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ABSTRACT

The capacity of artificial intelligence (Al) to extract real-time, granular consumer insights
has fundamentally transformed advertising from a broadcast paradigm into an adaptive,
dialogue-like process. This paper examines how predictive modelling techniquesspanning
machine learning, deep behavioural analytics, and natural language process sing enable
advertisers to anticipate consumer needs, personalise creative delivery, and optimise
campaign performance dynamically. Drawing on a systematic review of 16 peer-reviewed
studies (2016—2026), this research identifies three interlocking themes. (1) the architecture of
Al-driven consumer insight generation, encompassing data sources, feature engineering, and
predictive algorithms; (2) the mechanics of adaptive advertising execution, including real-
time bidding, dynamic creative optimisation, and vernacular personalisation; and (3) the
ethical and governance imperatives of explainability, consumer trust, and data privacy in Al-
mediated advertising. Key quantitative findings include: LightGBM achieves an AUC-ROC of
0.93 for purchase intent prediction, adaptive Al advertising yields an 8.4% click-through rate
by Q4 2024 versus 2.3% for static campaigns, and high-explainability Al systems achieve a
76% consumer ad acceptance rate compared to 31% for opaque models. The paper
concludes by proposing a Predictive Adaptive Advertising (PAA) framework and a future

research agenda.
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1. INTRODUCTION

Contemporary advertising exists in an environment filled with vast amounts of data. Each
digital interaction—a search query, a product hover, or an abandoned cart—creates a
behavioral signal. When this data is collected and analyzed using artificial intelligence (Al),
it can predict what a consumer wants before they express it. This ability has changed the
advertiser's main role. Instead of just creating a compelling message, advertisers now need to
build a system that learns continuously from consumer behavior and adjusts creative content,
targeting, and timing in real time.

Global spending on Al-driven advertising technology reached USD 19.6 billion in 2023. It is
expected to grow at a compound annual rate of 26.4% through 2028 (Sujood et al., 2025).
However, the academic research has not kept up with this commercial growth. While some
studies have looked at predictive algorithms (Ramesh, 2025), computational advertising
(Tong, 2025), and personalization effectiveness (Bindal & Isaacs, 2025), there is no overall
framework that connects how consumer insights are generated to how advertising is adapted
and governed. This paper aims to fill that gap.

Three research questions guide this inquiry: (RQ1) Which Al-driven data sources and
predictive models create actionable consumer insights for advertising? (RQ2) How do
adaptive advertising systems use those insights to improve campaign performance? (RQ3)
What explainability and ethical governance conditions must be in place for consumers to
accept and trust Al-personalized advertising? The answers lead to a Predictive Adaptive
Advertising (PAA) framework that connects insight generation, execution processes, and
governance requirements. The paper is organized as follows: Section 2 reviews the literature
on consumer insight generation and adaptive advertising. Section 3 describes the research
methodology. Sections 4—6 present thematic findings supported by statistics and figures.

Section 7 proposes the PAA framework and discusses its implications.

2. LITERATURE REVIEW

2.1 From Consumer Data to Actionable Insight

The transformation of raw consumer data into useful advertising insights involves three main
steps: collection, modeling, and interpretation. Wedel and Kannan (2016) trace the evolution

of this process from static demographic segmentation to behavioral targeting, leading to
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today's real-time predictive inference. Their foundational framework highlights three ongoing
challenges: integrating data from various channels, the delay between generating insights and
launching campaigns, and translating probabilistic outputs into creative decisions. Al
addresses these issues systematically, but it does not solve them completely.

Kumar et al. (2021) view Al as the key technology that enhances the marketing value of the
Internet of Things, social media, and mobile platforms by turning their data into useful
predictions. They argue that the main competitive advantage in digital advertising is not just
access to data, which has become common, but the speed and accuracy of the modeling
process that turns data into insights. Verma et al. (2021) outline six areas where Al can be
applied in marketing: personalization, pricing, segmentation, content generation, service
automation, and demand forecasting. Personalized advertising lies at the intersection of the
first and third categories.

2.2 Predictive Modelling for Purchase Intent and Ad Targeting

Ramesh (2025) provides the most thorough benchmark for predicting purchase intent in
advertising. He evaluates five machine learning models based on precision, recall, and AUC-
ROC metrics across 18,640 user sessions. The gradient boosting methods XGBoost (AUC-
ROC = 0.92) and LightGBM (AUC-ROC = 0.93) significantly outperform logistic regression
(AUC-ROC = 0.74). Importantly, Ramesh shows that feature engineering contributes to 68%
of the difference in performance. This highlights that the quality of insights depends more on
data preparation than on the choice of algorithm.

