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ABSTRACT

This review paper delves into the application of Marketing Mix Modeling (MMM) and A/B testing strategies for
ROI optimization across various marketing platforms. The objective of the study is to examine how modern
methodologies like AGILE statistical approaches, multivariate testing, and machine learning (ML) can enhance
marketing decisions and improve ROI efficiency. Several studies highlight the shift in marketing strategies where
resource allocation is optimized, personalized ad campaigns are employed, and seasonal and demographic trends
are leveraged to increase conversions. The review covers the role of MMM in assessing the effectiveness of digital
and traditional channels, as well as the comparative impact of various ad formats, such as video, carousel, and
image-based advertising. In parallel, A/B testing is shown to be a powerful tool for conversion optimization,
particularly when integrated with conversion funnels, dynamic pricing, and personalized marketing efforts.
Specific techniques, including AGILE methods and the application of statistical tests like z-tests, have
demonstrated that smaller sample sizes can still yield statistically significant results more quickly, providing
marketers with real-time insights into campaign effectiveness. Overall, this paper examines how marketers are
increasingly adopting sophisticated tools and data-driven strategies to dynamically allocate resources, ensure
precision in campaign analysis, and ultimately enhance return on investment. The review also outlines how the
combination of traditional methodologies and newer, data-intensive approaches can address the limitations of
earlier models and provide actionable insights.

KEYWORDS: A/B Testing, AGILE Statistical Methods, Bayesian Models, Conversion Optimization, Dynamic
Budget Allocation, Digital Marketing, Machine Learning, Marketing Mix Modeling, Multivariate Testing, ROI
Modeling.

1. INTRODUCTION
Digital marketing (DM) has become a pivotal strategy for businesses, especially in sectors like hospitality, where
customer engagement plays a critical role. In recent years, platforms like Facebook Ads have revolutionized how
businesses, including restaurants, promote themselves. Specifically, hidden kitchens—businesses without a
traditional storefront—have been increasingly relying on digital marketing to gain visibility and drive sales.
Unlike traditional restaurants, these businesses need to put in extra effort to optimize their digital marketing
strategies in order to reach a broader audience and achieve higher return on investment (ROI) [1].

The rapid growth of digital platforms has significantly altered consumer behavior. With the widespread use of the
internet and social media, consumers are now more informed, demanding, and connected than ever before. As the
authors of [2], the internet has accelerated the pace of change, enabling consumers to adopt new technologies
quickly. This shift has led businesses to rethink their marketing strategies, particularly in how they allocate
resources across different channels. Unlike traditional marketing, digital marketing allows for real-time
measurement of campaign effectiveness, offering an unprecedented opportunity to optimize marketing efforts
based on data.

E-commerce has been one of the biggest beneficiaries of this shift. By 2030, e-commerce was expected to account
for approximately 17% of global retail sales [3]. This trend was further accelerated by the COVID-19 pandemic,
which forced businesses to adopt digital strategies more quickly. Within this digital landscape, platforms like
Facebook have emerged as effective tools for increasing sales. Studies, such as those by the authors of [4],
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highlight that Facebook Ads are particularly effective for reaching younger demographics (18-35 years), with a
significant portion of users purchasing products directly from ads.

For businesses, particularly those in the restaurant industry, understanding how to measure the ROI of digital
marketing campaigns is crucial. The authors of [5] emphasize the importance of adopting a results-driven
approach when assessing marketing spend, which requires businesses to move beyond creative metrics and
consider financial returns. In this context, tools like Marketing Mix Modeling (MMM) and A/B Testing become
essential for optimizing digital marketing strategies and ensuring that marketing budgets are allocated effectively
to maximize ROI.

2. MARKETING MIX MODELING (MMM) AND ITS ROLE INOPTIMIZING ROI
Marketing Mix Modeling (MMM) is a sophisticated statistical technique that helps businesses assess the
effectiveness of various marketing activities and understand how different factors contribute to sales and overall
ROI [6]. At its core, MMM is a tool that enables businesses to determine the return they are getting on their
marketing investments by analyzing historical data. It examines how different components of a company’s
marketing mix—such as advertising, pricing, distribution channels, promotions, and more—affect sales
performance.

