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INTRODUCTION

Researchers have developed various models to 
quantify the impact of touchpoints on customer 
journeys, often referred to as attribution models or 
path-to-purchase models (Lemon & Verhoef, 2016). 
In their comprehensive review, Lemon and Verhoef 
(2016) emphasize the critical need to consider the cu-
mulative effects of multiple touchpoints on customer 
journey outcomes.

Despite the availability of more sophisticated 
attribution methods, many organizations still rely 
on simpler heuristic or rule-based models, such as 
first-touch or last-touch attribution. These tradition-
al models fail to capture the customer’s multi-touch 
experience before conversion, leading to inaccu-
rate insights when measuring results across differ-
ent channels (Li & Kannan, 2014). Moreover, these 
methods often analyze individual channels in isola-
tion, neglecting potential interactions and synergies 
(de Haan et al., 2016).

Understanding attribution in the context of higher 
education is particularly relevant given the complex-
ity and competitiveness of this sector. In Brazil, the 
higher education market has undergone significant 
transformations in recent decades, driven by gov-
ernment regulations, public funding, and increased 
private investment (Abreu et  al., 2019). This sector 
has become fiercely competitive (Rosenbaum et al., 
2017; Senhoras et al., 2012), with prominent educa-
tional groups vying for leadership through strategic 
investments in brand development, technological ad-
vancements, and geographical expansion via acquisi-
tions, mergers, and online learning platforms (CADE, 
2016; Piurcosky et al., 2019).

Navigating the enrollment process at a higher edu-
cation institution (HEI) presents significant complexity. 
Prospective students engage in a multi-stage journey, 
encountering various touchpoints, evaluating numer-
ous factors, experiencing diverse emotions, and be-
ing influenced by distinct reference groups (Følstad 
and Kvale, 2018; Galan et al., 2015). These dynamics 
underscore the need for a more nuanced approach 
to attribution in the higher education student jour-
ney (HESJ).

In response to this need, the present study pro-
poses a novel, data-driven attribution model tailored 
to the HESJ. The model leverages panel data from 

both online and offline channels, including detailed 
social media engagement data. Employing a case 
study approach at a Brazilian HEI, the research follows 
the Cross-Industry Standard Process for Data Mining 
(CRISP-DM) for data collection and analysis.

These research contributions offer valuable in-
sights for marketing professionals and data analysts, 
enhancing their understanding of the student jour-
ney and the role of each touchpoint in driving enroll-
ment decisions.

The following sections will explore previous liter-
ature on customer journey data-driven approaches 
and the empirical background. The methodology 
section will detail the case study, data collection 
methods and data analysis protocols. The final sec-
tions will present the results, discussion, and impli-
cations, followed by limitations and suggestions for 
future research.

1. CUSTOMER JOURNEY  
DATA-DRIVEN APPROACHES

The adoption of data-driven approaches in cus-
tomer journey studies has gained prominence. Lem-
on and Verhoef (2016) underscore the significance of 
data science in comprehending and personalizing the 
customer journey. Previous works on customer jour-
ney theory have embraced data-driven approaches, 
exemplified by McColl-Kennedy et al.’s (2019) longi-
tudinal study that assessed customer experience and 
value creation throughout the customer journey us-
ing data-mining techniques. Similarly, Ordenes et al. 
(2014) employed text mining to analyze customer 
feedback from a UK company, presenting empirical 
evidence of the benefits of this innovative method in 
enhancing the customer journey.

Archak et al. (2010) pioneered the application of 
a Markovian graph method in a data-driven attribu-
tion model, utilizing the steady-state probabilities of 
different random walks to capture structural correla-
tions. Shao and Li (2011) analyzed a massive dataset 
from an advertising campaign, proposing a more ac-
curate data-driven method considering all available 
data. Li and Kannan (2014) focused on estimating 
carryover and spillover effects between touchpoints, 
introducing a new model for attributing credit for 
conversions, incorporating data from online chan-
nels like email and site visits. Anderl et  al. (2016) 



3 Which touchpoints matter most? A data-driven model for understanding student journey 

Internext | São Paulo, v.20, n. 3, e866, 2025

expanded upon Archak et  al. (2010), proposing an 
attribution model based on the first and higher-or-
der Markov chain. Kakalejč et al. (2018) applied the 
same model to analyze data from an e-commerce 
website. Zhao et  al. (2019) evaluated different re-
gression models in various advertising channels, in-
troducing the use of partially linear additive models 
as a specific contribution.

Most previous studies primarily focused on on-
line advertising, neglecting offline marketing, as also 
observed by de Haan et al. (2016). However, Wiesel 
et al. (2010) proposed a model evaluating the impact 
of both online and offline marketing channels on fi-
nancial results, incorporating aggregated marketing 
actions metrics as inputs. Combining data from on-
line and offline channels could enable a more accu-
rate value allocation (Buhalis and Volchek, 2021). 
In contrast to similar approaches like Wiesel et  al. 
(2010), the current research examines most market-
ing channels used by the analyzed HEI, including 17 
different touchpoint categories encompassing online 
and offline channels. Notably, the current study em-
ploys user-level data to scrutinize offline touchpoints, 
avoiding the use of aggregated data.

Attribution models play a pivotal role in providing 
a more accurate evaluation of marketing channels, 
allocating value and significance to different touch-
points along customer journeys (Buhalis and Volchek, 
2021; Kannan et  al., 2016). The widespread use of 
digital marketing and Customer Relationship Manage-
ment (CRM) systems has led to the availability of in-
dividual-level touchpoint data, spread across various 
company databases. Despite its inherent complexity, 
these detailed data on touchpoints present excellent 
research opportunities (Kannan & Li, 2017; Tueanrat 
et al., 2021). Individual-level data enable the detec-
tion of touchpoint sequences and the measurement 
of each one’s relative contribution to conversions, of-
fering a more realistic picture of the role of marketing 
channels along the customer journey and providing 
valuable insights for marketing planning (Buhalis & 
Volchek, 2021).