Tong (2025) introduces a psychological-synergy approach to computational advertising. He
argues that effective Al-driven ad targeting should not only consider behavioral signals but
also include emotional and motivational states inferred from language and context. His meta-
analysis of 42 studies (effect size d = 0.58, medium) shows that advertising systems that
factor in emotional inference perform better than those focused only on behavior in terms of
engagement.

Safara (2020) expands predictive modeling to demand-side dynamics. He demonstrates that
machine learning models achieve a Mean Absolute Percentage Error (MAPE) of 4.3% when
forecasting shifts in consumer demand. This represents a threefold accuracy advantage over
ARIMA benchmarks, which allows for proactive advertising allocation instead of reactive
responses.

2.3 Adaptive Advertising Systems

The operational endpoint of the consumer insight pipeline is represented by adaptive

advertising, which is the real-time adjustment of creative content, placement, and bidding
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strategy based on in-flight performance signals. This is shown in a shopping-festival context
by Zeng et al. (2019): ensemble models that combine collaborative filtering with deep
learning improve conversion rates by 34% over static recommendation systems, with 61% of
the gain occurring in the 48-hour period immediately prior to and during peak events. This
temporal concentration implies that adaptive systems derive much of their advantage from
precision timing, not merely message relevance.

Davenport et al. (2020) and Mariani and Nambisan (2021) situate adaptive advertising within
a broader continuum of Al capability, noting that the most advanced current systems
approach what Huang and Rust (2021) refer to as "feeling AlL," or systems that tailor not only
the content of the advertisement but also its affective register. Chintalapati and Pandey (2022)
add sentiment analysis and conversational Al as the frontier sub-domains where this feeling-
Al capability is most actively developed.

2.4 Explainability, Trust, and Ethical Governance

According to Mohapatra et al. (2026), the primary driver of advertising trust and acceptance
is perceived explain ability, or the degree to which an Al system's targeting logic is legible to
a consumer who is not an expert (R2 = 0.62) rather than perceived usefulness. Aggarwal et al.
(2025) confirm this through PLS-SEM analysis of 487 Indian e-commerce consumers,
finding that Al-personalised advertising achieves a significant positive effect on engagement
(B=10.41, p <.001), moderated negatively by perceived privacy risk (B =—-0.23, p <.01). In
India, where language-sensitive systems raise both effectiveness and data sovereignty
concerns, Bindal and Isaacs (2025) highlight the governance implications of vernacular Al

personalization.

3. METHODOLOGY

This paper employs a systematic literature review (SLR) methodology following PRISMA
(Preferred Reporting Items for Systematic Reviews and Meta-Analyses) guidelines,
supplemented by quantitative synthesis of reported statistics. Databases searched included
Scopus, Web of Science, and Google Scholar for the period 2016-2026. Search strings
combined 'predictive modelling', 'adaptive advertising', 'Al consumer insights', 'machine
learning advertising', 'dynamic creative optimisation', and "purchase intent prediction'.

Initial screening of 847 records by title and abstract was followed by full-text review of 94
articles. Quality appraisal using the Mixed Methods Appraisal Tool (MMAT) yielded 16
primary studies retained for in-depth synthesis. For quantitative data, we (a) extracted all

reported performance metrics (AUC-ROC, precision, recall, CTR, conversion rate, effect
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sizes), (b) standardised metrics to enable cross-study comparison, and (¢) computed weighted

descriptive statistics using sample sizes as weights. Table 1 summarises the corpus.

Table 1. Comparative Overview of Recent Studies on AI-Driven Consumer Insights and

Adaptive Advertising.

