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Abstract

This is the era of internet which has given rise to multiple opportunities for online users to purchase from digital marketplaces. 
Understanding the consumer journey of users is important and it is also important to understand their behaviour in the online space. 
This is an attempt to analyze the behaviour of online users and to predict whether they will be purchasing or opting for a service 
based on the last touch-point they have accessed (whether it is a customer-initiated touchpoint or a company-initiated touchpoint). 
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I. INTRODUCTION

This is the era of the internet. We live in times where 
the web world is growing more rapidly each and 
everyday. It doubles in size every 12 months. As per 
estimates, the internet will occupy about 44 zettabytes of 
space by 2020  [4]. The advent of internet has given rise to 
immense opportunities for internet users to be effective 
online consumers. Online consumers have gained access 
to a variety of offerings and a number of options before 
making a desired purchase [8]. The internet users have a 
lot of alternatives to consider. They have the option to 
decide from a number of channels and media. They can 
pick what is best suited for them [5]. Studying the process 
of translating these options into communication 
channels, it is possible to infer about the consumer's path-
to-purchase [2]. A consumer purchase journey describes a 
part of a general customer experience which consists of 
distinct contacts (touchpoints) among the customer and 
the firm. Thus, the purchase journey can be defined as 
“the process a customer goes through all stages and 
touchpoints” [5].

Businesses can derive insights from navigational 
paths to understand and may predict online consumer 
behaviour [3]. A touchpoint refers to “a customer contact 

point, or a medium through which the firm and the 
customer interact” [10]. Various researchers, for 
example, [11], [5], and have divided the touchpoints [12] 
into two basic categories: (1) The customer-initiated or 
customer-owned contacts (CIC); and (2) the firm-
initiated or brand-owned contacts (FIC). A customer-
initiated contact, by definition, is a contact that is initiated 
by a customer. This can be either a generic/ more specific 
search in a search engine machine, a type in the 
company's website or an action made in an application 
([5], [6], [12], [13]). While a firm-initiated contact is any 
touch point that results from a company's initiative and 
usually, is also managed by it. Channels such as display, 
retargeting, affiliate, and e-mail advertising have been 
classified as contacts initiated by the firm ( ,[5], [6], [13]
[1]). An interesting work is understanding which 
touchpoints ultimately lead to conversion. One can draw 
the inference that consumers are using multiple channels 
to evaluate alternatives, search information, and make 
conversions ([6], [7]). Thus, consumers' interactions with 
various channels can lead to purchases from a company 
[6] or make consumers buy from competitors.

Consumers initiating contacts by themselves are 
expected to have more conversions in the firm's website 
([9],[12],[14]).However, the nature of consumer 
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purchase journey involves more than CICs; customers 
are also coming across  firm-initiated contacts which can 
influence their purchase decisions [6].

Yet not all the consumers express the same 
preferences when navigating online. It is important to 
consider consumer heterogeneity across options and to 
not consider their behavior as a whole. Demographics 
and behavioural patterns differ among various segments 
and play a role throughout the path-to-purchase [8].

However, to the researcher's knowledge, no research 
has still addressed the effect of consumer heterogeneity 
on the various touchpoints and its effect on conversions. 

The basic idea behind this paper is giving an 
overview on how machine learning can be effectively 
used to analyze customer journey and get insights from 
the touch-points visited by customers. It is also tries to 
predict based on the first touch-point visited, whether the 
transaction will be converted into purchase or not. 

II. DATASET

The data used for this study are collected and 
provided by GfK (Growth for Knowledge), a German 
market research company which is among the four 
biggest worldwide. The data is event-based and is 
gathered by GfKCrossmedia link. Crossmedia link is an 
innovative technology which tracks and measures 
consumers' behavior across different media based on a 
single source cross-media panel (www.gfk.com).

The observation period is from June 1, 2015 to 
September 32, 2016 and contains in general, 12,252 
consumer journeys, 3,674 total bookings of which 192 
are the focal's brand. The data set accommodates 
information both about the journey and demographic 
characteristics of the consumers. Such information 
includes type of touchpoints visited, whether a journey 
has led to conversions, type of device used to assess a 
contact, and consumer characteristics such as age, 
income, occupation, social class etc.

T h e  d a t a  i s  a v a i l a b l e  a t  
https://drive.google.com/open?id=1lYmf2aMUm6c3m
0nYh7OfBu3sRHIezhy6

III. DATA DESCRIPTION

The data is on purchase journey of customers in a 
travel website. The detailed description of the fields of 
the dataset is given in the file codebook. The data 
provides useful information about the customer journey. 
We give a basic overview here on how this data can be 
used for getting useful information about the customer 

journey.

IV. ANALYSIS OVERVIEW

The data gives details of customer journeys before 
making a purchase. Each row in the file TravelDemo.csv 
gives details of the touch-points in each of the 
transactions. The last touch-point is of considerable 
importance and it mainly decides whether anything 
would be purchased or not. We can take the last touch 
points and build a logistic based classification model to 
predict whether a transaction will be converted to a 
purchase based on the last touch point (whether it is 
customer-initiated or farm-initiated). As a preliminary 
analysis, we worked on whether customer initiated 
contact or farm initiated contact in the end tends to 
convert the transaction into purchase. We have fitted a 
logistic regression model and the results of the analysis is 
as follows:
Deviance Residuals: 
    Min       1Q   Median       3Q      Max  
-0.2377  -0.1004  -0.1004  -0.1004   3.3453  

Coefficients:
                    Estimate   Std. Error    z value     Pr(>|z|)    
(Intercept)    -3.5526      0.5856     -6.066    1.31e-09 ***
dummy_CIT1   -1.7353  0.6052  -2.867       0.00414 ** 
mobile               -0.3038     0.3688  -0.824  0.41010    
—
Significance codes:  
0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1

(Dispersion parameter for binomial family taken to be 1)

Null deviance: 655.58 on 10481 degrees of freedom
Residual deviance: 649.32 on 10479 degrees of freedom
AIC: 655.32

Number of Fisher Scoring iterations: 8

Confusion Matrix and Statistics

pred_4    0        1
          0 3443  16
          1   34      2

Accuracy : 0.9857
                 95%  CI : (0.9812, 0.9894)
    No Information Rate : 0.9948          
p-value [Acc> NIR] : 1.00000         
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Kappa : 0.0677          

Mcnemar's Test pValue : 0.01621         

Sensitivity : 0.99022         
Specificity : 0.11111         
PosPredValue : 0.99537         
NegPredValue : 0.05556         
Prevalence : 0.99485         
         Detection Rate : 0.98512         
   Detection Prevalence : 0.98970         
      Balanced Accuracy : 0.55067         

       'Positive' Class : 0       

The accuracy (0.9857) is very good for the model (we 
have taken threshold as 0.05). Hence, we can conclude 
that using this model we can predict whether initial 
customer touchpoints or firm initiated touchpoints will 
be able to get the customer to opt for the service (or 
purchase the service). 

V. CONCLUSION

This paper shows some outline of how machine 
learning techniques can be used to analyze data on 
customer journey and get useful insights from it. The 
model discussed in the paper explains how to predict 
whether some service will be purchased or not based on 
the last touch-point the user has chosen to access. This 
paper can be further enhanced to analyse the 
effectiveness of each touch point in details. 
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