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Introduction 

 

 

            The use of online advertising has drastically increased over the past several years with the 

increase of technology and data available to businesses and corporations. Companies launch 

campaigns through various channels such as newspaper inserts, billboards, television ads, direct 

mail, e-mails, and paid search ads, to name a few. In 2012, online advertising accounted for 

about one-fifth of the US advertising budget (Abhishek, Fader, and Hosanagar 2012). Since then, 

advancements such as targeting techniques have been developed to deliver a more accurate and 

personalized experience for potential customers. Specifically, marketers can investigate the 

various response rates and preferences of individuals, and thus tailor those ads to those who are 

most likely to respond (Ji, Wang, and Zhang 2016). Ultimately, companies today have the power 

to expand their reach, enabling these potential customers to experience not just one, but many of 

the campaign efforts mentioned previously. However, the problem that arises with this increased 

power is that when a customer is exposed to multiple advertisements or “touchpoints,” it is 

difficult for the marketer to assign credit (or “attribution”) for the ad or ads that directly 

influenced the customer to purchase. The process of appropriate attribution is commonly referred 

to as “Multi-Touch Attribution.” 

            To explicitly define multi-touch attribution: as a customer is exposed to different 

advertising campaigns from multiple mediums or channels, it is essential that the marketer 

accurately estimate the contribution from each of the various touch-points occurring during the 

customer journey that ultimately lead up to a final purchase (Ren, Fang, Zhang, and Liu 2018). 

We will define touchpoints as the distinct exposures a customer may have to any of the various 

advertisements he or she encounters. One interaction with one advertisement is essentially equal 
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to one touchpoint. It is typical for a customer to have multiple encounters with advertisements 

from a single business, meaning it is common for multiple touchpoints to occur per customer. 

            To illustrate through an example, let us assume that the marketers for brand X have 

advertised that product through two different advertising channels: a display ad and a paid search 

ad, either of which, if explored, would lead the customer to the brand’s landing-page. Let us 

further assume that the customer also encountered a personal endorsement for the product from 

someone in their social media network.  A few days later, this customer encounters a comment 

by a member of their social media network endorsing the brand X product. This mention leads 

the customer to engage in a web search for brand X’s product and to click brand X’s paid 

advertisement on the top of the search engine. Ultimately, the customer makes a purchase. In this 

example, the consumer is exposed to three distinct marketing touchpoints, albeit each having 

varying levels of influence.  Which of these touchpoints should be given credit for the ultimate 

purchase? If each is partially influential, how should the influence be apportioned (Ji et. al., 

2016)? 

            To be clear, the example just described represents a multi-touch attribution focus across 

digital channels, only one of three different ways in which marketers need to address the 

attribution issue.  In a recent blog post, Kaushik (2019) argues that marketers need to distinguish 

between problems representing attribution across digital channels (the topic of this thesis) and 

two other important attributional challenges: attribution of touchpoint influence from online 

exposure to in-store exposures and attribution of digital touchpoints across multiple devices 

(laptop, phone, desktop, etc.). Each of these represents distinct aspects of multi-touch attribution 

with distinct challenges and approaches. 
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Currently, a number of applications are available to marketers to determine the number of 

customers who ultimately purchased the product and the variety of combinations of marketing 

touchpoint they encounter in their “journey” to the ultimate purchase.  One notable example of 

such an application is Google Analytics, a web service offered by Google that tracks and reports 

website traffic. Google Analytics offers this service to help marketers to determine the 

appropriate weighting to the various messages within a single marketing campaign. This service 

operates by inserting a tracking code into every page of a website, allowing Google Analytics to 

show user interactions across the web. Using this service, site owners have the ability to 

understand how users arrived at a particular page, what the user clicked on the site, and the 

sequence (most importantly, the last page) of pages to which the visitor was exposed. Data 

collected from vendors such as Google Analytics is made available to clients and can be used to 

create various time series statistical programs (Plaza, 2011). 

            The goal of this thesis is to explore the various methods used to allocate credit to various 

marketing exposures from different digital channels that ultimately contribute to a final purchase. 

In what follows, we fill first discuss past attempts to address the multi-touch attribution theory, 

distinguishing between data-driven and rule-based approaches. Because the rule-based approach 

is the most popular and is incorporated within Google Analytics, we will discuss eight 

attributional rules that have been applied to multi-touch settings. We then discuss the nature of 

the datasets used in empirical demonstrations of the problem and explain why we created a 

simulated dataset rather than use real-world data. Afterwards, we explore each of the rules by 

applying them to the simulated dataset. Finally, we discuss what our demonstration found and 

suggest further avenues for exploration.  
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Related Works 

 

  

            The solution to the multi-touch attribution problem is to utilize a rule that assigns 

accurate and appropriate credit for purchase to each of the touchpoints to which the customer 

was exposed in his or her journey to the final purchase. Two general approaches have been taken 

to produce this rule: an arbitrary assignment of predefined rules that attributes credit to various 

touchpoints (Frye 2016) and derivation of an attributional rule through statistical examination of 

customer behavior (Frye 2016).  We describe each below. 

Rule-Based Approaches 

Industry applications (such as Google Analytics) have approached the problem of 

deriving the most effective multi-touch attribution model through the assignment of specific 

rules.  For example, perhaps the most simplistic approach is termed the “Last-Touch Rule.”  This 

assigns credit for the purchase to the consumer’s last touchpoint prior to purchase.  This is an 

admittedly arbitrary rule that ignores the cumulative effects of touchpoints that occurred prior to 

the “last touch,” although, it is a popular attributional assignment offered by analytic vendors.   
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Figure 1: Screen shots from Google Analytics 
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            Google Analytics uses six basic models, made available through vendor data collection. 

For this thesis, the six models were expanded into eight, due to the varying possibilities with 

each model, which will be further explained below. Each rule implements an alternative 

assignment of credit to various touchpoints in the customer journey, and as we will see, each rule 

contains its own flaw as there is no perfect model (Frye, 2016). 

The First Touch Rule   The “First Touch Attribution,” or “First Interaction” rule assigns 

all credit for the purchase to whatever marketing effort led the customer to visit the website for 

the first time, or the first touch to the transaction. “This model can help you understand which 

campaigns create initial awareness. For example, if your brand is not well known, you may value 

keywords or channels that first exposed customers to the brand.” (Kee 2012). This rule has 

obvious limitations as it overemphasizes a single part of the journey. Con (2016), also states that 

this model is more susceptible to the other single-touch models due to technological errors and 

limitations. This is due to the length of the time between the first touch and the conversion, and 

whether or not it falls into the cookie expiration window. In using Google Analytics, the 

common cookie expiration is 30 to 90 days. If the second touch is outside of this window, the 

reporting technology will have reset and count this second encounter as a first encounter, 

ultimately inaccurately reporting the data (Con 2016). 

 

            Figure 2: First Touch Rule 
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The Last-Touch Rule  This rule assigns 100% of the credit to the third spot in the 

customer journey, opportunity creation (Con 2016).  It is the simplest model for attribution 

systems to measure, and it has the smallest margin of error. This model, the “Last Interaction” 

model is extremely common, so “it’s a great baseline for comparison with other models.” (Kee 

2012).  It’s much shorter than the first model, because when you assign the entirety of the credit 

to the last touch, the cookie expiration window becomes redundant as there is no time between 

the last touch and the conversion (Con 2016).  