2.1 Overview of Marketing Mix Modeling

MMM typically relies on large datasets, often involving sales figures, advertising spend, and other relevant market
data, to build predictive models. By identifying correlations between these factors and sales outcomes, MMM
enables businesses to optimize their marketing strategies. The technique uses statistical methods such as
regression analysis, which helps isolate the impact of individual marketing activities while controlling for external
variables like economic conditions, seasonality, or competitive actions.

For example, if a restaurant is running Facebook Ads, conducting email marketing campaigns, and offering
discounts, MMM can assess the relative effectiveness of each of these marketing tactics in driving customer
engagement and increasing sales. By evaluating the contribution of each marketing element to sales, businesses
can adjust their strategies to maximize ROI [7].

MMM is particularly useful for companies with significant marketing expenditures, as it allows them to
understand not just which channels work best, but also the optimal amount of budget allocation across those
channels. The ability to track ROI is one of the main advantages that digital marketing offers over traditional
marketing, where measuring the direct impact of ad spend can be much more challenging.

2.2 How Marketing Mix Modeling Works
The process of MMM typically involves several steps [8] [9]:

o Data Collection: The first step is gathering relevant data, which may include sales data, historical ad
spend data (on platforms like Facebook), customer behaviour data, and other external variables that could
influence sales, such as seasonality or macroeconomic factors.

e Building the Model: Once the data is collected, statisticians use advanced regression analysis to create a
model that can explain how various marketing activities influence sales. This model helps determine the
magnitude of impact each marketing tactic (advertising, promotions, pricing, etc.) has on sales
performance.

e Analysis and Optimization: The results of the model provide insights into which marketing strategies are
driving the most sales. For example, MMM might reveal that Facebook Ads are more effective at driving
sales during weekends but less effective during weekdays. Based on this insight, businesses can optimize
their marketing spend by focusing more on Facebook Ads during weekends, and less on weekdays,
leading to a more efficient allocation of resources.

e Predictive Capabilities: A key feature of MMM is its ability to predict future outcomes based on historical
data. Once a reliable model is developed, it can be used to forecast the potential impact of different
marketing strategies, helping businesses make data-driven decisions for future campaigns.
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2.3 Significance of MMM in ROI Optimization

MMM's main value lies in its ability to help businesses allocate their marketing budgets in a way that maximizes
returns. By understanding which channels and tactics deliver the highest ROI, businesses can avoid wasteful
spending on ineffective campaigns and instead invest in the most profitable ones.

For example, in the case of Facebook Ads, MMM can reveal whether certain audience segments (e.g., age groups,
interests, geographic locations) are driving better conversion rates than others. A restaurant using Facebook Ads
may find that their ads targeted at people aged 18-35, living within a 5-mile radius, have higher conversion rates
than those targeting a broader demographic. With this information, the restaurant can tailor its campaigns more
effectively to reach the right people, improving the overall ROI on ad spend [9].

The ability to quantify the effectiveness of each marketing channel is especially important in today’s multichannel,
data-driven marketing landscape. Businesses often use a combination of digital and traditional marketing
strategies, and MMM allows them to understand how these different strategies interact with each other and
contribute to overall sales. This comprehensive view of the marketing mix helps optimize the entire marketing
strategy, not just individual tactics.

