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ABSTRACT

This study investigates the effectiveness of various digital marketing campaign
types—Awareness, Conversion, and Retention—on conversion rates and
engagement levels. Using a dataset of 8,000 records, we conducted a comprehensive
analysis through ANOVA, Chi-Square tests, and OLS regression to understand the
impact of these campaign types. The ANOVA results indicated no significant
differences in conversion rates across the campaign types, with an F-statistic of
0.4752 and a p-value of 0.6218. Similarly, the analysis for engagement levels,
measured by website visits, yielded an F-statistic of 0.3651 and a p-value of 0.6942,
suggesting no significant differences among the campaigns. Despite these findings,
the Chi-Square test revealed a significant association between campaign types and
conversion outcomes, with a Chi-Square statistic of 84.4544 and a p-value of
approximately 3.3983e-18. This suggests that while the overall conversion rates do
not differ significantly, the type of campaign does influence whether conversions
occur. Pairwise t-tests supported these results, showing no significant differences in
conversion rates or engagement levels between specific pairs of campaign types.
Further, OLS regression analysis for conversion rates resulted in an R-squared value
of 0.001 and a non-significant F-statistic, indicating that the predictors such as
AdSpend and ClickThroughRate do not significantly explain the variation in
conversion rates. Similarly, the regression model for engagement levels, despite an
R-squared value of 1.000, highlighted issues of multicollinearity and overfitting. These
findings imply that simply altering the type of campaign may not substantially impact
conversion rates or engagement levels. Marketers should focus on improving content
quality, targeting precision, and user experience to enhance campaign effectiveness.
Future research should incorporate additional variables and advanced modeling
techniques to provide deeper insights into the factors driving digital marketing
success.

Digital marketing, Conversion rates, Engagement levels, ANOVA, OLS
regression

Digital marketing refers to the use of digital channels, platforms, and
technologies to promote products, services, or brands to consumers. It
encompasses a wide range of online marketing activities, including search
engine optimization (SEO), social media marketing, email marketing, content
marketing, pay-per-click (PPC) advertising, and more. Digital marketing
leverages the power of the internet and electronic devices to connect with a
global audience, providing businesses with unprecedented reach and
engagement opportunities. Unlike traditional marketing methods, digital
marketing allows for real-time interactions and feedback, enabling marketers to
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refine their strategies and tactics based on consumer behavior and preferences.

The importance of digital marketing in contemporary business cannot be
overstated. In today’s digital age, consumers increasingly rely on the internet to
make purchasing decisions, from researching products to reading reviews and
making online purchases. This shift in consumer behavior has made it essential
for businesses to establish a robust online presence. Digital marketing not only
helps businesses reach a larger audience but also allows for precise targeting
and personalization, which can lead to higher conversion rates and better return
on investment (ROI). Furthermore, digital marketing provides valuable data and
insights that can inform business decisions and strategies, making it an integral
part of modern business operations.

The evolution of digital marketing strategies over the years has been driven by
technological advancements and changing consumer behaviors. In the early
days of the internet, digital marketing primarily involved simple banner ads and
email campaigns. As search engines like Google gained prominence, search
engine optimization (SEO) became a crucial strategy for improving website
visibility and attracting organic traffic. The rise of social media platforms such
as Facebook, Twitter, and Instagram marked another significant shift, as
businesses began to leverage these platforms to engage with consumers and
build brand communities.

Over the years, digital marketing strategies have become increasingly
sophisticated and data-driven. The advent of advanced analytics and machine
learning technologies has enabled marketers to gain deeper insights into
consumer behavior and preferences, allowing for more targeted and
personalized marketing efforts. Content marketing has also evolved, with a
greater emphasis on creating high-quality, valuable content that resonates with
audiences and drives engagement. Additionally, the proliferation of mobile
devices has led to the development of mobile marketing strategies, including
app-based advertising and location-based targeting. Today, digital marketing is
a dynamic and ever-evolving field, requiring businesses to stay abreast of the
latest trends and technologies to remain competitive.

In the competitive landscape of modern business, evaluating the effectiveness
of marketing campaigns is not just beneficial—it is essential. As businesses
allocate significant portions of their budgets to digital marketing efforts, the
ability to measure the return on investment (ROI) and overall effectiveness of
these campaigns becomes crucial. Without such evaluations, companies risk
wasting resources on strategies that fail to engage their target audience or drive
meaningful results. Effective campaign performance evaluation allows
businesses to understand which aspects of their marketing efforts are working
and which are not, enabling them to make data-driven decisions to optimize
future campaigns.

The dynamic nature of digital marketing, characterized by rapidly changing
consumer preferences and technological advancements, further underscores
the need for continuous evaluation. By systematically analyzing campaign
performance, businesses can stay agile and responsive, adapting their
strategies to meet evolving market demands. This proactive approach helps in
identifying emerging trends and opportunities, thus maintaining a competitive
edge. Moreover, regular performance evaluations foster a culture of
accountability and continuous improvement within marketing teams, as they
strive to achieve measurable goals and demonstrate the impact of their efforts
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on business outcomes.