 

              Figure 3: Last Touch Rule 

The Time-Decay Rule   The “Time Decay Attribution” or “Linear Attribution” model 

gives more credit to the touchpoints that are closer to the customer close. This essentially means 

that the first touch will have the least credit, and opportunity creation will have the most. The 

problem with this model is that it never gives a fair amount of credit to the first touch marketing 

efforts since it is farthest away from the conversion (Con, 2016). “If the sales cycle involves only 

a short consideration phase – for example if you’re running a one- or two-day promotion – then 

interactions would have less value than those during the promotion window” (Kee 2012).  This 

rule is not investigated in our simulation since we build in an exponential decay rule that 

diminishes the impact of events over periods. 
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Figure 4: Linear Rule 

The U-Shaped (Position-Based) Rule(s)  Another model (or set of models) is the “U-

Shaped (Position Based) Attribution” model. Google refers to this model as ‘Position-Based,’ 

because it is a great tool when marketing teams focus mostly on the lead generation step (Con 

2016). Instead of applying equal credit to all points in the journey like the linear model, it 

focuses mainly on two touchpoints: the unknown first touch that exposed the customer to the 

product, and the lead creation touch. “The first position highlights campaigns that introduce 

customers, while the last emphasizes those that close conversions” (Kee 2012). This model may 

assign more credit to those interactions or assign various weights according to position in the 

customer journey. The disadvantage of this model is that it doesn’t consider any marketing 

efforts after the lead creation; which makes the model useful for lead reports or organizations 

that only utilize marketing until the lead stage (Con, 2016). 
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              Figure 5: Position-Based Rules 

The Linear Uniform Attribution Rule The “Linear Uniform Attribution” or “Uniform 

Attribution” model is the simplest model. This model divides the credit between every touch in 

the buyer journey evenly. The benefit of this model is that it gives credit to the channels 

throughout many stages, but the disadvantage is that it doesn’t account for the potential for 

varying impact of marketing touches (Con 2016). “This model might be used if your campaigns 

are designed to maintain contact and awareness with the customer throughout the entire sales 

cycle” (Kee 2012). In this scenario, each touchpoint is equally significant in the attribution 

process. An example of varying impact of marketing touches that Con (2016) mentions is the 

situation in which a person goes to a user conference for the day and goes home and visits the 

company who hosted the user conferences site 19 times by directly inputting the URL, Direct 

will receive 95% of the credit and the user conference will receive 5% of the credit, even though 

the user conference is the reason the person is on the site. 

The Custom or Algorithmic Rule   The final class of models is referred by Google 

Analytics as “Custom or Algorithmic Attribution.” This is more of a statement of creativity than 

a physical model assigning credit to different touchpoints. It gives data analysts and data 

scientists the opportunity to create their own model specific to their own buying processes. By 
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using specialized customer data and matching the customer’s patterns to conversion patterns, you 

can see which marketing channels have made their impact, and which touchpoint, or step in the 

journey is the most significant and least significant. Additionally, “with attribution modeling in 

Google Analytics, you can easily create custom credit weighting based on position (first, last, 

middle, assist), touchpoint type (click or direct visit), and campaign or traffic sources (campaign, 

keywork, and more)” (Kee 2012). 

Empirical Approaches 

In addition to these models, there are a variety of alternative approaches to attributing 

credit to various channels investigated by academic researchers using real-world data and a wide 

variety of modeling approaches.  One straightforward approach to derive the best attributional 

rule would be to see if consistent patterns of customer behavior can be shown to lead to 

purchase.  Accordingly, a number of researchers have attempted to apply statistical modeling to a 

dataset of customer exposures to various marketing events and a record of final purchase (or 

failure to purchase). Shao and Li (2011) developed a bagged logistic regression model to predict 

how ads from different channels lead to a conversion. Dalessandro et al. (2012) extended Shao 

and Li’s work by incorporating the sequence of advertisements that lead the consumer to the 

final decision. Using a logistic regression similar to Shao and Li, they attempted to link 

advertising exposures to conversion probability. Others have used other modeling approaches:  

Li and Kannan (2014) employed a Bayesian framework to model how consumers interact with a 

firm using different online channels. Other efforts have focused on model-based approaches such 

as game theory to analytically devise allocation and payment rules for multi-channel ads (Jordan 

et al, 2011; Berman 2013).  Recently, advanced machine-learning approaches such as variations 
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of neural networks have been applied to the multitouch attribution problem (Ren, Fang, Zhang, 

Liu Li, Zhang, Yu, and Wang 2018)     

                                                                                                                   

Methodology/Approach 

 

 

            The purpose of this thesis is to determine the true effectiveness of current attributional 

rules in appropriately allocating responsibility for marketing events in causing the final purchase. 

Use of real-world datasets will ultimately fail to address this question because we will never 

know the actual influence of each marketing event. To understand how well each rule 

appropriately describes actual customer purchase behavior, we need to know the level of 

influence. Thus, in this thesis, we chose to evaluate the various attributional rules on a simulated 

dataset in which we can know the real influence of each marketing event on the final purchase.   

The Simulation  

We created a simulation based on a python implementation run within a Jupyter notebook 

application. The actual python code has been included in an appendix to this document. This 

simulation produced 10,000 customers exposed to one or more of seven different “touchpoints 

(events),” each of which heightened the customer’s propensity to purchase (which we termed 

“impact”). These touchpoints were assumed to represent typical direct or indirect marketing 

interventions designed to lead the customer to a product landing page where they could take 

action and purchase the product:  (a) a typical display advertisement ( e.g.,  text-based, image or 

video advertisement), (b) a paid search advertisement (defined as an advertisement designed to 

appear on a search engine results page as a result of one or more user-entered search terms), (c) 

an organic search (where the product landing page appears within a paginated list in response to 

one or more user-entered search terms), (d) a product recommendation received by the customer 
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from a social network site, (e) a product recommendation received by the customer from a 

referral site (a referral site is defined as an internet site which directs the customer to the 

product’s landing page), (f) a direct email from the seller or the seller’s agent, and (g) direct 

customer access of the product’s landing page.  Because a realistic depiction of each event 

should show some events more powerful than others, each touchpoint was assumed to generate 

differential amounts of the customer’s propensity to purchase (impact).   

Customers could be exposed to a variable number of these touchpoints (between none 

and four) within each of three time periods. Thus, dependent upon the cumulative strength of 

event impact, they could be exposed to up to twelve separate events.  Customers were assumed 

to purchase once the total impact exceeded a threshold. This threshold, based on immediate 

impact of events occurring during the current period and cumulative impact from previous 

periods, was computed at the end of each period to determine if a purchase did or did not occur. 

Once the customer recorded a purchase, they were removed from the simulation (i.e., no repeat 

buying was allowed).   

Using random number generation,  the presence or absence of an event occurring within a 

given period was determined (Pr(One or more Events)=0.4, Pr(No Event)=0.6) and the actual 

number of events (between 1 and 4) was determined from a random draw from a triangular 

distribution with mean of Pr=0.2.  Ten thousand (N=10,000) of these customer journeys were 

generated.  