Traditional attribution models are typically cat-
egorized into two groups: single-touch and multi-
touch models. Single-touch methods attribute the 
total value of a conversion to a single touchpoint in 
the journey, while multi-touch models derive value 
from the entire array of touchpoints that customers 

experience (Buhalis & Volchek, 2021). These earlier 
models, whether single or multi-touch, based their 
value allocation principles and computational tech-
niques on simple heuristics (rule-based). While easy 
to comprehend and calculate, the main drawback of 
rule-based models is their failure to account for cus-
tomer journey dynamics (Buhalis & Volchek, 2021) 
and their inadequacy for lengthy customer journeys 
(Nichols, 2013).

Li and Kannan (2014) also critique the fragilities 
of rule-based models, emphasizing that standard 
last-clicked models ignore spillover effects between 
channels. In their study, the last-click model under-
estimates the contribution of channels like email, 
display, and referral. Prior research contends that the 
last-click model provides biased insights to marketing 
practitioners, primarily because it completely disre-
gards previous touchpoints in the journey (de Haan 
et  al., 2016; Shao & Li, 2011). Metrics provided by 
linear and weighted models (such as time-touch and 
position-touch) consider all touchpoints leading to a 
conversion. However, these models do not account 
for paths that do not result in conversions, thereby 
missing valuable information (Anderl et al., 2016; Li & 
Kannan, 2014).

The availability of individual data on the cus-
tomer journey, coupled with clear identification of 
touchpoints before conversions, has rekindled inter-
est in the attribution problem (Kannan et al., 2016), 
leading to the emergence of a new class of models 
based on algorithmic and data-driven approaches. 
These data-driven models employ advanced sta-
tistical methods to analyze customer journey data, 
including logistic or linear regression models (Shao 
& Li, 2011; Zhao et  al., 2019), hierarchical Bayes-
ian models (Li & Kannan, 2014), game theoretical 
models (Berman, 2018), time series models (Kire-
yev et al., 2016), hidden Markov models (Abhishek 
et al., 2012), and discrete-time Markov models (An-
derl et al., 2016; Archak et al., 2010). Regardless of 
the method chosen, data-driven attribution models 
require a solid theoretical foundation to guide pa-
rameter selection and configuration, as well as the 
interpretation of results (Kannan et al., 2016; Lemon 
& Verhoef, 2016).

Table 1 summarizes the timeline of the referenced 
studies, including dataset size, industry, channel types 
and count, and the attribution model used.
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2. EMPIRICAL BACKGROUND: HIGHER  
EDUCATION CUSTOMER JOURNEY

Choosing higher education is a complex and high-
risk process (James-MacEachern, 2018) that requires 
candidates to engage in a journey that can span sev-

eral months. Various models (Table 2) have been de-
veloped to conceptualize the main phases of a HEI 
customer journey and the factors associated with the 
decision-making process.

Early research by D. W. Chapman (1981), Hanson 
and Litten (1982) and Kotler (1976) laid the ground-

Table 1. Previous data-driven and multi-touch attribution studies.

Study Industry
Type of chan-

nels
Data

No. of 
Cha-nnels

Data 
sets

Time 
Frame

Model

Archak 
et al. 
(2010)

(Not 
informed)

Online 
Advertising

~ 27 thousand journeys
~ 2.6 million touchpoints
Source: Google analytics 

tools.

6 8 Two 
months

First-order 
Markov random 

walks

Shao 
and Li 
(2011)

Software Online 
Advertising

72.5 million journeys
2 billion touchpoints 

(impressions)
Source: Google analytics 

tools.

39 1 One 
month

Logistic  
model and

Probabilistic 
model

Li and 
Kannan 
(2014)

Hospitality
Online 

Advertising
Digital channels

1,997 journeys
22,369 touchpoints

Source: Double Click, 
Omniture Catalyst, and 
Online Ads platforms.

6 1 Two 
months

Hierarchical 
Bayesian model

Anderl 
et al. 
(2016)

Travel agency
Fashion retail
Luggage retail

Online 
Advertising

3 million journeys
4.8 million touchpoints

Source: Google analytics 
tools.

10 4 One 
month

First and  
higher-order 

Markov random 
walks

Alblas 
(2018)

Travel
Technical 
supplies

Online 
Advertising

Digital channels

223 thousand journeys
1.2 million touchpoints

Source: Google analytics 
tools

10 2 One 
year

First and  
higher-order 

Markov random 
walks

Kakalejč 
et al. 
(2018)

Electronics 
retail

Online 
Advertising

Digital channels

~ 8,484 journeys
~ 49,123 touchpoints

Source: Google analytics 
tools

7 1 Four 
months

First and  
higher-order 

Markov random 
walks

Zhao 
et al. 
(2019)

(Not 
informed)

Online 
Advertising

153,891 journeys
1,047,000 touchpoints 

(impressions)
Source: Google analytics 

tools

18 1 Three 
months

Regression 
models

This 
Study 
(2022)

Higher 
Education

Online 
Advertising

Digital channels
Offline channels

185,631 journeys
662,838 touchpoints
Source: RD Station, 

Rubeus CRM, internal 
ERP, and Instagram.

17 2 Two 
years

First and  
higher-order 

Markov random 
walks
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work by investigating the customer journey with-
in higher education. They proposed models where 
students and their parents navigate through various 

stages, influenced by a range of touchpoints during 
the decision-making process.

Building on this foundational work, later studies 
have expanded our understanding of these dynam-
ics. Galan et  al. (2015) emphasized that engaging 
in higher education requires considerable thought, 
characterizing it as a high-involvement decision pro-
cess. This perspective aligns with the evolution of 
decision-making models over time, which, as noted 
by Gai et al. (2016), have transitioned from simpler 
to more complex sets of decision variables. This pro-
gression reflects a deeper engagement by candidates 
as they move through their educational journey, fac-
toring in a broader spectrum of influences and infor-
mation sources.

