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Abstract- Advances in multi-channel attribution 

(MCA) modeling have become pivotal in optimizing 

marketing return on investment (ROI), especially 

within the dynamic context of emerging economies. 

Traditional attribution models, such as last-click or 

first-touch, often fail to capture the complexity of 

consumer journeys that span multiple digital and 

offline channels. As emerging markets experience 

rapid digital transformation and increasing 

consumer access to varied media platforms, the need 

for robust, data-driven attribution frameworks 

becomes more pronounced. Recent developments in 

data analytics, machine learning, and artificial 

intelligence (AI) have enabled the construction of 

sophisticated MCA models that offer granular 

insights into channel effectiveness, temporal 

influence, and user interactions. These models allow 

marketers to allocate budgets more efficiently by 

accurately assessing the contribution of each 

touchpoint toward conversion. In emerging 

economies, where marketing budgets are often 

constrained and consumer behavior exhibits 

significant heterogeneity, the implementation of 

advanced MCA techniques can be a game-changer. 

The integration of real-time data sources such as 

mobile usage, social media engagement, and e-

commerce transactions enhances the precision of 

attribution metrics and supports agile marketing 

strategies. Moreover, innovations in probabilistic 

and algorithmic attribution models, such as Markov 

chains and Shapley value-based approaches, further 

empower marketers to understand non-linear 

pathways and synergistic channel effects. Despite 

these advancements, several challenges remain, 

including data fragmentation, limited technological 

infrastructure, and a shortage of analytical talent. 

Nonetheless, the trajectory of MCA modeling in 

emerging economies is promising, driven by growing 

investment in analytics capabilities and increasing 

demand for accountability in marketing 

expenditures. This review explores these advances 

and evaluates their implications for enhancing 

marketing ROI in diverse, rapidly evolving markets. 

By leveraging cutting-edge attribution 

methodologies, businesses in emerging economies 

can unlock deeper customer insights, optimize cross-

channel performance, and achieve more sustainable 

growth in competitive digital environments. 
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Attribution, Modeling, Enhancement, Marketing, 
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I. INTRODUCTION 

 

Marketing return on investment (ROI) is a critical 

metric used to evaluate the efficiency and 

effectiveness of marketing expenditures. However, in 

emerging economies, measuring and enhancing 

marketing ROI presents numerous challenges due to 

economic volatility, infrastructural disparities, 

fragmented data ecosystems, and rapidly evolving 

consumer behaviors (Adekunle et al., 2021; 

Chukwuma-Eke et al., 2021). Companies operating in 

these regions often face limited access to high-quality 

data, constrained marketing budgets, and a lack of 

advanced technological infrastructure. These factors 

collectively hinder their ability to accurately assess the 



© DEC 2021 | IRE Journals | Volume 5 Issue 6 | ISSN: 2456-8880 

IRE 1708473          ICONIC RESEARCH AND ENGINEERING JOURNALS 361 

performance of marketing initiatives and allocate 

resources optimally (Oyedokun, 2019; Elujide et al., 

2021). Moreover, the digital transformation underway 

in many emerging markets characterized by increased 

smartphone penetration, social media usage, and e-

commerce activity has introduced further complexity 

in tracking and analyzing consumer interactions across 

multiple channels (Elujide et al., 2021; Agho et al., 

2021). 

Understanding the customer journey in this context is 

more important than ever. Consumers in emerging 

economies frequently interact with brands through a 

combination of offline and online channels, including 

television, radio, retail stores, websites, mobile apps, 

and social media platforms (Kolade et al., 2021; 

Egbuhuzor et al., 2021). These multi-touchpoint 

journeys make it difficult to determine which channels 

are most influential in driving conversions. A nuanced 

understanding of this journey is essential for marketers 

seeking to tailor their strategies, engage consumers 

effectively, and ultimately improve ROI. Traditional 

attribution models, such as last-click or first-touch, 

oversimplify the decision-making process and often 

misrepresent the true contribution of each channel 

(Ajayi and Osunsanmi, 2018; James et al., 2019). 

To address these limitations, multi-channel attribution 

modeling (MCAM) has emerged as a transformative 

tool in modern marketing analytics. MCAM involves 

assigning credit to various marketing channels based 

on their relative contribution to desired outcomes, 

such as purchases or sign-ups (Abimbade et al., 2017; 

Olanipekun, 2020). It provides a more holistic and 

accurate view of how different touchpoints work 

together to influence consumer decisions. By 

incorporating real-time data and advanced analytics, 

MCAM enables businesses to allocate marketing 

budgets more effectively and design campaigns that 

align with actual consumer behavior (Akinyemi and 

Ojetunde, 2020; Adelana and Akinyemi, 2021). 

