion of recorded impressions have resulted in a desirable 
conversion. More specifically, from the 1965 unique users of the dataset, only 174 (8.85%) 
appeared to have at least one conversion. In other words from the 15,606 observations of the 
transformed dataset (each observation corresponds to a unique combination of user and date 
as stated in Section 3.2) only 210 correspond to a successful conversion. That is, a down-
sampling technique is needed in order to allow the model to capture the drivers of a potential 
conversion. In addition, through such a bootstrap aggregation technique, it is aiming to 
increase the stability and accuracy of the model (Shao and Li, 2011). 
In order to implement the BLM, a random down-sampling of users based on the recorded 
conversions is implemented at each iteration (bagging). By keeping the proportion of 
converted and non-converted users constant at 1: 5 and the training set’s size at 80% of the 
transformed dataset of impressions per user and date, a new Logit Model is built at each 
iteration. At each of the 𝑁 = 10,000 iterations, the estimated coefficients of the explanatory 
variables are extracted, which are then used to calculate the average BLM’s estimated 
coefficients. The results of the nonlinear BLM are presented in Table 3. From the average 
estimated coefficients someone can compute the conversion probability of a user given his 
funnel path and other factors. Based on the significant level of each coefficient (the p-values 
are presented in Appendix B), someone can drive conclusions about the economical and 
statistical significance of each channel on explaining the variation of the conversion 
probability.  

Table 3. Estimated coefficients based on BLM  

 
Furthermore, the effect of a specific channel 𝑐! on the conversion probability can be computed 
as the Marginal Probability Effect (MPE) (Hanmer and Ozan Kalkan, 2013). The MPE of the 
binary explanatory variable 𝑐! can be calculated as the difference of the estimated equation (5) 

Channel	
(site_ID)

Coefficient	
Estimation

Channel	
(site_ID)

701790 1.2397 ** 682366 -0.1483
431027 1.0856 ** 597650 -0.2307
121541 0.7947 * 749319 -0.3351
582346 0.6463 349956 -0.4131 .
701791 0.2621 505578 -0.4292
109000 0.2518 509687 -0.8272
108958 0.0464 591531 -0.9004
737334 -0.0430 762784 -0.9475
263648 -0.0591 674710 -1.1846 ***
419277 -0.0757 376963 -1.1862 .
468389 -0.0813 666527 -1.4823
328059 -0.1039 674114 -1.6664 ***
408048 -0.1143 679756 -1.8586 .
477068 -0.1476 472808 -2.2546 ***

Variable Coefficient	
Estimation

Variable

Converted	
User

0.8377 * Number	of	
Ads

0.0017

New	User 0.6243 *** Time	
Targeting	

0.0003 ***

Intercept -3.0785 ***
Note:

Coefficient	
Estimation

Coefficient	
Estimation

.p<0.15;*p<0.1;**p<0.05;***p<0.01
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with 𝑐! = 1 and 𝑐! = 0, respectively, while replacing the rest of the regressors with the same 
fixed values at the two estimated equations. 

MPE!! = 𝐺 𝛽! + 𝒄𝒉𝒄𝒋!𝟏 ∙ 𝛽!!  + 𝛽!! ∙ 𝑐ℎ!!
!!!

+ 𝛽! ∙ 𝑛𝑒𝑤 𝑢𝑠𝑒𝑟 + 𝛽! ∙ 𝑐𝑜𝑛𝑣 𝑢𝑠𝑒𝑟 + 𝛽!

∙ 𝑛𝑢𝑚 𝑎𝑑𝑠 + 𝛽! ∙ 𝑡𝑎𝑟𝑔𝑒𝑡 𝑡𝚤𝑚𝑒 −  

             𝐺 𝛽! + 𝒄𝒉𝒄𝒋!𝟎 ∙ 𝛽!!  + 𝛽!! ∙ 𝑐ℎ!!
!!!

+ 𝛽! ∙ 𝑛𝑒𝑤 𝑢𝑠𝑒𝑟 + 𝛽! ∙ 𝑐𝑜𝑛𝑣 𝑢𝑠𝑒𝑟 + 𝛽!