To assess the effectiveness of digital marketing campaigns in terms of
conversion rates and engagement levels, it is crucial to consider various metrics
and strategies highlighted in the literature. Metrics such as website traffic,
conversion rates, engagement levels, and return on ad spend (ROAS) play a
pivotal role in providing insights into the success of marketing initiatives,
enabling companies to refine their strategies and allocate resources more
efficiently [1]. Digital marketing platforms offer valuable metrics to assess reach,
engagement, and cost-effectiveness, aiding in evaluating the impact of
campaigns and optimizing future efforts

The integration of digital marketing into strategic management planning opens
up opportunities to target markets more precisely, enhance customer
engagement, and optimize customer experiences, ultimately impacting
conversion rates and engagement levels positively [3]. Additionally, exploring
different digital marketing strategies across industries can improve customer
experience and engagement, further influencing conversion rates and overall
campaign success

Moreover, the use of data analytics in digital marketing campaigns is crucial for
evaluating effectiveness. By leveraging analytics tools, organizations can
measure customer engagement, target the right audience, and optimize
advertisement strategies to enhance conversion rates [5]. Furthermore, the
adoption of innovative technologies like artificial intelligence (Al) in digital
marketing can revolutionize strategies, personalize tactics, and improve
customer experiences, ultimately impacting conversion rates positively [6]. As
businesses continue to leverage digital platforms for marketing, understanding
the effectiveness of these campaigns becomes imperative. The primary goal of
this research is to evaluate the effectiveness of digital marketing campaigns in
driving desired business outcomes. By assessing various campaigns'
performance, businesses can make informed decisions about resource
allocation, strategy adjustments, and future marketing efforts. This evaluation is
crucial for identifying which strategies yield the highest return on investment and
effectively engage the target audience. In an era where data-driven decision-
making is paramount, this research aims to provide actionable insights that can
enhance the overall efficacy of digital marketing initiatives.

To achieve the research goal, this study employs robust statistical methods,
specifically ANOVA (Analysis of Variance) and Chi-Square tests. These
methods are chosen for their ability to handle the complexity and variability
inherent in digital marketing data. ANOVA is used to compare the means of
conversion rates and engagement levels across multiple campaign groups. This
method helps in determining whether there are statistically significant
differences in performance among different types of campaigns. By using
ANOVA, the study can identify which campaigns outperform others, providing a
clear picture of the effectiveness of various strategies.

In addition to ANOVA, Chi-Square tests are applied to examine the relationship
between categorical variables, such as campaign types and conversion
outcomes. This test is particularly useful for understanding associations and
dependencies within the data, such as whether a specific type of campaign is
more likely to result in conversions. The Chi-Square test helps in identifying
patterns and trends that may not be apparent through simple descriptive
statistics. Together, these methods provide a comprehensive analytical
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framework for evaluating digital marketing campaigns, enabling businesses to
base their decisions on solid statistical evidence.

Overview of Digital Marketing Campaign Strategies

Digital marketing has become a crucial aspect of modern business strategies,
with companies utilizing various digital marketing strategies to enhance their
online presence and engage with their target audience effectively. Commonly
employed strategies include search engine optimization, search engine
marketing, social media marketing, programmatic advertising, influencer
marketing, email campaigns, website optimization, online forums, television
advertisements, mobile applications, and online advertising [7], [8], [9]. These
strategies are instrumental in increasing visibility, attracting potential customers,
and ultimately driving sales.

Moreover, the shift towards digital marketing over traditional methods is evident
in various industries, such as the hospitality sector, where major hotel chains
like Taj, Marriott, and Hyatt are leveraging digital marketing strategies to target
both domestic and international tourists . The use of digital technologies
allows for precise targeting, enhanced customer engagement, and optimized
customer experiences, thereby providing businesses with a competitive edge

Furthermore, the integration of data mining and artificial intelligence (Al) in
digital marketing strategies is gaining traction, enabling companies to
personalize marketing efforts, refine user targeting, and improve campaign
effectiveness , , . Additionally, the use of metrics from digital
marketing platforms allows for the assessment of reach, engagement, and cost-
effectiveness of marketing campaigns, providing valuable insights for future
strategies

In the context of specific campaigns, digital marketing has been utilized
effectively in various sectors, such as health promotion, tobacco control, and
eco-tourism, showcasing the versatility and impact of digital marketing
strategies across different domains , , . The implementation of
effective digital marketing strategies has been shown to increase tourist visit
rates, engage consumers, and shape behavior towards sustainable practices

Conversion rates and engagement metrics are fundamental indicators of digital
marketing success. Conversion rates measure the percentage of users who
take a desired action, such as making a purchase, filling out a form, or
subscribing to a newsletter. This metric is crucial because it directly ties
marketing efforts to business outcomes, providing a clear measure of how
effectively a campaign is driving desired actions. High conversion rates typically
indicate that the marketing messages and strategies resonate well with the
target audience, compelling them to act. Conversely, low conversion rates may
signal a need for optimization, such as improving the call-to-action, enhancing
the user experience, or better targeting the audience.

Engagement metrics, including click-through rates (CTR), time spent on site,
social shares, likes, comments, and email open rates, provide insights into how
users interact with marketing content. These metrics are essential for
understanding audience behavior and preferences. For instance, a high CTR
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suggests that the ad copy and creative elements are effective in capturing
attention, while a long average time spent on site indicates that the content is
engaging and valuable to visitors. Social shares and comments can reflect the
level of audience involvement and interest in the content. By analyzing these
metrics, marketers can gauge the effectiveness of their content and campaigns,
identifying what works and what doesn’t. This, in turn, allows for continuous
improvement and optimization of marketing strategies to enhance overall
engagement and drive better results.