Recent advances in MCAM, particularly those driven 

by data science and machine learning, have opened 

new avenues for enhancing marketing ROI. Machine 

learning algorithms such as Markov models, Shapley 

value methods, and deep learning frameworks can 

process vast amounts of data to reveal complex, non-

linear relationships between touchpoints (Akinyemi, 

2013; Famaye et al., 2020). These approaches allow 

for dynamic attribution, which considers the sequence, 

timing, and interaction effects of various channels. As 

such, they provide marketers with actionable insights 

into which strategies yield the highest returns and how 

to optimize future investments (Adeniran et al., 2016; 

Akinyemi and Ebimomi, 2020). 

Advances in multi-channel attribution modeling 

(MCAM), including data-driven and machine 

learning-based approaches, offer significant potential 

to enhance marketing ROI in emerging economies by 

providing deeper insights into consumer behavior 

across multiple touchpoints (Aremu and Laolu, 2014; 

Akinyemi and Ojetunde, 2019). These models not only 

help overcome the unique challenges posed by 

fragmented markets and limited resources but also 

enable a more strategic and informed allocation of 

marketing efforts. As emerging economies continue to 

digitize and expand their consumer bases, the adoption 

of sophisticated MCAM frameworks will be vital for 

businesses seeking to remain competitive and achieve 

sustainable growth (Adewoyin, 2021; Dienagha et al., 

2021). 

II. METHODOLOGY 

This study adopted the PRISMA (Preferred Reporting 

Items for Systematic Reviews and Meta-Analyses) 

methodology to conduct a comprehensive and 

systematic review of the literature on multi-channel 

attribution modeling (MCAM) and its application in 

enhancing marketing ROI, with a specific focus on 

emerging economies. The review process followed the 

four-stage PRISMA flow: identification, screening, 

eligibility, and inclusion. 

In the identification stage, a thorough search was 

conducted across major academic databases, including 

Scopus, Web of Science, IEEE Xplore, ScienceDirect, 

and Google Scholar. The search terms used included 

combinations of keywords such as “multi-channel 

attribution,” “marketing ROI,” “emerging 

economies,” “machine learning in marketing,” and 

“customer journey analytics.” Articles published 

between 2013 and 2024 were considered to ensure 

contemporary relevance, given the rapid technological 

developments in marketing analytics. A total of 482 

records were identified after removing duplicates. 
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During the screening phase, titles and abstracts were 

reviewed to assess relevance to the research 

objectives. Studies were excluded if they focused 

solely on developed economies, were not written in 

English, or did not provide empirical or theoretical 

insights into attribution modeling or marketing ROI. 

This step reduced the pool to 176 potentially relevant 

studies. 

In the eligibility stage, the full texts of the remaining 

articles were reviewed to determine alignment with the 

study’s inclusion criteria. Eligible studies had to meet 

the following requirements: (1) relevance to MCAM, 

(2) focus on marketing ROI optimization, (3) context 

involving emerging or transitional markets, and (4) 

application or discussion of data-driven or machine 

learning approaches. Following this review, 68 articles 

were deemed eligible for final analysis. 

The final inclusion consisted of 52 studies that 

provided substantial insights into MCAM approaches, 

their technological underpinnings, and applications in 

emerging markets. These included peer-reviewed 

journal articles, conference proceedings, and select 

industry reports that met the rigor and relevance 

criteria. The review synthesizes findings to identify 

key trends, methodological advancements, challenges, 

and opportunities related to enhancing marketing ROI 

through MCAM in emerging economies. 

2.1 Background and Importance of Marketing ROI in 

Emerging Economies 

Marketing return on investment (ROI) is a critical 

performance metric that quantifies the effectiveness 

and efficiency of marketing expenditures in generating 

revenue or achieving strategic objectives. In emerging 

economies, where resource constraints and rapidly 

evolving market conditions are common, optimizing 

marketing ROI is both essential and challenging 

(Oluokun, 2021; Ogunnowo et al., 2021). Unlike 

developed markets, emerging economies often present 

a unique combination of institutional, technological, 

and consumer behavior complexities that complicate 

the accurate measurement and strategic application of 

marketing ROI. 

One of the central challenges in measuring marketing 

ROI in emerging economies is the lack of consistent 

and reliable data. Many businesses in these regions, 

particularly small and medium enterprises (SMEs), 

operate without formal marketing analytics systems or 

integrated data infrastructures (OJIKA et al., 2021; 

Oyeniyi et al., 2021). As a result, they rely heavily on 

manual tracking or anecdotal evidence to gauge the 

effectiveness of campaigns. This creates a fragmented 

view of marketing performance, where decision-

makers are unable to accurately attribute outcomes to 

specific marketing initiatives. Additionally, cultural 

diversity, language differences, and varying levels of 

digital literacy further complicate the process of 

standardizing marketing measurements across 

different consumer segments. 