Each event was assigned a different weight depending on a realistic assumption of 

possibility of reach of the advertising channel that event was assumed to represent. For display 

advertisements, paid-search advertisements, or emails, the impact score was set to half of the 

scale selected (if scale was set at 10, impact = 0.5*10 = 5). Social media or referral sites 
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generated impact scores set to 70% of scale (if scale was set at 10, impact = 0.7*10 = 7). Finally, 

for organic search or direct connections to the product landing page, the impact score was set 

equal to the scale (if scale was set at 10, impact =10).    

At the end of each period the immediate impact of events received during the current 

period and the accumulated impact from previous periods were combined to determine the total 

impact.  If the customer exceeded a threshold parameter (set at a total impact score of 17, based 

on a scale of 10), they were assumed to purchase and were subsequently dropped from further 

iterations of the simulation. To model the decay of impact scores from previous periods, each 

event was diminished by the following exponential decay function: 

 

�����	�����������	������! = �! + (0.5 ∗ �!∀#) 
 

 A simplified flow chart of the simulation process is displayed below: 
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Figure 6: Flowchart of Simulation 
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Analysis of the Data 

To simplify the analysis, the number of analyzable data points was reduced in two steps.  

First, only the customers who ultimately purchased were analyzed.  Second, because a two-

touchpoint purchase would fail to significantly distinguish between the various attribution rules, 

we only analyzed data from customers who purchased after at least three touchpoints.  Likewise, 

because the 8-touchpoint group was so small in size (N=5), we excluded those customers from 

analysis.   As you can see from Table 1, these exclusions left us with 6,673 analyzable 

customers.  The greatest number of purchases occurred after only 3 touchpoint exposures and 

declines steadily after that. 

 

              Table 1: Customers per Total Number of Touchpoints 

Because the cumulative impact of the experienced events might not exceed the purchase 

threshold within a single period, some customers might purchase after one, two (1st and 2nd, 2nd 

and 3rd), or three periods (1st and 2nd and 3rd).  The number of customers in these three groups are 

shown below: 

                 

            Table 2: Customers According to Time Delay 
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The central issue of this analysis is to determine how well each rule described the 

“journey” (the accumulated impact of touchpoints) leading the customer to ultimately purchase. 

To compare the accumulated impact prior to purchase against the prediction of each rule, we 

employed a measure of each rule’s Mean Square Error (MSE).  

���∃!!%&∋(!&)∗+,
−(,.

= 1
�	< (��� − ���)/

0

&1#

 

Where N is the number of simulated customers in that event group, AIS is the Actual Impact 

Score for the customer, and RPS is the Rule-Predicted Score for that customer. 

 

Results 

 

 Our analysis of the simulated cases that ultimately resulted in a purchase can be broken 

down into three separate questions: 

Which Attributional Rule Does the Best Job of Explaining Purchases? 

 The 6,673 purchasing customers who received between 3 and 7 events were analyzed for 

the best-fitting attributional rule.  Each customer’s actual impact score was compared to 

predictions made by each of the attributional rules and the rule that best fit the actual purchase is 

shown in Figure 7. Note that a number of ties were recorded for a small group of consumers, 

resulting in a total of 3,877 data points. 

The figure shows that across all purchasing customers, the Linear Rule accounted for the 

35.5% of the best fitting cases, followed by the Uniform Rule (18.9%), and the Position-Based 

(10) Rule (18.3%).  The remainder of the best-fitting rules (27.3%) described small numbers of 

customers with the First-Touch Rule showing the least number of best-fits (2.8%).  It is 
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important to note that the Last-Touch Rule, shows a very small number of best-fits (3.3%), 

despite being the most popular “out-of-the-box” rule. 

 

Figure 7: Count of Most Accurate Rules 

A more precise measure of the adequacy of each attributional rule was computed by the 

MSE that captured the fit between the customer’s actual impact score and the predicted score 

produced by the rule. Figure 8 shows the MSE for each event group. As can be seen in Figure 8, 

the results mirror the best-fitting rule counts shown in the previous figure: The Linear and 

Uniform rules show the lowest MSE for each of the five events groups. Likewise, the Last-

Touch and First-Touch rules show very high levels of MSE for each event group. 

Did the best-fitting rule vary by the number of events? 

 A second question is whether the best-fitting rules vary by the number of events 

experienced by the customer.  One could predict that the Linear Rule might be a better 

description of the customer journeys as the length of the journey increased (i.e., the number of 

events increased).   
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 Data in Figure 9 indicates that the pattern of best-fitting rules shown in Figure 7 is 

repeated as we consider the number of events in the customer journey.  For each event category, 

the Linear and the Uniform Rules show the highest percentage of best-fitting rules,  These two 

rules, along with the Position-Based (10) Rule account for a significant number of customers in 

each event category. 

A more precise measure of rule fits is available from computation of average mean-

square-error rates that ignores ties.  Figure 8 shows average MSEs for each event category.  As is 

the case in the previous figures, data in Figure 8 does not seem to show significantly variation of 

MSE scores across event groups. The Linear and Uniform Rules show the lowest levels of MSE 

regardless of number of events experienced by the customer. For the lowest number of events 

experienced prior to purchase (3 events), the Position-Based (30) Rule shows MSEs relatively 

equal to the Linear and Uniform rules.  This is understandable given that the difference in 

weights for each rule in the 3-event setting are minor (.167, .333, .5 for the Linear Rule; .333, 

.333, .333 for the Uniform Rule; .35, .3, .35 for the PB30 Rule).  Mean square error rates show a 

steady increase across the Position-Based rules as the weights for the interior events decrease. 
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Figure 8: Mean Square Error rates for Number of Events 

 

Figure 9: Percentage of Best-Fitting Rules 
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Does the amount of time affect the best-fitting rules? 

 Some customers experienced journeys that span over two or more time periods. Of the 

6,376 customers who made a purchase, 4% experience events and made a purchase in the same 

period, 35.1% experience events in two separate, although contiguous, periods, and 60.9% of 

customers experienced events across all three periods included in the simulation.  This could be 

important because, as was mentioned previously, a decay function was introduced that reduced 

the impact of any event by 0.5 from one event to the next.  If an event was experienced in the 

first period and that customer did not purchase until the final period, the first-period events 

retained only 0.25 of their original impact. 

 Figure 10 shows the average MSEs for each rule for customers who experienced no 

period delays, two-period delays, and three-period delays.   

 

Figure 10: Mean Square Error Rates for Model Prediction for Customers experiencing Time Delays 
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Conclusions and Discussion 

 

The conclusions drawn from this thesis are simple and direct. 

1.! The Linear and Uniform rules fit the majority of customer cases. Although the Linear 

Rule appears to show the largest number of best fits (see Figure 7), this is not true since 

the data includes ties. A more accurate conclusion can be drawn from consideration of 

MSEs for each event group (see Figure 9).  Mean square errors would indicate that both 

the Linear and Uniform Rules do a good job of predicting actual event impacts. The 

current simulation is not precise enough to allow us to separate out the two rules. 

2.! The adequacy of the rules does not seem to vary by the number of events experienced by 

each customer.  The length of the customer journey, contrary to expectations, does not 

change the conclusions about the best-fitting rules.  The Linear and Uniform rules are the 

best-fitting rules regardless of the event category. 

3.! Likewise, the amount of “delay” experienced by the customer does not seem to change 

the best-fitting rules. However, for those customers converting with no time delay, the 

Position-Based (30) model is a better fitting rule than the Linear Model. Otherwise, the 

results appear to be almost unaffected by the time delay variable. 