Previous Studies on Campaign Performance Evaluation

Over the past decade, numerous studies have explored the effectiveness of
digital marketing campaigns, each contributing valuable insights into how these
campaigns impact consumer behavior and business outcomes. Digital
marketing integration plays a pivotal role in strategic management planning,
offering significant potential in reaching target audiences and enhancing
customer experiences [3]. However, successful adoption of digital marketing
requires awareness of potential obstacles and challenges that may arise. The
impact of digital marketing campaigns has been observed to increase as digital
platforms become more integrated into marketing plans and daily life,
emphasizing their effectiveness in reaching and engaging audiences
Furthermore, modern marketing heavily relies on digital technology to analyze
the overall effectiveness of campaigns and aid in developing future strategies
and decisions . Leveraging tools like digital marketing analytics enables
organizations to make data-driven decisions, personalize campaigns, and
maximize return on investment

Evaluating the effectiveness of digital marketing campaigns has employed a
variety of methods, each with its strengths and limitations. A/B testing, one of
the most widely used methods, involves comparing two versions of a campaign
element (such as an email subject line or a webpage layout) to determine which
performs better. This method provides clear, actionable insights and allows
marketers to make data-driven decisions. However, A/B testing can be time-
consuming and may not always capture the broader context of user behavior.

Regression analysis is another prevalent method used to evaluate campaign
effectiveness. This statistical approach examines the relationship between
different variables (e.g., ad spend, website traffic, and conversion rates) to
identify key drivers of campaign performance. Regression analysis helps in
understanding the impact of various factors on campaign outcomes and can
inform more nuanced optimization strategies. However, it requires a
comprehensive dataset and a solid understanding of statistical principles to
interpret the results accurately.

Other methods include multi-touch attribution, which tracks multiple touchpoints
a customer interacts with before converting, providing a holistic view of the
customer journey. Cluster analysis is also used to segment customers based
on behavior and demographics, allowing for more targeted and personalized
marketing efforts. Additionally, machine learning algorithms have been
increasingly applied to predict campaign performance and customer responses,
leveraging large datasets to identify patterns and trends that might not be
apparent through traditional methods.

Research Gap
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Despite the extensive body of research on digital marketing campaign
effectiveness, significant gaps remain in the literature. Many studies have
focused on specific aspects of digital marketing, such as social media
engagement or email marketing performance, without providing a holistic
evaluation of campaign effectiveness across multiple channels. Furthermore,
while A/B testing and regression analysis are commonly used methods, they
often fail to capture the complexity and interaction effects of various campaign
elements. These methods typically focus on individual components in isolation,
which may overlook the broader impact of integrated marketing strategies.

Additionally, there is a lack of comprehensive studies that incorporate advanced
statistical techniques to evaluate digital marketing campaigns. While existing
research has explored the efficacy of different digital marketing tactics, few
studies have employed robust statistical methods like ANOVA and Chi-Square
tests to systematically compare and analyze campaign performance across
different types and demographics. This gap is particularly evident in the context
of understanding how various campaign strategies influence both conversion
rates and engagement levels, which are critical metrics for assessing overall
effectiveness. As digital marketing continues to evolve, there is a pressing need
for more sophisticated analytical approaches that can provide deeper insights
and more actionable recommendations.

Given the identified gaps, there is a clear need for a comprehensive approach
that combines multiple statistical techniques to evaluate digital marketing
campaign performance more effectively. ANOVA (Analysis of Variance) and
Chi-Square tests offer robust frameworks for this purpose. ANOVA is
particularly useful for comparing the means of conversion rates and
engagement levels across multiple campaign types, allowing researchers to
identify statistically significant differences. This method can reveal which
campaign strategies are more effective, providing a detailed understanding of
their impact on key performance indicators.

Chi-Square tests complement ANOVA by examining the relationship between
categorical variables, such as different campaign types and their corresponding
conversion outcomes. This test can identify patterns and associations that are
not immediately apparent through mean comparisons alone. By integrating
these two statistical methods, researchers can achieve a more nuanced and
comprehensive evaluation of digital marketing campaigns. This combined
approach enables the analysis of both continuous and categorical data, offering
a holistic view of campaign effectiveness.

To provide a clear and structured overview of the research methodology
employed in this study, presents the Research Method Flowchart. This
flowchart outlines the key steps taken to achieve the research objectives, from
defining the research goals to developing actionable recommendations based
on the findings. Each step in the flowchart is designed to ensure a systematic
and thorough approach to data collection, analysis, and interpretation, thereby
facilitating a comprehensive understanding of the effectiveness of different
digital marketing campaign types.
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[ Define Research Objective ]

v

Collect and Preprocess Data

v

Perform Exploratory Data Analysis

v

Conduct Hypothesis Testing

v

Analyze and Interpret Results

v

Develop Recommendations

Research Method Flowchart

Data Collection

The dataset utilized in this study provides a comprehensive overview of
customer interactions with digital marketing campaigns. It is meticulously
curated to include a variety of data types that offer deep insights into customer
demographics, marketing efforts, engagement metrics, and historical purchase
behaviors. This rich dataset forms the foundation for our analysis, allowing us
to evaluate the effectiveness of various digital marketing campaigns through
rigorous statistical methods.

The dataset is categorized into four main types of data: demographic
information, marketing-specific variables, customer engagement variables, and
historical purchase data. The demographic information includes crucial details
such as CustomerID, Age, Gender, and Income, which help in understanding
the customer base and segmenting them for targeted marketing efforts. Gender,
for instance, is converted to a numeric format for ease of analysis, where 'Male'
is represented as 1 and 'Female' as 0.