Simultaneously, the growing importance of digital 

marketing in emerging economies has created both 

opportunities and new measurement challenges. With 

the expansion of internet access, mobile device usage, 

and social media penetration, digital channels have 

become indispensable tools for reaching and engaging 

consumers (Chima et al., 2021; Fredson et al., 2021). 

Countries like India, Nigeria, Indonesia, and Brazil 

have seen exponential growth in online users, 

transforming how consumers discover, interact with, 

and purchase products. This digital transformation 

offers a wealth of behavioral data that can, in theory, 

be leveraged to improve marketing ROI. However, the 

ability to capture, integrate, and analyze this data 

remains inconsistent across regions due to 

infrastructural gaps and a shortage of skilled data 

professionals. 

Several factors contribute to the difficulty of 

optimizing marketing ROI in emerging economies. 

One key factor is the fragmented media landscape. 

Unlike in more developed regions where media 

channels are highly consolidated and data-rich, 

emerging markets often rely on a combination of 

traditional and digital platforms, including community 

radio, local newspapers, outdoor advertising, mobile 

messaging, and regional social media platforms 

(Chima and Ahmadu, 2019; Okolie et al., 2021). 

These diverse channels vary widely in their reach, 

engagement levels, and data transparency, making it 

difficult to perform unified campaign assessments. 

Another major factor is the heterogeneity of consumer 

behavior. Emerging markets are characterized by wide 

socio-economic disparities, multilingual populations, 
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and rapidly shifting consumer preferences. These 

dynamics demand highly localized and adaptive 

marketing strategies, which in turn complicate efforts 

to generate consistent ROI metrics (Okolie et al., 

2021; Isibor et al., 2021). A campaign that performs 

well in one urban center may fail to gain traction in a 

nearby rural area, despite similar investments. 

Therefore, understanding local consumer journeys and 

their interaction with multiple marketing channels is 

crucial for accurate ROI attribution. 

Furthermore, limited data availability and quality 

continue to hinder effective marketing ROI analysis. 

Even with increased digital engagement, the absence 

of integrated customer databases, inconsistent data 

standards, and low adoption of customer relationship 

management (CRM) tools undermine the ability to 

build robust attribution models. Privacy concerns and 

regulatory environments may also restrict data 

collection and sharing, further limiting insights into 

campaign performance (Fredson et al., 2021). 

Despite these challenges, improving marketing ROI in 

emerging economies is of paramount importance. 

Given the budgetary constraints faced by many 

businesses and the high competition for consumer 

attention, ensuring that every marketing dollar is spent 

effectively can determine market success or failure. 

Moreover, better marketing ROI analysis enables 

more strategic decision-making, encouraging firms to 

invest in the most productive channels and tailor 

content to the most receptive audiences (Kusumawati, 

2019; Jönsson and Zahn, 2018). 

While marketing ROI measurement in emerging 

economies is fraught with structural and contextual 

challenges, the rise of digital marketing provides new 

avenues for data-driven optimization. Addressing 

issues such as fragmented media, consumer 

heterogeneity, and limited data infrastructure will be 

essential in unlocking the full potential of marketing 

investments. As these markets continue to grow and 

mature, the importance of developing accurate and 

adaptable ROI measurement frameworks will only 

increase (Veilleux et al., 2018; Silva et al., 2020). 

 

 

2.2 Evolution of Multi-Channel Attribution Modeling 

(MCAM) 

Multi-Channel Attribution Modeling (MCAM) refers 

to the analytical process of assigning value to each 

marketing channel or touchpoint that contributes to a 

desired consumer action, such as a purchase or lead 

conversion. As consumer journeys become 

increasingly complex and fragmented across digital 

and offline platforms, the ability to accurately attribute 

outcomes to specific marketing efforts has become 

crucial for businesses striving to optimize return on 

investment (ROI) (Reinartz et al., 2019; Klein et al., 

2020). The evolution of MCAM reflects a significant 

shift from simplistic, rule-based models to more 

sophisticated, data-driven, and machine learning (ML) 

techniques designed to capture the nuances of cross-

channel consumer behavior. 