The role of modern technology and digital plat-
forms in this decision-making process has also been 
highlighted in recent years. James-MacEachern and 
Yun (2017) specifically explored the impact of social 
media, suggesting that prospective students utilize 
these platforms to evaluate alternatives and gather 
insights from the experiences of alumni. This indi-
cates a shift towards more interactive and peer-influ-
enced phases of decision-making.

Recent research highlights the effectiveness of 
data-driven approaches in addressing educational 
challenges. For instance, Nascimento et  al. (2018) 
explored issues of school dropout and failure by an-
alyzing datasets provided by the Brazilian Institute for 
Study and Research on Education (INEP). Similarly, Ves-
covi (2020) applied supervised machine learning tech-
niques to forecast and reduce student dropout rates 
within a HEI. In a broader context, Bolat and O’Sullivan 
(2017) advocate for the strategic use of data analytics 
to enhance marketing outcomes and inform business 
decisions in higher education settings.

Moreover, a more detailed examination of touch-
points was conducted by Schuhbauer et  al. (2020), 
who focused on the student journey at Nuremberg 
University. They defined touchpoints expansively as 
“all actions that students can take in connection with 
the university,” such as visiting the university’s web-
site to obtain information about academic programs. 
This definition underscores the variety of interactions 
that can influence a student’s decision, from digital 
engagements to direct personal experiences.

Collectively, these studies illustrate the dynamic 
nature of choosing higher education, where tradi-

Table 2. Models proposed for Customer Journey 
stages in higher education.
Author Customer Journey Stages

Kotler 
(1976) 

(1) The decision to attend. 
(2) Information seeking and receiving.

(3) Specific college inquiries.
(4) Applications.
(5) Admissions.

(6) College choice.
(7) Registration. 

Hanson  
and Litten 
(1982) 

(1) College aspirations.
(2) Beginning the search process. 

(3) Gathering information.
(4) Sending applications.

(5) Enrolling. 

Hossler and 
Gallagher 
(1987) 

(1) Predisposition.
(2) Search.
(3) Choice. 

Maringe 
(2006) 

(1) Pre-search behavior. 
(2) Application stage. 
(3) Choice decision.

(4) Registration.

Galan  
et al.  
(2015) 

(1) Problem recognition. 
(2) Information search. 

(3) Evaluation of alternatives. 
(4) Purchase decision. 

(5) Post-purchase decision.

Gai  
et al.  
(2016) 

(1) Predisposition. 
(2) Information seeking for targeting schools. 

(3) Application. 
(4) Evaluating Admission offers. 

(5) Final Decision. 

James-
MacEachern 
(2018) 

(1) Awareness stage. 
(2) Information stage.

(3) Decision stage. 

Schuhbauer 
et al. (2020) 

(1) Gathering information.
(2) Application.

(3) The initial phase of the degree program.
(4) The second phase of the program.

(5) Alumni phase. 
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tional models are being augmented by digital interac-
tions and peer influences, reflecting broader societal 
shifts towards more connected and informed deci-
sion-making processes.

3. METHOD

3.1. The selected case study and protocol

The current research employs the case study 
method, following Yin’s (2018) recommendation for a 
protocol guiding field research and the analytical pro-
cess. The study adopts the CRISP-DM process, which 
is described as “a non-proprietary, documented, and 
freely available data mining model” (Shearer et  al., 
2000, p. 1). This conceptual model, outlined by Chap-
man et  al. (2000) and utilized in Customer Journey 
longitudinal studies by McColl-Kennedy et al. (2019), 
consists of six interactive steps: (a) business under-
standing, (b) data understanding, (c) data prepara-
tion, (d) modeling, (e) evaluation, and (f) deployment.

The selected case for this study is a Brazilian pri-
vate HEI referred to as XYZ University to maintain 
confidentiality. As of 2021, the university had ap-
proximately 20 thousand students and offered 36 
higher education programs across three campuses in 
the state of Sao Paulo, along with a “virtual campus” 
that provided distance learning programs. Starting in 
2017, XYZ University underwent extensive restructur-
ing of its communication, marketing, and sales de-
partments, implementing new processes and chan-
nels to recruit students.

This reorganization culminated in the develop-
ment of a Student Journey Map (SJM), providing 
detailed information about the planned path and in-
teractions with prospects and leads. XYZ University’s 
SJM organizes the customer journey into eight stag-
es: traffic, visitors, leads, opportunities, selection, 
scholarship, enrollment, and student retention, each 
comprising steps and detailed actions related to cus-
tomer interactions.

The evaluated journey begins at the “leads” stage, 
where the lead is identified by email, and concludes 
at the “enrollment” stage. Anonymous data collected 
in previous stages are integrated into the customer 
journey once the prospect enters the “lead” stage. In-
dividuals receive more firm-initiated contacts, such as 
phone calls and electronic messages, as they progress 
through the journey.

The current study incorporates data from five dif-
ferent sources, as detailed in Table 3, along with their 
relation to the channels evaluated and the respective 
number of records extracted.

For data preparation, the authors partitioned the 
data into two distinct datasets:
a)	 Period 1: Data from customers who applied or 

enrolled in the 2019 second semester admission 
(2019-S2) and the 2020 first semester admission 
(2020-S1). This dataset encompasses all journeys 
that did not result in conversion during the appli-
cation process or enrollment between April 2019 
and March 2020;

b)	 Period 2: Data from customers who applied or 
enrolled in the 2020 second semester admission 

Table 3. Data sources for student journey data.

Data sources Description
Number of records 

extracted
Period

Enrollment system Info about enrolled students from a different campus. 46,651 11/1998 to 
04/2021

Application system Info about the application and affiliate channel. 1,000,922 03/2018 to 
03/2021

MKT Automation 
system

Data related to Ad Display, Ad Facebook, Automation, Email, 
Events, Inbound, Lives, Messages, Live Chat, Promotion, 

Referral, SEO, Social FB, Social IG, and Social YT.
1,096,472 08/2017 to 

04/2021

CRM Commercial CRM database. Conversions related to 
Automation, Sales, and Call Center channels. 240,784 10/2018 to 

04/2021

Instagram Engagement with XYZ University official profiles (5 profiles). 
Likes and comments on posts.

