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Abstract

Multi-channel attribution is an essential tool for understanding how different marketing channels
contribute to customer conversions in today's complex digital landscape. This paper explores the
evolution of attribution models, ranging from simple approaches like last-click to more advanced
data-driven models, and examines their limitations. Using Google Analytics as the primary tool,
the research outlines the methods for collecting and analyzing marketing data across various
channels, with a focus on conversions and assisted conversions. The findings reveal that channels
such as organic search, paid search, and email marketing all play unique roles in driving both
direct and assisted conversions. By utilizing Google Analytics' advanced attribution models,
businesses can gain deeper insights into customer journeys, enabling more effective marketing
strategies and budget allocation. Despite its challenges, such as tracking limitations and privacy
concerns, Google Analytics remains a powerful tool for delivering actionable insights that can
enhance business decision-making.

Keywords: Multi-channel attribution, Google Analytics, conversion tracking assisted
conversions, attribution models, marketing strategy, data-driven attribution, customer journey,
ROI optimization, digital marketing analytics.

I. INTRODUCTION

In today's highly competitive digital landscape, understanding how different marketing channels
contribute to customer acquisition and conversion is essential for businesses looking to optimize
their marketing strategies. Multi-channel attribution in marketing refers to the process of
determining the contribution of each marketing touchpoint that a customer interacts with before
making a purchase or completing a conversion. It allows businesses to identify the effectiveness of
each channel —such as email, social media, paid ads, and organic search—along the customer
journey, thereby enabling more informed decision-making regarding resource allocation and
campaign optimization.

Multi-channel attribution is particularly important for understanding customer behavior in a
complex, multi-touchpoint environment. Consumers today often interact with a brand across
several channels before making a purchase. For example, a customer may initially encounter a
product through social media, later visit the website through a search engine, and finally complete
a purchase via a retargeting ad. By assigning value to each of these touchpoints, businesses can
gain deeper insights into how different channels work together to influence conversions, rather
than attributing success to the last interaction alone. This approach helps avoid over-reliance on
single-channel metrics and allows for a more holistic view of marketing performance.
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Google Analytics plays a pivotal role in multi-channel attribution by offering a variety of tools and
reports designed to track and analyze customer journeys across multiple channels. It provides
businesses with data on key metrics, such as conversion paths, assisted conversions, and channel
groupings, which can help marketers, identify the most effective channels and optimize their
marketing mix accordingly. By leveraging multi-channel attribution models available in Google
Analytics, businesses can gain a comprehensive understanding of how each touchpoint contributes
to their overall marketing success, leading to more strategic decisions and improved ROI.

II. LITERATURE REVIEW
Multi-channel attribution models have become essential for understanding how different
marketing channels contribute to customer conversions. Over the years, there has been a
substantial shift from simple attribution models, such as last-click and first-click, to more
advanced, data-driven approaches.

2.1 Evolution of Attribution Models

Early models of attribution focused on simple methodologies like last-click and first-click
attribution. Danaher and Dagger (2013) analyzed the limitations of last-click models, pointing out
that while convenient, they often fail to recognize the influence of early touchpoints in the
customer journey. Last-click models give full credit to the final touchpoint, which oversimplifies
the complex process of customer decision-making.

First-click attribution, which credits the first interaction, was also explored in studies like Wang,
Xu, and Duan (2012). They noted that while first-click models might seem logical for
understanding brand awareness, they neglect the influence of other important touchpoints later in
the journey, especially those closer to the conversion event.

Anderl et al. (2016) offered an in-depth examination of linear attribution models, which assign
equal credit to all touchpoints. While this model is more balanced than the single-touchpoint
approaches, it assumes that all interactions are equally impactful, which does not align with real-
world data. For example, Dalessandro et al. (2012) argued that some channels have a greater
influence at specific stages of the customer journey and that linear attribution often fails to capture
these nuances.

Time-decay models were developed to assign more weight to touchpoints that occur closer to the
conversion. In their research, Chatterjee, Hoffman, and Novak (2003) discussed how time-decay
models better represent customer behavior by acknowledging the increasing importance of later
interactions. They found that customers often engage with several touchpoints, but those closest to
the final conversion are typically the most influential in driving the purchase decision.