Initially, marketers relied on traditional attribution 

models such as first-touch, last-touch, and linear 

attribution. The first-touch model assigns full credit 

for the conversion to the very first interaction a 

customer has with a brand. Conversely, the last-touch 

model credits the final interaction before the 

conversion, regardless of prior engagements (Ren et 

al., 2018; Yuvaraj et al., 2018). These models are easy 

to implement and interpret, but they drastically 

oversimplify the customer journey by ignoring all 

intermediate touchpoints. The linear attribution model 

attempts to address this limitation by distributing equal 

credit across all touchpoints in a consumer’s path. 

While this approach recognizes multi-step 

engagement, it still fails to account for the differential 

impact of specific interactions based on timing, 

sequence, or context. 

Recognizing the limitations of rule-based models, the 

marketing analytics field began to shift towards more 

data-driven attribution models. These models use 

historical customer journey data to determine the 

actual contribution of each touchpoint. A prominent 

technique includes Markov chain models, which 

examine the probability of conversion following each 

interaction and assess the drop-off rate when a 

particular channel is removed (Hamad et al., 2018; Wu 

et al., 2019). Another sophisticated approach is the 

Shapley value method, derived from cooperative game 

theory, which distributes credit based on the marginal 
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contribution of each channel across all possible 

combinations of touchpoints. These models provide a 

more accurate reflection of channel performance and 

enable marketers to make data-backed decisions. 

With the growing availability of big data and 

computational power, machine learning techniques 

have further transformed MCAM. ML algorithms, 

including logistic regression, decision trees, and deep 

learning neural networks, can capture non-linear 

interactions, time decay effects, and behavioral 

patterns across massive datasets (Hossain and 

Muhammad, 2018; Ngiam and Khor, 2019). These 

models are dynamic and adaptive, learning 

continuously from new data to refine attribution 

accuracy. Machine learning thus marks a leap forward 

from static rules to dynamic, predictive modeling. 

The advantages of advanced attribution models are 

profound. They allow businesses to accurately track 

cross-channel consumer behavior, identifying the true 

impact of marketing activities on conversions. Unlike 

simplistic models, advanced attribution frameworks 

consider the order, frequency, recency, and interaction 

effects of different touchpoints. This granular view 

supports smarter budget allocation, more targeted 

campaign design, and the personalization of customer 

experiences (Anshari et al., 2019; Anny, 2020). 

A key advancement in MCAM is the integration of 

offline and online channels into unified attribution 

frameworks. Consumers do not operate within siloed 

environments; they may see a billboard, receive a 

promotional flyer, visit a website, and later complete a 

purchase in-store (Wijaya, 2020; Luck et al., 2020). 

Traditional digital-only attribution fails to capture 

these offline influences, leading to incomplete or 

skewed analysis. Integrating data from offline sources 

such as point-of-sale systems, call centers, and event 

tracking with online interactions enables a holistic 

understanding of the customer journey. This omni-

channel perspective is essential, especially in 

emerging economies where offline interactions still 

play a dominant role in consumer decision-making. 

MCAM has evolved from rigid, rule-based approaches 

to sophisticated, data-intensive methodologies 

powered by machine learning. These advances have 

significantly enhanced marketers’ ability to track and 

understand complex, multi-touchpoint consumer 

behaviors. As digital and offline touchpoints continue 

to converge, the ability to integrate and analyze all 

forms of interaction will remain central to maximizing 

marketing ROI and driving business growth (Dahl et 

al., 2018; Hallikainen et al., 2019). 

2.3 Technological Advancements in Multi-Channel 

Attribution 

The digital transformation sweeping across the global 

economy has significantly impacted marketing 

practices, particularly in how businesses evaluate the 

effectiveness of their strategies. One of the most 

crucial developments in this domain is the 

technological advancement of Multi-Channel 

Attribution Modeling (MCAM). Driven by 

innovations in machine learning (ML), artificial 

intelligence (AI), and big data analytics, modern 

MCAM systems enable marketers to assign value to 

various consumer touchpoints with higher precision 

and adaptability than ever before (Deepika, 2019; 

Reddy et al., 2020). These technologies are especially 

critical in emerging economies, where rapid 

digitization, diverse consumer behavior, and 

fragmented markets demand nuanced and agile 

marketing approaches as shown in figure 1. 

Figure 1: Recent Advances in Attribution Modeling 

Machine learning and AI have revolutionized MCAM 

by allowing for the automated detection of patterns 

and relationships within vast datasets. Unlike 

traditional attribution models that rely on fixed rules, 

ML algorithms can process complex sequences of 

consumer interactions and dynamically assess the 

contribution of each channel to a final conversion. 