Discussion 

The simulation used in this thesis, although elaborate, provides less precision in separating 

the rules than is needed.  The parameters of the simulation need to be expanded and the 

combinations of the parameters considered in a more structured analysis.  The current simulation 

structure could be expanded in a genuine Monte-Carlo strategy (Kroese, Brereton, Taimre, and 

Botev, 2014) to allow one to test the affects of the various parameters on the best-fitting rule. 
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 Additionally, the analysis of the simulated data does not allow for custom combination of 

rules, as suggested by Google Analytics.  This is a limitation of the study in that it limits the 

contribution beyond the prohibition of the naïve use of the Last-Touch rule, which is not 

unexpected. Future expansion of the simulation structure might be combined with the empirical 

research discussed in a previous section to shed more light on a proper combination of 

underlying rules. 

 

Visualization and Explorable Explanations 

 

 The main objective of this thesis was to investigate potential ways to assign credit 

following the use of multi-touch attribution. A second objective was to illustrate these models 

through the use of interactive graphics. A number of recent articles have explored the power of 

data visualization and interactive graphics to illustrate and clarify otherwise technical treatments 

of analytical models (cf. Somers 2018; Grossman, Chevalier, and Kazi 2015; Victor 2010).  This 

is often referred to as “explorable explanations” (cf. Victor 2010).  New programming languages 

and approaches have been successfully applied to topics, creating visual essays (cf., pudding.cool 

2019, idyll-lang.org).  

Although not utilized in the creation of the visual essay accompanying this thesis, Idyll is 

an important markup language to note for the power of interactive articles. The author and 

publisher of Idyll, Mathew Conlen, states that languages such as Idyll and Distill.pub (a similar 

concept created by Google to publish interactive machine-learning papers) serve the ultimate 

purpose of using multi-media and interactivity to make concepts easy to understand for the 

reader (Conlen 2018). In addition, interactive essays are more engaging for an audience, having 
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the ability to reach a larger base of consumers. For example, Distill.pub has had roughly 12 

articles posted over the years, each with an audience of about 2 million viewers (Conlen 2018). 

Conlen (2018) also noted that there is some research suggesting that interactive visual essays are 

potentially more efficient at conveying a message.  

This thesis will expand on this idea of the benefit of the visual essay and make use of 

interactive graphics to provide the reader with the ability to understand the topic in a way that 

requires little to no background information. Additionally, the visualizations embedded will 

allow the user to select various parameters to change the scope of information presented to the 

level the reader desires, as well as provide a hover feature that provides additional information 

when interacting with the visualizations. 

Background Literature 

In 2010, Bret Victor compiled a series of visual essays in a segment called explorable 

explanations to explain the effectiveness of the visual essay. He utilizes the concept of the visual 

essay to illustrate the effectiveness of exploiting the active reader through three ideas that will be 

used in this thesis: reactive documents, explorable examples, and contextual information (Victor 

2010). 

Reactive documents are the hands-on component of the visual essay in which the reader 

is able to interact “with the author’s assumptions and analyses and see the consequences” (Victor 

2010). For the purpose of this thesis, various Tableau visualizations will be embedded into an 

HTML script to create images that can be manipulated based on the desired scope of information 

in the context of a visual essay. “An explorable example makes the abstract concrete and allows 

the reader to develop an intuition for how a system works” (Victor 2010). In this thesis, the six 

models previously discussed will be combined with the simulated data set to demonstrate the 
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definition of multi-touch attribution through visual examples. Finally, contextual information, 

which “allows the reader to learn related material just-in-time and cross-check the author’s 

claims” (Victor 2010), will be present through the incorporation of related works and cited 

examples.  
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APPENDIX: Simulation Code 

Import appropriate packages. 
We will use the pandas structure to hold interim and final results of the simulation. Because we will 
use a random number generator to create probabilistic steps, we will import pythons’ random 

package. 
 
import pandas as pd 
import numpy as np 
import random 

!

Set up matrices to hold results of simulation. 

The simulation will require two sets of matrices (1) We will define three individual-level arrays: (a) a 
results matrix that holds the results of individual consumer activity. It's dimensions are ROWS: 

number of time periods by COLUMNS: number of potential events within a time period. You can set 
each by modifying the parameters of the np.zeros() command. We reserve the first column for time 

period and the last for conversion (YES/NO). (b) an impact matrix that holds the impact of each 
event for a particular customer. It's dimensions are ROWS: the number of time periods by 

COLUMNS: the number of potential events withing a time period. You can set each by modifying the 
parameters of the np.zeros() command. We reserve the first column for time period and the last for 

conversion (YES/NO). (c) An impactHistory matrix that holds the history of the strength, at each 
periods of the individual touches. It's dimensions are ROWS: number of periods by COLUMNS: the 

impact scores for seven possible events plus the period number. Finally, we create a temporary 
array, eventHistoryTemp that allows use to decay the individual event impacts as the customer 

moves throught the three time periods. These array are defined and initialized in the for-loop 
controlling the simulation. (2) We will also define three simulation-level matrices that will hold the 

results of all simulated customers. These are described below. 

!

results=np.zeros((3,6), dtype=int)  
# This creates a table that holds the results of individual consumer activity.  Its dimensions are 
# ROWS: number of time periods by COLUMNS: number of potential events within a time 
# time period.  You can set each by modifying the parameters of the np.zeros () command.  
# We reserve the first column for time period and the last for conversion (YES/NO). 
 
impact = np.zeros((3,4), dtype=float)  
#This creates a table that holds the impact of each event for a particular consumer.  Its 
# dimensions are ROWS: number of time periods by COLUMNS: the immediate impact and the 
# cumulative impact of each period. We reserve the first column for time period and the last 
# for conversion (YES/NO) 
 
impactHistory = np.zeros((3,8), dtype=float)  
# This creates a table that holds the history of the strength, at each period, of the individual 
# touches.  Its dimensions are ROWS: number of periods by COLUMNS: the impact scores for 
# seven possible events plus the period number. 

!

simulationResults = np.zeros((10000,19), dtype=int) 
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# This creates a table that holds the results of the simulation for all simulated 
# consumers. Its dimensions are ROWS: number of simulated consumers by 
# COLUMNS: 1 period number, 4 events, & 1 conversion for each of the three periods 
# ((1+4+1)*3). We reserve the first column for the consumer number. 
 
simulationImpact = np.zeros((10000,13), dtype=float) 
# This creates a table that holds the results of the event impact for the simulation for all 
# simulated consumers.  Its dimensions are ROWS: number of simulated consumers by 
# COLUMNS: 1 period number, 2 impact measures, & 1 conversion for each of the 
# three periods ((1+2+1)*3). We reserve the first column for the consumer number. 
 
simulationImpactHistory = np.zeros((10000, 25), dtype=float) 
# This creates a table that holds a history of the cumulative of the various events.  Its 
# dimensions are ROWS: the number of simulated consumers by COLUMNS: 1 period 
# number, 7 sum event impacts for each of three periods ((1+7) * 3). We reserve the 
# first column for the simulated consumer number. 

!

Defining events, impact value, and decay functions 

We next define the exact touches/exposures/events to be included in the simulation and the impact 

on the customer for exposure to each event. We also define a decay function. 
 