∙ 𝑛𝑢𝑚 𝑎𝑑𝑠 + 𝛽! ∙ 𝑡𝑎𝑟𝑔𝑒𝑡 𝑡𝚤𝑚𝑒                                                                               (6) 

Table 4 depicts the MPE of each channel with all other binary variables equal to zero and the 
continuous regressors having the sample average value. For instance, channel 701790 has a 
MPE = 0.1012 at a 5% significant level. Therefore, if this channel is present on a user’s 
funnel path, then this user is 10.12% more likely to convert compared to an online journey 
without this website, after controlling for all other factors. Channels that appear to be 
statistically insignificant (Table 3), should not be used to drive any conclusion or 
generalisation at a later stage. 

Table 4. Marginal Probability Effect of each channel on the conversion probability based on BLM 

 

4.3 Random	Forest	Classifier	

After building the Second-order Probabilistic Model as well as the Bagged Logit Model, 
which can provide an easy interpretation of the attribution among the different channels used 
to target the client’s online users, a predictive machine learning black-box model is 
implemented. More specifically, a Random Forest Classifier (RFC) is created aimed at 
predicting whether a user is going to convert given his or her funnel path and other 
explanatory features. The rationale behind the genesis of the RFC model is to provide to the 
advertisers the potential to predict a final conversion, having attributed the conversions to the 
used channels based on the proposed models.  

Channel	
(site_ID)

MPE Channel	
(site_ID)

MPE

701790 0.1012 682366 -0.0064
431027 0.0826 597650 -0.0096
121541 0.0529 749319 -0.0133
582346 0.0401 349956 -0.0159
701791 0.0136 505578 -0.0164
109000 0.0130 509687 -0.0267
108958 0.0022 591531 -0.0282
737334 -0.0019 762784 -0.0291
263648 -0.0027 674710 -0.0331
419277 -0.0034 376963 -0.0331
468389 -0.0036 666527 -0.0370
328059 -0.0046 674114 -0.0389
408048 -0.0050 679756 -0.0406
477068 -0.0064 472808 -0.0431
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The recorded users of the initial training dataset are randomly split and their impressions 
separated into a training and test set, representing 80% and 20% of the initial sample size 
respectively. In order to control for the unbalanced dataset, where from the 1,965 unique users 
of the dataset only 174 appear to have at least one conversion, a Synthetic Minority 
Oversampling Technique (SMOTE) is implemented to even out number of observations 
across the two classes at the training dataset (the test set remains untouched in order to 
provide accurate and unbiased predictions). This robust technique allows “carving broader 
decision regions by operating in feature space”, resulting in an improved performance of the 
classification model, by generating “synthetic” examples “along the line segments joining any 
or all of the k minority class nearest neighbours” (Chawla et al., 2002). 
The RFC, which is tuned for hypermateres, is trained on the over-sampled training dataset and 
used to make out-of-sample predictions regarding the potential conversion of users at the test 
set, given their funnel path and other explanatory features. The RFC model results in an 
accuracy of 97.47% and its classification power is depicted at the confusion matrix presented 
in Table 5. Furthermore, the relative importance of the explanatory features used to predict 
the potential conversion of a user is depicted at Figure 3. 

Table 5. Classification results of Random Forest Classifier 

 

 
Figure 3. Relative importance of the predictors used by the Random Forest Classifier 

4.4 Interpretation	of	the	Results	

Having developed the Second-Order Probabilistic Model (SPM) and the Bagged Logit Model 
(BLM) and computed the contribution and the Marginal Probability Effect (MPE) of each 
channel on the conversion probability, a comparison of the attribution methodologies of the 
developed models to the widely used “last-touch” attribution model (LTA) takes place. More 

														Actual											
Predicted

No-Conversion Conversion

No-Conversion 1,309 5

Conversion 29 2

Confusion	Matrix
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specifically, each one of the 210 unique converted activities of the transformed dataset 
(Section 3.2) is attributed to the corresponding channels. At the SPM and BLM models each 
conversion is attributed to the channels that are present at the corresponding user’s funnel 
path and have a positive and significant contribution or MPE respectively, whereas at the 
LTA model each conversion is attributed only to the channel used at the last marketing 
intervention prior to the conversion’s date and time.   