Techniques such as decision trees, support vector 

machines, and neural networks are used to identify the 

nonlinear, time-sensitive effects of marketing stimuli 

(Zhu et al., 2018; Fong et al., 2020). AI systems can 
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learn from historical data to improve attribution 

accuracy and even predict future consumer behavior 

based on evolving engagement trends. This 

adaptability is vital in emerging markets where 

consumer preferences and digital usage patterns shift 

rapidly. 

One of the most transformative technological 

capabilities in MCAM is real-time data analysis, 

which allows businesses to update attribution 

assessments as new data is collected. Dynamic 

attribution models, powered by streaming analytics 

platforms and cloud-based infrastructures, enable the 

continuous monitoring of consumer interactions 

across various digital channels (Li et al., 2018; García 

et al., 2020). This real-time capability supports more 

agile decision-making, such as adjusting campaign 

strategies or re-allocating budgets in response to live 

performance metrics. For example, if a spike in social 

media engagement is followed by increased 

conversions, a real-time model can immediately signal 

marketers to capitalize on the momentum by 

intensifying related outreach efforts. 

Another cornerstone of technological advancement in 

MCAM is the integration of consumer data from 

multiple touchpoints, including social media 

platforms, mobile applications, websites, email 

campaigns, and even offline interactions. The 

proliferation of digital engagement channels has 

created a wealth of consumer behavior data that can 

now be aggregated and analyzed using customer data 

platforms (CDPs), customer relationship management 

(CRM) systems, and data lakes (Hollebeek and 

Macky, 2019; Kihn and O'Hara, 2020). This integrated 

approach enables marketers to construct a 

comprehensive view of each consumer journey, 

linking diverse actions into a coherent narrative that 

informs strategic decision-making. For instance, a 

customer may interact with a brand via Instagram, 

download its mobile app, visit its e-commerce site, and 

eventually convert through an email offer. Only 

through integrated data collection and analysis can the 

value of each step be correctly understood and 

optimized. 

Technological advancements in MCAM have already 

yielded measurable success in several emerging 

economies, highlighting their practical relevance and 

transformative potential. In Brazil, the fintech 

company Nubank has effectively used advanced 

attribution models to track customer acquisition 

sources and refine digital ad spend. By combining 

mobile app data, website visits, and social media 

engagement, Nubank has increased ROI and reduced 

customer acquisition costs in a highly competitive 

market (Sirota and Fratini, 2018; Jeník et al., 2020). 

Similarly, in India, e-commerce giants like Flipkart 

and Paytm employ machine learning-driven 

attribution systems to optimize marketing strategies 

across regional languages, varied customer segments, 

and diverse platforms, achieving improved targeting 

and user retention. In Nigeria, telecom companies 

have started integrating AI-based attribution models 

with mobile data analytics to understand how digital 

campaigns influence SIM card purchases and data plan 

upgrades. These insights have allowed firms to tailor 

promotions by region and user behavior, enhancing 

campaign efficiency and market penetration. 

Technological advancements are reshaping the 

landscape of MCAM, particularly through the 

integration of AI, real-time analytics, and cross-

channel data unification (Lim and Srai, 2018; Choi et 

al., 2020). These innovations offer marketers in 

emerging economies unprecedented tools to 

understand and influence complex consumer journeys. 

As the digital ecosystem continues to expand, 

leveraging these technologies will be critical for 

organizations aiming to maximize marketing ROI and 

maintain competitive advantage in fast-growing 

markets. 

2.4 Challenges of Implementing MCAM in Emerging 

Economies 

Multi-Channel Attribution Modeling (MCAM) has 

emerged as a critical tool in modern marketing, 

offering businesses the ability to measure the 

effectiveness of various consumer touchpoints in the 

path to conversion (Gaur and Bharti, 2020; Nass et al., 

2020). While MCAM has demonstrated significant 

potential in advanced economies, its implementation 

in emerging economies faces a distinct set of 

challenges. These barriers stem from infrastructural 

limitations, fragmented consumer behavior, 

technological disparities, and the difficulty of adapting 

global models to local market dynamics as shown in 
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figure 2. Understanding these challenges is essential 

for contextualizing the adoption and effectiveness of 

MCAM in emerging regions such as Sub-Saharan 

Africa, South Asia, and Latin America. 

Figure 2: Specific Challenges in Emerging 

Economies 

One of the most pressing challenges in implementing 

MCAM in emerging economies is limited access to 

quality data, often due to underdeveloped digital 

infrastructure. Reliable attribution modeling requires 

granular, consistent, and real-time data from various 

sources, including websites, mobile applications, 

social media, customer relationship management 

(CRM) systems, and offline transactions. However, in 

many developing regions, businesses still rely on 

outdated or manual systems for customer tracking, 

leading to data silos and inconsistencies. Furthermore, 

internet outages, limited access to cloud computing, 

and a lack of skilled data professionals compound the 

problem, resulting in poor data collection and 

integration (Malik and Om, 2018; Skafi et al., 2020). 