Marketing-specific variables encompass data directly related to the marketing
campaigns themselves. This includes CampaignChannel (e.g., Email, Social
Media, SEO, PPC, Referral), CampaignType (e.g., Awareness, Consideration,
Conversion, Retention), AdSpend, ClickThroughRate, ConversionRate,
AdvertisingPlatform, and AdvertisingTool. These variables are critical for
evaluating the direct impact of different marketing strategies and spending on
campaign performance.

Customer engagement variables provide insights into how customers interact
with the marketing content. This includes metrics such as WebsiteVisits,
PagesPerVisit, TimeOnSite, SocialShares, EmailOpens, and EmailClicks.
These engagement metrics are essential for understanding the level of
customer interaction and involvement with the campaigns, which is a strong
indicator of the campaign's effectiveness in capturing and maintaining customer
interest.

Historical purchase data includes variables such as PreviousPurchases and
LoyaltyPoints, offering a view into the customer's past purchasing behavior and
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loyalty. This data is invaluable for assessing long-term customer relationships
and the effectiveness of marketing campaigns in driving repeat business. The
target variable in this dataset is Conversion, a binary variable indicating whether
the customer converted (1) or not (0), which serves as the primary measure of
campaign success.

3.2. Data Preprocessing

Data preprocessing is a crucial step in preparing the dataset for analysis. This
study involved a systematic approach to clean and preprocess the data,
ensuring its suitability for rigorous statistical analysis. The initial step was to load
the dataset and inspect its structure and content. This included checking for any
inconsistencies, missing values, and the presence of any anomalies. The
dataset was then subjected to thorough cleaning to handle any irregularities that
might affect the analysis.

The first task in the preprocessing phase was to handle missing values. Missing
data can introduce bias and reduce the accuracy of the analysis, so it was
essential to address this issue comprehensively. Any rows with missing values
were dropped to ensure a clean dataset. This approach was feasible given the
relatively small proportion of missing data in the dataset. Furthermore,
categorical variables such as 'CampaignChannel' and 'CampaignType' were
converted to category types to facilitate analysis. For example, 'Gender' was
mapped to numeric values, with 'Male' represented as 1 and 'Female' as 0. This
conversion was crucial for performing statistical tests and generating
meaningful insights.

Handling missing values was a critical step in ensuring the dataset's integrity.
Missing data can distort the results and lead to incorrect conclusions. Therefore,
rows with missing values were removed, which ensured that the analysis was
based on complete and reliable data. Additionally, outliers were identified and
handled appropriately. Outliers can significantly skew the results of the analysis,
so it was essential to address them. The presence of outliers was assessed
using statistical methods and visual inspection through box plots. Any identified
outliers were carefully evaluated and handled to ensure they did not adversely
affect the overall analysis.

Normalization and transformation of the data were necessary to standardize the
range of independent variables and improve the performance of the statistical
models. Data normalization involves rescaling the features so that they have a
mean of zero and a standard deviation of one. This step is particularly important
when the features in the dataset have different scales. For instance, 'AdSpend’
and 'TimeOnSite' were normalized to ensure they were on a comparable scale,
which is crucial for the accuracy of the regression models and clustering
algorithms used in the analysis.

Data transformation also included encoding categorical variables to numerical
values, facilitating their inclusion in statistical models. For example, the
'‘CampaignType' variable, which includes categories like ‘'Awareness,
'‘Conversion,” and 'Retention,’” was encoded into numeric values. This
transformation enabled the use of these variables in regression and
classification models, providing deeper insights into their impact on conversion
rates and engagement levels.
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Exploratory Data Analysis (EDA)

Exploratory Data Analysis (EDA) is a critical initial step in understanding the
underlying patterns and characteristics of the dataset. Descriptive statistics
were computed to provide a summary of the data, including measures of central
tendency (mean, median) and measures of variability (standard deviation, min,
max, and quartiles). This statistical summary gives a comprehensive overview
of the dataset, highlighting key features and potential anomalies.

The dataset comprises 8,000 records with various attributes. Key demographic
information such as age and income showed considerable variability, with the
age of customers ranging from 18 to 69 years and annual incomes spanning
from $20,014 to $149,986. The mean income was approximately $84,664, with
a standard deviation of around $37,580, indicating a diverse economic
background among the customers. Marketing-specific variables, such as
'AdSpend' and 'ClickThroughRate," also displayed significant variation,
essential for understanding the effectiveness of different marketing strategies.
For instance, the mean ad spend was about $5,001, while the click-through rate
averaged around 0.154. These metrics are crucial for assessing the efficiency
and reach of marketing campaigns.

To delve deeper into the data, various visualization techniques were employed,
including histograms, bar plots, and box plots. These visual tools help in
understanding the distribution of data and identifying any potential patterns or
anomalies. Histograms were used to visualize the distribution of continuous
variables such as 'ConversionRate' and 'WebsiteVisits." For example, the
histogram of conversion rates, as shown in , revealed that most values
clustered around the mean of 0.104, with a relatively symmetrical distribution,
indicating a consistent performance across different campaigns.

N % = /“::“:\

300 4

/

Frequency

100 4

T T T T T T T
0.025 0.050 0.075 0.100 0.125 0.150 0.175 0.200
Conversion Rate

Distribution of Conversion Rate

Box plots were particularly useful for comparing the distribution of conversion
rates across different campaign types. This visual representation highlighted the
median conversion rate and the interquartile range, providing insights into the
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variability and central tendency of conversion rates within each campaign type.
The box plot for 'ConversionRate' by '‘CampaignType' as shown in figure 3
revealed that while most campaigns had similar median conversion rates, there
were some outliers and variations in the upper and lower quartiles, suggesting
differences in campaign effectiveness.

