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Abstract

While small businesses are increasingly turning to digital marketing to attract customers, make money and stay
competitive, the allocation of marketing resources is often difficult to achieve due to limited financial and
operational resources. While Al can provide predictions about campaign success and opportunities for high-
value marketing activities, many small businesses may find it challenging to make sense of Al-driven insights,
build trust in the data, and act on it. This study aims to present a human-centric Explainable Artificial
Intelligence (XAl) framework to bridge the gap between Al and action in marketing resource allocation for
resource scarcity situations of U.S. small businesses. The data set includes 10,000 observations of each
advertising campaign and 41 variables related to the advertising platform, campaign goal, audience, creative,
budget level, engagement, ad spend, conversions, revenue and profitability. Various machine learning models
are utilized such as Multiple Linear Regression, Random Forest, XGBoost, and LightGBM for predicting the
profitability of the campaign and the factors related to the effectiveness of the marketing performance.
SHAPley Additive explanations (SHAP) are built-in to offer transparent interpretations of model predictions
and explain what factors make up the basis for Al-powered marketing suggestions. The proposed framework
builds on these predictions and explanations to enable budget allocation decisions on marketing platforms
and campaign configurations with respect to resource constraints. The framework highlights the importance
of human decision making by providing Al recommendations in the form of explainable recommendations
that allow managers to understand, evaluate, accept, adjust, and reject proposed allocations. Predictive
accuracy and error measures are used to measure model performance, and profitability, return on advertising
investment and resource efficiency are used to measure the effectiveness of the allocation. It is the inclusion
of the decision-oriented approach, which extends the traditional marketing prediction method by combining
predictive analytics, explainability, resource optimization, and human judgment that sets the study apart. The
proposed framework offers a tangible strategy for turning marketing insights derived from Al into resource
allocation decisions, and can overcome issues of transparency, usage and resource constraints for small
businesses.
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1. Introduction

A. Background

Digital marketing is an important tool that small business businesses are using to attract
customers, build brand awareness, make sales and compete with large businesses. But small
businesses often have a smaller budget, less marketing know-how, fewer employees and fewer
ability to spare money on unproductive advertising. So, deciding on the allocation of the limited
marketing budget is one of the important managerial problems [1]. With the data now digital, there
is a chance to leverage artificial intelligence (Al) and machine learning (ML) and find patterns that
correlate to campaign profitability, conversion, revenue, and return on advertising spend. However,
simply predicting accurate results isn't enough for Al advice to be incorporated into business
decisions [2]. If managers aren't able to see why a specific platform, campaign type, audience or
creative strategy is recommended, they may not go through with the algorithmic suggestion.
Explainable Artificial Intelligence (XAI) is a possibility to tackle this challenge and convert the
outputs of models into comprehensible explanations [3]. But explanations should be tailored to
human decision making and not just be a list of feature-importance scores. Human-centered Al can
help link predictive models to management decision making by allowing users to comprehend,
assess, alter and execute on Al recommendations [4]. This is important for small businesses that
have limited resources, where an unsuitable allocation decision can have significant financial
implications [5]. This study proposes an explainable artificial intelligence (XAI) framework for
human-centric profitability prediction, interpretable explanations, resource constraints, and
marketing budget allocation [6]. The research is based on the Digital Advertising Campaign
Performance Dataset comprising 10,000 campaign observations and 41 variables, to explore the
potential of Al to go beyond prediction into marketing-resource decision-making.
B. Human-Centered Explainable Al for Marketing Resource Allocation

As Al has become more integral to marketing efforts, there is a chance to allocate resources
more efficiently, by forecasting campaign results before businesses invest more resources [7].
Machine learning models can be used to evaluate characteristics of campaigns, ad platform,
audience attributes, creative features, quality scores, engagement metrics, and budget conditions to
determine what factors make it profitable [8]. But, even very precise models can be complicated for
non-technical decision makers. This forms a significant difference between Al prediction and Al-
driven action. A model can correctly classify a potentially profitable campaign (classify it as a “yes”)
and then be unable to present the reasons for the manager to go ahead and proceed with the campaign
(classify it as a “no”). This study aims to fill this gap from a human-centric XAl approach. The
proposed framework does not view the explainability as an add-on feature to technology but rather
as a part of the marketing decision process. SHAP-based explanations can explain the relative
contributions of different variables to the predicted profitability of the campaign, and whether they
add or subtract value, as well as understanding the why. The framework then includes resource
limitations. Specifically the budget constraint is included, which would be useful to consider [9].
For instance, it is not just about forecasting how much money will be generated during a campaign;
it can help decide which marketing channels and campaign set-up will bring in more or less of that
money [10]. The human-centered part also acknowledges the manager's decision making power. Al
recommendations are considered to be a set of inputs for decisions, not a decision itself. Managers
are able to assess the expected result, grasp the reasons behind the recommendation, and take into
account the corporate situation and either approve, amend or decline the recommendation [11]. The
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aim is to resolve this Al-to-action gap by linking predictability with explanation, usability,

managerial decision making and resource utilization.

C. Problem Statement

Small businesses with limited budgets struggle with a limited marketing budget that they have
to use on different advertising channels and marketing strategies. While Al and machine learning
may be used to forecast campaign profitability and determine which factors are significant for
performance, traditional predictive models may provide only vague explanations that managers can
easily comprehend and act on [12]. This gap between Al and action is known as the Al-to-action
gap, in which accurate predictions do not necessarily lead to effective managerial actions. Current
marketing analytics techniques also focus mainly on prediction without incorporating resource
limitations, explainability and decision-making by human beings in the same decision-making
process [13]. Thus, a human-centric XAl frame would be required to enable the marketing
prediction to become a clear and clear actionable and resource-efficient recommendation for small
businesses.

D. Objectives of the Study

The major objectives to be achieved in the study are:

e To create an Al based model to predict the profitability of marketing campaigns based on
campaign, audience, creative, platform as well as business related attributes.

e To identify the key factors affecting profits in marketing campaigns and resource allocation
decisions.

e To incorporate Explainable Al (XAI) methods into marketing predictions to give clear and
understandable explanations.

e Create a resource constrained marketing allocation model for determining the allocation of a
relatively small advertising budget among media and campaign configurations.

e To integrate human decision support, allowing managers to review, assess, adjust, and/or decline
Al-driven marketing proposals [13].

e To determine the effectiveness of the proposed framework in enhancing the profitability of the
marketing mix, efficiency of the use of resources, and effectiveness of recommending actions
based on Al-assisted data in comparison to traditional recommendations.

E. Research Questions

The following research questions are used to guide the study:

e What is the predictive power of machine learning models on profitability of marketing campaigns
based on campaign, audience, creative, platform, and budget features for small businesses with
limited resources?

e What are the most important marketing, audience, creative, platform and business-context
variables that impact an Al generated profit prediction?

e What is the impact Explainable Al, specifically with SHAP-based explanations, can have in
terms of transparency and action ability in Al-driven recommendations for the allocation of
marketing resources?

e What is the level of impact that a human-centered XAl framework can provide in the context of
budget constraints in marketing budget allocation, resource efficiency, and managerial decision-
making?