## HERE ARE THE POTENTIAL EVENTS THAT CAN HAPPEN WITHIN EACH TIME PERIOD 
# DA =1; DA = traffic from display ads 
# PS =2; PS = traffic from paid search ads 
# OS =3; OS = traffic from organic search 
# SN = 4; SN = traffic from social network sites 
# R = 5; R = traffic from referral sites 
# E = 6; E = traffic from email 
# DR = 7; DR = traffic from direct access of URL 
eventList=[1,2,3,4,5,6,7] # The events from which the customer chooses        

!

# This sets the scale for the impact of the event, explained below. 
scale = 10; 
 
# This function assigns different impacts (impactScore) to the different events assuming that 
# some events have a greater effect on customer popensity to purchase than others.  The scale 
# can be modified separately. 
def eventImpact(event, scale): 
    if event == 1: 
        impactScore = (0.5 * scale) 
    elif event == 2: 
        impactScore  = (0.5 * scale) 
    elif event == 3: 
        impactScore  = scale 
    elif event == 4: 
        impactScore  = (0.7 * scale) 
    elif event == 5: 
        impactScore  = (0.7 * scale) 
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    elif event == 6: 
        impactScore  = (0.5 * scale) 
    else: 
        impactScore = scale 
    return impactScore 
 
# This defines a decay function that will be applied to the eventHistoryTemp array 
decay = lambda m: m*0.5 
vectorized_decay =np.vectorize(decay) 
 

the simulation 

k will be the number of simulated customers 
i is the number of time periods for each simulated customer 

j is the number of events (touches/exposures) within a specific time period 
 
# THIS IS THE DATA-GENERATION SEQUENCE FOR k simulated customers. 
# for k in range (0, 10000): # for each simulated consumer 
 
     
    # INITIALIZE VARIABLES AND ARRAYS 
    threshold = 17 # threshold for conversion 
    convert = 0 # inital assumption is that the customer has not converted (bought) and will 
                       # search until they convert (buy) 
    cumImpact = 0 # initialize cumImpact to 0 
    results=np.zeros((3,6), dtype=int) # This array is defined above. 
    impact = np.zeros((3,4), dtype=float) # This array is defined above. 
    impactHistory = np.zeros((3,8), dtype=float) # This array is defined above. 
    eventImpactTemp = np.zeros((7), dtype=float) # This array is defined above. 
     
    # WRITE THE SIMULATED CUSTOMER NUMBER TO THE FINAL ARRAYS 
    simulationResults[k,0]= k+1 # this writes the simulated consumer number to the simulation 
                                                 # array 
    simulationImpact[k,0] = k+1 # this writes the simulated consumer number to the 
                                                 # simulationimpact array 
    simulationImpactHistory[k,0] = k+1 # this writes the simulated consumer number to the 
                                                            # simulation impact history array 
     
    # THIS IS THE DATA-GENERATION SEQUENCE FOR EACH CUSTOMER. 
    for i in range(0, 3): # for each time period 
        # initialize/set/decay impact values 
        cumImpact = cumImpact * 0.5  # This decays the cumulative impact score 
        immedImpact = 0 # This initializes the period impact score for each period 
        eventImpactTemp=vectorized_decay(eventImpactTemp) # This decays the elements of 
                                                                                                   # eventImpactTemp by 0.5 
        # Next we write period numbers 
        results[i,0]= i+1                # this writes the period number to the results array 
        impact[i,0]= i+1                # this writes the period number to the impact array 
        impactHistory[i,0]= i+1     # this writes the period number to the history array 
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        if convert == 0: # As long as customer has yet to buy(convert) ... 
            # Does an event occur in this time period, or is the period empty of user activity? 
            # To determine this, we do a random selection of a number between 0 and 1 
            randomNumber = random.random() * 1 
             
            # AT LEAST ONE EVENT OCCURS 
            if randomNumber >= .20: # If above the threshold, at least one event will occur in this 
                                                     # time period. 
                 
                # IF at least one event occurs, HOW MANY such events? 
                # To answer that question, we select a random number between 1 (single event) and 
                # 4 (4 separate events) 
                numberEvents = round(random.triangular(1, 4, 1)) # How many events will occur 
                                                                                                # during this period? (1? 2? 3? 4?) 
                 
                for j in range(0, numberEvents): # This is a loop that runs as many times as there are 
                                                                    # events occurring 
                    event = random.choice(eventList) # An event is randomly selected from the 
                                                                          # eventList 
                    results[i, j+1] = event  # The event identity is recorded in the results array 
                    impactScore = eventImpact(event, scale) # The event's impact is determined by the 
                                                                                      # function. 
                    # The following two lines record the history of the impact of each event 
                    eventImpactTemp[event-1]= impactScore + eventImpactTemp[event-1]  
                   # The cume is recorded in the temp array 
                    immedImpact=immedImpact + impactScore # This updates the immediate impact 
                                                                                          # operating on the customer 
                     
                cumImpact = cumImpact+immedImpact # This updates the cumulative impact 
                                                                                # operating on the customer 
                impactHistory[i, 1:8] = eventImpactTemp[0:8] 
                 
                # At end of the period in which one or more events occur, DOES CUSTOMER BUY? 
                if cumImpact >= threshold: 
                    convert = 1 
                    impact[i, 1] = immedImpact # this writes the immedImpact on the user for this time 
                                                                # period 
                    impact[i, 2] = cumImpact # this writes the cumulative impact on the user for this 
                                                            # time period 
                    impact[i,3] = 1 
                    results[i, 5] = 1 
                    continue 
                if cumImpact < threshold: 
                    impact[i, 1] = immedImpact # this writes the immedImpact on the user for this time 
                                                                # period 
                    impact[i, 2] = cumImpact # this writes the cumulative impact on the user for this 
                                                            # time period 
                    impact[i,3] = 0 
                    results[i, 5] = 0 
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            #NO EVENTS OCCUR 
            else: # No events occur in this period 
                impact[i, 1] = immedImpact # this writes the immedImpact on the user for this time 
                                                            # period 
                impact[i, 2] = cumImpact # this writes the cumulative impact on the user for this time 
                                                        # period 
         
        if convert == 1: # this code executes once the customer converts 
            impact[i,1] = immedImpact 
            impact[i, 2] = cumImpact 
            impactHistory[i, 1:8] = eventImpactTemp[0:8] 
             
    # ONCE THE THREE TIME PERIODS ARE COMPLETED, 
    # THIS WRITES THE RESULTS OF THE CONSUMER JOURNEY TO THE FINAL 
    # SIMULATION TABLES 
    simulationResults[k,1:19] = results.flatten() 
    simulationImpact[k, 1:19] = impact.flatten() 
    simulationImpactHistory[k, 1:25]=impactHistory.flatten() 
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APPENDIX: Visual Essay Code 