0.200 4
0.175 4
0.150 4
0.125 4
0.100 4
0.075 4
0.050 4
0.025 4

T T T T
Awareness Retention Conversion Consideration
Campaign Type

Conversion Rate

Box Plot of Conversion Rate

Bar plots were utilized to examine the engagement levels across various
campaigns. For instance, the bar plot of 'WebsiteVisits' by 'CampaignType' as
shown in figure 4 provided a clear comparison of how different campaigns
influenced website traffic. This visualization showed that 'Awareness'
campaigns generally resulted in higher website visits compared to 'Conversion'
and 'Retention’ campaigns. Such insights are valuable for marketers to identify
which types of campaigns drive more engagement and tailor their strategies
accordingly.

25

20 A

151

Website Visits

10 4

Awareness Retention Conversion Consideration
Campaign Type

Bar Plot of Campaign Type
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Group Splitting

The dataset was systematically split into distinct groups based on the
'‘CampaignType' variable, which categorizes the marketing campaigns into
three primary types: Awareness, Conversion, and Retention. This segmentation
was crucial for performing a comparative analysis of the different campaign
strategies and understanding their respective impacts on various performance
metrics such as conversion rates and engagement levels. By creating these
groups, we ensured that the analysis could accurately reflect the effectiveness
of each campaign type independently.

To achieve this, the 'CampaignType' column in the dataset was utilized to filter
and segregate the data into three separate subsets. The first group, Awareness
campaigns, consisted of all records where the 'CampaignType' was labeled as
'‘Awareness'. These campaigns typically aim to increase brand visibility and
attract potential customers. The second group, Conversion campaigns,
included all records with 'CampaignType' labeled as 'Conversion'. These
campaigns focus on driving specific actions, such as purchases or sign-ups,
from the targeted audience. The third group, Retention campaigns, comprised
records where the 'CampaignType' was marked as 'Retention’, aiming to
engage and retain existing customers.

Each subset was then used to analyze and compare the performance metrics
pertinent to the campaign's objectives. For example, the Awareness group was
scrutinized for metrics that indicate reach and initial engagement, such as
'WebsiteVisits' and 'SocialShares'. The Conversion group was analyzed for
effectiveness in driving actions, using metrics like 'ConversionRate' and
'ClickThroughRate'. The Retention group focused on long-term engagement
indicators, such as 'PreviousPurchases' and 'LoyaltyPoints'. This structured
approach allowed for a clear and detailed comparison across the different types
of campaigns, providing insights into which strategies were most effective in
achieving their respective goals.

Hypothesis Testing for Conversion Rates

To assess the effectiveness of different digital marketing campaigns, we
employed the Analysis of Variance (ANOVA) method to compare conversion
rates across the campaign types. ANOVA is a robust statistical technique used
to determine if there are any statistically significant differences between the
means of three or more independent (unrelated) groups. In this study, the
independent groups were the different types of campaigns: Awareness,
Conversion, and Retention.

The primary objective of using ANOVA was to test the null hypothesis, which
posits that there are no differences in conversion rates among the campaign
types. By comparing the means of conversion rates across these groups,
ANOVA helps to identify whether any observed differences are likely due to
random variation or if they reflect true underlying differences in campaign
effectiveness. The analysis involved calculating the F-statistic, which is the ratio
of the variance between the group means to the variance within the groups. A
high F-statistic typically indicates a significant difference among group means.

In our analysis, the ANOVA yielded an F-statistic of 0.4752 and a p-value of
0.6218. The p-value, which indicates the probability of observing the data given
that the null hypothesis is true, was greater than the conventional significance
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level of 0.05. This result implies that we fail to reject the null hypothesis and
conclude that there is no statistically significant difference in conversion rates
across the different campaign types. This finding suggests that the variation in
conversion rates between the Awareness, Conversion, and Retention
campaigns could be attributed to random chance rather than inherent
differences in the campaign strategies.

While the ANOVA test indicated no significant overall difference in conversion
rates across the campaign types, it is often useful to conduct a post-hoc analysis
to explore pairwise comparisons between groups. Tukey's Honest Significant
Difference (HSD) test is a commonly used post-hoc analysis following ANOVA.
It allows for multiple comparisons while controlling for the Type | error rate,
ensuring that the likelihood of falsely identifying a difference as significant
remains low.

Tukey's HSD test compares all possible pairs of group means and determines
which specific differences are statistically significant. The test adjusts the
confidence intervals for each pairwise comparison, making it more reliable when
conducting multiple comparisons. Despite the ANOVA results indicating no
overall significant difference, Tukey's HSD can reveal if there are any subtle yet
meaningful differences between specific pairs of campaign types.

In this study, given the ANOVA results, Tukey's HSD test was conducted to
identify any specific group differences in conversion rates among the campaign
types. However, consistent with the ANOVA findings, the post-hoc analysis
confirmed that there were no significant differences between any pairs of
campaign types. This reinforces the conclusion that the different marketing
campaigns did not exhibit statistically distinguishable performance in terms of
conversion rates.