F. Significance of study

This study is important because it takes one of the practical challenges of using Al in small
business marketing such as getting a good prediction from artificial intelligence and then
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incorporating that prediction into a confident decision by the manager [14]. Existing marketing
analytics solutions often focus on predictive performance while resource-constrained companies
need to understand how to support their business decisions, make them more cost effective, and link
them directly to their decisions on allocation. This need is met by the proposed Explainable Al
framework, which integrates the use of profits, explaining the model, constraints of the resources,
and managerial decisions [15]. Theoretically, the study builds on the existing body of research on
Explainable Al, which has moved beyond the notion of transparency to that of explainable decision
support. It defines explainability as a way of bridging Al-generated insights and how resources are
allocated by human judgment [16]. The study's methodological approach integrates several machine
learning methods and incorporates SHAP-based explanations and resource allocation analysis,
offering a systematic framework to assess the accuracy of the predictions and its actual utility [17].
Managers can use the framework to find out which campaign attributes they can afford, why some
marketing methods are suggested, and where to spend their advertising dollars. The framework is
not intended to replace managerial judgment, but to aid the management process by offering
evidence-based recommendations that are accepted, adapted or rejected [18]. Last, the study holds
a practical value for organizations looking to responsibly adopt Al as it highlights the importance
of transparency, interpretability, human oversight, and resource efficiency. Therefore, the research
helps bridge the gap between the insights generated by algorithms and actual marketing decisions.
1.1 Related Works
1.1.1 Al and ML for Marketing Resource Allocation

As the volume of customer, campaign and behavioral data increases, the use of Al and
machine learning has revolutionized marketing analytics, helping businesses to gain deeper insights
from their data to make better decisions [19]. In the digital advertising space, ML models can
discover connections between campaign attributes and positive outcomes like conversions, revenue,
client acquisition price, and return on marketing and advertising spend (ROAS). Predictive analytics
can help businesses determine which campaigns are most successful and optimize their marketing
budget [20]. Ensemble methods like Random Forest, XGBoost and LightGBM can model complex
interactions and nonlinearities among marketing variables and profit, whereas traditional statistical
methods like multiple linear regression can offer interpretable relationships [21]. These features are
especially important for small businesses, as their marketing budgets can significantly impact their
finances if not used efficiently [22]. Al can offer managers performance analytics, which can be
used to identify which ad platforms, campaign goals, audience, creative and budgets are most
effective before investing more money. But high predictive accuracy doesn't necessarily lead to
effective managerial decisions. A very accurate model might suggest a given marketing strategy,
but not be able to say why this strategy should be more successful [23]. This leaves an opportunity
for a disconnect between analytical capacity and implementation. In addition, small businesses
might lack technical know-how and resources to comprehend complex models. As a result, the acute
need for research to go beyond mere prediction to decision-support frameworks that link Al
predictions with comprehensible recommendations, budgetary considerations, and managerial
intuition [24]. This study builds on this perspective by incorporating predictability of profitability
and explainability as well as limited allocation of marketing resources.
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Al and Machine Learning in Marketing Resource Allocation
From Data to Profitable, Constrained Marketing Decisions
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Figure 1. This framework shows how Al can be used to provide a pathway from marketing data to
explainable, actionable resource allocation decisions

This framework depicts an integrated approach to the allocation of marketing resources using
Al and machine learning. It starts with Campaign, Customer, Behavioral, Platform, Creative and
Budget data, then pre-processing and feature engineering [24]. There are multiple machine learning
models predicting results including ROAS, profit, revenue, and conversions. The framework fills
in the gap between Al and action by integrating Explainable Al (XAI) methodologies, including
SHAP, which help explain the basis for predictions. These explanations justify restricted resource
allocation, which takes into account restricted budgets and profitable platforms/campaigns. The
recommendations are then handed off to managers who use human judgment to accept, alter or
reject the recommendations. Feedback is used to enhance performance and make future decisions.
1.1.2 Explainable Al and Human-Centered Decision Support

Explainable Artificial Intelligence (XAI) has become a crucial technique for enhancing the
explainability and interpretability of machine learning-driven decision-making processes. It is
possible to create complex models that make very accurate predictions, but that don't give much
insight into the factors that lead to these predictions [25]. To overcome this, XAl techniques provide
explanations that are based on feature contributions, feature importance scores, and on local or
global interpretations. In this regard, SHAPley Additive explanations (SHAP) give a theoretically-
based way of quantifying the contribution of individual features to model predictions [26]. For
marketing use cases, SHAP can be used to understand the impact of other attributes like platform,
campaign objective, purchase intent, quality score, creative format, audience, engagement, and
more, on the expected profitability. But, technical explainability by itself might not be enough to
bridge the gap between Al output and managerial action. Explaining is always necessary for making
a decision that is understandable, relevant and tied to the decision that the user will have to make
[27]. An explanation should have an answer to the small-business manager's question of why more
budgets should be allocated to a certain platform, why the recommendation makes sense and how
it might shift in the case of limited budgets [28]. Human centred Al, therefore, focuses on the
importance of human oversight, understanding, trust and the capacity to accept, alter or reject
algorithmic recommendations. Combining XAl with resource-optimization can make predictions
into marketing recommendations [29]. This viewpoint aligns with the main contention of the current
study: Al should not replace managerial decision-making, but rather serve as a tool to aid in
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decision-making. The proposed framework thus leverages predictive modelling, SHAP explanation,
budget restrictions, and decision-making by humans to tackle the Al-to-action gap.

Explainable Al and Human-Centered Decision Support Framework
From Predictions to Actionable, Trusted Marketing Decisions
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Figure 2. This framework illustrates the relationship of explainable Al with predictive analytics
and marketing decisions that are driven by humans

The framework introduces a people-centric EAI (Explainable AI) model for the process of
converting marketing data into trustworthy managerial decisions. It starts with marketing, audience,
creative, engagement, and budget data, and then moves on to predictive modeling with the help of
machine learning techniques [30]. The predictions are interpreted using SHAP-based explanations
which highlight the factors that influence profitability and other marketing outcomes. The
explanations are turned into comprehensible insights for managers, taking into account budget
constraints, business objectives, risk tolerance, and working constraints. By taking, tweaking, or
ignoring the Al's suggestions, managers keep the final say before creating an allocation plan. A
continuous feedback loop is established to track results, enhance models and explanations, and
inform better marketing choices, transparency, and trust and resource utilization.

1.1.3 Empirical Studies, Research Gap, and Position of the Current Study

Cagiza et al. study in the article, “Al-Powered Advisory Platforms for Sustainable Marketing
Innovation in SMEs: Empirical Evidence from Underserved U.S. Markets,” explores the
sustainability of marketing innovation and strategic decision-making for resource-constrained
SMEs in underserved U.S. markets through the use of Al-powered advisory platforms [1]. The
study, which features interviews with 13 SME owners and managers and survey responses from 172
platform users in three U.S. states, shows how Al advisory tools can enhance customer acquisition,
revenue results, campaign optimization, and strategic marketing efforts [1]. The authors underscore
the importance of a multi-faceted approach which brings together market intelligence, strategic
coaching, peer benchmarking and compliance-oriented tools, resulting in compound benefits for
SMEs. The results of this study are of immense significance in the context of the present study
because it proves the use of Al-powered decision support systems in the improvement of marketing
decisions with limited budgets and technical resources. But the focus of Cagiza et al. is not on
creating an explainable predictive model to maximize marketing-resource allocation, but on the
adoption of and marketing innovation with Al advisory platforms. This study builds upon the
existing literature and introduces a novel framework that bridges the gap between Al and action,

accounting for profitability prediction, SHAP-based explanations, budget limitations, and human
American Journal of Technology Advancement 101



(American Journal of Technology Advancement)

managerial oversight to explicitly tackle the Al-to-action gap in resource allocation within the
marketing domain.

Ortolano and Gallegos offer the Human-AI Collaboration Maturity Model (HAIC-MM) as a
solution to overcome the challenges that small and medium-sized enterprises encounter in the
process of incorporating Al in organizational processes in their article titled “Advancing Human-
Al Collaboration in Small and Medium-Sized Enterprises: A Systems Engineering Approach”. The
study proposes a structured framework with seven dimensions and 32 capabilities at five maturity
levels, highlighting the need to match Al capabilities with the operational needs and resource
constraints for SMEs. The authors use a survey analysis (100 respondents) as well as focus groups
(cumulative 10 participants over 5 sessions) and pilot testing with industry practitioners to illustrate
the applicability and usability of the proposed model [2]. Key factors highlighted in the study are
resource optimization, empowerment of the workforce, ethical monitoring and regulation of Al,
adaptation of organizational culture, and collaboration between humans and Al. The present
research findings are a direct result of these findings because they support the argument that Al
systems should complement rather than supplant the managerial capabilities of humans in resource-
constrained SMEs. The study is mainly concerned with organizational AI adoption and
collaboration maturity however, not explainable predictive analytics for marketing-resource
allocation. The current research builds on this insightful approach by combining predictive
modelling, SHAP explanation, and constraints on budget and decision power of management to
overcome the gap between Al and action in marketing.