<!DOCTYPE html> 
<html lang="en"> 
<head> 
 
  <title>Multi-Touch Attribution: Explained</title> 
  <meta charset="utf-8"> 
  <meta name="viewport" content="width=device-width, initial-scale=1"> 
  <link rel="stylesheet" 
href="https://maxcdn.bootstrapcdn.com/bootstrap/3.4.1/css/bootstrap.min.css"> 
  <link href="https://fonts.googleapis.com/css?family=Montserrat" rel="stylesheet" 
type="text/css"> 
  <link href="https://fonts.googleapis.com/css?family=Lato" rel="stylesheet" type="text/css"> 
  <script src="https://ajax.googleapis.com/ajax/libs/jquery/3.4.1/jquery.min.js"></script> 
  <script src="https://maxcdn.bootstrapcdn.com/bootstrap/3.4.1/js/bootstrap.min.js"></script> 
  <style> 
  body { 
    font: 400 15px Lato, sans-serif; 
    line-height: 1.8; 
    color: #818181; 
  } 
  h2 { 
    font-size: 24px; 
    text-transform: uppercase; 
    color: #303030; 
    font-weight: 600; 
    margin-bottom: 30px; 
  } 
  h4 { 
    font-size: 19px; 
    line-height: 1.375em; 
    color: #303030; 
    font-weight: 400; 
    margin-bottom: 30px; 
  }   
  .jumbotron { 
    background-color: maroon; 
    color: #fff; 
    padding: 100px 25px; 
    font-family: Montserrat, sans-serif; 
  } 
  .container-fluid { 
    padding: 60px 50px; 
  } 
  .bg-grey { 
    background-color: #f6f6f6; 
  } 
  .logo-small { 
    color: maroon; 
    font-size: 50px; 
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  } 
  .logo { 
    color: maroon; 
    font-size: 200px; 
  } 
  .thumbnail { 
    padding: 0 0 15px 0; 
    border: none; 
    border-radius: 0; 
  } 
  .thumbnail img { 
    width: 100%; 
    height: 100%; 
    margin-bottom: 10px; 
  } 
  .carousel-control.right, .carousel-control.left { 
    background-image: none; 
    color: maroon; 
  } 
  .carousel-indicators li { 
    border-color: maroon; 
  } 
  .carousel-indicators li.active { 
    background-color: maroon; 
  } 
  .item h4 { 
    font-size: 19px; 
    line-height: 1.375em; 
    font-weight: 400; 
    font-style: italic; 
    margin: 70px 0; 
  } 
  .item span { 
    font-style: normal; 
  } 
  .panel { 
    border: 1px solid maroon;  
    border-radius:0 !important; 
    transition: box-shadow 0.5s; 
  } 
  .panel:hover { 
    box-shadow: 5px 0px 40px rgba(0,0,0, .2); 
  } 
  .panel-footer .btn:hover { 
    border: 1px solid maroon; 
    background-color: #fff !important; 
    color: maroon; 
  } 
  .panel-heading { 
    color: #fff !important; 
    background-color: maroon !important; 
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    padding: 25px; 
    border-bottom: 1px solid transparent; 
    border-top-left-radius: 0px; 
    border-top-right-radius: 0px; 
    border-bottom-left-radius: 0px; 
    border-bottom-right-radius: 0px; 
  } 
  .panel-footer { 
    background-color: white !important; 
  } 
  .panel-footer h3 { 
    font-size: 32px; 
  } 
  .panel-footer h4 { 
    color: #aaa; 
    font-size: 14px; 
  } 
  .panel-footer .btn { 
    margin: 15px 0; 
    background-color: maroon; 
    color: #fff; 
  } 
  .navbar { 
    margin-bottom: 0; 
    background-color: maroon; 
    z-index: 9999; 
    border: 0; 
    font-size: 12px !important; 
    line-height: 1.42857143 !important; 
    letter-spacing: 4px; 
    border-radius: 0; 
    font-family: Montserrat, sans-serif; 
  } 
  .navbar li a, .navbar .navbar-brand { 
    color: #fff !important; 
  } 
  .navbar-nav li a:hover, .navbar-nav li.active a { 
    color: maroon !important; 
    background-color: #fff !important; 
  } 
  .navbar-default .navbar-toggle { 
    border-color: transparent; 
    color: #fff !important; 
  } 
  footer .glyphicon { 
    font-size: 20px; 
    margin-bottom: 20px; 
    color: maroon; 
  } 
  .slideanim {visibility:hidden;} 
  .slide { 
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    animation-name: slide; 
    -webkit-animation-name: slide; 
    animation-duration: 1s; 
    -webkit-animation-duration: 1s; 
    visibility: visible; 
  } 
  @keyframes slide { 
    0% { 
      opacity: 0; 
      transform: translateY(70%); 
    }  
    100% { 
      opacity: 1; 
      transform: translateY(0%); 
    } 
  } 
  @-webkit-keyframes slide { 
    0% { 
      opacity: 0; 
      -webkit-transform: translateY(70%); 
    }  
    100% { 
      opacity: 1; 
      -webkit-transform: translateY(0%); 
    } 
  } 
  @media screen and (max-width: 768px) { 
    .col-sm-4 { 
      text-align: center; 
      margin: 60px 50; 
    } 
    .btn-lg { 
      width: 100%; 
      margin-bottom: 35px; 
    } 
  } 
  @media screen and (max-width: 480px) { 
    .logo { 
      font-size: 150px; 
    } 
  } 
  </style> 
</head> 
<body id="myPage" data-spy="scroll" data-target=".navbar" data-offset="60"> 
 
<nav class="navbar navbar-default navbar-fixed-top"> 
  <div class="container"> 
    <div class="navbar-header"> 
      <button type="button" class="navbar-toggle" data-toggle="collapse" data-
target="#myNavbar"> 
        <span class="icon-bar"></span> 
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        <span class="icon-bar"></span> 
        <span class="icon-bar"></span>                         
      </button> 
    </div> 
    <div class="collapse navbar-collapse" id="myNavbar"> 
      <ul class="nav navbar-nav navbar-right"> 
        <li><a href="#about">What is it?</a></li> 
        <li><a href="#previousapproaches">Previous Approaches</a></li> 
        <li><a href="#myapproach">My Approach</a></li> 
        <li><a href="#results">The Results</a></li> 
        <li><a href="#conclusion">Conclusion</a></li> 
      </ul> 
    </div> 
  </div> 
</nav> 
 
<div class="jumbotron text-center"> 
  <h1>Multi-Touch Attribution Analysis: An Exploration and Visual Essay in Marketing 
Analytics</h1>  
  <p>By: Jenna Rabinovitch</p> 
</div> 
 
 
<div id="about" class="container-fluid"> 
  <div class="row"> 
      <center> 
      <h2>Multi-Touch Attribution: What is it?</h2><br> 
      </center> 
      <h4>The evolution of online advertising has drastically increased over the past several 
years with the increase of technology and data available to businesses and corporations. 
Companies launch campaigns through various channels such as newspaper inserts, billboards, 
television ads, direct mail, e-mails, and paid search ads. </h4><br> 
      <h4>Advancements such as targeting techniques have been developed to deliver a more 
accurate and personalized experience for potential customers. Specifically, marketers can 
investigate the various response rates and preferences of individuals, and thus tailor those ads 
to those who are most likely to respond. </h4> 
      <br> 
      <h4>However, the problem that arises with this increased power is that when a customer is 
exposed to multiple advertisements or “touchpoints,” it is difficult for the marketer to assign 
credit (or “credit attribution”) for the ad or ads that influenced the customer to purchase. This 
problem, of appropriate attribution, is commonly referred to as “Multi-Touch Attribution.”</h4> 
  </div> 
</div> 
     