Chi-Square Test for Categorical Variables

The Chi-Square Test of Independence is a statistical method used to determine
whether there is a significant association between two categorical variables. In
the context of this study, the Chi-Square test was applied to examine the
relationship between campaign types (Awareness, Conversion, Retention) and
the binary conversion outcome (whether a customer converted or not). This test
is crucial for understanding if the type of marketing campaign influences the
likelihood of conversion.

The null hypothesis for the Chi-Square Test of Independence posits that there
is no association between the two categorical variables, implying that the
distribution of conversion outcomes is independent of the campaign type.
Conversely, the alternative hypothesis suggests that there is a significant
association between the variables, indicating that the campaign type affects
conversion rates. The Chi-Square statistic quantifies the discrepancy between
the observed frequencies (actual data) and the expected frequencies (data
distribution if the null hypothesis is true).

In our analysis, the Chi-Square test produced a Chi-Square statistic of 84.4544
with a p-value of approximately 3.3983e-18 and degrees of freedom of 3. The
p-value, which is significantly lower than the conventional threshold of 0.05,
leads us to reject the null hypothesis. This result indicates a statistically
significant association between the campaign type and conversion, suggesting
that the type of campaign does indeed impact the conversion rates.

Rahardja and Aini (2025) J. Digit. Mark. Digit. Curr. 37



Journal of Digital Market and Digital Currency

To perform the Chi-Square Test of Independence, a contingency table was first
created to display the frequency distribution of the conversion outcomes across
different campaign types. A contingency table is a matrix that shows the
observed frequencies for combinations of the categorical variables. In this
study, the rows of the contingency table represented the campaign types
(Awareness, Conversion, Retention), while the columns represented the
conversion outcomes (Converted, Not Converted).

The steps to perform the Chi-Square test are as follows. First, we created a
contingency table by dividing the dataset into cells, each containing the count
of conversions and non-conversions for each campaign type. This table
provided a clear view of how conversion outcomes were distributed across
different campaigns. Next, we calculated the expected frequencies for each cell
in the contingency table, based on the assumption that there was no association
between campaign type and conversion. Following this, we computed the Chi-
Square statistic. Finally, the computed Chi-Square statistic was compared to
the critical value from the Chi-Square distribution table at the specified
significance level (usually 0.05). The p-value was also calculated to determine
the significance of the result. This comprehensive approach ensured a thorough
evaluation of the association between campaign types and conversion
outcomes.

The Chi-Square Test of Independence provided robust evidence that campaign
type significantly influences conversion rates. This finding underscores the
importance of selecting appropriate campaign strategies to optimize conversion
outcomes, contributing valuable insights to the field of digital marketing.

ANOVA for Engagement Levels

To assess the engagement levels elicited by different digital marketing
campaigns, we employed the Analysis of Variance (ANOVA) method. ANOVA
is a powerful statistical tool used to compare the means of a dependent variable
across multiple independent groups to determine if there are any statistically
significant differences among them. In this study, the dependent variable was
the engagement level, measured by the number of website visits, while the
independent variable was the campaign type (Awareness, Conversion, and
Retention).

The primary objective of using ANOVA in this context was to test the null
hypothesis, which states that there are no differences in the mean engagement
levels across the different campaign types. ANOVA compares the variance
between the group means to the variance within the groups to calculate the F-
statistic. A high F-statistic indicates that the variance between the group means
is greater than the variance within the groups, suggesting a significant
difference among the campaign types. The p-value associated with the F-
statistic helps determine the statistical significance of the results.

In this study, the ANOVA test resulted in an F-statistic of 0.3651 and a p-value
of 0.6942. The p-value, which is substantially greater than the conventional
significance level of 0.05, indicates that we fail to reject the null hypothesis. This
outcome suggests that there is no statistically significant difference in
engagement levels, as measured by website visits, across the different types of
marketing campaigns. In other words, the type of campaign (Awareness,
Conversion, Retention) does not appear to influence the number of website
visits generated.
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This finding has important implications for marketing strategy, as it suggests
that changing the type of campaign may not significantly impact customer
engagement levels in terms of website visits. Marketers might need to consider
other factors or metrics of engagement, such as time spent on site, social media
interactions, or email engagement, to identify more effective ways to
differentiate and optimize their campaigns.

ANOVA Results for Conversion Rates

The Analysis of Variance (ANOVA) was conducted to compare the conversion
rates across different digital marketing campaign types: Awareness,
Conversion, and Retention. The primary objective was to determine whether
there are statistically significant differences in the conversion rates among these
campaigns. The ANOVA test produced an F-statistic of 0.4752 and a p-value of
0.6218. The F-statistic is a ratio of the variance between the group means to
the variance within the groups, providing a measure of the significance of the
differences observed.

The p-value associated with the F-statistic is crucial for hypothesis testing. A p-
value less than the significance level (commonly set at 0.05) would indicate that
there is a statistically significant difference in conversion rates among the
campaign types. However, in this case, the p-value of 0.6218 is significantly
higher than 0.05. This result suggests that we fail to reject the null hypothesis,
implying that the differences in conversion rates across the campaign types are
not statistically significant.

The ANOVA results indicate that the conversion rates for Awareness,
Conversion, and Retention campaigns do not differ significantly from each
other. This implies that, statistically, none of the campaign types outperformed
the others in terms of driving conversions. The lack of significant difference
could be attributed to several factors, such as similar marketing tactics
employed across the campaigns or the homogeneity of the target audience in
their response to the campaigns.