Without comprehensive data, even the most advanced 

attribution models will yield flawed or incomplete 

insights. 

Another key issue is the fragmentation of consumer 

behavior across digital and traditional channels. In 

emerging economies, the customer journey is often 

more erratic and non-linear than in developed markets. 

Consumers may receive marketing messages through 

television, radio, billboards, or word of mouth, while 

also interacting via SMS, social media, and mobile 

apps. Many of these channels especially offline ones 

are difficult to track accurately, making it challenging 

to capture a unified view of the customer experience. 

Moreover, the reliance on shared devices, multiple 

SIM cards, or informal purchasing mechanisms further 

disrupts the ability to link data to individual users, 

complicating attribution accuracy (O’Dwyer, 2019; 

Ghosh and O’Neill, 2020). 

Variability in internet penetration and technology 

adoption adds another layer of complexity to MCAM 

deployment in these regions. While urban areas in 

countries like India, Nigeria, or Brazil are rapidly 

digitizing, rural populations still experience limited 

internet access and inconsistent mobile connectivity. 

This digital divide means that consumer data is 

unevenly distributed, creating biases in attribution 

models that rely heavily on online interactions. 

Additionally, consumers in these markets often 

display different behaviors based on region, language, 

literacy level, and socioeconomic status, necessitating 

a flexible approach to modeling that many 

standardized MCAM tools do not currently offer 

(Kumar et al., 2018; Sima et al., 2020). 

The final challenge is the difficulty of adapting 

advanced attribution models to localized market 

conditions. Most modern attribution tools are 

developed in and for digitally mature economies, 

using assumptions and algorithms optimized for well-

connected, data-rich environments. Applying these 

models directly to emerging economies may lead to 

inaccurate or misleading results due to the distinct 

market structures, customer behaviors, and technology 

ecosystems (Lehdonvirta et al., 2019; Hamed and El-

Deeb, 2020). Moreover, the lack of technical expertise 

and budget constraints often limits the customization 

of attribution tools, reducing their effectiveness in 

addressing local marketing goals. 

While MCAM holds significant promise for 

enhancing marketing return on investment in 

emerging economies, its implementation is fraught 

with context-specific challenges. Limited 

infrastructure, fragmented and diverse consumer 

behavior, inconsistent access to digital technologies, 

and the lack of tailored attribution models make it 

difficult for marketers to fully leverage its potential 

(Bolton et al., 2018; Dredge et al., 2019). Overcoming 

these challenges will require investment in digital 

infrastructure, education and training for data 

professionals, and the development of flexible 

attribution systems that can be adapted to localized 

conditions. Only through such targeted interventions 
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can the benefits of MCAM be realized across diverse 

and rapidly evolving emerging markets. 

2.5 Opportunities for Enhancing Marketing ROI with 

MCAM in Emerging Economies 

Emerging economies are experiencing a 

transformative shift in consumer behavior driven by 

digital adoption, mobile connectivity, and increased 

access to online services. Amidst this evolution, Multi-

Channel Attribution Modeling (MCAM) presents a 

powerful opportunity for marketers to maximize the 

effectiveness of their investments (Lewis, 2019; 

Hanna, 2019). By capturing and analyzing data across 

various consumer touchpoints, MCAM enables 

organizations to better allocate budgets, understand 

customer journeys, and develop more personalized 

and impactful marketing strategies. In emerging 

markets, where resources are often limited and 

competition is intensifying, the implementation of 

MCAM can significantly enhance marketing return on 

investment (ROI) (Mavilia and Pisani, 2020; Pham et 

al., 2020). 

One of the foremost opportunities offered by MCAM 

is the optimization of marketing budget allocation 

(Scheller, 2019; Bradley, 2019). Traditional marketing 

in emerging economies often relies on guesswork or 

simplistic metrics to distribute spending across 

channels. MCAM, however, uses data-driven insights 

to identify which channels whether social media, 

mobile apps, SMS, email, or television are most 

effective at influencing conversions. This granular 

visibility allows marketers to reallocate budgets 

toward high-performing touchpoints while 

minimizing spend on underperforming ones 

(Burroughs and Berger, 2018; Dietz et al., 2018).  