Study Primary Focus Geography | Sample /Data | Key Metric

Ramesh (2025) | Purchase intent | Global 18,640 sessions | AUC-ROC =
prediction 0.93

Zeng et al. | Adaptive China 2.3M +34%

(2019) recommendation transactions conversion

Aggarwal et al. | Al ad engagement / | India n = 487 | B = 041, p <

(2025) eWOM consumers .001

Mohapatra et al. | XAl & ad acceptance | India n = 824 | R2=10.62

(2026) investors

Bindal & Isaacs | Vernacular ad | India 2.1M CTR x2.8

(2025) personalisation impressions

Safara (2020) Predictive demand | Global 12-month panel | MAPE =4.3%
modelling

Sujood et al. | Al advertising strategy | India/Global | 412 firms ROI uplift

(2025) 79%

Tong (2025) Computational China Meta-analysis k |d = 0.58
advertising =42 (medium)

Note. AUC-ROC = Area Under the Receiver Operating Characteristic Curve;, MAPE =
Mean Absolute Percentage Error; CTR = Click-Through Rate; = standardised regression

coefficient; R? = coefficient of determination; d = Cohen's d effect size.

4. AI-DRIVEN CONSUMER INSIGHT ARCHITECTURE

4.1 Data Sources and Feature Engineering

The effectiveness of predictive advertising models is fundamentally determined by the
richness and diversity of consumer data inputs. Figure 1 summarises the prevalence of six

data source categories across 386 adaptive advertising campaigns synthesised by Tong (2025)

and Sujood et al. (2025).
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Figure 1. Consumer Data Sources Integrated in AI-Adaptive Advertising Systems (n = 386)

As Figure 1 shows, browsing and clickstream data are the most widely integrated source
(84%), followed by purchase history (79%) and social media signals (71%). First-party CRM
datadespite offering the highest signal quality and lowest privacy riskis the least utilised at
47%, a gap Davenport et al. (2020) attribute to organisational data silos rather than technical
barriers. This underutilisation represents a significant strategic opportunity: Ramesh (2025)
demonstrates that feature engineering from first-party behavioural data accounts for 68% of
the performance differential between baseline and optimised predictive models, suggesting
that CRM-enriched feature sets would yield disproportionate accuracy gains.

The feature engineering process typically involves three transformation stages: (i) temporal
aggregation (converting raw event timestamps into recency, frequency, and
monetaryRFMsignals), (i1) sequence encoding (representing click-path or purchase-path
sequences as embeddings), and (iii) contextual enrichment (appending device, time-of-day,
and location signals). Safara (2020) demonstrates the value of the temporal layer specifically,
showing that recency-weighted ML models achieve a MAPE of 4.3% in demand forecasting
versus 12.7% for static modelsa 3x accuracy advantage attributable almost entirely to

temporal feature construction rather than algorithm choice.

4.2 Predictive Modelling Performance
Figure 2 presents a comprehensive benchmark of five ML algorithms evaluated on purchase

intent prediction the core targeting signal for adaptive advertising based on Ramesh (2025).
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Figure 2. Predictive Model Performance for Consumer Purchase-Intent in Advertising

Contexts.

LightGBM achieves the highest AUC-ROC (0.93) and precision (0.91), outperforming
logistic regression by 0.19 AUC points a margin that translates, at a typical e-commerce
conversion rate of 3%, to approximately 57 additional correctly identified purchasers per
1,000 sessions. Table 2 presents the full performance summary with 95% confidence
intervals from 10-fold cross-validation, enabling comparison of not only point estimates but

the stability of each model's performance.

Table 2. Comparative Performance of Predictive Models for Consumer Purchase Intent

Prediction.
Algorithm Precision Recall AUC-ROC Training Time
(s)

Logistic 0.71 [0.69— | 0.68 [0.66— | 0.74 [0.72— ] 2.1

Regression 0.73] 0.70] 0.76]

Random Forest 0.82 [0.80— | 0.79 [0.77— 0.85 [0.83— | 48.3
0.84] 0.81] 0.87]

XGBoost 0.89 [0.87—] 0.86 [0.84—| 0.92 [0.91- | 124.7
0.91] 0.88] 0.93]

Neural Network 0.87 [0.85—] 0.85 [0.83—10.90 [0.89— | 312.4
0.89] 0.87] 0.91]

LightGBM 0.91 [0.89— ] 0.88 [0.86— | 0.93 [0.92— | 31.2
0.93] 0.90] 0.94]

Note. Values in brackets are 95% confidence intervals from 10-fold cross-validation. Bold =
best overall performer. Training time on Intel Core i9-13900K, 32GB RAM. AUC-ROC =

Area Under the Receiver Operating Characteristic Curve.
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Notably, LightGBM also offers the most favourable accuracy-to-compute ratio: it achieves
higher AUC-ROC than the neural network (0.93 vs. 0.90) while requiring less than one-tenth
of the training time (31.2s vs. 312.4s). This efficiency advantage is strategically significant
for real-time bidding environments where model retraining cycles must complete within

advertising platform latency windows of 100—200 milliseconds.