Understanding that there is no significant difference in conversion rates across
the campaign types is essential for marketers. It suggests that altering the
campaign type alone may not be sufficient to improve conversion rates.
Marketers may need to look into other aspects of their campaigns, such as
content quality, targeting precision, or customer journey optimization, to achieve
better conversion outcomes.

Although the ANOVA test did not reveal significant differences, post-hoc
analysis using Tukey's Honest Significant Difference (HSD) test was performed
to explore any potential pairwise differences between the campaign types.
Tukey's HSD test compares all possible pairs of means to determine if any
specific pairs are significantly different from each other while controlling for the
family-wise error rate.

Consistent with the ANOVA results, the post-hoc analysis with Tukey's HSD test
confirmed that there were no significant differences between any pairs of
campaign types. This reinforces the conclusion that the variation in conversion
rates is not substantial enough to distinguish the effectiveness of one campaign
type over another statistically.
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ANOVA Results for Engagement Levels

The Analysis of Variance (ANOVA) method was applied to evaluate the
engagement levels across different types of digital marketing campaigns,
specifically Awareness, Conversion, and Retention campaigns. Engagement
level in this context was measured by the number of website visits generated
by each campaign type. The primary objective of the ANOVA test was to
determine if there were any statistically significant differences in engagement
levels among these campaign types.

The ANOVA test produced an F-statistic of 0.3651 and a p-value of 0.6942. The
F-statistic measures the ratio of the variance between the group means to the
variance within the groups, providing an indication of whether the observed
differences between the group means are larger than would be expected by
chance. A high F-statistic value typically suggests a significant difference
among group means. However, the p-value associated with the F-statistic is
critical for determining statistical significance. In this case, the p-value of 0.6942
is substantially higher than the commonly accepted significance threshold of
0.05. This result suggests that we fail to reject the null hypothesis, indicating
that there are no statistically significant differences in engagement levels across
the different campaign types.

The results of the ANOVA test indicate that the engagement levels, as
measured by website visits, do not significantly differ across Awareness,
Conversion, and Retention campaigns. This finding implies that the type of
campaign does not have a statistically significant impact on the number of
website visits generated. In other words, all three types of campaigns appear to
be equally effective, or ineffective, in driving website traffic.

The lack of significant differences in engagement levels could be due to several
factors. One possibility is that the content and delivery of the campaigns were
similar across the different types, leading to comparable levels of engagement.
Another possibility is that the target audience's behavior and preferences did
not vary significantly across the campaigns, resulting in similar engagement
outcomes.

Understanding that there are no significant differences in engagement levels
across campaign types is valuable for marketers. It suggests that simply
changing the campaign type may not be sufficient to increase engagement.
Marketers may need to consider other strategies, such as improving the quality
of the content, personalizing the messaging, or optimizing the user experience
on the website, to enhance engagement.

OLS Regression Results for Conversion Rates

Ordinary Least Squares (OLS) regression was conducted to assess the impact
of various factors on conversion rates. The independent variables included
AdSpend, ClickThroughRate, WebsiteVisits, PagesPerVisit, TimeOnSite,
SocialShares, EmailOpens, and EmailClicks. The dependent variable was
ConversionRate. The OLS regression model yielded an R-squared value of
0.001, indicating that only 0.1% of the variability in conversion rates can be
explained by the independent variables included in the model.

The F-statistic for the regression was 1.184, with a corresponding p-value of
0.304. Since the p-value is greater than 0.05, the overall regression model is
not statistically significant, suggesting that the predictors included in the model
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do not collectively provide a meaningful explanation of the variation in
conversion rates. Individual coefficients for the predictors were also examined,
with none of the variables showing statistically significant p-values.

The OLS regression results indicate that the selected predictors—AdSpend,
ClickThroughRate, WebsiteVisits, PagesPerVisit, TimeOnSite, SocialShares,
EmailOpens, and EmailClicks —do not have a significant impact on conversion
rates. The low R-squared value and the non-significant F-statistic suggest that
these factors, as measured in this dataset, do not explain the variations in
conversion rates effectively.

This outcome implies that other unmeasured factors might play a more crucial
role in determining conversion rates. Marketers should consider exploring
additional variables such as customer demographics, campaign content quality,
user experience, and personalization strategies. The absence of significant
predictors in this model highlights the complexity of conversion behavior, which
may not be adequately captured by the variables included in this study.

OLS Regression Results for Engagement Levels

A separate OLS regression analysis was conducted to examine the factors
influencing engagement levels, measured by WebsiteVisits. The independent
variables were the same as those used for the conversion rate analysis. The
model produced an R-squared value of 1.000, indicating that nearly 100% of
the variability in WebsiteVisits can be explained by the independent variables.
This unusually high R-squared value suggests potential issues such as
overfitting or multicollinearity.

The F-statistic was extremely high (5.374e+29), with a corresponding p-value
of 0.00, indicating that the model is statistically significant overall. However,
examining the individual coefficients reveals that many predictors have non-
significant p-values, suggesting that not all variables contribute meaningfully to
the model despite the high R-squared.

The extraordinarily high R-squared value and the significant F-statistic initially
suggest a perfect fit of the model to the data. However, this result is likely due
to multicollinearity, where one or more predictor variables are highly correlated,
leading to unreliable coefficient estimates. The non-significant p-values for
several predictors further support this interpretation.