Based on the attribution results (Table 6), someone can observe the different credits assigned 
to each channel regarding the recorded conversions. The LTA model underestimates efficient 
channels, whereas overestimates and attributes credits to channels that based on the BLM and 
SPM models appear to have no contribution to the respective recorded conversions. For 
instance, channel 121541 appears to be responsible for 31 conversions based on LTA, 
whereas for 35 based on SPM and BLM. However, channel 472808 is undeniably 
overestimated by the LTA model and takes credits for 12 conversions, whereas SPM and 
BLM methodologies assign no credit to this channel. From a managerial standpoint, such 
results provide useful insights to marketers, revealing the true effect of each channel on 
increasing the conversion probability. Nonetheless, an increased sample size is needed to 
drive any generalisation and causal inference. 

Table 6. Attribution of converted activities to channels based on LTA, SPM and BLM methodologies  

 
 

Channel #	Impressions LTA SPM BLM
108958 361 2 3 3
109000 19,795 42 46 46
121541 5,820 31 35 35
263648 2,474 9 12 0
328059 615 2 2 0
349956 736 5 7 0
376963 380 1 1 0
408048 3,481 8 14 0
419277 8,936 24 28 0
431027 720 9 10 10
468389 342 0 0 0
472808 13,269 12 0 0
477068 261 4 5 0
505578 369 2 2 0
509687 433 1 1 0
582346 1,294 6 8 8
591531 337 0 0 0
597650 3,735 7 10 0
666527 1,688 0 0 0
674114 3,461 4 0 0
674710 7,726 13 0 0
679756 2,307 0 0 0
682366 9 0 0 0
701790 567 7 8 8
701791 3,636 21 25 25
737334 13 0 0 0
749319 62 0 0 0
762784 772 0 0 0
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	5																																																												
Discussion	

5.1 Conclusions	&	Managerial	Implications	

In this report two data-driven attribution models, namely Second-order Probabilistic Model 
and Bagged Logit Model, are implemented in order to assign credits to different channels 
(websites) that were used to target online users during an advertising campaign of “A Fortune 
500 Automobile Manufacturer”. The contribution or marginal probability effect of each 
channel to the conversion probability at user-level is computed to attribute the recorded 
conversions among the used channels. After comparing the results of the proposed models to 
the “last-touch” attribution model, it appears that the latter significantly overestimates both 
statistically and economically insignificant channels and underestimates efficient ones. The 
data-driven models assign credits to channels that have statistically been proven to increase 
the conversion probability. Due to the limited amount of used data, any generalisation or 
causal inference is not statistically valid and thus an increased sample size is required to 
provide further evidence of the validity of the proposed results. An additional predictive 
random forest model is developed, having the power to accurately predict 97.47% of users’ 
actions (conversion or not) given their funnel path and other explanatory features. 
From a managerial perspective, it is advised that the “Fortune 500 Automobile Manufacturer” 
reevaluate the efficiency of third-party websites used to target online users. In other words, 
channels that appear to have a negative impact on the conversion probability should be further 
investigated. In addition, a better allocation of the displayed advertisements regarding the 
used websites can take place. Channels that have an economically significant effect on the 
conversion probability should be preferred to others with a low contribution to the desirable 
conversion. That is, marketers have the ability to strategically allocate the budget to the most 
efficient channels in order to identify and target users that are most likely to respond to their 
“call-to-action”. For instance, channel 472808 is proven to have a statistically significant 
negative marginal effect on the conversion probability. This channel corresponds to the 
“SpecificMedia.com” website. Since the advertised company is “A Fortune 500 Automobile 
Manufacturer”, users targeted at a generic website like “SpecificMedia.com” might neither be 
on the market looking for a car nor be interested in the automotive industry in general. 