4,453 posts
394,007 likes

04/2019 to 
04/2021
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(2020-S2) and the 2021 first semester admission 
(2021-S1). This set includes all journeys that did 
not culminate in conversion during the application 
process or enrollment between April 2020 and 
April 2021.

Some journeys (17.92%) have data in both sets, as 
certain candidates applied to the selection process at 
different times. The data spans touchpoints recorded 
between September 2017 and April 2021. In addition 
to digital channels, the study encompassed offline 
channels and interactions on Instagram.

Following Rosenbaum et  al.’s (2017) recommen-
dation to simplify the analysis, a critical pre-pro-
cessing step was the consolidation of the raw data. 
Over 2,300 unique touchpoint classifications (repre-
senting granular events from the source data) were 
mapped and consolidated into 17 distinct online and 
offline marketing channels. This process was essential 
to create a cohesive dataset suitable for modeling the 
student journey.
•	 Channel owner: social, partner-owned, brand-

owned, and customer owner. Lemon and Verhoef 
(2016) applied a similar classification in their work. 
The present study did not collect data on Custom-
er Owner channels;

•	 Contact initiative: customer-initiated contacts 
(CICs) and firm-initiated contacts (FICs). This clas-
sification, utilized in previous studies by de Haan 
et  al. (2016), Li and Kannan (2014), and Wiesel 
et al. (2010), distinguishes interactions initiated by 
customers from those initiated by the firm.

3.2. Attribution model based  
on a Markov graph approach

This study embraces the Markov graph model 
as proposed by Anderl et  al. (2016) and Archak 
et  al. (2010) to analyze the student journey as a 
multi-channel process. The model’s capacity to in-
corporate a full spectrum of interactions, including 
offline and social media touchpoints, is critical for a 
holistic analysis. In accordance with the taxonomy 
from Buhalis and Volchek (2021), our methodology 
can be classified as a multi-touch, data-driven, and 
cross-channel attribution approach. This model 
creates “maps” to understand how students real-
ly move between marketing channels. It maps all 

the “roads” (channels) and analyzes the “turns” 
(touchpoints) to see how sequences lead to suc-
cess. It then measures a channel’s importance by 
asking: “If we close this road, how many students 
would get lost?”

At its core, the model is an application of dis-
crete-time Markov Chains. The student journey is 
conceptualized as a directed Markov Graph charac-
terized by a set of states, S. This set includes all mar-
keting channels as transient states, along with three 
special states: a ‘start’ state to initiate all journeys, a 
‘conversion’ state for successful enrollments, and a 
‘null’ state for non-converting journeys. The transi-
tions between these states are governed by a tran-
sition matrix, where the probability of moving to a 
future state depends only on the present state (the 
Markov property).

While a standard, first-order Markov model con-
siders only the immediately preceding touchpoint, 
a higher-order model extends this logic by incorpo-
rating a memory of k previous states. This allows the 
model to capture more complex sequential patterns 
and dependencies. For instance, a first-order model 
evaluates a direct transition like “Inbound → Email”, 
whereas a higher-order model can assess the proba-
bility of a longer sequence such as “Social Media → 
Inbound → Email → Event”, thereby capturing the 
synergistic effects of specific channel combinations.

The central metric for attribution in this study is 
the Removal Effect. This metric quantifies a channel’s 
importance by estimating the total loss in conversions 
if that channel were to be removed from the ecosys-
tem. This effect is calculated through a dynamic simu-
lation of thousands of ‘random walks’—hypothetical 
journeys governed by the network’s transition prob-
abilities. By comparing the overall conversion prob-
ability of the complete system with a system where 
one channel is absent, the Removal Effect captures 
the cumulative and indirect influence of that channel 
within the journey’s dynamic interplay. The transition 
probabilities that govern this system are derived em-
pirically from the dataset, yielding a data-driven net-
work as exemplified in Figure 1.

In summary, this model provides an integrated 
view of the student journey by considering the inter-
dependencies among all touchpoints. The next sec-
tion details the criteria adopted to select the most 
suitable model order.
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3.3. Model order selection and predictive evaluation

The primary methodological challenge in apply-
ing higher-order Markov models is the selection of 
an optimal order (k) that balances predictive power 
with model complexity. To address this, we based our 
model assessment on predictive efficacy, as proposed 
by Shao and Li (2011).

The highly imbalanced nature of our dataset, 
where conversions represent only 3% of cases, ren-
ders standard information criteria like Akaike Infor-
mation Criterion (AIC) or Bayesian Information Crite-
rion (BIC) unsuitable for model selection. While prior 
research has employed other specialized metrics for 
this task, such as top-decile lift (Anderl et al., 2013) 
and the Global Dependency Level (GDL) criterion (Ka-
kalejč et  al., 2018), we selected Receiver Operating 
Characteristics (ROC) Analysis as the primary evalua-
tion method due to its proven robustness in such con-
ditions. The Area Under the Curve (AUC) derived from 

this analysis quantifies the model’s ability to effective-
ly distinguish between converting and non-converting 
journeys, irrespective of the class imbalance.

In contexts where class imbalance is significant—
such as when only a small proportion of students 
enroll—traditional accuracy metrics may provide mis-
leading results, as they tend to favor the majority class. 
The AUC offers a more robust alternative by evaluating 
the model’s ability to correctly rank instances. Specifi-
cally, AUC assesses whether the model can distinguish 
between students likely to enroll and those unlikely to 
do so, thereby providing a more meaningful measure 
of predictive performance under imbalance conditions.