Given the potential issues of overfitting and multicollinearity, the regression
model's validity for predicting website visits is questionable. It is essential to re-
evaluate the model by checking for multicollinearity and potentially removing or
combining highly correlated variables. Additionally, alternative models or
techniques, such as ridge regression or principal component analysis (PCA),
might be explored to address these issues and provide more reliable insights.

Discussion of Findings

The hypothesis tests conducted in this study provided several critical insights
into the effectiveness of different digital marketing campaign types. The ANOVA
results for conversion rates indicated no significant differences among the
Awareness, Conversion, and Retention campaigns, with an F-statistic of 0.4752
and a p-value of 0.6218. This suggests that the type of campaign does not
significantly impact the conversion rates, implying that all campaign types
perform similarly in driving conversions. Pairwise t-tests further confirmed this
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finding, with p-values of 1.0 across all comparisons, indicating no significant
differences between specific pairs of campaign types.

Similarly, the ANOVA results for engagement levels, measured by website
visits, also showed no significant differences among the campaign types, with
an F-statistic of 0.3651 and a p-value of 0.6942. This result was supported by
the pairwise t-tests, which again indicated no significant differences between
the campaign types. These findings suggest that the type of campaign does not
substantially influence engagement levels, as measured by website visits.

The OLS regression analysis provided additional context to these findings. For
conversion rates, the regression model yielded an R-squared value of 0.001
and a non-significant F-statistic, indicating that the selected predictors
(AdSpend, ClickThroughRate, etc.) do not significantly explain the variation in
conversion rates. Similarly, the regression model for engagement levels,
despite an unusually high R-squared value, indicated potential issues with
multicollinearity and overfitting, questioning the reliability of the model.

The findings from this study have significant implications for digital marketing
strategies. The lack of significant differences in conversion rates and
engagement levels across campaign types suggests that simply changing the
type of campaign may not be an effective strategy to improve these metrics.
Marketers should consider focusing on other elements of their campaigns, such
as the quality of the content, the precision of audience targeting, and the overall
user experience.

The regression analysis further suggests that the variables traditionally thought
to influence conversion rates and engagement levels may not be as impactful
as previously assumed. This implies that marketers need to explore additional
factors, possibly including more personalized and context-specific variables, to
better understand and enhance campaign effectiveness. Strategies that
incorporate a deeper understanding of customer behavior, preferences, and
interactions may be more successful in driving desired outcomes.

The results of this study align with some previous research while contrasting
with others. Studies such as Gupta and George (2016) and Lambrecht, Tucker,
and Wiertz (2018) have highlighted the importance of content quality and
personalized advertising in enhancing customer engagement and conversion.
Our findings suggest that while these factors are crucial, the type of campaign
alone may not be sufficient to drive significant changes in these metrics.

Conversely, the results differ from studies that have found specific campaign
types to be significantly more effective in certain contexts. For example,
research by Jarvinen and Karjaluoto (2015) emphasized the effectiveness of
content marketing in driving engagement. Our findings suggest that while
content marketing is important, the overall structure and type of campaign may
not be the primary determinants of success.

This study explored the effectiveness of different digital marketing campaign
types—Awareness, Conversion, and Retention—by analyzing their impact on
conversion rates and engagement levels. The ANOVA results indicated no
significant differences in conversion rates among the campaign types, with an
F-statistic of 0.4752 and a p-value of 0.6218, suggesting that the type of
campaign does not significantly influence conversion outcomes. Similarly, the
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ANOVA for engagement levels, measured by website visits, yielded an F-
statistic of 0.3651 and a p-value of 0.6942, indicating no significant differences
in engagement across the campaign types.

Further, the Chi-Square test confirmed a significant association between
campaign types and conversion, with a Chi-Square statistic of 84.4544 and a p-
value of approximately 3.3983e-18. This indicates that while the overall
conversion rates may not differ significantly by campaign type, there is a notable
relationship between the type of campaign and whether conversions occur.
Pairwise t-tests for both conversion rates and engagement levels also
supported these findings, showing no significant differences between specific
pairs of campaign types.

The findings have several practical implications for optimizing digital marketing
campaigns. Given the lack of significant differences in conversion rates and
engagement levels across campaign types, marketers should focus on other
factors that could enhance campaign effectiveness. These include improving
the quality and relevance of campaign content, employing more sophisticated
audience targeting techniques, and enhancing the overall user experience.
Personalized and context-specific marketing strategies may vyield better results
than simply changing the campaign type.

For businesses, the study suggests that a one-size-fits-all approach to
campaign type may not be the most effective strategy. Instead, businesses
should leverage data analytics to understand their audience better and tailor
their marketing efforts to meet specific customer needs and preferences. By
focusing on content quality, engagement tactics, and customer segmentation,
businesses can optimize their digital marketing efforts to drive better results.

While this study provides valuable insights, it is not without limitations. One key
limitation is the scope of the dataset, which may not capture all the relevant
factors influencing conversion rates and engagement levels. Additionally, the
study focused on a limited number of variables, potentially overlooking other
significant predictors of campaign success. The potential issues of
multicollinearity in the OLS regression analysis also suggest that the
relationships between the variables may be more complex than captured in this
model.

Future research should aim to address these limitations by incorporating a
broader range of variables and using more sophisticated modeling techniques.
Longitudinal studies could provide deeper insights into how campaign
effectiveness evolves over time. Additionally, exploring the impact of different
content types, delivery methods, and customer interactions on campaign
success could offer more comprehensive strategies for optimizing digital
marketing efforts. Expanding the research to include different industries and
market segments would also enhance the generalizability of the findings.
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