<center> 
<div class="container-fluid bg-grey"> 
    <h4><b>To explicitly define multi-touch attribution: </b>as a customer is exposed to different 
advertising campaigns from multiple mediums or channels, it is essential that the marketer 
accurately estimate the contribution from each of the various touchpoints occurring during the 
customer journey that ultimately lead up to a final purchase. One interaction with one 
advertisement is essentially equal to one touchpoint. It is typical for a customer to have multiple 
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encounters with advertisements from a single business, meaning it is common for multiple 
touchpoints to occur per-customer.</h4> 
</div> 
</center> 
     
<div id="previousapproaches" class="container-fluid text-center"> 
  <h2>Previous Approaches</h2> 
  <h4>The unfound solution to the multi-touch attribution problem is to ultimately utilize a rule 
that assigns appropriate credit for purchase to each of the touchpoints to which the customer 
was exposed in their journey to the final purchase. Six models have been created to simulate 
this customer journey and are commonly used in Google Analytics.</h4> 
<div class="row col-sm-4"> 
  <h4><u>First Touch Attribution Model</u></h4> 
    <p>The “First Touch Attribution,” or “First Interaction” rule assigns all credit for the purchase 
to whatever marketing effort led the customer to visit the website for the first time, or the first 
touch to the transaction.</p> 
    <a data-flickr-embed="true" 
href="https://www.flickr.com/photos/187751286@N08/49748337047/in/dateposted-public/" 
title="Screen Shot 2020-04-07 at 9.18.27 PM"><img 
src="https://live.staticflickr.com/65535/49748337047_e4d32b1ae6_w.jpg" width="400" 
height="139" alt="Screen Shot 2020-04-07 at 9.18.27 PM"></a><script async 
src="//embedr.flickr.com/assets/client-code.js" charset="utf-8"></script> 
    </div> 
    <div class="row col-sm-4"> 
    <h4><u>Last Touch Attribution Model</u></h4> 
    <p>This rule assigns 100% of the credit to the third spot in the customer journey, opportunity 
creation.</p><br><br> 
    <a data-flickr-embed="true" 
href="https://www.flickr.com/photos/187751286@N08/49748008876/in/dateposted-public/" 
title="Screen Shot 2020-04-07 at 9.18.16 PM"><img 
src="https://live.staticflickr.com/65535/49748008876_76f8fbcef7_w.jpg" width="400" 
height="139" alt="Screen Shot 2020-04-07 at 9.18.16 PM"></a><script async 
src="//embedr.flickr.com/assets/client-code.js" charset="utf-8"></script> 
    </div> 
    <div class="row col-sm-4"> 
    <h4><u>Time Decay Attribution Model</u></h4> 
    <p>The “Time Decay Attribution” or “Linear Attribution” model gives more credit to the 
touchpoints that are closer to the customer close. </p> <br> 
    <a data-flickr-embed="true" 
href="https://www.flickr.com/photos/187751286@N08/49748337052/in/dateposted-public/" 
title="Screen Shot 2020-04-07 at 9.18.04 PM"><img 
src="https://live.staticflickr.com/65535/49748337052_e9083c654e_w.jpg" width="400" 
height="138" alt="Screen Shot 2020-04-07 at 9.18.04 PM"></a><script async 
src="//embedr.flickr.com/assets/client-code.js" charset="utf-8"></script> 
    </div> 
    </div> 
    <div class="container-fluid text-center"> 
    <h4><u>Position Based Attribution Models</u></h4> 
    <p>Instead of applying equal credit to all points in the journey like the linear model, it focuses 
mainly on two touchpoints: the unknown first touch that exposed the customer to the product, 
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and the lead creation touch. This model was expanded into five variations for the purpose of this 
thesis.</p> 
    <a data-flickr-embed="true" 
href="https://www.flickr.com/photos/187751286@N08/49774564427/in/dateposted-public/" 
title="Screen Shot 2020-04-14 at 2.30.35 PM"><img 
src="https://live.staticflickr.com/65535/49774564427_e86590f660_w.jpg" width="500" 
height="300" alt="Screen Shot 2020-04-14 at 2.30.35 PM"></a><script async 
src="//embedr.flickr.com/assets/client-code.js" charset="utf-8"></script> 
    </div> 
 
<div id="myapproach" class="container-fluid text-center bg-grey"> 
  <h2>My Approach</h2> 
  <div class="row text-left"> 
    <h4>To illustrate the rules mentioned previously in the nine variations, I applied them to a set 
of simulated customer data in which we can see the sequence of interaction points and the 
strength of the marketing efforts underlying each touchpoint.</h4> 
    <h4>I chose to you a simulated customer data set as opposed to real-world data because 
use of real-world datasets will ultimately fail to address the questions posed in this thesis 
because we will never know the actual influence of each marketing event. To understand how 
well each rule appropriately describes actual customer purchase behavior, we need to know the 
level of influence</h4> 
    <h4>The simulation produced 10,000 customers exposed to one or more of seven different 
“touchpoints (events),” each of which heightened the customer’s propensity to purchase, which 
we refer to as "impact". These touchpoints were assumed to represent typical direct or indirect 
marketing interventions designed to lead the customer to a product landing page where they 
could take action and purchase the product:</h4> 
    <li>A typical display advertisement ( e.g.,  text-based, image or video advertisement)</li> 
    <li>A paid search advertisement (defined as an advertisement designed to appear on a 
search engine results page as a result of one or more user-entered search terms)</li> 
    <li>An  organic search (where the product landing page appears within a paginated list in 
response to one or more user-entered search terms)</li> 
    <li>product recommendation received by the customer from a social network site</li> 
    <li>A product recommendation received by the customer from a referral site (a referral site is 
defined as an internet site which directs the customer to the product’s landing page)</li> 
    <li>A direct email from the seller or the seller’s agent</li> 
    <li>Direct customer access of the product’s landing page </li> 
  </div><br> 
</div>    
     
<div id="results" class="container-fluid"> 
  <div class="text-center"> 
    <h2>The Results</h2><br> 
        <center>     
         <div class='tableauPlaceholder' id='viz1586802386150' style='position: 
relative'><noscript><a href='#'><img alt=' ' 
src='https:&#47;&#47;public.tableau.com&#47;static&#47;images&#47;MS&#47;MSE_1583619
7099700&#47;TheResults&#47;1_rss.png' style='border: none' /></a></noscript><object 
class='tableauViz'  style='display:none;'><param name='host_url' 
value='https%3A%2F%2Fpublic.tableau.com%2F' /> <param name='embed_code_version' 
value='3' /> <param name='site_root' value='' /><param name='name' 
value='MSE_15836197099700&#47;TheResults' /><param name='tabs' value='no' /><param 
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name='toolbar' value='yes' /><param name='static_image' 
value='https:&#47;&#47;public.tableau.com&#47;static&#47;images&#47;MS&#47;MSE_15836
197099700&#47;TheResults&#47;1.png' /> <param name='animate_transition' value='yes' 
/><param name='display_static_image' value='yes' /><param name='display_spinner' 
value='yes' /><param name='display_overlay' value='yes' /><param name='display_count' 
value='yes' /><param name='filter' value='publish=yes' /></object></div>                <script 
type='text/javascript'>                    var divElement = 
document.getElementById('viz1586802386150');                    var vizElement = 
divElement.getElementsByTagName('object')[0];                    if ( divElement.offsetWidth > 800 ) 
{ vizElement.style.width='1000px';vizElement.style.height='527px';} else if ( 
divElement.offsetWidth > 500 ) { 
vizElement.style.width='1000px';vizElement.style.height='527px';} else { 
vizElement.style.width='100%';vizElement.style.height='727px';}                     var scriptElement 
= document.createElement('script');                    scriptElement.src = 
'https://public.tableau.com/javascripts/api/viz_v1.js';                    
vizElement.parentNode.insertBefore(scriptElement, vizElement);                </script> 
        </center> 
    </div> 
    <br> 
     