A second key benefit is the ability to gain a more 

accurate understanding of customer behavior, which is 

especially crucial in markets characterized by diverse 

demographics and consumption patterns. Emerging 

economies often feature significant variations in 

language, culture, purchasing power, and technology 

use. MCAM captures detailed information across 

touchpoints, revealing patterns such as preferred 

devices, peak engagement times, and popular content 

formats (Shi et al., 2018; Fernández, 2020). These 

insights help marketers tailor strategies to specific 

audience segments. By aligning strategies with real 

behavioral data, companies can increase marketing 

effectiveness and customer satisfaction (Ilmudeen et 

al., 2019; Kuokkanen and Sun, 2020). 

MCAM also facilitates improved personalization and 

customer experience, which are critical drivers of 

brand loyalty in competitive markets. Attribution 

insights reveal not only what channels customers use 

but also how and when they use them (Nisar and 

Yeung, 2018; Haggag et al., 2019). This allows for the 

creation of individualized customer journeys, where 

messages are timed and tailored to specific 

preferences. A brand in Brazil, for instance, could use 

MCAM to identify that a user typically engages via 

Instagram Stories in the evening and prefers discounts 

on weekend purchases. With this information, the 

brand can deliver highly relevant content at the right 

moment, enhancing the consumer experience and 

increasing the likelihood of conversion. As emerging 

market consumers become more digitally savvy, the 

demand for personalized and seamless experiences 

will grow, making MCAM a crucial enabler of 

competitive advantage (Shukla and Nigam, 2018; 

Nam and Kannan, 2020). 

Furthermore, MCAM supports the development of 

integrated, cross-channel marketing campaigns that 

improve customer engagement (Leinonen, 2018; 

Mainardes et al., 2020). Unlike siloed marketing 

approaches that treat each channel independently, 

MCAM encourages a holistic view of the consumer 

journey. Marketers can design campaigns that flow 

seamlessly from one platform to another such as a 

YouTube ad leading to a landing page, followed by a 

follow-up email or app notification ensuring 

consistent messaging and greater impact. In markets 

like Nigeria or Indonesia, where consumers often 

switch between multiple platforms throughout the day, 

the ability to maintain cohesive engagement is 

especially valuable. Effective cross-channel 

orchestration not only enhances campaign 

performance but also reinforces brand recognition and 

trust (Höcker et al., 2018; Prosper, 2020). 

Multi-Channel Attribution Modeling holds immense 

promise for enhancing marketing ROI in emerging 

economies (Cui et al., 2019; Ailawadi and Farris, 

2020). By enabling precise budget allocation, 

revealing deeper insights into consumer behavior, 
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facilitating personalized experiences, and supporting 

coordinated multi-platform campaigns, MCAM 

equips businesses to navigate the complexities of fast-

evolving markets (Navarro, 2018; Haga et al., 2019). 

As digital infrastructure continues to improve and data 

becomes more accessible, the strategic application of 

MCAM will be instrumental in unlocking new growth 

opportunities and building lasting customer 

relationships in these dynamic environments. 

2.6 Marketers in Emerging Economies 

As marketing ecosystems in emerging economies 

become increasingly complex and digitalized, the role 

of Multi-Channel Attribution Modeling (MCAM) in 

optimizing marketing strategies has grown in 

significance (Kähönen, 2020; Zhe et al., 2020). 

However, fully leveraging MCAM requires more than 

access to software or basic data; it demands a strategic 

commitment to building infrastructure, human capital, 

and localized solutions as shown in figure 3. To ensure 

that businesses in emerging markets can effectively 

implement and benefit from MCAM, several critical 

recommendations should be considered. These include 

investments in data infrastructure, the adoption of 

hybrid attribution models, collaboration with local 

technology firms, and the development of analytical 

capabilities within marketing teams (Ali et al., 2018; 

Wong et al., 2020). 

A foundational step for marketers in emerging 

economies is investing in robust data infrastructure 

and analytics capabilities. Effective MCAM depends 

on the collection, integration, and analysis of data 

from a wide variety of consumer touchpoints, 

including mobile apps, websites, social media 

platforms, SMS, and even offline channels like in-

store interactions or call centers (Kaila, 2020; 

Camilleri, 2020). Unfortunately, many businesses in 

developing regions face infrastructure challenges such 

as fragmented data systems, unreliable internet 

connectivity, or limited access to cloud-based 

technologies. By prioritizing investment in customer 

data platforms (CDPs), customer relationship 

management (CRM) systems, and scalable analytics 

tools, companies can begin to build the necessary 

ecosystem for MCAM (Castrounis, 2019; Hansen et 

al., 2020). In addition, ensuring secure data storage 

and compliance with local data privacy regulations is 

essential to maintaining consumer trust and 

operational sustainability. 