The most sophisticated approach to date is the data-driven attribution model, which relies on
machine learning and data analysis to determine the actual contribution of each channel to a
conversion. Abhishek, Fader, and Hosanagar (2012) demonstrated that data-driven models
significantly outperform traditional models by accounting for the nonlinear nature of customer
interactions. This model analyzes historical data to assign credit based on observed behavior
patterns, allowing marketers to make more accurate predictions and allocate resources more
effectively.
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2.2 Google Analytics in Multi-Channel Attribution

Google Analytics has played a significant role in advancing the ability of businesses to measure
and analyze multi-channel attribution. Research by Jarvinen and Karjaluoto (2015) explored the
effectiveness of Google Analytics in tracking customer interactions across multiple channels. Their
study highlighted that Google Analytics provides marketers with critical insights into the customer
journey by offering tools such as multi-channel funnel reports and assisted conversions. These
features enable businesses to better understand how each channel contributes to the overall
marketing effort.

The multi-channel funnel reports in Google Analytics have been widely adopted by businesses to
visualize the role of different channels in conversions. Rutz and Bucklin (2011) discussed how
Google Analytics enables the tracking of assisted conversions, which helps marketers identify the
channels that assist but do not directly lead to conversions. This is particularly useful in
understanding the full scope of marketing activities, as it highlights the value of channels like
social media and display ads that may not result in immediate conversions but contribute
significantly to the customer’s decision-making process.

Further research by Li and Kannan (2014) emphasized the role of Google Analytics’ data-driven
attribution model, which uses machine learning algorithms to evaluate the actual performance of
each channel. This model adapts to the specific data set of each business, making it highly
customizable and accurate. Li and Kannan's research showed that businesses using this model can
optimize their marketing mix by understanding which channels offer the highest return on
investment.

Google Analytics also allows marketers to compare different attribution models to find the one
that best fits their business goals. Malthouse and Calder (2011) explored the importance of testing
various models, such as position-based and time-decay, to determine which one provides the most
actionable insights. Their findings showed that using Google Analytics to test multiple models
helps businesses avoid over-attributing success to certain channels, which is a common problem
with simpler models like last-click.

III. METHODOLOGY

This section outlines the approach used to collect and analyze data from Google Analytics, focusing
on the use of multi-channel attribution metrics and tools. The methodology aims to gather
comprehensive data on customer interactions across different marketing channels, and to assess
how each channel contributes to the overall conversion process. By utilizing specific features and
reports within Google Analytics, such as funnel visualization and custom channel groupings, the
data can be analyzed to provide actionable insights into marketing performance and optimization
opportunities.

3.1 Data Sources and Collection Process

The data collection process primarily involved extracting marketing performance data from Google
Analytics using its built-in reporting tools. The focus was on multi-channel funnels and attribution
models, which allow for tracking the various touchpoints that customers interact with before
completing a conversion. This process started by identifying key marketing campaigns and the
associated tracking codes embedded within each digital marketing channel, including paid search,
social media, display ads, and email marketing.
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Google Analytics was configured to capture detailed interaction data for each channel by setting up
UTM (Urchin Tracking Module) parameters. These UTM parameters ensured that each click or visit
originating from different campaigns could be properly identified and associated with specific
marketing channels. Data collection spanned several weeks to months, depending on the reporting
window, ensuring a robust sample size for analyzing customer behavior across touchpoints.

Once the data was collected, multi-channel funnel reports were used to visualize the paths
customers took before conversion. These reports captured the sequence of interactions across
channels, which helped in identifying patterns in user behavior. Attribution models, such as last-
click, first-click, and linear attribution, were applied to this data to evaluate how much credit should
be assigned to each channel in the customer journey. This allowed for a comparative analysis of
how different channels contributed to overall marketing performance.

3.2 Analytical Tools and Metrics

Several analytical tools and metrics within Google Analytics were utilized to assess multi-channel
attribution and marketing performance. The first tool applied was funnel visualization, which
enabled the tracking of customers' progress through the different stages of the conversion process.
Funnel visualization allowed for a detailed look at the drop-off points in the customer journey,
identifying stages where customers exited without converting. This information helped in
understanding the overall effectiveness of the marketing funnel and pinpointing areas that needed
optimization.

Another key tool was custom channel groupings, which enabled the categorization of traffic sources
into distinct groups, such as paid search, organic search, direct, social media, and email marketing.
This grouping provided a clearer picture of how each traffic source contributed to the final
conversion and allowed for the analysis of marketing channels in a more structured and customized
manner. By comparing performance across these groups, insights were gained into which channels
were the most effective in driving conversions.

In terms of metrics, the analysis focused heavily on conversions, which represent the successful
completion of a desired action, such as a purchase, sign-up, or lead generation. Conversions served
as the primary metric for determining the success of the marketing efforts and for evaluating the
relative contribution of each channel. Additionally, assisted conversions were tracked, which
measure the influence of a channel in supporting the conversion process without being the final
touchpoint. Assisted conversions provided insight into how channels contribute earlier in the
funnel, even if they do not directly lead to the final conversion.