2.4 Benefits of MMM for Restaurants and Hidden Kitchens
For businesses like hidden kitchens—restaurants that operate without physical storefronts—MMM offers several
key benefits [10]:

e Increased Visibility into Marketing Effectiveness: Hidden kitchens typically rely heavily on digital
channels, particularly social media platforms like Facebook, to reach customers. MMM helps these
businesses determine which online channels (Facebook, Instagram, Google Ads, etc.) are providing the
highest returns. It can also show which ad formats (video, carousel, image ads) are working best in
driving sales.

e  Optimizing Ad Spend: Since hidden kitchens usually have limited marketing budgets, MMM helps them
make the most out of every dollar spent on digital marketing. By analyzing the effectiveness of various
ad campaigns, the restaurant can ensure that its limited resources are being spent on the most profitable
marketing strategies.

e Adjusting for External Factors: Hidden kitchens often face external challenges such as seasonality (e.g.,
more orders in winter) or economic changes (e.g., during a recession). MMM helps these businesses
account for such factors in their marketing models, ensuring that their strategies remain adaptable to
changing market conditions.

e Personalizing Marketing Efforts: With MMM, restaurants can tailor their marketing messages more
effectively. For instance, if MMM reveals that Facebook Ads targeting young adults (18-30) with time-
limited offers drive the highest engagement, the restaurant can increase focus on creating similar offers
for this demographic. Personalized ads that resonate with specific audiences can improve conversion
rates, leading to higher ROI.

e Long-Term Strategic Insights: MMM is not just about optimizing short-term campaigns; it also provides
valuable insights for long-term marketing strategy. Hidden kitchens can use MMM to identify trends and
shifts in consumer behaviour, allowing them to adjust their marketing strategies for sustained growth
over time.

2.5 Limitations and Challenges of MMM
While MMM is a powerful tool, there are several limitations and challenges that businesses should be aware of
when applying it to optimize ROI [11]:

e Data Availability and Quality: The effectiveness of MMM relies heavily on the availability of high-
quality data. Small businesses like hidden kitchens may struggle to collect enough data on consumer
behaviour, sales, or ad performance, making it harder to build an accurate model.

e Complexity of Implementation: Implementing MMM can be resource-intensive, requiring specialized
knowledge in statistics and data analysis. For small businesses without a dedicated analytics team, the
process of setting up and maintaining an MMM model can be daunting.
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e Changes in Consumer Behaviour: The fast pace of change in consumer behaviour, especially in digital
marketing, means that MMM models need to be regularly updated to remain relevant. If businesses don't
refresh their models regularly, the insights they provide may become outdated.

o External Factors: MMM attempts to account for external variables, but it may not always be able to fully
capture the impact of unforeseen events, such as a pandemic or a sudden market disruption. In such cases,
other analytical methods may be needed to supplement MMM.

Marketing Mix Modeling provides invaluable insights for businesses looking to optimize their marketing spend
and maximize ROI. By analyzing historical data and predicting the impact of various marketing tactics, MMM
helps businesses make informed decisions about where to allocate their budgets. For restaurants, particularly
hidden kitchens, using MMM enables them to navigate the complex world of digital marketing more efficiently
and effectively, ultimately leading to improved financial performance. Despite some challenges, MMM remains
a crucial tool in the arsenal of any data-driven marketer seeking to boost ROI.

3. A/B TESTING FOR ENHANCED ROI
AJB testing, or split testing, is one of the most effective methods to make data-driven decisions in marketing and
product design. By comparing two or more variations of a single marketing element—whether it’s an
advertisement, landing page, email campaign, or even a pricing model—businesses can identify which approach
yields the best results. This iterative approach ensures that investments in marketing efforts lead to measurable
and optimal returns, making it a vital tool for enhancing Return on Investment (ROI) [12].

3.1 Overview of A/B Testing
A/B testing involves dividing an audience into two or more groups and exposing each group to a distinct version
of the marketing variable under test. The primary goal is to evaluate which variation leads to improved
performance on predefined metrics such as conversion rates, click-through rates, or sales.
For instance, a hidden kitchen might test two ad headlines on social media:

e Version A: “Order Fresh Meals Delivered to Your Doorstep!”

e  Version B: “Get Gourmet Meals at Home—Order Now!”
The version generating higher clicks or conversions is deemed more effective, and its elements are applied in
future campaigns.