In the chapter titled “Fair and Inclusive Customer Segmentation in AI-Driven Marketing”,
Benny and Kaur look at how Al has now become a popular feature in customer segmentation and
argue that Al-based marketing systems are not just prediction machines, but also socio-technical
decision mechanisms. The authors examine how clustering techniques can be used, and analyze
Explainable Al methods like LIME and SHAP, alongside fairness metrics, to detect and counteract
potential structural bias in Al-based segmentation. They identify some key issues such as
transparency, fairness-accuracy, emotional trust, cultural representation, and organizational
capability gaps. The chapter shows how explainability can enhance the understanding of how Al
systems generate marketing-related outputs for stakeholders, and how the assessment of the Al
system's fairness can minimize the risk of making discriminatory and exclusionary decisions [3].
The current study is relevant to these findings, as they highlight the need for transparency,
responsible Al, and human oversight in the context of AI recommendations affecting marketing
decisions. But mostly, Benny and Kaur focus on customer segmentation and inclusive marketing
instead of profitability forecasting and the allocation of limited budgets. In this study, we take this
approach further and propose using SHAP-based explainability to predict campaign profitability
and integrating explanations with budget constraints and managerial judgment to overcome the Al-
to-action gap.

In the article titled “Human-centric Al: Transforming Service Ecosystems for Inclusivity and
Excellence in Resource-Constrained Contexts,” Hwang, Puntha, and Jitanugoon (2026) investigate
how Al can transform service ecosystems and support SMEs operating under resource and
technological constraints. The authors first employ a sequential mixed-methods approach by
interviewing SME service leaders in the healthcare, retail, and hospitality sectors in-depth, and then
using survey results from 444 SMEs. According to their findings, Al can help them design services
to be more adaptive, engage stakeholders more personally and minimize technological and
procedural friction. The study highlights the importance of intentional design, human oversight,
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context-sensitive application, and hybrid models of Al and humans, highlighting that the advantages
of integrating Al are contingent upon these factors [4]. The authors also suggest that participatory
design and governance of Al are needed for inclusive and sustainable outcomes. The results are a
significant confirmation of the human-centric approach adopted in the present study as they
highlight the need to use Al as a support to managerial skills and not as a replacement in resource-
limited scenarios. The study however focuses mainly on the experiences of the stakeholders and
service innovation as a service feature of Al, instead of explainable profitability prediction and
allocation of marketing budget. The current study builds on this approach by combining the
concepts of XAl explanations, predictive profitability modeling, resource limitations, and
managerial decision-making power to explicitly tackle the Al-to-action gap in marketing resource
allocation.

Collectively, these studies establish the importance of Al-enabled decision support, human
oversight, explainability, and resource-aware design in resource-constrained SMEs. However, the
reviewed studies focus on Al advisory-platform adoption, organizational human-Al collaboration
maturity, fair customer segmentation, or human-centric service ecosystems rather than an integrated
marketing-resource allocation process that combines profitability prediction, SHAP-based
explanations, explicit budget constraints, and managerial decision authority. The current study is
positioned to address this gap by integrating these elements into a single human-centered XAl
framework for resource-constrained U.S. small businesses.

Table 1. Comparison of empirical studies and position of the current study

Gap relative to the

Reference  Study focus Method / context  Key contribution
current study
Shows that Al
advisory Focuses on Al-
Al-powered Interviews with 13 platforms can platform adoption
advisory SME improve customer and marketing
[1] Cagiza  platforms for = owners/managers and acquisition, innovation rather
et al. sustainable survey responses revenue than explainable
(2025) marketing from 172 users in outcomes, profitability
innovation in underserved U.S. campaign prediction and
SMEs markets optimization, and constrained resource
strategic allocation.
marketing
Emphasizes
P Focuses on
resouree organizational Al
[2] Human-Al ) optimization, g i
. Survey analysis, adoption and
Ortolano  Collaboration workforce .
. focus groups, and collaboration
and Maturity . . . empowerment, .
pilot testing with ) ) maturity rather than
Gallegos Model for industry practitioners ethical oversight, explainable
u X
(2025) SMEs YP culture, and p
marketing-resource
human-Al .
) allocation.
collaboration
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2. Materials and Methods

This study approach for this study is quantitative involving research methodology based on
machine learning to develop and validate human-centered Explainable Artificial Intelligence (XAI)
in marketing resource allocation [31]. The methodology aims to bridge the gap between predictive
profitability modelling and explainable recommendations, resource constraints, and managerial
decision support. The study is based on the Digital Advertising Campaign Performance Dataset with
41 wvariables, 10,000 observations of campaigns [32]. The analysis process includes data
preparation, exploratory analysis, feature engineering, predictive modelling, XAI interpretation,
resource-optimization and evaluation of actionable recommendations. Multiple machine-learning
models are compared to see which would be the best predictive approach and SHAP is used to
explain model predictions [33]. These explanations are then translated into recommendations for
the allocation of resources in a budget within a final framework that can be compared across various
resource-constrained scenarios.
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METHODOLOGY FRAMEWORK
Al-Driven, Explainable and Human-Centered Marketing Resource Allocation
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Figure 3. This framework shows the systematic approach to creating explainable, human-centred
marketing allocation decisions

The methodology framework provides a systematic process to design and test the developed
framework for marketing resource-allocation using artificial intelligence, explainability, and
human-centric approach [34]. It starts with the preparation of the Digital Advertising Campaign
Performance Dataset, then the data is preprocessed, explored and engineered. For predictive
modeling and performance comparison, multiple linear regression, random forest, XGBoost and
LightGBM are used [35]. The results of the model are then summarized using SHAP to describe the
model predictions and identify which drivers of profitability are important. Resource constrained
optimization, on the other hand, produces the recommendations of budgets allocation based on the
expected profit and the marketing constraints [36]. These recommendations are presented to
managers in human-centred decision support, where managers can accept, modify or reject the
recommendations [37]. The methodology is completed with implementation, monitoring and
continuous feedback.

A. Research Design, and Approach

This study has a quantitative and experimental research design and aims to design and test the
suggested human-centered Explainable Artificial Intelligence (XAI) framework for marketing
resource allocation in resource constrained small businesses [38]. The quantitative part analyzes the
connection between the characteristics of the campaigns and the profitability through statistical and
machine learning methods, and the experimental part consists of testing different marketing
allocation strategies under various budgets [39]. The analysis process of the research is sequential
including data collection, data preprocessing, exploratory data analysis, feature engineering,
predictive modeling, model evaluation, and explanation with SHAP, optimization for resource
constraint, actionable recommendation generation and human centered decision support [40].
Several predictive models are tested to find the best one for predicting the profitability of the
campaign, and then the Explainable Al techniques are applied to uncover the factors that influence
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the model's prediction of the campaign profitability [41]. The resulting insights are used to create
budget recommendation reports which consider scarce marketing budgets. The framework
recognizes the role of the manager, as it is not the Al that makes decisions but rather Al is used to
support the manager's decision-making processes, giving the manager knowledge of how the Al
reached the recommendation and a choice to accept, modify or reject it [41]. The design of the study
is a crucial aspect of the research that enables the implementation of its core objective, which is to
bridge the gap between Al predictions and actual managerial decisions.
B. Data Sources and Data Sets

The study spans the period of January 2024 to January 2026 and includes 10,000 observations
that are processed at the campaign level and 41 variables. This data includes campaign ID, campaign
goal, advertising platform, placement, device, creative, audience, time, auction and quality,
advertising performance, engagement, industry context and budget tiers.