As observed by Anderl et al. (2016), predictive ac-
curacy measured by AUC tends to increase with the 
Markov order. However, this gain is accompanied by 
an exponential rise in model complexity, increasing 
the risk of overfitting. To navigate this trade-off, we 
adopted a Penalized AUC measure, as suggested by 
Altomare and Loris (2016). This metric, conceptually 

Figure 1. Markov graph for dataset 1, showing only transitions > 1% with self-loops removed.
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analogous to an adjusted R² in regression models, dis-
counts the standard AUC based on model complexi-
ty, allowing for the selection of a more parsimonious 
model without sacrificing significant predictive capa-
bility. The formula is defined as Equation 1:

Penalized AUC = 1 - [(1-AUC) (np-1) / (np-nnodes-1)]� (1)

Where:
np: the number of individual paths observed;
nnodes: the number of nodes in the graph, a measure 
of the model’s complexity, which is dependent on the 
number of channels and the model order (k).

Penalized AUC introduces a complexity adjust-
ment to the model’s performance evaluation, aiming 
to balance predictive accuracy with model simplicity. 
By incorporating a penalty for overfitting, this metric 
discourages the selection of overly complex models 
that may perform well on training data but lack gen-
eralizability. Consequently, Penalized AUC supports 
the identification of models that are not only accurate 
but also robust and reliable for future predictions.

By calculating both AUC and Penalized AUC for 
models of varying orders, as illustrated in Figure 2, 

we identified the fourth-order model as the optimal 
choice. This model demonstrated a strong predictive 
performance, with AUC values of 0.876 for dataset 1 
and 0.860 for dataset 2. Although a fifth-order model 
yielded a marginal improvement in AUC, the Penal-
ized AUC indicated that this gain did not compensate 
for the significant increase in complexity.

Therefore, to ensure consistency across the analy-
sis and favor a simpler model, the fourth-order Mar-
kov model was adopted for the attribution analysis 
presented in this study.

To facilitate the application and replication of 
our methodology, a toolkit notebook is available at 
https://bit.ly/AttributionToolkit. This resource pro-
vides the code and instructions for processing data 
exported from CRM and Digital Marketing platforms 
to construct an attribution model using the method 
presented in this study.

4. MAIN FINDINGS

4.1. Descriptive analysis of customer journey

Table 4 consolidates descriptive information re-
garding customer journeys for each evaluated period. 

Figure 2. Area under the curve (AUC) and Penalized AUC for each dataset using different Markov Orders.

https://bit.ly/AttributionToolkit
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Period 2 recorded 6% fewer journeys compared to Pe-
riod 1; however, it exhibited 26% more touchpoints. 
Journeys in Period 2 also consumed more time. Nota-
bly, journeys resulting in conversions had an average 
duration of 7.84 months, which is twice the duration 
observed in Period 1 (3.88 months).

It can be inferred that the pandemic period had 
an impact on the decision-making process. The HESJ, 
typically spanning extended periods (James-MacEach-
ern, 2018), even further extended during the evaluat-
ed journeys in Period 2. While most touchpoints tra-
ditionally occur in the pre-purchase phase, there is a 
noticeable increase in contacts during the purchase 
and post-purchase phases in Period 2.

For instance, the average journey duration until 
conversion doubled from 3.88 months in Period 1 to 
7.84 months in Period 2. This extended decision-mak-
ing timeline was accompanied by a clear shift toward 
digital channels. Touchpoint volume from instant 
messaging grew by 217%, email by 106%, and social 
media (specifically Instagram) by 117%. While these 

figures represent a correlation rather than direct 
causation, they strongly suggest an adaptation to the 
social isolation and increased digitalization that char-
acterized the pandemic period.

The data also reveal that brand-owned channels 
account for most touchpoints (86.47% in Period 1 
and 80.35% in Period 2). However, partner-owned 
touchpoints saw a substantial increase in Period 
2 (107.97%), primarily attributed to the growth in 
touchpoints on the Instagram channel. It is important 
to note that the boundaries between these classes 
may become less distinct when involving technolog-
ically enabled channels (Lemon & Verhoef, 2016).

Touchpoints related to FIC and CIC exhibited an 
increase in both periods, particularly for FIC, which 
experienced a growth of 63.34% in Period 2, mainly 
due to an increase in touchpoints through the Email, 
Sales, and Instant Messages channels. As observed by 
de Haan et al. (2016), CIC recorded a higher volume 
of touchpoints than FIC in both periods (66.61% in Pe-
riod 1 and 58.55% in Period 2). Buhalis and Volchek 

Table 4. Description of the student journeys data sets.
Description Period 1 Period 2 % var

Corpus
Semesters:

2019-S2 and 2020-S1
Semesters:

2020-S2 and 2021-S1
-

Number of channels 17 17 -

Number of touchpoints 293,012 369,826 +26.22

in pre-purchase stage 228,252 (77,90%) 253,288 (68.49%) +10.97

in purchase stage 52,618 (17,96%) 93,834 (25.37%) +78.33

in post-purchase stage 12,142 (4,14%) 22,704 (6.14%) +86.99

Share by type of channel

Branded owner channels 86.47% 80.35% +26.76

Partner owner channels 12.85% 19.58% +107.97

Social 0.68% 0.06% -87.07

Share by contact initiative

Customer Initiated Contacts (CIC) 66.61% 58.55% +19.92

Firm Initiated Contacts (FIC) 33.39% 41.45% +69.34

Number of journeys 95,715 89,916 -6.06

Journey length (touchpoints) x ̅3.09 (s29.60) x ̅4.14 (s2 13.81) +33.98

Duration of journey (months) x ̅2.06 (s24.79) x ̅3.17 (s2 6.22) +53.88

Time until conversion (months) x ̅3.88 (s25.25) x ̅7.84 (s29.02) +102.06

Number of conversions (enrollments) 3,113 2,529 -18.76

Journey conversion rate 3.25% 2.81% -13.54
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(2021) emphasize the significance of customer-initi-
ated communications, which generally exert a sub-
stantial influence on the final consumer decision.

4.2. Touchpoints

The findings revealed significant variations in the 
distribution of touchpoints per channel across the two 
periods. Notable changes include a decrease in con-
tacts per journey and share of contacts for inbound 
channels (-23.74%), application channels (-21.55%), 
and call center (-13.99%). Conversely, there were 
notable increases in contacts per journey and share 
of contacts for email (106.66%), social IG (115.17%), 
promotion (92.24%), and sales channels (173.79%). 
Some channels experienced relatively minor changes, 
such as live chat (15.39%) and SEO (63.36%), while 
others saw declines, such as events (-34.97%) and 
direct channels (-15.98%). Messages experienced a 
substantial increase of 217.80%, while affiliate chan-
nels showed a significant decrease of -87.07%.