3.2 The Importance of A/B Testing in ROI Optimization
In the data-driven marketing landscape, A/B testing provides businesses with a scientific framework to optimize
strategies. Here’s why it is indispensable [13]:
e Data-Driven Insights: Decisions are based on quantifiable evidence rather than intuition.
o Improved Conversion Rates: Continuous testing ensures incremental improvements, leading to better
outcomes over time.
o Efficient Resource Allocation: Testing ensures that resources are invested in strategies with proven
effectiveness.
o Enhanced Customer Experience: Iterative improvements align campaigns with audience preferences,
leading to higher engagement and satisfaction.

3.3 How A/B Testing Works
The process of conducting an A/B test can be broken into several structured steps:
Step 1: Define the Objective
The first step is to clearly articulate what you aim to achieve. Are you optimizing click-through rates, reducing
bounce rates, or increasing purchases? This clarity ensures that the test remains focused and actionable.
Step 2: Select the Variable to Test
Choose a single variable for each test to isolate its impact. Common variables include:
e Ad copy or creative elements (e.g., static vs. video ads).
e CTA placement, color, or wording.
e Email subject lines and personalization elements.
Example: A hidden kitchen might test two website layouts to determine which one drives more online food orders.
Step 3: Develop Variations
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Create the different versions of the variable while ensuring all other elements remain constant. For example:
e Version A: Traditional layout with text-based testimonials.
e Version B: Modern layout with video testimonials.
Step 4: Randomly Assign Audiences
Divide your audience into equal-sized groups randomly to avoid selection bias.
Step 5: Run the Test and Collect Data
Deploy the test across live platforms. Use tools like Google Optimize, Facebook Ads Manager, or Optimizely to
monitor the performance of each version in real-time.
Step 6: Analyze Results
Once the test concludes, compare the performance of each version using predefined KPIs such as click-through
rates (CTR), bounce rates, or purchases.

3.4 Mathematical Formulation in A/B Testing
The effectiveness of A/B testing can be quantified using statistical tests. One commonly used method is the z-test
for proportions, which compares the conversion rates of the two variations.
Let:

e p,: Conversion rate of Version A

e pg: Conversion rate of Version B

e ny,: Sample size for Version A

e ng: Sample size for Version B
The test statistic z is calculated as:

(ps — Pa)

\[p(l -p) (n—lA + %)

7z =

1
Where p is the pooled conversion rate:
Ny Pat7Np-DPp
h ny +ng
(2)
The z-value is then compared to a critical value from the standard normal distribution (e.g., £1.96 for a 95%
confidence level) to determine if the difference between p, and py is statistically significant.
Example Application: A hidden kitchen runs a test on two email subject lines:
e Version A achieves a conversion rate (p4) of 5% with a sample size (n,) of 1,000.
e Version B achieves a conversion rate (pg) of 7% with a sample size (ng) of 1,000.
Plugging these into the formulas, the business calculates whether the difference in performance is statistically
significant.

3.5 Real-Life Applications of A/B Testing

e Social Media Ads: A hidden kitchen tests two ad formats—one with a carousel of dishes (Version A)
and another with a single video (Version B). After running the test, the video format (Version B) results
in a 20% higher conversion rate, guiding future campaigns [14].

e Website Optimization: A fast-food chain tests a homepage with a "Quick Order" button (Version A)
against one featuring a "Meal Deals" section (Version B). Results show that Version A leads to a 30%
increase in order completions [14].

e Email Marketing: Two subject lines are tested for an email blast [14]:

o Version A: “Limited Time: 20% Off on All Orders!”
o Version B: “Don’t Miss Out—Exclusive Meal Deals Await!”
o Version A achieves a significantly higher open rate, improving overall campaign ROI.

3.6 Challenges and Limitations of A/B Testing
Despite its advantages, A/B testing has limitations [14]:
e Sample Size Requirements: Small audiences may lead to inconclusive results, making it harder for
small businesses to leverage A/B testing effectively.
e Time Investment: Tests may take weeks to yield actionable data, delaying decision-making.
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e Narrow Scope: Testing one variable at a time slows broader optimization.

e External Influences: Seasonality, competitor activities, or global events can skew results.

e Misinterpretation of Results: Without proper statistical knowledge, businesses risk drawing incorrect
conclusions.