Profit is the main dependent variable and it is defined as:

Profit = Revenue — Ad Spend

There's also a number of performance metrics such as conversions, ROAS, CPA, conversion
rate, CTR, and CPC. Platform, campaign objective, creative format, purchase intent score,
quality_score, industry vertical and budget tier are variables that explain the results and are crucial
to a profitability prediction analysis and resource allocation. The dataset is a synthetic one and the
study considers it as an experimental dataset to be developed and tested as a framework [42]. The
results are thus not considered to be statistically representative of all small businesses in the U.S.
Instead, the budget tier is used as a proxy for resource constraints and U.S.-relevant marketing
scenarios can be investigated within the experiment framework.
C. Data Preprocessing

The data set is then inspected before modelling to see if there are any missing data, duplicate
observations, inconsistent data types, outliers and logical inconsistencies. Documentation for the
data set states that there are no missing values or duplicate campaigns, and logical constraints like
conversions < clicks are taken into account. Appropriate encoding techniques are used to represent
categorical variables as numbers. Extremes and skewness of numerical variables are explored. If
necessary, according to individual algorithms, numerical features are standardized or normalized
[43]. The campaign id variable is not included since it is only an identifier with no significant
predicting interpretation. Any possible leakage of data is closely monitored [44]. Profit is computed
directly from the revenue and ad_spend, thus they are not used as free predictors in predicting profit.
Also, metrics derived from the primary profitability model, such as ROAS, CPA, CPC, CTR, and
conversion rate (if it includes data that is mechanized from the target or target components) are not
included in the primary profitability model. This means that the results from the models are not
affected by mathematical leakage.
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Figure 4. This framework shows a systematic process of data preprocessing for accurate and non-
biased marketing profitability modeling and allocation

Data preprocessing framework shows the systematic approach to make the Digital Advertising
Campaign Performance Dataset available for accurate and fair machine learning analysis. It starts
with data-quality assessment, which involves checking for missing data, data duplication, data type
inconsistencies, outlier and logical inconsistencies [46]. The ‘campaign id" is discarded since it
contains no predictive power, and categorical variables are encoded; numerical variables are
analyzed, transformed and/or scaled as needed [47]. The framework focuses on preventing data
leakage with the main profitability model excluding revenue, ad spend and mechanically derived
metrics [48]. This cleaned data set also contains useful campaign, audience, creative, engagement,
quality, temporal, industry, and budget information that can be used for modeling and resource-
allocation analysis.

D. Exploratory Data Analysis

Exploratory Data Analysis (EDA) is performed to gain insight into how variables in the
marketing environment are distributed and how they are related before performing predictive
modeling. Numerical data (impressions, actual CPC, campaign length, engagement and
profitability) are analyzed using descriptive statistics. Categorical variables like platform, campaign
objective, creative format, industry, purchase intent and budget tier are looked at in frequency
distributions [49]. A correlation analysis is carried out to discover the relationships between the
numerical variables, and to check for possible multicollinearity. Profitability by platform, industry,
and budget and campaign goal is studied using boxplots and distribution plots. Further comparisons
are made to see if the profit abilities of low budget campaigns are different from medium and high
budget campaigns [50]. EDA therefore gives statistical knowledge and context of the business for
the subsequent modeling and allocation decision making.
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E. Featuring selection and engineering

Feature selection and engineering is performed to identify features that give meaningful
information that can predict campaign profitability while being interpretable yet not redundant.
Candidate features are categorized under the following groups including campaign, platform, and
audience, creative, temporal, engagement, quality and business-context. Campaign variables are
campaign objective, advertising platform, ad placement, and device type; creative variables are
creative format, creative age, call-to-action presence and creative emotion; and audience variables
are purchase-intent score, retargeting status [51]. Other factors include campaign day, quarter,
industry vertical, quality score, actual CPC, impressions, bounce rate, average session duration and
pages per session and budget tier [52]. Categorical variables are properly coded, and numerical
variables are examined for distribution, scale and for possible outliers. The statistical relationship
is explored using correlation analysis and model based feature importance is used to identify
important features that can contribute to the high importance of the Profitability prediction [53].
Variance Inflation Factor (VIF) is used to check for multicollinearity especially for Multiple Linear
Regression baseline. Where appropriate highly redundant and non-informative variables are
removed [54]. Also, when transformations or interactions are likely to be meaningful for the
representation of marketing behavior and improve the representation, feature engineering also takes
these into account [55]. This systematic process yields a compact set of features which can be
simultaneously rich in predictive power, statistically valid, easily interpreted and meaningful to
marketing resource allocation.
F. Predictive Modeling

Four predictive modeling methods are used to estimate the profitability of campaigns and
determine which model best fits the next steps in explainability and resource allocation analysis.
Multiple Linear Regression (MLR) is used as the baseline since the coefficients of this model give
meaningful estimates of relationships between the campaign characteristics and profit. Random
Forest is then used to capture the nonlinear relationship and interactions, and also to give model
based feature importance, using an ensemble of decision trees [56]. XGBoost is also an advanced
version of gradient boosting that can capture complex non-linear patterns and interactions among
the marketing, audience, creative and budget variables. LightGBM offers another gradient boosting
baseline model for structured data that offers efficient learning and great performance [57]. The data
set is split into training and testing sets, the former for training purposes and the latter for an
unbiased assessment [58]. Hyperparameter tuning and model stability assessment with CV within
the training data set is used where appropriate. The same outcome definition and similar predictor
information is used to train all models to ensure a fair comparison [59]. Afterwards, the best model
is chosen based on predictive accuracy, stability and interpretability and then used for SHAP
analysis and constrained marketing-resource optimization. This is a comparative design which also
minimizes reliance on one modeling approach.
G. Model Evaluation

Model performance is not assessed by only a single metric, but by using complementary
statistical metrics. The key evaluation measures for continuous campaign-profit prediction are the
Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and coefficient of determination
(R?).

n
1
RMSE = V= (3= )’
i=1

Where
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y;= Observed Profite
y,= Predicted Profit
The RMSE assigns more importance to large errors in prediction.

The formula to find the MAE is:

=1

1 n
MAE = J;Z[m—@]

and represent the average absolute prediction error.

=1 (Vi = 9)°
il =]

The higher the R? the better the prediction; the lower the RMSE and MAE the better the
prediction. A model with the best overall accuracy, stability and interpretability is used for the
following analysis of XAl and resource allocation. In addition, residual analysis, Q-Q plots and the
Breusch-Pagan, Durbin-Watson and VIF tests are performed for the MLR model to check for
linearity, independence, residual behaviour and multicollinearity.

H. Explainable Artificial Intelligence (Al) Using SHAP

The top model in this predictive model is paired with SHAPley Additive explanations (SHAP)
to identify the impact of each feature on the predictions of campaign profitability. SHAP offers
global and local interpretability, enabling the link to be made between the complex output of
machine learning and the managerial decision-making process [57]. Global SHAP analysis scores
features by their influence on the predicted profitability of the entire dataset and can help determine
if purchase-intent score, quality score, platform, retargeting, creative format, actual CPC,
engagement, or other features are consistently better predictors of profitability [58]. Local SHAP

R*=1-

analysis compares individual campaigns, and reveals sensitivity towards specific features. Positive
contributions of SHAP values represent factors that increase the predicted value of profit over the
model baseline and negative SHAP values represent factors that decrease the predicted value of
profit over the model baseline [59]. These explanations can be used to derive actionable
management insights, such as understanding why a campaign is likely to perform well, or what
attributes might need to be improved. SHAP outputs are part of the recommendation stage of the
process, allowing managers to not only be provided with an allocation proposal, but also a rationale
that is understood for the recommendation [60]. This explanation layer supports the human-centred
purpose of the study by making the study more transparent, interpretable and actionable, and by
empowering the manager to question and rethink the suggestions from the algorithm [61]. Global
and local explanations offer complementary evidence to assess model behaviour and its value for
limited marketing decisions.
1. Resource-Constrained Marketing Allocation