Additionally, between the two periods, the num-
ber of touchpoints increased by 26.22%. However, this 
increase impacted each channel differently, altering 
the share of contacts for each one. Notably, touch-
points in the inbound channel, present in at least 50% 
of the journeys, experienced an overall decrease of 
23.74%. This reduction is directly linked to a signifi-
cant decrease in the implementation of the marketing 
action known as “Vocational Tests,” which is part of 
the inbound channel. The Sales department typically 
utilizes these tests not only in online promotions but 
also in face-to-face events, such as visits to second-
ary schools. Unfortunately, these events did not take 
place in Period 2 due to the COVID-19 pandemic.

In Period 2, 89% of the journeys featured at least 
one email-related contact, with emails witnessing a 
substantial increase of 106% in volume. XYZ Univer-
sity primarily employs the Email channel in conjunc-
tion with Inbound Marketing, sending emails to users 
interested in specific programs or students actively 
involved in some application or subscription process.

The Call-Center channel, crucial in both volume 
and results, experienced a 14% decrease in phone 
contacts between periods 1 and 2. This decline is 
mainly attributed to the reduction in applications (as 
most calls occur in the purchase phase) and a slight 
decrease in the success rate of phone calls, in line 

with observations made by de Haan et  al. (2016), 
who noted a growing aversion to this type of contact 
among consumers.

The analysis reveals contrasting trends in touch-
point distribution across various channels during the 
observed periods. While traditional phone contacts 
witnessed a decline, alternative channels like live chat 
and instant messaging saw substantial growth, with 
a notable 15 and 200% increase, respectively, man-
aged by the call center team. Notably, Instagram’s 
Social IG channel experienced a remarkable growth 
of 115% between the two periods, emerging as the 
second-largest channel in terms of contact volume in 
Period 2. This surge may reflect the impact of social 
isolation measures during the pandemic, as suggest-
ed by Tankovska (2020).

The pandemic-induced shift to virtual platforms is 
evident in the significant decrease of 34% in touch-
points for the events channel due to the cancellation 
of in-person gatherings. However, online events saw a 
remarkable 174% increase in contacts, highlighting the 
adaptation to digital alternatives. Additionally,  chan-
nels like Promotion and Sales witnessed growth in 
touchpoints, likely driven by increased investment in 
activities associated with these channels by XYZ Uni-
versity. These findings underscore the dynamic na-
ture of customer engagement strategies, which have 
evolved in response to changing circumstances and 
preferences, particularly considering the pandemic’s 
disruptions to traditional modes of interaction.

4.3. Carryover and spillover effects

The order in which customers experience touch-
points could have “synergic” or “antagonistic” effects 
on conversions. Previous interactions may have over-
lapping effects on subsequent touchpoints (Buhalis & 
Volchek, 2021), referred to as “carryover” and “spill-
over” effects. 

Carryover effects occur when one channel re-
ceives sequential contacts, often influenced by 
consumer preferences for that channel or other 
circumstantial aspects of the customer journey. Mi-
nor carryover effects are noticeable on the following 
channels: Affiliate, Direct, Email, Events, Inbound, 
Referral, and Social Others (Youtube and Facebook). 
Moderate carryover effects are observed on Appli-
cation, Call-Center, Live-Chat, and Sales, indicating 
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sequential contacts with these channels by students. 
A strong carryover effect is evident on Instagram (So-
cial_IG), reflecting a behavior where students engage 
with various brand posts during the same visit.

Spillover effects occur when one channel guides 
the consumer to another channel. For instance, mi-
nor spillover is noted from Online Advertising (AD) to 
Inbound and Promotion channels. However, substan-
tial effects from AD to channels like Inbound, Promo-
tion, and Application would be expected due to land-
ing pages set in these campaigns.

Application has a minor spillover effect on email, 
where the initiation of the application results in the 
student receiving more emails related to application 
stages and the program. Direct and Referral channels 
exhibit a strong spillover effect on Inbound, possibly 
due to offline links, links in partner websites, and links 
in social media (typically identified as direct in mobile 
traffic). The Email channel has a minor spillover effect 
on Inbound, as most emails suggest links to content.

Messages have a moderate effect on Call-Center, 
possibly because they are used to reach students 
when they do not answer phone calls. Messages also 
have a minor effect on Email, which may occur when 
users receive more calls and messages (during the 
purchase phase), leading to more automated emails.

Sales have minor effects on Call-Center, confirming 
some entanglement among channels like Call-Cen-
ter, Emails, and Sales. SEO demonstrates substantial 
effects on Inbound, primarily driven by the Blog and 
E-books content that receives significant traffic from 
SEO. Minor effects on Email are observed due to 
newsletter subscriptions or marketing automation af-
ter downloading some content. Links on Facebook and 
Youtube (Social Others channel) also have a moderate 
effect on Inbound and minor effects on Promotion.

4.4. The attribution model findings

Our analysis unveils the critical role specific chan-
nels played in driving student enrollment at the Bra-
zilian HEI under study. Over 70% of conversions stem 
from just five channels: Emails, Live Chat, Call Center, 
Sales, and Inbound. These channels exhibit consistent 
performance across two analyzed periods, suggesting 
their strategic placement within the student journey. 
In Table 5 the results are showcased by contrasting 
the percentage of conversions ascribed to each chan-

nel utilizing the Markov model with two convention-
al rule-based methods: First Touch and Last Touch. 
The presented percentages illustrate the conversions 
allocated to each channel, accompanied by supple-
mentary details on removal effects (% RE). 