3.7 Future Trends in A/B Testing
Emerging technologies are reshaping A/B testing, making it more accessible and insightful [14]:
e Al and Machine Learning: Automated tools can predict outcomes, suggest variations, and optimize
campaigns in real time.
e Multivariate Testing: Advanced approaches allow simultaneous testing of multiple variables,
providing deeper insights.
e  Personalization at Scale: Dynamic content testing enables businesses to tailor messaging for specific
audience segments.
A/B testing is a cornerstone of data-driven marketing, offering businesses a methodical way to test, analyze, and
refine their strategies. The integration of mathematical rigor, as demonstrated through statistical tests, ensures that
decisions are backed by reliable data. For hidden kitchens and digital-first businesses, this approach not only
enhances ROI but also builds stronger customer relationships through tailored and effective campaigns.

4. LITERATURE REVIEW
Table 1: Comprehensive Review of Recent Advances in Marketing Mix Modeling and A/B Testing for ROl Optimization

Ref. Objective Methodology Key Findings Implications

No.

[15] | To evaluate ROI Regression analysis with | Reallocation of funds from Suggests dynamic budget
optimization by diminishing return curves | saturated channels (TV) to allocation based on ROI
reallocating budgets for TV, search, and radio | underutilized ones (search) trends for sustained
across marketing channels increased net revenue profitability.
channels

[16] | To develop a robust AGILE statistical AGILE reduced sample size | Improves resource
framework for efficient | methods with A/B test and provided faster efficiency in A/B testing,
AJ/B testing in CRO design calculators statistical significance applicable to ad copy and

compared to fixed-horizon landing page
testing optimizations.

[17] | To analyze the Bayesian models TV and digital media Highlights the
contribution of digital integrating consumer exhibit complementary importance of cross-
and traditional purchase data and media | effects; combining them channel synergy for
marketing channels spend yields higher ROI than maximizing marketing

using them independently effectiveness.

[18] | To account for Seasonal regression Seasonal peaks contributed Suggests aligning
seasonality in models comparing year- 30% more ROI when marketing budgets with
marketing mix analysis | round versus peak-season | marketing spend was seasonal demand

media spends adjusted accordingly fluctuations for optimal
performance.

[11] | To measure the Click-through and Video ads achieved 25% Encourages a balance
comparative conversion rate analysis higher engagement but between engaging
effectiveness of across video, carousel, lower ROI due to higher content and cost-
different digital ad and image ads on production costs effectiveness in digital
formats Facebook marketing.

[13] | To evaluate Comparison of z-tests Z-tests showed higher Improves precision in
methodologies for and t-tests in A/B testing | reliability in detecting small | evaluating campaign
statistical testing in conversion differences in effectiveness.
marketing decision- marketing campaigns
making

[20] | To develop a Multi-touch attribution Over-attribution to first Emphasizes
framework for accurate | models touchpoints distorted ROI comprehensive
ROI attribution across calculations attribution modeling to
channels avoid biased budget

decisions.
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[21] | To study evolving ROI | Analysis of ad TikTok showed rapid ROI Insights into
patterns on social performance data from growth among Gen Z, while | demographic-based
media platforms Facebook, Instagram, and | Instagram remained strong platform preferences for

TikTok for Millennials more effective targeting.

[22] | To enhance the Application of ML ML models outperformed Recommends
predictive accuracy of | algorithms like Random traditional regression in incorporating ML in
MMM Forest and Gradient predicting sales outcomes MMM for nuanced

Boosting predictions.

[12] | To analyze the impact | A/B tests comparing flat | Dynamic pricing improved Balances short-term
of dynamic pricingon | vs. dynamic pricing on e- | conversions by 15% but gains with long-term
conversion rates commerce platforms created customer brand reputation

dissatisfaction considerations.

[23] | To explore MMM's Time-series analysis Long-term forecasts showed | Advocates for cautious
utility in forecasting incorporating diminishing returns for investment in maturing
long-term ROI macroeconomic factors over-saturated channels markets.