The resource constrained allocation stage takes the model predictions and plugs them into
real-world recommendations for distribution in terms of a limited marketing budget to platform
and/or campaign configuration [62]. The framework provides for a series of hypothetical budget
scenarios under low, moderate and relatively high resource availability to explore variations in
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optimal allocations under different resource levels [63]. The goal of the optimization is to maximize
profits, given a budget constraint.
The objective can be represented as:

m
max Z xjﬁ;
j=1
Subject to
m

Z Xj <B

j-1
Where,

x; = Amount allocated to platform or campaign j

P; = predicted profitability contribution

And B = Available marketing budget

It is possible to set an additional lower or upper limit on allocation for single platforms if
needed to reflect the realistic management policies. The resulting Al-optimized allocation is
compared to other strategies such as Equal Allocation, Existing/Historical Allocation and Simple
Platform Based Allocation. The strategies are assessed according to their predicted ROI, ROAS,
conversion efficiency and profit per dollar invested in the marketing [64]. A scenario analysis study
also explores the effectiveness of the Al recommendation when resources are less or more scarce
[1]. This process is used to turn predictive insights into actionable allocation decisions, and indicates
that explainable Al can be used to help marketers make allocation decisions, not just campaign-
level predictions, with a limited budget [2]. The approach also offers a framework to analyze the
stability of allocation in various budget scenarios.
J. Human-Centered Decision Support

The human-centric part of the decision support system guarantees that Al-driven marketing
recommendations support and do not supplant managerial judgment [3]. The suggested interface is
composed with three phases, namely recommendation, explanation and decision option. A
recommended allocation along with the anticipated profitability result is presented to managers as
well as a relevant budget constraint and main SHAP factors that support the recommendation [4].
The explanation is provided in an understandable format, so that non-technical users can debate
why a specific platform, campaign or allocation level is recommended [4]. The managers have the
final say on the decision and can choose to accept, adjust or reject the proposed Al recommendation,
depending on the business context, risk tolerance or other factors that are not covered by the Al
model [5]. A scenario based evaluation may evaluate how much perceived understanding, trust,
usefulness, confidence and willingness to act on recommendations were developed [6]. This is
because accuracy in prediction doesn't necessarily translate to successful adoption of Al. The
framework aims to bridge the gap between algorithmic understanding and effective marketing
execution, alongside preserving accountability of the business manager, by incorporating
explainable explanations and human oversight and decision-making capability [7]. It is therefore
viewed as more of an advisory tool than a decision maker in the design.
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HUMAN-CENTERED DECISION SUPPORT FRAMEWORK

Al as an Advisory Mechanism, Humans Retain Decision Authority

@® PURPOSE: Support marketing resource allocation decisions through under Al rec and
alh while preserving human judgment, accountability, and flexibility,
1. RECOMMENDATION 2. EXPLANATION 3. DECISION OPTIONS
Al proposes an allocation plan Why this recommendation? Manager retains control
(SHAP-based insights)
Progosed Allecation (Example) Top Factors Driving Recomm tion You are the decision-maker. Choose an action:
Iél (Global kmportance)
Kscans Expectnd %
forad Patorm Budgergsy | SOTTew o e P ACCEPT MODIFY REJECT
Sredcive Mot G000 Ay an 1420 R
’ - -
Optimizason)  Facebook Ads s 040 ) e -
Crirdin Ay [N 100 [~ \plement Al
YouTute Ads o 240 . oo wcemmended
o Ak 000 o 1400 . o
Crostiv Age . o
Totsl 100,000 100% 35,000 S e .
Eapected Profe Sudpet Cormtrwet Tepecre R
(5] © @ £ ks ok ek
$35,000 $100,000 Mazimm Profe B e
o 1 16 emeciod (@  Budget fleatirty and npwrwsonal constranes
Mt et Pasitve - Incremme buckget seccmmendvd £ Experience and domam ncwiedge
SCENARIO-BASED EVALUATION (After Decision) DECISION OUTCOME & FEEDBACK LOOP

How wseful wis this recommendation?

= - B
9 e IR 2o I‘ [ravpu— G P j Witrgress to Act I;!f P e | Mo @ _’ OLa
wnw P, PR P sxwe (- Compare s Capmure Fosctiocs [
Purke ~ S g

-
Recarrmerdatan

Decison e Fapactimd Oteon

Foodback % CRAUG 1o CONLLOUSY FDrow model ACOFUCY, WIpIaNATONS, #nd User exparance I

;‘{ Al provides insighy make Together we achieve better marketing outcomes.

Figure 5. This framework illustrates a human-centred approach to decision support, incorporating
Al recommendations, explanations, managerial judgment and feedback

The human-centred decision support framework demonstrates how marketing
recommendations developed by Al relate to managerial actions, while ensuring the human element
remains in control [7]. It starts with an Al-generated allocation plan that is created based on the
expected profits, budget, and optimization results. SHAP-based explanations are then used to
pinpoint the most important of these factors behind each of the recommendations and present them
in a comprehensible format [8]. These recommendations are then considered in the context of the
business, risk appetite, strategic goals and operational constraints, by the manager. They may accept,
change, or even reject the suggested allocation [9]. A scenario-based assessment assesses
understanding, trust, usefulness, confidence and willingness to act. Finally, all implementation
outcomes and user feedback provide a continuous loop to help continuously refine models,
explanations, and recommendations.

K. Evaluation of the AI-to-Action Gap

The ultimate evaluation is to see if the proposed framework is successful in linking technical
Al performance and decision usefulness [10]. The four dimensions considered are: predictive
performance, explainability, allocation effectiveness and usefulness to humans. The models are
assessed for predictive performance with RMSE, MAE and R? to estimate the ability of the models
to predict the profit of the campaign accurately. Explainability is evaluated using SHAP feature
contributions, global feature rankings and the simplicity of local explanations that explain single
recommendations [11]. Allocation effectiveness is assessed based on expected profit, ROI/ROAS,
conversion efficiency and resource efficiency for varying budgets with the Al optimized allocations
contrasted to baseline allocations [12]. If a scenario based decision evaluation is performed,
measures for usefulness relating to humans are taken, such as understanding, trust, confidence,
perceived usefulness, and actionability. Central evaluation thus is not just about the accuracy of the
predictive model [13]. It investigates if predictions, explanations and resource constraints lead to
more actionable and useful recommendations for marketing decisions [14]. These four dimensions'
results are then combined to assess the gap between Al and action, while maintaining human
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oversight and managerial control. This multi-dimensional assessment provides a comprehensive
and balanced assessment of the quality of the technical model and its decision value.

EVALUATION OF THE AI-TO-ACTION GAP

Measuring How Well Al Predictions, Explanations and Resource Constraints Translate into Actionable Marketing Decisions

o/ Purpose: Evaluate whether the proposed framework bridges the gap between accurate Al pradictions and
practical, useful, and human-accepted marketing resource allocation decisions.
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Figure 6. This framework presents the multi-dimensional assessment of Al predictions,
explanations, effectiveness of allocation, and actionability for humans

The framework assesses the proposed Al-to-action approach on four complementary
dimensions: predictive performance, explainability, allocation effectiveness and human-centered
usefulness. Predictive performance evaluates the ability to predict profitability in terms of RMSE,
MAE and R? of the machine learning models. Explainability assesses global and local SHAP
contributions and aims for clarity, consistency, and usefulness of model explanations. Allocation
effectiveness is measured against both expected profit and ROAS, conversion efficiency, and
resource efficiency for various budget scenarios when compared to Al optimized marketing
allocations, equal marketing allocations and historical marketing allocations and platform
allocations [15]. Human-centered usefulness focuses on understanding, trust, perceived usefulness,
confidence, and actionability using a scenario evaluation. The results of all dimensions are
aggregated to an overall Al-to-action gap.