The effectiveness of Emails, Call Centers, and 
Sales likely arises from their proximity to the enroll-
ment decision. These touchpoints cater to students 
nearing the final stages, offering crucial support and 
addressing last-minute inquiries that solidify enroll-
ment choices. Conversely, Live Chat functions as a 
student-initiated touchpoint, ideal for those who 
have already identified their educational needs and 
actively seek information (de Haan et al., 2016).

The Inbound channel plays a vital role by guiding stu-
dents throughout their entire journey, from initial career 
exploration to starting classes. This holistic approach 
aligns with Kumar et al. (2018)’s findings on the signifi-
cant impact of firm-generated content (offered through 
Inbound channels) on conversions. The Inbound chan-
nel likely synergizes with email, social media, and SEO 
channels, fostering brand awareness and nurturing 
leads throughout the decision-making process.

To further explore these dynamics, as suggested 
by the distinction between CIC and FIC, we can ag-
gregate the attribution results. Channels primarily 
driven by customer initiative include Live Chat, In-
bound, Social IG, Direct, and SEO. Conversely, chan-
nels like Email, Call Center, Sales, Messages, and Ads 
are predominantly firm-initiated. An analysis of the 
Period 2 data reveals a compelling insight: while 
CICs constitute the majority of touchpoints by vol-
ume (58.55% as shown in Table 4), the FIC channels 
collectively account for a larger share of the attribut-
ed conversions (approximately 61 vs. 39% for CICs). 
This highlights a critical tension: the student journey 
is largely driven by the prospect’s own exploration, 
but strategic, firm-initiated interventions at key mo-
ments are disproportionately effective in securing 
the final conversion.

Beyond this core group of consistently high-per-
forming channels, the findings also reveal a nota-
ble dynamic among a secondary set of touchpoints. 
A group of digitally-centric channels (including Social 
IG, Promotion, Messages, and Ads) saw their attribut-
ed contribution to conversions grow between the two 
periods. Conversely, channels more reliant on part-
nerships or in-person engagement, such as Affiliate 
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programs, Events, and Referrals, received a diminish-
ing portion of the attribution. This divergence among 
lower-attribution channels suggests an adaptive shift 
in the HEI’s marketing tactics, possibly influenced 
by evolving student preferences or the operation-
al constraints of Period 2, which coincided with the 
COVID-19 pandemic.

The Markov model offers a significant advantage 
over traditional First Touch and Last Touch models by 
providing a more balanced view of channel impact. 
First Touch models tend to overestimate the impor-
tance of initial interactions (Email, Inbound) while un-
dervaluing Sales and Messages—crucial touchpoints 
closer to conversion. Conversely, Last Touch models 
overemphasize the impact of final interactions (sales, 
social media). The Markov model addresses these 
limitations by considering the sequential nature of 
touchpoints and their cumulative influence on enroll-
ment decisions.

An important consideration when interpreting 
attribution models is the potential endogeneity of 
firm-initiated touchpoints (Kannan et  al., 2016). 
CRM and marketing automation systems strategical-

ly target students with a higher propensity to enroll. 
This  targeted approach results in increased FIC for 
students further along the journey, potentially influ-
encing attribution results.

Brand-owned channels consistently hold a dom-
inant position in driving conversions. This highlights 
the importance of a strong brand presence across 
various touchpoints. Interestingly, social touchpoints 
associated with marketing actions involving digital in-
fluencers (Affiliate channel) exhibited a decrease. De-
spite this decline, the Affiliate channel still achieved 
results comparable to online advertising or events in 
the initial period, suggesting its potential effective-
ness with a smaller investment.

A practical tool for quantifying channel impact 
within the Markov chain attribution model is the 
“Removal Effects” metric (Anderl et al., 2016; Archak 
et al., 2010). This metric estimates the impact of re-
moving specific channels from the customer journey 
on the conversion rate. For instance, removing the 
email channel could potentially lead to a dramatic 
drop in conversions. This hypothetical scenario offers 
a quantifiable measure of each channel’s significance, 

Table 5. Results for the attribution model.

Channels
Period 1 Period 2

Markov graph 
(4th) (%)

First Touch 
(%)

Last Touch 
(%)

Markov graph 
(4th) (%)

First Touch 
(%)

Last Touch 
(%)

EMAIL 19.61 26.32 19.72 17.22 20.53 13.81

LIVE CHAT 12.93 15.14 14.37 14.71 16.61 16.55

CALL CENTER 17.41 13.09 31.19 14.14 13.37 15.72

SALES 9.23 5.39 7.96 12.91 7.46 18.61

INBOUND 13.57 12.58 9.06 12.13 15.44 6.22

SOCIAL IG 2.71 1.17 5.89 5.71 2.14 16.07

PROMOTION 4.14 3.35 4.05 5.41 3.85 4.44

AD 3.74 5.11 1.35 4.71 7.03 1.89

MESSAGES 3.64 1.14 2.36 4.17 1.83 4.49

DIRECT 3.85 4.36 0.00 2.86 4.29 0.00

SEO 2.34 3.36 0.00 2.29 3.00 0.00

EVENTS 2.81 3.60 2.37 2.10 3.00 1.98

OTHERS 0.45 0.20 0.16 0.70 0.21 0.16

AFFILIATE 3.04 4.72 1.52 0.46 0.77 0.06

SOCIAL OTHERS 0.23 0.28 0.00 0.30 0.26 0.00

REFERRAL 0.31 0.19 0.00 0.18 0.22 0.00
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providing marketers with a clear understanding of 
how individual channels contribute to the overall en-
rollment success.

In conclusion, this analysis demonstrates the ef-
fectiveness of a data-driven approach to quantifying 
channel impact within the student enrollment jour-
ney. By identifying key channels and their influence 
throughout the journey, HEIs can optimize marketing 
strategies and resource allocation to maximize enroll-
ment outcomes. The insights gleaned from the Mar-
kov chain model, particularly the removal effects met-
ric, empower marketers to prioritize channels with 
the most significant impact on student enrollment.

FINAL REMARKS

This research introduces a novel data-driven at-
tribution model that leverages individual customer 
journey data to assess the effectiveness of marketing 
channels and assign value to various touchpoints. Con-
ducted as a case study of a Brazilian HEI, the research 
analyzes a substantial dataset—662,838 online and of-
fline touchpoints from 185,631 customer journeys.