  <div class="text-center"> 
    <h4>ANOTHER WAY OF LOOKING AT IT</h4> 
      <center> 
      <div class='tableauPlaceholder' id='viz1584909972351' style='position: 
relative'><noscript><a href='#'><img alt=' ' 
src='https:&#47;&#47;public.tableau.com&#47;static&#47;images&#47;An&#47;AnotherWayofL
ookingatit&#47;AnotherWayofLookingatIt&#47;1_rss.png' style='border: none' 
/></a></noscript><object class='tableauViz'  style='display:none;'><param name='host_url' 
value='https%3A%2F%2Fpublic.tableau.com%2F' /> <param name='embed_code_version' 
value='3' /> <param name='site_root' value='' /><param name='name' 
value='AnotherWayofLookingatit&#47;AnotherWayofLookingatIt' /><param name='tabs' 
value='no' /><param name='toolbar' value='yes' /><param name='static_image' 
value='https:&#47;&#47;public.tableau.com&#47;static&#47;images&#47;An&#47;AnotherWayo
fLookingatit&#47;AnotherWayofLookingatIt&#47;1.png' /> <param name='animate_transition' 
value='yes' /><param name='display_static_image' value='yes' /><param 
name='display_spinner' value='yes' /><param name='display_overlay' value='yes' /><param 
name='display_count' value='yes' /><param name='filter' value='publish=yes' /></object></div>                
<script type='text/javascript'>                    var divElement = 
document.getElementById('viz1584909972351');                    var vizElement = 
divElement.getElementsByTagName('object')[0];                    if ( divElement.offsetWidth > 800 ) 
{ vizElement.style.width='1000px';vizElement.style.height='527px';} else if ( 
divElement.offsetWidth > 500 ) { 
vizElement.style.width='1000px';vizElement.style.height='527px';} else { 
vizElement.style.width='100%';vizElement.style.height='527px';}                     var scriptElement 
= document.createElement('script');                    scriptElement.src = 
'https://public.tableau.com/javascripts/api/viz_v1.js';                    
vizElement.parentNode.insertBefore(scriptElement, vizElement);                </script> 
      </center> 
   </div> 
<br>     
<div id="portfolio" class="container-fluid text-center bg-grey"> 
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    <div class="row"> 
    <h4>THE MEAN SQUARE ERROR</h4> 
    <h4>The central issue of this analysis is to determine how well each rule described the 
“journey” (the accumulated impact of touchpoints) leading the customer to ultimately purchase. 
To compare the accumulated impact prior to purchase against the prediction of each rule, we 
employed a measure of each rule’s Mean Square Error (MSE). The closer the deviation is to 0, 
the more accurate the model’s prediction is.</h4><br> 
    </div> 
    <center> 
        <div class='tableauPlaceholder' id='viz1584910510551' style='position: 
relative'><noscript><a href='#'><img alt=' ' 
src='https:&#47;&#47;public.tableau.com&#47;static&#47;images&#47;JX&#47;JXNXC57JF&#
47;1_rss.png' style='border: none' /></a></noscript><object class='tableauViz'  
style='display:none;'><param name='host_url' 
value='https%3A%2F%2Fpublic.tableau.com%2F' /> <param name='embed_code_version' 
value='3' /> <param name='path' value='shared&#47;JXNXC57JF' /> <param name='toolbar' 
value='yes' /><param name='static_image' 
value='https:&#47;&#47;public.tableau.com&#47;static&#47;images&#47;JX&#47;JXNXC57JF&
#47;1.png' /> <param name='animate_transition' value='yes' /><param 
name='display_static_image' value='yes' /><param name='display_spinner' value='yes' 
/><param name='display_overlay' value='yes' /><param name='display_count' value='yes' 
/><param name='filter' value='publish=yes' /></object></div>                <script 
type='text/javascript'>                    var divElement = 
document.getElementById('viz1584910510551');                    var vizElement = 
divElement.getElementsByTagName('object')[0];                    if ( divElement.offsetWidth > 800 ) 
{ vizElement.style.width='1000px';vizElement.style.height='527px';} else if ( 
divElement.offsetWidth > 500 ) { 
vizElement.style.width='1000px';vizElement.style.height='527px';} else { 
vizElement.style.width='100%';vizElement.style.height='527px';}                     var scriptElement 
= document.createElement('script');                    scriptElement.src = 
'https://public.tableau.com/javascripts/api/viz_v1.js';                    
vizElement.parentNode.insertBefore(scriptElement, vizElement);                </script> 
    </center> 
</div> 
 
<div id="conclusion" class="container-fluid"> 
  <h2 class="text-center">Conclusions:</h2> 
  <div class="row"> 
    <center><h4>1</h4></center> 
    <h4>The Linear and Uniform rules fit the majority of customer cases. Although the Linear 
Rule appears to show the largest number of best fits, this is not true since the data includes ties. 
A more accurate conclusion can be drawn from consideration of MSEs for each event group. 
Mean square errors would indicate that both the Linear and Uniform Rules do a good job of 
predicting actual event impacts. The current simulation is not precision enough to allow us to 
separate out the two rules.</h4> 
    <center><h4>2</h4></center> 
    <h4>The adequacy of the rules does not seem to vary by the number of events experienced 
by each customer.  The length of the customer journey, contrary to expectations, does not 
change the conclusions about the best-fitting rules.  The Linear and Uniform rules are the best-
fitting rules regardless of the event category.</h4> 
    <center><h4>3</h4></center> 
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    <h4>Likewise, the amount of “delay” experienced by the customer does not seem to change 
the best-fitting rules. However, for those customers converting with no time delay, the Position-
Based (30) model is a better fitting rule than the Linear Model. Otherwise, the results appear to 
be almost unaffected by the time delay variable.</h4> 
      <br> 
    <p2>It is important to note that the simulation used in this thesis, although elaborate, provides 
less precision in separating the rules than is needed. The parameters of the simulation need to 
be expanded and the combinations of the parameters considered in a more structured analysis. 
The current simulation structure could be expanded in a genuine Monte-Carlo strategy to allow 
one to test the affects of the various parameters on the best-fitting rule. Additionally, the 
analysis of the simulated data does not allow for custom combination of rules, as suggested by 
Google Analytics. This is a flaw in the study and limits its contribution beyond the prohibition of 
the naïve use of the Last-Touch rule, which is not unexpected. Future expansion of the 
simulation structure might be combined with the empirical research discussed in a previous 
section to shed more light on a proper combination of underlying rules.</p2> 
</div> 
</div> 
 
<footer class="bg-grey text-center"> 
  <p2>References and simulation code available upon request.</p2><br> 
  <p2>Webpage Generated Utilizing Bootstrap Template from <a 
href="https://www.w3schools.com">www.w3schools.com</a></p2> 
</footer> 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 