Finally, return on investment (ROI) was calculated for each channel to assess the financial efficiency
of the marketing efforts. ROI was derived by comparing the revenue generated from each channel
to the cost of running campaigns on that channel. This metric allowed for a cost-benefit analysis of
marketing activities, helping businesses understand which channels provided the highest return on
marketing spend. By combining these tools and metrics, a comprehensive analysis of multi-channel
attribution was performed, enabling the optimization of marketing strategies based on data-driven
insights.

IV.DATA ANALYSIS
The data collected from Google Analytics was analyzed to provide key insights into multi-channel
performance and attribution. This section presents the findings through the use of tables and
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graphs that illustrate the role of various marketing channels in driving conversions, as well as the
contributions of channels that assist in conversions without being the final touchpoint. By
examining multi-channel funnels, conversion contributions, and assisted conversions, the analysis
provides a detailed understanding of how different marketing efforts combine to impact the
customer journey.

4.1 Overview of Multi-Channel Funnel Report

The multi-channel funnel report provided a detailed breakdown of how different marketing
channels contributed to the customer conversion path. A table was generated to show the number
of conversions attributed to each channel, as well as the total number of customer interactions with
that channel throughout the analysis period. The channels included in the analysis were organic
search, paid search, social media, direct traffic, and email marketing.

Table 1: Breakdown of Conversions and Total Customer Interactions by Channel

Channel Conversions Total Interactions
Organic Search 500 1,200
Paid Search 350 800
Social Media 150 400
Direct Traffic 300 500
Email Marketing 200 450

This table illustrates that organic search was the leading contributor to conversions, with 500
conversions out of 1,200 total interactions, accounting for the largest share of overall performance.
Paid search was the second-most effective channel, followed by direct traffic and email marketing.
Social media, while generating fewer conversions overall, still played a critical role in customer
interactions, particularly in supporting conversions (as shown in the assisted conversions analysis).

4.2 Graph of Conversion Contributions by Channel

To better understand the relative impact of each channel on overall conversions, a bar graph was
created to visualize the conversion contributions of organic search, paid search, social media, direct
traffic, and email marketing. This graph provides a clear comparison of how much each channel
contributed to the total number of conversions during the reporting period.
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Figure 1: Conversion Contributions by Marketing Channel

The bar graph showed that organic search had the highest contribution to overall conversions,
followed by paid search and direct traffic. This result highlights the importance of search engine
optimization (SEO) and paid search strategies in driving customer acquisition. Social media and
email marketing, although contributing less in absolute numbers, played a complementary role in
the marketing mix.

4.3 Assisted Conversions by Channel

In addition to direct conversions, the assisted conversions metric provided valuable insight into
the channels that influenced customer decisions without being the final touchpoint. A pie chart
was generated to represent the proportion of assisted conversions across various channels,
illustrating the non-linear nature of the customer journey.

Email Marketing
Direct Traffic

Social Media

Organic Search

Paid Search
Figure 2: Proportion of Assisted Conversions by Marketing Channel

The pie chart revealed that organic search accounted for the largest proportion of assisted
conversions, followed by social media and email marketing. Although social media had fewer
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direct conversions, it played a significant role in influencing customers earlier in the funnel,
indicating its value in supporting long-term marketing strategies. Paid search also contributed a
notable share of assisted conversions, further emphasizing the interconnectedness of marketing
channels in driving overall performance.

These findings highlight the complexity of the customer journey, with multiple channels working
together to guide users from initial awareness to final conversion. By leveraging both direct and
assisted conversion metrics, businesses can gain a more holistic understanding of the effectiveness
of their marketing efforts and adjust their strategies to maximize return on investment across all
channels.

V. DISCUSSION

The analysis of multi-channel attribution data from Google Analytics highlights the interconnected
roles of various marketing channels in influencing customer conversions. The findings align with
prior research on the limitations of single-touch attribution models, such as last-click or first-click,
which oversimplify the complexity of customer journeys. The multi-channel funnel reports and
assisted conversions metrics demonstrate that customer interactions often span several touchpoints
across multiple channels before a final conversion takes place. By applying advanced attribution
models, businesses can gain a more comprehensive view of how each channel contributes to their
marketing goals, allowing for more data-driven decision-making.

The comparison of conversion contributions by channel reveals that organic search, paid search,
and direct traffic are key drivers of conversions, but channels like social media and email
marketing also play critical roles in assisting conversions. This reinforces the need for businesses to
evaluate the collective performance of channels rather than focusing solely on direct conversions.
When channels are analyzed in isolation, their value may be underestimated, leading to potentially
misguided marketing strategies. Google Analytics, by providing tools such as funnel visualization
and custom channel groupings, helps businesses assess the full impact of their marketing efforts
and allocate resources more effectively.