5.2 Limitations	&	Future	Research	

Several limitations are present in this report, which primarily arise from the availability and 
type of the used data. As previously mentioned, the limited amount of available data makes 



5.	Discussion	 	 Limitations	&	Future	Research	

21 

causal inference statistically insignificant; thus, an increased sample size is needed in order to 
drive any generalisation. In addition, the used dataset corresponds to an automotive 
advertising campaign and consists of impressions, clicks and activities based on multiple 
online advertisements on different third-party websites. The absence of concise records 
regarding different marketing formats, ranging from online advertising channels to offline 
ones, limits the application and the evaluation of the proposed data-driven attribution models. 
Therefore, different websites are handled as channels and only the efficiency of those third-
party websites on increasing the conversion probability is captured. Interactions among 
different marketing channels should be incorporated into the used dataset, in order to provide 
the potential of capturing the dynamic effects between different advertising formats. The 
proposed models can be easily extended to capture the efficiency of different advertising 
channels across the users’ conversion paths.  
Moreover, the proposed data-driven models are statistically oriented and fail to account for 
observed individual user online behavior. Future research towards this area is needed in order 
to capture the latent stage of each user at his or her digital journey and compute the 
corresponding conversion probability along with the “incremental lift that each channel has 
towards changing the consumers’ behavior in desired ways” as stated by Ghose and Todri 
(2015). Carryover and spillover effects should also be taken into consideration to underlie the 
long-term effect of a marketing activity on increasing a user’s propensity to convert and drive 
budget allocation across different channels. Notwithstanding the aforementioned limitations 
and the indispensable additional research needed, the proposed models serve a good starting 
point towards exploring data-driven tractable attribution models due to their ease of 
interpretation, implementation and extension to incorporate additional dimensions. 
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	Appendices																																																																																												

A. 				Example	of	Data	Transformations
An example of the initial datasets’ transformations (Section 3.2), targeting users with id 
475642691 and 505068358 at specific dates, is presented. Tables 7 and 8 depict the target 
users’ recorded impressions and activities respectively. In addition, in Table 8, someone can 
observe any clicks that might have triggered the target users’ activities, based on the 
availability of the “Click Time” feature. Finally, for the target users and corresponding dates 
that are depicted in Tables 7 and 8, the transformed dataset’s format is presented in Table 9. 

Table 7. Sample draft of initial dataset’s recorded impressions 

 

 

 

User	ID Date … Site	ID User	ID Date … Site	ID
475642691 27JUL2009:18:26:37 408048 505068358 18AUG2009:19:48:20 419277
475642691 27JUL2009:18:26:41 408048 505068358 18AUG2009:19:48:59 419277
475642691 27JUL2009:18:27:27 408048 505068358 18AUG2009:19:49:01 419277
475642691 27JUL2009:18:27:27 408048 505068358 18AUG2009:19:49:10 419277
475642691 27JUL2009:18:27:31 408048 505068358 18AUG2009:19:52:27 419277
475642691 27JUL2009:18:27:33 408048 505068358 18AUG2009:19:52:33 419277
475642691 27JUL2009:18:27:34 408048 505068358 18AUG2009:19:52:40 419277
475642691 27JUL2009:18:27:39 408048 505068358 18AUG2009:19:52:53 419277
475642691 10AUG2009:08:54:14 121541 505068358 18AUG2009:19:52:56 419277
475642691 10AUG2009:08:55:53 121541 505068358 18AUG2009:19:52:57 419277
475642691 10AUG2009:08:56:37 121541 505068358 18AUG2009:19:53:49 419277
475642691 10AUG2009:09:19:44 121541 505068358 18AUG2009:19:53:50 419277
475642691 10AUG2009:09:19:57 121541 505068358 18AUG2009:19:54:06 419277
475642691 10AUG2009:09:20:50 121541 505068358 18AUG2009:19:54:09 419277
475642691 19AUG2009:12:22:40 674710 505068358 18AUG2009:19:54:22 419277
475642691 19AUG2009:12:22:58 674710 505068358 18AUG2009:19:54:23 419277
505068358 18AUG2009:19:24:45 419277 505068358 18AUG2009:19:54:38 419277
505068358 18AUG2009:19:24:50 419277 505068358 18AUG2009:19:54:39 419277
505068358 18AUG2009:19:25:10 419277 505068358 18AUG2009:19:54:53 419277
505068358 18AUG2009:19:25:11 419277 505068358 18AUG2009:19:54:57 419277
505068358 18AUG2009:19:25:15 419277 505068358 18AUG2009:19:55:38 419277
505068358 18AUG2009:19:45:29 419277 505068358 18AUG2009:19:55:42 419277
505068358 18AUG2009:19:45:33 419277 505068358 18AUG2009:19:55:58 419277
505068358 18AUG2009:19:45:44 419277 505068358 18AUG2009:19:56:08 419277
505068358 18AUG2009:19:45:44 419277 505068358 18AUG2009:19:56:36 419277
505068358 18AUG2009:19:45:48 419277 505068358 18AUG2009:19:56:45 419277
505068358 18AUG2009:19:47:27 419277 505068358 18AUG2009:20:46:39 419277
505068358 18AUG2009:19:47:27 419277 505068358 18AUG2009:20:46:43 419277
505068358 18AUG2009:19:47:32 419277 505068358 18AUG2009:20:46:57 419277
505068358 18AUG2009:19:48:04 419277 505068358 18AUG2009:22:22:54 679756
505068358 18AUG2009:19:48:08 419277 …
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Table 8. Sample draft of initial dataset’s recorded activities (including clicks)  