Conceptual Framework

This study's conceptual framework sheds light on the interplay between these key factors: Al,
Explainable Al (XAI), resource constraints, and human-centric decision-making processes, to
connect Al with action in marketing resource allocation [15]. It starts with digital advertising
campaign characteristics as the major input, such as platform, campaign objective, audience
characteristics, creative attributes, engagement measures, quality indicators, industry context and
budget tier [16]. These are fed into machine learning models to forecast the profitability of
campaigns and uncover patterns that relate to successful marketing results. The most successful
predictive model is then linked to a layer of SHAP which provides an explanation of the global and
campaign-specific factors that lead to predictions of profitability [17]. It then adds another layer of
constraints to the process, including constraints on marketing budgets, to make the insights
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actionable for recommendable allocations [18]. The recommendations that are generated result in
potentially profitable platforms, campaigns and the allocation level within set budget constraints.
The human-centered decision-support layer is the core of the framework, as it enables the manager
to comprehend explanations, assess recommendations and accept, adapt or reject the allocation
strategies suggested by Al. Last but not least, marketing results like profit, ROAS, conversion
effectiveness, and resources effectiveness give back input data to gauge the effectiveness of the
framework [19]. The conceptual framework thus outlines a linear sequence of: data, prediction,
explanation, constrained allocation, human decision, outcome and feedback, with the goal of having

Al support the human decision-making process as an interpretable tool rather than an independent
decision-maker.

CONCEPTUAL FRAMEWORK

Al-Driven, Explainable and Human-Centered Marketing Resource Allocation
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Figure 7. This framework outlines the concept of predictive Al, explainability, optimization, and
human insights working together to make marketing resource allocation actionable

The conceptual framework provides a representation of how Al-driven predictive analytics
can be not only a tool for making marketing decisions but also a set of explanations that are
understandable to humans [20]. It starts with campaign properties such as platform, audience,
creative, engagement, quality, temporal, industry and budget details. The machine learning models
forecast the profit of a campaign and provide high-potential campaigns and platforms. Global and
local SHAP explanations are used in the XAI layer to explain the factors that contribute to
predictions [21]. These insights are used in resource constrained optimization to come up with
feasible allocation strategies. Managers are presented with recommendations, along with projected
impacts, budgetary considerations and explanations, and have the discretion to approve, revise,
and/or reject recommendations. The marketing results and feedback complete a continuous learning
loop which leads to the improvement of the framework.
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Dataset
A. Screenshot of Dataset
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8 |CAMP_00007 |Brand Awareness Google AdSidebar _[Mobile Android Video 300x250 |Long TRUE [Joy 22125-34 N
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4 [CAMP_00013 |Conversions Instagram|Feed Tablet Windows Carousel [1920x108(Short TRUE |Urgency 26|45-54 A
15 |[CAMP_00014 |Lead Generation Facebook|Feed Mobile macos Image 300x250 |Short TRUE |Joy 63|18-24 N
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& |CAMP_00017 |Lead Generation Google AdSearch Desktop Android Image 728x90  |Medium FALSE |loy 72(25-34 F
19 |[CAMP_00018 |Lead Generation Google AqSidebar |Desktop Android Carousel [1080x1080Medium TRUE [Joy 56[65+ F
20 |[CAMP_00019 |Lead Generation Google AdSearch Mabile i0s Image 19520x1080Medium TRUE [Fear 35(18-24 F
21 |[CAMP_00020 |Lead Generation Google AdFeed Desktop macos Image 1920x108(Long TRUE [Joy 43|25-34 A
22 |CAMP_00021 |Conversions Google AqFeed Tablet ios Image 1080x1080 Medium TRUE\ | Trust 84|55-64 Fro
tech_advertising_campaigns_data 1 3
AB7 - I 4
N o] P Q R 5 T U v W X A4 z A ||
target_au|audience |income_brack|purchase |retargeti |start_date |quarter |day_of [|hour_of |campaign|quality_s [actual_cp|impressi |clicks Lo}
1 |dience_g |_interest |et _intent_s|ng_flag week day _day core c ons a
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(Source Link: https://www.kaggle.com/datasets/juniornsa/digital-advertising-campaign-

performance-dataset)

B. Dataset Overview

The Digital Advertising Campaign Performance Dataset is a synthetic campaign-level dataset
with 10,000 advertising campaigns and 41 variables over the time range of January 1, 2024 —
January 31, 2026. The dataset was chosen due to its structure being similar to the research goal of

building a human centric Explainable Artificial Intelligence (XAI) system to assist in the allocation
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of marketing resources in limited budgets [21]. It includes a variety of dimensions of digital
advertising performance ranging from campaign goals to devices and operating systems, creative
formats and characteristics to audience attributes and attributes of the auctions themselves,
engagement behavior and the industry context and budget tiers. There are core performance
variables such as impressions, clicks, conversions, advertising spend and revenue, and a variety of
derived variables such as CTR, CPC, conversion rate, CPA, ROAS and profit that can be used to
measure the effectiveness of a campaign. Profit is the key dependent variable as it reflects the actual
financial returns from marketing practices, as measured by revenue — advertising expenditure.
Predictor variables are campaign objective, placement, device type, campaign emotion, whether the
purchase intent score was above or below average, whether retargeting was present or not, whether
the quality score was above or below average, whether actual CPC was above or below average,
whether the creative was placed in the top, bottom or middle, whether the bounce rate was above or
below average, whether the average session duration was above or below average, whether the
number of pages per session was above or below average, whether the campaign day was above or
below average, whether the quarter was above or below average, industry vertical, and whether the
budget tier was high or low. No missing values or duplicate campaigns are found in the dataset;
there is also logical consistency between the data, e.g. no campaign with more conversions than
clicks, and advertising spend is logically related to clicks, and to actual CPC. Importantly, there are
not some of the revenue, advertising spend or mechanically driven performance metrics in the main
profitability prediction model, as their inclusion would lead to information leakage [22]. The budget
tier variable is used to represent different levels of marketing-resource availability for a variety of
different scenarios that represent low, medium, and high allocations of marketing resources. The
data set is synthetic and is not representative of the set of all U.S. small businesses, but can be used
to evaluate predictive modeling, explanations using SHAP, constrained optimization, and marketing
decisions with human-centered analysis [23]. The data set therefore offers the appropriate level of
breadth and granularity to explore the shift of Al-driven campaign predictions to more explainable,
resource-aware and actionable marketing allocation decisions.

3. Results

The results obtained in this research show the effectiveness of using the proposed human-
centered, explainable and Al-based framework for allocating marketing resources under financial
constraints. The analysis starts with descriptive comparison of platform and campaign profitability,
followed by predictive analysis, an interpretation of Explainable Al, and an evaluation of the
allocation of resources [24]. Find significant differences in profitability between advertising
platforms, budget levels, and campaign goals, and also see how well the machine learning models
predict. SHAP analysis also gives a clear understanding of how different factors affect the
profitability of the campaign, giving a clear idea of the model's behavior [25]. The resource-
allocation analysis illustrates the potential for turning predictive insights into actionable budget
recommendations and the comparison with traditional approaches to resource allocation. Together,
these results offer empirical support to assess the effectiveness of the proposed framework in closing
this gap between Al predictions and real-world, human-driven marketing decisions.
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A. Comparing the profitability of different advertising platforms
Average Profit by Advertising Platform
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Figure 8. The image shows the average difference in profitability of campaigns over six major
digital ad platforms

This comparison of average campaign profitability between six key advertising platforms
(Instagram, Google Ads, TikTok, Facebook, Twitter, and LinkedIn) is shown in figure 8. Overall,
Instagram shows a higher average profit of $29,005 per campaign, suggesting that it has a relatively
strong profitability within the data set. Google Ads comes in second with about $27,222 and TikTok
and Facebook bring in about $25,786 and $25,315 respectively. The average profit realized by
Twitter is significantly lower, around $17,786, while LinkedIn is the lowest at around $15,828. The
results show that there is substantial inter-platform profitability variation, which can significantly
affect marketing resource allocation results, depending on the platform selected [25]. These
differences offer valuable consideration for businesses with limited resources when selecting
platforms that offer greater potential profitability, and can also help assist informed decision-making
for a final platform selection using Al explanations and business constraints.
B. Comparing ROAS across different marketing budgets
Average ROAS by Marketing Budget Tier
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Figure 9. This image shows the average ROAS between low, medium, and high marketing
budgets
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When looking at the average Return on Advertising Spend (ROAS) by low, medium, and high
marketing budgets, as shown in Figure 9, it is evident that a higher marketing budget is associated
with lower ROAS. The medium-budget tier has the highest average ROAS, at about 7.8, followed
by the high-budget tier with an average ROAS of 7.5, and the low-budget tier with the lowest
average ROAS of 7.1. The findings indicate that the higher the ad budget, from low to medium, the
more efficient the advertising. The upward shift from medium to high level is a sign that efficiency
gains do not increase in proportion to the amount spent, though [25]. It is especially important to a
resource-constrained small business because the ability to allocate resources optimally might not be
a result of 'spending our way to the top', but rather a result of using resources at an intermediate
level [26]. The discovery suggests that budget limitations should be taken into account in the
allocation of resources using Al, not just maximizing spending.