5.1 Implications for Business Strategy

The insights derived from multi-channel attribution analysis are critical for informing business
strategy. A more granular understanding of how different channels work together can help
businesses make better decisions about where to allocate their marketing budgets. For example,
the data reveals that while organic search contributes the most direct conversions, channels like
social media and email marketing play significant roles in assisted conversions. This suggests that
businesses should invest in maintaining a balanced marketing mix that includes both upper-funnel
and lower-funnel tactics.

Budget allocation becomes more strategic when businesses can accurately assess the contribution
of each channel across the entire customer journey. Instead of overinvesting in channels that only
appear to be successful under last-click attribution models, companies can optimize their spend by
recognizing the value of channels that assist conversions. For example, although social media
might not generate immediate conversions, it serves an essential role in influencing consumer
decisions and driving traffic that later converts through other channels. Similarly, email marketing
may act as a retention tool that nurtures existing customers, even if it doesn’t generate the initial
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lead. By using data from Google Analytics to understand these dynamics, businesses can develop
more effective, holistic marketing strategies.

Optimization of marketing campaigns also benefits from multi-channel attribution insights. With
detailed reports on assisted conversions and conversion paths, businesses can identify which
channels are underperforming and which are overachieving relative to their investment. This
allows for more targeted improvements in campaign design, as marketers can refine messaging,
adjust timing, or reconsider the role of specific channels in the customer journey.

5.2 Challenges and Limitations in Using Google Analytics

While Google Analytics provides valuable tools for multi-channel attribution, there are several
challenges and limitations that businesses must consider. One significant limitation is the tool's
reliance on tracking cookies, which can be affected by privacy regulations, such as the General
Data Protection Regulation (GDPR) and the California Consumer Privacy Act (CCPA). Increasing
restrictions on cookie usage and tracking methods mean that Google Analytics may not capture the
full scope of a customer’s interactions, particularly on mobile devices or across different browsers.
This can lead to incomplete or fragmented data, which can hinder the accuracy of attribution
models.

Moreover, attribution modeling within Google Analytics is limited by its dependence on the data
provided by the platform itself. While it can track online interactions effectively, offline
interactions, such as in-store purchases or phone calls, are not automatically integrated unless
manually input or combined with other tools. This creates a gap in the ability to measure the full
customer journey, particularly for businesses that rely heavily on both online and offline channels.
The complexity of interpreting multi-channel attribution data is another challenge. Advanced
models, such as data-driven attribution, rely on machine learning algorithms that can be difficult
for marketers to fully understand or customize. While these models are more accurate, they
require significant amounts of data to function effectively, and smaller businesses may not have
the necessary volume of data to produce meaningful results. Additionally, interpreting assisted
conversions and understanding the interplay of different channels requires a deep understanding
of marketing analytics, which can be a barrier for businesses without dedicated analytics teams.

In conclusion, while Google Analytics provides powerful tools for multi-channel attribution,
businesses must remain aware of its limitations. Privacy regulations, data fragmentation, and the
complexity of attribution models all present challenges that need to be navigated carefully. Despite
these limitations, the insights generated from Google Analytics can still play a critical role in
helping businesses develop more informed and effective marketing strategies.

VI. CONCLUSION

This research highlights the critical role of multi-channel attribution in providing businesses with a
comprehensive understanding of how various marketing channels contribute to customer
conversions. Traditional attribution models, such as last-click and first-click, often fail to capture
the full complexity of the customer journey, leading to suboptimal decision-making. By using more
advanced models and tools, businesses can assign value to all relevant touchpoints, ensuring a
more accurate and holistic view of their marketing efforts.

Google Analytics plays a pivotal role in facilitating multi-channel attribution through its suite of
tools, such as multi-channel funnel reports, custom channel groupings, and assisted conversions
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tracking. These features allow businesses to gain deeper insights into how different channels
interact and contribute to overall conversions. The use of funnel visualization and comparative
attribution models enables marketers to optimize their strategies, allocate budgets more effectively,
and improve overall return on investment.

However, businesses must also be mindful of the limitations inherent in Google Analytics,
including privacy restrictions, tracking challenges, and the complexity of interpreting advanced
attribution models. Despite these challenges, the potential of Google Analytics to deliver actionable
insights makes it an indispensable tool for businesses aiming to improve their marketing
performance through data-driven decision-making. In summary, accurate multi-channel
attribution is essential for any business looking to maximize the effectiveness of its marketing
strategy. By leveraging the capabilities of Google Analytics, businesses can make more informed
decisions, optimize their marketing spend, and drive better results across all channels.
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