Secondly, businesses should consider adopting hybrid 

attribution models that combine traditional and 

advanced techniques. In many emerging markets, 

consumer behavior still spans both digital and 

traditional channels, making it impractical to rely 

solely on modern, machine learning-based attribution 

methods (Syam and Sharma, 2018; Berggren et al., 

2020). A hybrid approach incorporating rule-based 

models such as first-touch or last-touch alongside 

algorithmic or data-driven models can offer a more 

balanced view. This allows marketers to understand 

broad campaign effects while gradually transitioning 

toward more sophisticated models as data quality 

improves.  

Figure 3: Attribution Platforms and Vendors 

Another key recommendation is for marketers to 

collaborate with local technology firms and data 

scientists to develop region-specific attribution 

models. Off-the-shelf attribution solutions are often 

developed in Western contexts and may not account 

for the socio-economic, technological, and cultural 

nuances of emerging economies. Local tech partners 

can offer insights into regional media consumption 

patterns, mobile payment systems, and language 

preferences, making the attribution models more 

accurate and relevant (Dwyer et al., 2018; Smith, 

2019). In markets like India or Nigeria, where 

informal economies and vernacular content dominate, 

localized modeling is critical for meaningful ROI 

assessments. Moreover, such collaborations can 

stimulate innovation and capacity-building within 

local tech ecosystems. 

Lastly, to maximize the value of MCAM, it is vital to 

train marketing teams to interpret and act upon 
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attribution insights. Attribution models can produce 

complex datasets and visualizations that require a 

nuanced understanding of analytics, consumer 

psychology, and media planning (Alhadad, 2018; 

Berger et al., 2020). Without adequate training, teams 

may misinterpret the data, leading to ineffective 

strategy shifts or misallocation of resources. Regular 

workshops, certifications, and hands-on analytics 

sessions should be embedded into organizational 

learning programs. Additionally, fostering cross-

functional collaboration between data scientists, 

marketers, and decision-makers ensures that insights 

from MCAM translate into actionable strategies. 

Empowering marketers with the skills to understand 

both the technical and strategic implications of 

attribution data will lead to more agile, evidence-based 

decision-making (Alter, 2019; Cichosz et al., 2020). 

The adoption of MCAM in emerging economies 

presents a strategic opportunity to enhance marketing 

efficiency and customer engagement (Rudnick and 

Velasquez, 2018; Zaki, 2019). However, to fully 

realize its benefits, marketers must take deliberate 

steps to strengthen data infrastructure, embrace 

adaptable modeling approaches, collaborate with local 

innovators, and build internal expertise (Grover et al., 

2018; Wright et al., 2019). These recommendations 

not only support the successful implementation of 

MCAM but also contribute to the broader digital 

transformation of marketing in emerging markets, 

positioning businesses for sustainable growth in 

increasingly competitive environments. 

CONCLUSION 

Multi-Channel Attribution Modeling (MCAM) has 

emerged as a transformative tool for enhancing 

marketing Return on Investment (ROI), particularly 

within the dynamic and resource-constrained 

environments of emerging economies. By accurately 

tracking and evaluating the effectiveness of multiple 

marketing touchpoints, MCAM enables marketers to 

gain a comprehensive understanding of the customer 

journey, allocate budgets more efficiently, and tailor 

campaigns for greater impact. As marketing 

landscapes in developing regions grow increasingly 

complex due to digitalization and diverse consumer 

behaviors, the ability to attribute value accurately 

across channels becomes crucial for maximizing 

outcomes and minimizing waste. 

Technological advancements such as machine 

learning, artificial intelligence, and real-time analytics 

have significantly improved the precision and 

flexibility of MCAM. These innovations allow 

businesses to process vast amounts of data from 

various platforms ranging from mobile apps to social 

media and generate actionable insights. However, 

implementing MCAM in emerging economies 

presents unique challenges, including limited data 

infrastructure, fragmented consumer behavior, and 

disparities in internet access and digital literacy. 

Despite these obstacles, the opportunities are 

substantial. MCAM empowers firms to improve 

customer engagement, personalize experiences, and 

optimize marketing investments, thereby gaining a 

competitive edge in increasingly saturated markets. 

Looking forward, the future of MCAM in emerging 

economies is promising. As access to digital tools 

expands and data ecosystems mature, the potential for 

innovation and local adaptation will grow. Businesses 

must act now by adopting advanced attribution models 

and investing in robust analytics capabilities. Such 

investments will not only enhance marketing ROI but 

also foster long-term growth through data-driven 

decision-making. Ultimately, organizations that 

embrace the strategic value of MCAM will be better 

positioned to navigate the evolving consumer 

landscape and achieve sustainable success in their 

respective markets. 
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