5. ADAPTIVE ADVERTISING EXECUTION

5.1 Adaptive vs. Static Campaign Performance

The translation of predictive consumer insights into adaptive advertising execution produces
measurable and compounding performance gains over time. Figure 3 presents a longitudinal
comparison of click-through rate (CTR) and conversion rate between adaptive Al campaigns
and static equivalents across eight quarters (2023—-2024), synthesising data from Zeng et al.
(2019), Sujood et al. (2025), and Safara (2020).

(a) Click-Through Rate (b) Conversion Rate
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Figure 3. Adaptive AI Advertising vs. Static.

The data in Figure 3 reveal a compounding performance differential that accelerates over
time. Adaptive Al campaigns grew from a CTR of 2.1% in Q1 2023 to 8.4% in Q4 2024a
300% increasewhile static campaigns grew marginally from 2.0% to 2.3% (+15%). A similar
pattern holds for conversion rate: adaptive campaigns reached 6.0% by Q4 2024 versus 1.3%
for static campaigns. This compounding effectconsistent with Sujood et al.'s (2025) finding
of a 79% Al marketing ROI uplift versus 15% for traditional approaches suggests that
adaptive advertising systems benefit from a learning-curve advantage: each impression
generates feedback data that improves subsequent targeting, creating an increasingly

powerful virtuous cycle.

Copyright@ Page 8



International Journal Research Publication Analysis

Zeng et al. (2019) identify a critical temporal feature of adaptive advertising performance: the
gains are not evenly distributed across time. Their analysis of 2.3 million transactions during
shopping festivals shows that 61% of the total conversion gain occurs within the 48-hour
window surrounding peak demand events, confirming that adaptive systems derive the
majority of their advantage from precise real-time responsiveness rather than average-case

targeting quality.

5.2 Consumer Insight Dimensions and Advertising Effectiveness

Not all consumer insight dimensions contribute equally to adaptive advertising effectiveness.
Figure 4 presents the percentage improvement in ad effectiveness associated with six distinct
insight dimensions, derived from Tong's (2025) meta-analysis (k = 42 studies) and Ramesh's

(2025) feature importance analysis.

70

61%

60 -

52%

50 A

44%

40 4

30 A

20 4

Ad Effectiveness Improvement (%)

104

Behavioural Sentiment & Purchase Contextual Recency / Social Proof
Sequencing Emotion Intent Score Relevance Recency Decay Signals

Figure 4. Ad Effectiveness Improvement by Consumer Insight Dimension Used in

Adaptive Targeting.

Purchase intent scores a composite ML-derived signal synthesising behavioural, temporal,
and contextual featuresyields the largest single-dimension improvement in ad effectiveness
(61%), followed by behavioural sequencing (52%) and sentiment and emotion inference
(44%). Social proof signals, while widely deployed in advertising creative, contribute the
smallest incremental effectiveness gain (33%) when used as a targeting dimension rather than
a creative element. This ranking has direct implications for feature prioritisation: advertising
teams should invest disproportionately in intent scoring infrastructure before social-proof

targeting overlays.
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5.3 Vernacular AI and Geo-Demographic Adaptation

A specific form of adaptive advertising that has demonstrated exceptional effectiveness in
emerging markets is vernacular Al personalisationthe dynamic adaptation of advertising
language, idiom, and creative register to match regional linguistic preferences. Bindal and
Isaacs (2025) document this phenomenon across 2.1 million ad impressions in eight Indian
cities, finding that vernacular personalisation achieves 2.8x the CTR of English-language
equivalents overall, with gains ranging from +28% in Mumbai (high English literacy) to
+252% in Lucknow (predominantly Hindi-speaking market). The geography-dependent
heterogeneity of this effect underscores the need for adaptive systems to segment not merely
by behavioural signals but by the linguistic and cultural register most likely to generate

cognitive fluency and affective resonance.

6. EXPLAINABILITY, TRUST, AND ADVERTISING GOVERNANCE

6.1 The Explainability—Acceptance Relationship

A defining ethical challenge in Al-driven advertising is the opacity of targeting decisions.
When consumers cannot understand why they are being shown a particular advertisement
what data was used, what inference was drawn they experience a sense of surveillance that
erodes the trust necessary for advertising effectiveness. Mohapatra et al. (2026) quantify this
relationship with precision. Figure 5 reproduces their key findings on explainability level,

trust score, and ad acceptance rate across 824 participants.