The analysis yields valuable insights into two key 
areas of consumer journey research, which in turn 
provide a clear foundation for the managerial contri-
butions discussed subsequently:
1.	 Tangible Marketing Performance: The study re-

veals that Email, Live Chat, Call Center, Sales, and 
Inbound channels are the primary drivers of enroll-
ment, collectively accounting for over 70% of con-
versions across two analyzed periods. This aligns 
with de Haan et al. (2016)’s findings on the prom-
inence of CICs compared to FICs. The dominance 
of brand-owned touchpoints (over 80% in Period 
2) underscores the importance of a strong brand 
presence throughout the student journey;

2.	 Evolving Customer Journeys: By comparing re-
sults from two periods, the study revealed that 
the average customer journey duration leading 
to enrollment increased significantly (from 3.8 to 
7.8 months), and online channels like Instant Mes-
saging (+217%), Social Media (+117%), and Email 
(+106%) experienced a substantial rise in touch-
point volume.

The research strongly advocates for data-driven 
multi-touch attribution models as a superior meth-

od for evaluating touchpoints across the custom-
er journey and their impact on conversion rates. 
This approach aligns with Tueanrat et al. (2021), who 
emphasize the value of data-driven methods in un-
derstanding consumer behavior dynamics along the 
path to conversion. These models, like the one em-
ployed in this study, share common features:
•	 Inclusion of multiple touchpoints;
•	 Individual-level data utilization;
•	 Consideration of overlapping touchpoint effects;
•	 Dynamic touchpoint value allocation through cus-

tom computational techniques;
•	 Potential for cross-channel and cross-plat-

form analysis.

The study further demonstrates the limitations of 
single-touch models by comparing their results to the 
multi-touch model. As documented in prior research, 
single-touch models yield inaccurate results, espe-
cially for complex and lengthy customer journeys. 
The model in this study, drawing on data from thou-
sands of individual journeys, offers a reliable picture 
of touchpoint interactions based on actual consumer 
behavior. This approach provides empirical support 
for the argument that data-driven models are pow-
erful tools for enhancing our understanding of the 
Customer Journey.

Additionally, the findings are aligned with Kannan 
and Kulkarni (2022), demonstrating the increasingly 
shifting to online channels as replacements for tradi-
tional offline purchases due the extended period of 
pandemic restrictions. This adaptation has fostered 
the development of new decision marking routines, 
ultimately reducing the barriers to accessing online 
and mobile channels.

The primary contribution of this research to the 
field lies in demonstrating that models based on data 
collected throughout the customer journey—and 
which account for all marketing touchpoints—achieve 
superior performance in identifying the specific con-
tribution of each channel.

Managerial contributions

Integrate the customer journey into strategic planning

Marketing and sales strategies should be struc-
tured around the customer journey, which encom-
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passes pre-purchase, purchase, and post-purchase 
interactions. This long-term perspective enables 
institutions to foster meaningful relationships with 
prospective students. The customer journey should 
be understood as part of a broader relationship mar-
keting framework, incorporating principles such as 
customer experience, satisfaction, loyalty, and cus-
tomer centricity. These concepts collectively enhance 
the effectiveness of marketing initiatives and support 
higher enrollment conversion rates. 

Systematically map and monitor touchpoints

Effective customer journey management requires 
early identification and mapping of key touchpoints 
and phases. Institutions must determine where and 
how customers interact with the brand, who initiates 
contact, and which channels are under institutional 
control. Implementing mechanisms to register and 
analyze these interactions—such as CRM systems—
enables the collection of user-level data. These data 
is essential for understanding channel usage, journey 
duration, and touchpoint sequences, thereby facil-
itating more accurate and actionable insights. Fur-
thermore, an attribution model makes these insights 
more powerful by prioritizing data collection. It pin-
points the most valuable data sources (such as Live 
Chat and Inbound in our study), ensuring that mon-
itoring resources are concentrated on the channels 
that truly drive the journey.

Optimize and evolve through iterative improvements

Customer journey management is an ongoing, it-
erative process that demands continuous refinement. 
Each touchpoint influences customer perception and 
can have synergistic or antagonistic effects on con-
version outcomes. Therefore, touchpoints should 
be planned to deliver a coherent, cross-channel ex-
perience. Attribution models, when grounded in a 
well-defined customer journey framework, can pro-
vide valuable insights into touchpoint effectiveness. 
However, without a solid theoretical foundation and 
structured data, such models risk producing mislead-
ing or non-actionable results. Institutions should aim 
for incremental improvements, integrating technical 
and organizational capabilities over time. A robust 
model makes this improvement process manageable 

and data-driven. It identifies the handful of channels 
driving the majority of conversions (as the five in our 
study did), allowing managers to focus high-impact 
optimization efforts—such as A/B testing, script re-
finement, or UX improvements—precisely where 
they will yield the greatest return.

Research limitations and future studies

The research acknowledges limitations related to 
the contextual interpretation of Markov chain mod-
els and the generalizability of findings to other HEIs. 
Future investigations could explore simplified Shap-
ley Value algorithms (Mahboobi et al., 2018) or delve 
into machine learning approaches (Li et al., 2018; Pat-
tanayak et al., 2022). Additionally, the model could be 
extended to examine the relationship between stu-
dents and the HEI brand, analyzing the influence of 
touchpoints on loyalty, brand engagement, and word-
of-mouth recommendations. Bergamo et  al. (2010) 
highlight that the HEI customer journey is shaped 
not only by utilitarian factors but also by brand per-
ception and relational bonds. Future studies could 
integrate attitudinal data based on self-reported sur-
veys (Kumar et  al., 2018) to capture these relation-
al aspects. By incorporating these refinements and 
expanding the scope of analysis, this research paves 
the way for a more comprehensive understanding of 
student enrollment journeys and empowers HEIs to 
optimize marketing strategies for maximizing enroll-
ment success.
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