 
Table 9. Sample draft of transformed dataset 

 

 

 

 

 

 

User	ID Date … Site	ID Conversion Click	Time
475642691 10AUG2009:08:57:28 121541 0 10AUG2009:08:57:25
475642691 10AUG2009:08:57:54 121541 0 10AUG2009:08:57:25
475642691 10AUG2009:08:58:18 1
475642691 10AUG2009:08:58:18 1
475642691 10AUG2009:08:58:18 121541 1
475642691 10AUG2009:08:58:36 1
475642691 10AUG2009:08:58:36 1
475642691 10AUG2009:08:58:36 121541 1
475642691 10AUG2009:08:58:48 1
475642691 10AUG2009:08:58:48 1
475642691 10AUG2009:08:58:48 121541 1
475642691 10AUG2009:08:58:55 1
475642691 10AUG2009:08:58:55 121541 1
475642691 10AUG2009:08:58:56 1
475642691 10AUG2009:08:59:03 1
475642691 10AUG2009:08:59:03 1
475642691 10AUG2009:08:59:03 121541 1
475642691 10AUG2009:08:59:11 1
475642691 10AUG2009:08:59:11 121541 1
475642691 10AUG2009:08:59:12 1
475642691 10AUG2009:09:01:01 1
475642691 10AUG2009:09:01:02 1
475642691 10AUG2009:09:01:02 121541 1
505068358 10AUG2009:08:24:19 1
505068358 18AUG2009:19:15:43 358854 0 18AUG2009:19:15:39
505068358 18AUG2009:19:15:59 358854 0 18AUG2009:19:15:39
505068358 18AUG2009:19:19:33 1
505068358 18AUG2009:19:19:33 1
505068358 18AUG2009:19:19:33 358854 1
505068358 18AUG2009:19:46:07 0
505068358 18AUG2009:19:46:07 419277 0 18AUG2009:19:46:04
505068358 18AUG2009:19:46:29 419277 0 18AUG2009:19:46:04

…

User	ID Date Exposed	Channels	
(site	IDs)

Any	Activity	
Conversion

Number	of	
Displayed	Ads

New	User Converted	
User

Time	following	
User	(sec)

475642691 27/07/09 [408048.0] 0 8 0 0 62
475642691 10/08/09 [121541.0] 1 3 0 0 209
475642691 19/08/09 [674710.0] 0 2 0 1 18

505068358 18/08/09 [679756.0,	
419277.0]

0 45 0 1 1938

…
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B. 				Bagged	Logit	Model’s	P-values
Table 10. P-values of BLM’s estimated coefficients 

 
 

Channel	
(site_ID)

P	value Channel	
(site_ID)

P	value

472808 0.0000 408048 0.3848
674114 0.0001 263648 0.4627
674710 0.0002 701791 0.5637
701790 0.0244 477068 0.5718
431027 0.0354 328059 0.6333
121541 0.0636 108958 0.6442
679756 0.1328 109000 0.6818
349956 0.1657 468389 0.7781
376963 0.1692 666527 0.9770
509687 0.2252 591531 0.9770
582346 0.2474 762784 0.9806
505578 0.2685 749319 0.9915
597650 0.2946 682366 0.9918
419277 0.3018 737334 0.9958
Variable P	value Variable P	value
Converted	

User
0.0509 Number	of	

Ads 0.5781

New	User 0.0018 Time	
Targeting	 0.0000

Intercept 0.0000