C. Evaluate campaign objectives for profitability

Average Campaign Profit by Campaign Objective
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Figure 10. This image shows the average profitability of campaigns by each of the five types of
digital advertising campaign goals

Figure 10 shows the average campaign profit for each campaign objective: Conversions, Lead
Generation, App installs, Engagement, and Brand awareness. Conversions campaigns typically see
the highest average profit at about $29,800 followed by Lead Generation at about $26,600. The
average profit for App Installs and Engagement campaigns are around $19,900 and $18,800,
respectively, with Brand Awareness showing the lowest profits of around $14,700. The findings
show a strong correlation to campaign objective and financial results [27]. For businesses with
limited resources, conversion-focused campaigns can seem like an especially promising option, as
they target direct actions customers take and are likely to yield higher profits. Allocating a
significant budget to Brand Awareness, on the other hand, can lead to less immediate monetary
return [28]. The results offer further evidence for the inclusion of campaign goals in resource
allocation decisions in the context of Al, as well as in the context of explainable profitability
predictions.
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D. Comparing the performance of models predicting campaign profitability

Predictive Model Performance for Campaign Profitability
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Figure 11. This image shows what the three machine learning models predict for campaign

profitability, compared with each other

Figure 11 shows the performance of Multiple Linear Regression, Random Forest and
XGBoost in terms of RMSE, MAE and R? for the task of predicting campaign profitability. Multiple
Linear Regression has the highest RMSE ($88,029) and MAE ($31,893), along with the lowest R?
of 0.1923, which shows the comparatively low predictive ability. Random Forest has the lowest
RMSE of about $77,527 and the lowest MAE of about $23,445 with the highest R? value of 0.3735.
The RMSE of XGBoost is around $78,652, the MAE of XGBoost is about $21,011 and the R? of
XGBoost is approximately $0.3552. Furthermore, Random Forest best performs in terms of
explained variance and prediction error, and is thus chosen as the main model for further SHAP
interpretation and allocation of resources.

E. Explainable Al Identification of Key Profitability Drivers
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Figure 12. This image shows the 12 most influential features that are driving explainable

campaign profitability predictions
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The top 12 features affecting the mean absolute SHAP contributions to the XGBoost model
are shown in Figure 12. The SHAP value for impressions is also considerably larger than other
variables, making it the most influential factor, and the magnitude of the SHAP value for
impressions is much higher than the others [27]. The second most important one in terms of
influence is Desktop device targeting, followed by Bounce rate, highlighting the value of both
device audience and engagement quality. Other creative formats, especially Video, and the Finance
industry vertical also make significant contributions to model predictions. Quality score and
retargeting status both have extra predictive significance, indicating that the quality of ads and
audience strategy are important for profitability [28]. The contributions from comparatively smaller
sources include quarter, High-income targeting, Brand Awareness objectives, the duration of the
campaign, and characteristics of the Google Ads platform. Importantly, SHAP does not imply
causality, it's used to identify which factors are driving predictions [29]. These explanations help to
guide marketing allocation decision making in a transparent and evidence-based way.

F. Evaluation of Random Forest Profit Prediction Accuracy
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Figure 13. This image displays actual versus Random Forest predicted campaign profitability and
prediction dispersion

Figure 13 shows how the actual campaign profitability correlates with the predicted campaign
profitability by using a Random Forest model. The dashed diagonal line is the line of perfect
prediction and is located where the profit predicted is equal to the profit achieved. The majority of
campaigns are focused around the lower left quadrant, showing most campaigns make relatively
small actual and predicted profits [30]. There is, however, a considerable scatter from the line of
reference, especially when the actual profit on the campaign is high. Some observations with high
profit have a much lower actual profit but a much higher predicted profit, and vice versa for several
campaigns with relatively low actual profit. This pattern indicates that the Random Forest model is
good at distinguishing the general trends of profitability but struggles to estimate extreme profits
[31]. This yields an acceptable moderate R? value of 0.3735 which suggests the model accounts for
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some but not all of the variation in profitability. However, its better overall performance compared
to the baseline justifies its use in explainability and resource-allocation analysis.
G. AI-Informed Marketing Budget Distribution by Platforms

Al-Guided Marketing Budget Allocation by Platform
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Figure 14. This image illustrates the allocation of scarce marketing resources using Al for six
advertising platforms

The top 3 platforms that the Al suggests are most beneficial for the $100k marketing budget
are Instagram (around $19,500), TikTok (around $19,300), and Google Ads (around $18,300).
Facebook's payment is around $17,300, while Twitter's and LinkedIn's payments are relatively less
at $13,100 and $12,500 respectively. The allocation pattern suggests the proposed Al system's aim
is to priorities platforms that are likely to be more profitable, with some level of distribution across
advertising channels. Importantly, the results show that resource constrained allocation does not just
kill off lower performing platforms, but rather it allocates a proportionately smaller amount of
resources to them [31]. This strategy helps make the budget more effective in allocating more funds
into a platform that has a better chance of generating more returns. The results demonstrate the
potential of predictive analytics to be turned into actionable, budgeted marketing insights.

H. Comparative effectiveness of allocation strategies for marketing
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Figure 15. This image illustrates the projected profitability differences among three
different marketing allocation scenarios
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Figure 15 illustrates the average expected campaign profit across three different marketing
allocation approaches: equal allocation, historical-spend allocation, and Al-optimized allocation.
The Al optimized strategy generates the highest average predicted profit of about$25,223 whereas
equal allocation is about $24, 52 and historical spend allocation is about $24,493. The differences
between the two are not too significant, though the Al-optimized strategy shows some measurable
advantage over the two baseline strategies. In particular, Al optimization gives an estimated gain of
about $703 above equal allocation, and $730 above historical allocation for the same amount of
allocation, or about 2.9% and 3.0% gains respectively [32]. The results suggest that using predictive
profitability estimates for resource allocation could lead to more efficient use of limited marketing
resources [33]. The results offer empirical evidence for the proposed Al-to-action framework by
showing how the insights gained from models can be utilized to determine the allocation strategy
and implemented in practice, instead of being limited to predicting it.