[24] | To enhance conversion | Funnel-specific A/B tests | Awareness campaigns Encourages stage-
at each stage of the targeting awareness, yielded the highest ROI specific A/B testing for
marketing funnel consideration, and improvements when higher overall funnel

purchase phases optimized efficiency.

[25] | To compare A/B Testing multiple elements | Multivariate testing Suitable for high-traffic
testing with (e.g., headlines, images, identified the best- campaigns aiming to test
multivariate testing in CTA:s) simultaneously performing combinations multiple variables.
ad design faster but required higher

traffic volumes

[26] | To develop affordable | Simplified MMM models | Small businesses saw ROI Makes ROI optimization
MMM solutions for using publicly available improvements of up to 18% | accessible to smaller
small-scale enterprises | data sources after implementing basic firms with limited

MMM techniques budgets.

[27] | To explore advanced Integration of machine Predictive analytics Provides businesses with
predictive models for learning models with outperformed traditional a data-driven, dynamic
optimizing marketing real-time consumer models in identifying approach to budget
mix behavior data profitable marketing allocation.

channels

[28] | To study the Al-driven customer Hyper-personalized Highlights the future of
effectiveness of hyper- | segmentation using deep | marketing led to a 40% Al-driven personalized
personalization in learning algorithms increase in engagement and | experiences for higher
marketing strategies conversions marketing ROI.

[29] | To enhance marketing | Use of machine learning | Al models significantly Encourages leveraging
strategies with Al- models for customer improved the accuracy of Al in marketing for
based predictive lifetime value prediction long-term customer future-proofing business
models retention strategies strategies.

[30] | To evaluate the ROI of | Data analysis using social | Influencer marketing Suggests the growing
influencer marketing media analytics and showed a 35% higher ROI importance of influencer
campaigns influencer performance for niche product categories | partnerships in targeted

data marketing.

[31] | To assess the Real-time data analytics Data-driven optimization Emphasizes the need for
effectiveness of data- combined with increased ad ROI by 25% real-time analytics to
driven strategies in performance metrics while reducing ad spend maximize the
digital ad campaigns evaluation wastage effectiveness of digital

ads.

5. CONCLUSION
The convergence of Marketing Mix Modeling (MMM) and A/B testing strategies represents a significant
evolution in the way marketers optimize their return on investment. The reviewed studies reveal key trends:
dynamic resource allocation, real-time A/B testing, and leveraging demographic and seasonal insights to
maximize marketing efforts. One notable aspect is the continued rise of personalized marketing, especially for
niche sectors like "hidden kitchens," where localized strategies significantly boost conversion rates. A critical
conclusion drawn from the research is that combining multiple methodologies, such as Bayesian models in MMM
and AGILE A/B testing, leads to more accurate and actionable insights. For instance, the ability to adjust budgets
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dynamically across saturated and underutilized channels, as demonstrated by recent studies, significantly
improves ROI. Additionally, machine learning's integration into MMM has improved predictive capabilities,
ensuring that businesses can forecast ROl with greater accuracy, particularly for long-term and complex
campaigns. Furthermore, the importance of statistical significance in marketing decisions has never been more
apparent. The studies reviewed show that both z-tests and t-tests, when applied correctly in A/B testing
frameworks, improve the reliability and speed of decision-making. Techniques such as multivariate testing, while
requiring higher traffic volumes, allow for a deeper understanding of which variables are most effective in driving
conversions. Ultimately, this paper emphasizes that while traditional methods such as MMM are still crucial, the
future of ROI optimization lies in the integration of new, data-driven tools. Marketers who embrace these
innovations—particularly in terms of more precise attribution models, real-time A/B testing, and the application
of machine learning—are better positioned to navigate the complexities of modern advertising ecosystems. The
research also suggests that smaller businesses, which may have previously struggled to implement sophisticated
models, can now benefit from more accessible solutions, such as simplified MMM approaches and affordable
testing methods, democratizing ROI optimization across industries.
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