4. Discussion

The results explore that the human-centric Explainable Al framework could successfully map
the predictive marketing analytics and resource allocation decisions, but at the same time showed
some key points to address concerning the uncertainty of prediction [34]. The platform-level
analysis revealed significant differences between average profits, with Instagram having the highest
average profit margin followed by Google Ads, TikTok and Facebook, and Twitter and LinkedIn
having lower average profits [35]. These differences indicate it is important for resource-constrained
businesses to consider which platform to use, but it is important to note that the averages shown in
this platform are not necessarily indicative of one platform being inherently better when looking at
different campaigns, audience types, creative strategies and the industry context that could impact
profitability [36]. The budget tier analysis also showed medium budget campaigns had the highest
average ROAS, and an average ROAS of less than a medium budget campaign was seen with high-
budget campaigns pointing to a slight loss of efficiency when spend is increased [37]. This discovery
reinforces the main idea of the study, which is that allocation in marketing should not only be geared
towards greater expenditure; it should instead be directed towards optimizing resources [38]. This
was confirmed by the campaign-objective analysis, which found that campaign profits for
conversion campaigns and for lead generation campaigns were significantly higher than those for
engagement and brand awareness campaigns [39]. For small businesses with limited resources, it
could then be prudent to allocate a larger percentage of budgets to goals that are tied to quantifiable
economic returns, and still invest the proper amount of strategic spending in awareness-building
activities, for the business’ expected profitability may be enhanced [40]. The predictive-model
comparison shows that the Random Forest model outperforms the linear regression model in terms
of the R? (0.3735) and RMSE, suggesting that machine-learning approaches that can consider the
relationship between profitability and the other variables are potentially more suitable for capturing
the patterns of profitability that are not captured by the linear regression approach [41]. Yet, the
moderate R? also highlights that there is still a significant amount of variance in profitability not
captured, thus underscoring the need to view the predictions of Al as evidence for making decisions,
not as certainties. In addition, the SHAP analysis validated the framework by pinpointing influential
predictors of the model such as impressions, desktop targeting, bounce rate, creative format,
industry, quality score, and retargeting [42]. Importantly, these explanations provide transparency
by providing the manager with insight to which variables are associated with predictions, but SHAP
associations are not causal effects. The greatest evidence for bridging the gap between Al and action
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is the resource-allocation analysis [43]. The Al-optimized approach yielded around $25,223 in
average predicted profit, while the equal allocation approach yielded around $24,520 in average
predicted profit and the historical-spend allocation approach yielded around $24,493 in average
predicted profit. It's a rather small improvement, but it is a proof of how predictive insights can be
used in the context of budgetary limitations to make allocation decisions [44]. The results validate
this framework's core concept of adopting Al in small-business marketing that is more than just
predictive, and must be accompanied by explanation, constraint awareness, actionable
recommendations, and human oversight [45]. This framework then defines Al as a support tool to
augment the manager's decision-making, not as a replacement for them [46].The framework thus
makes Al an advisory tool to support managerial decisions, not automating them.
Ethical Concerned and Limitation

The proposed framework poses some methodological concerns and ethical issues which are
worth being noted during the interpretation of results. Ethically, Al marketing recommendations can
have an impact on financial choices, so it's critical for companies to be transparent, accountable,
and have a human touch [47]. By using Explainable Al, and specifically SHAP, managers can gain
insight into the factors that are driving their predictions of profitability and minimize reliance on
black box algorithmic suggestions [48]. But, an explanation should not be seen as proof of cause,
and managers need to be able to accept, adapt, or reject the Al's suggestions [49]. Marketing models
are also likely to carry biases if the patterns of past campaigns exhibit systematic disparities in the
representation of audience, device, platform or demographically [50]. Fairness and responsible
feature usage should be considered when implementing marketing models, as historical campaign
patterns are likely to carry biases, and there may be systematic disparities in the representation of
audience, device, platform, or demographically [51]. One of the weaknesses of this research is that
the Digital Advertising Campaign Performance Dataset is synthetic, which means that the
relationships may not be representative of real U.S. small-business marketing contexts [52].
Therefore, it is not possible to directly conclude that the results of this study apply to all small
businesses. The medium prediction ability also suggests that there are key profitability drivers that
are not explained [53]. The budget constraint is a limited indicator of resource limitations since it
only reflects cash-flow constraints but not managerial knowledge, workforce capacity or strategic
priorities. Last, the allocation analysis assumes future results, rather than actual outcomes [54].
Further studies should test the framework with real world longitudinal data and experiments
designed by managers that incorporate decisions.
Future Work

Future studies should further expand the proposed framework to a broader real-world,
longitudinal marketing context of U.S. small businesses [55]. In the future, we would like to see
future studies also include real campaign-level data from small-business advertising accounts on
Google, Meta, TikTok, LinkedIn, and other platforms to confirm that changes in profitability
patterns and allocations seen in the current studies are also observed in real-world advertising
environments [56]. Second, because of longitudinal datasets, researchers can analyze customer
behavior over time, take into account seasonality, campaign fatigue, economic factors, and even
changes in platforms and algorithms over time [57]. Third, further research is needed to explore
more sophisticated prediction methods that are not only interpretable for managerial applications,
but also include deep learning methods, ensemble stacking, Bayesian methods, and causal machine
learning [58]. The resource allocation part can be extended from the static optimization to dynamic
and multi-period budget optimization which will enable businesses to re-allocate resources based

American Journal of Technology Advancement 122



(American Journal of Technology Advancement)

on campaign performance [59]. Future research should consider other constraints that exist in the
real world like the availability of cash flow, capacity of staff, limits of customer acquisition,
minimum commitments of platforms, and strategic marketing goals [60]. The human-centered
aspect must be assessed by experiments with real small business managers, to determine the level
of trust, understanding, perceived usefulness, confidence in the decision made, and willingness to
adhere or challenge the Al suggestions [61]. Future research could also explore issues of fairness
and possible demographic and/or platform-specific biases in marketing recommendations, to make
sure that optimization doesn't systematically disadvantage specific audience groups [62]. Another
significant area is the creation of interactive dashboards that display predictions, SHAP
explanations, budget scenarios and alternative allocation strategies in an easy-to-use interface [63].
Last but not least, future studies need to test the framework by looking at the actual marketing
results of using Al-augmented choices versus the traditional marketing choices made by
management, using controlled testing in the field [64]. This validation would offer greater
reassurance on the effectiveness of the framework in bridging the gap between the use of Al and
action, and in driving long-term profitability, resource efficiency, managerial confidence, and
strategic marketing success.

5. Conclusion

This study proposed and tested an XAI framework geared toward a human-centered
perspective to close the **Al-to-action gap** in marketing resource allocation for resource-
constrained U.S. small businesses. The study, which was powered by the Digital Advertising
Campaign Performance Dataset, showed the impact of scaling campaign level marketing data into
explainable recommendations for allocation that are also efficient in their use of resources. The
results showed that there are significant differences between the profit generated from each platform
and each budget, and between each platform and campaign goal, as well as between traditional and
uniform allocation strategies, supporting the notion that there is value in allocating limited
marketing resources based on their likelihood of generating profit rather than based on the
traditional or uniform allocation strategy. Random Forest outperformed all other evaluated
predictive models which are Multiple Linear Regression (R?=0.1923) and XGBoost (R*=0.3552).
The moderate predictive performance suggests that there are other factors that are not adequately
represented by the variables included that still have an impact on profitability, but the results show
the benefit of using nonlinear machine-learning techniques for marketing decision support. The
framework was further reinforced by the findings of SHAP analysis which revealed some key
profitability factors such as impressions, device type, bounce rate, creative format, industry, quality
score, and retargeting. Such explainability is especially crucial because it helps managers
comprehend why an Al system is making specific profitability predictions instead of merely being
given recommendations without an explanation. The resource-allocation analysis also highlighted
the practical utility of the framework with the Al optimized strategy reflecting an average of around
$25,223 of predicted profits; whereas equal allocation and historical-spend allocation yielded
around $24,520 and $24,493 of average predicted profit, respectively. The improvement was not
very large, but it shows the potential gained by combining the power of predictive analytics,
explainability, and budget constraints to optimize allocation choices. In conclusion, the study
suggests that the successful application of Al in small business marketing should not just be about
predicting the right outcome, but also providing clear explanations about the reasons behind the
predictions, an awareness of resources and what is available, actionable recommendations, and
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supervision by human managers. Thus, as part of the proposed framework, Al is designed as a tool
for decision support and advice rather than a decision-making system. The study offers a systematic
framework for future studies based on real-world, small-business marketing data and managerial
decision experiments despite the limitations of the synthetic dataset and moderate predictive
performance.
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