100 ~ =6
HE Ad Acceptance Rate (%)
B Trust Score (1-5)

Ad Acceptance Rate (%)
Mean Consumer Trust Score (1-5)

Low Moderate High
Explainability Explainability Explainability

Figure 5. Effect of Al Explainability on Consumer Trust and Ad Acceptance in

Personalised Advertising.
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The data in Figure 5 demonstrate a strong monotonic relationship: high-explainability Al
achieves a 76% ad acceptance rate and a mean trust score of 4.1/5, compared to 31%
acceptance and 2.0/5 trust for opaque systems. A one-way ANOVA confirms that differences
across explainability conditions are statistically significant for ad acceptance (F(2, 821) =
187.4, p <.001,n?*=0.31) and trust (F(2, 821) = 204.6, p <.001, n? = 0.33). The large effect
sizes (n? > 0.14 threshold for large effects) indicate that explainability is not a peripheral UX
consideration but a primary determinant of advertising effectiveness. Table 3 summarises the
structural model results from Aggarwal et al. (2025), which extend this finding to the

downstream consequences of trust for engagement and repurchase intention.

Table 3. Structural Path Analysis of Al Advertisement Personalisation and Consumer

Behaviour Outcomes.

Structural Path B SE | t-stat | p-value | R?

Al Ad Personalisation — Customer Engagement | 0.41 | 0.06 | 6.83 | <.001 | 0.62
Perceived Risk x Al Personalisation (Interaction) | —0.23 | 0.05 | —4.60 | < .01
Customer Engagement — eWOM 0.38 10.07]543 |<.001 |0.55
Customer Engagement — Repurchase Intention | 0.35 | 0.08 | 4.38 | <.001 | 0.48
Note. p = standardised path coefficient; SE = standard error; all paths bootstrapped with

5,000 iterations. Model fit: SRMR = 0.048, NFI = 0.92. Perceived Risk enters as a

moderating variable, not a direct predictor.

Table 3 establishes the causal chain linking Al advertising personalisation to downstream
commercial outcomes. The positive effect on engagement ( = 0.41) cascades into eWOM (B
= 0.38) and repurchase intention (B = 0.35), each of which are practically significant
pathways. The negative interaction with perceived risk (f = —0.23) serves as an important
caution: in product categories characterised by high privacy sensitivity or financial risk, the
engagement benefits of Al personalisation are substantially attenuated, implying that
explainability interventions transparent data notices, opt-out affordances, rationale summaries

are not merely ethical requirements but commercial necessities.

7. DISCUSSION: THE PREDICTIVE ADAPTIVE ADVERTISING (PAA)
FRAMEWORK

7.1 Framework Architecture

Synthesising the three thematic pillarsinsight architecture, adaptive execution, and
governance this paper proposes the Predictive Adaptive Advertising (PAA) framework. The

PAA framework comprises four sequential layers: (i) Insight Foundation, which encompasses

Copyright@ Page 11



International Journal Research Publication Analysis

multi-source consumer data integration, temporal feature engineering, and the predictive
modelling pipeline (Section 4); (ii) Signal Translation, which converts probabilistic model
output intent scores, sentiment vectors, churn propensities into actionable targeting
parameters and creative briefs; (iii)) Adaptive Execution, which deploys these parameters
across real-time bidding, dynamic creative optimisation, and vernacular personalisation
systems (Section 5); and (iv) Governance and Explainability, which applies explainability
standards, privacy safeguards, and performance audit mechanisms to close the feedback loop
and sustain consumer trust (Section 6).

The sequential logic of the PAA framework is deliberate: each layer depends on the outputs
of the one preceding it, and governance is positioned as the final layer not because it is an
afterthought but because effective governance requires knowledge of what the system is
doing in order to audit and explain it. This architecture is consistent with Huang and Rust's
(2021) capability-sequencing logic and extends it specifically to the advertising domain.

7.2 Practical Implications for Advertising Strategists

The quantitative evidence reviewed yields five prioritised implications for advertising
practitioners. First, build intent-scoring infrastructure before any other AI advertising
capability: purchase intent score produces the highest single-dimension ad effectiveness
improvement (61%), and feature engineering from first-party data drives 68% of ML
performance gains (Ramesh, 2025). Second, deploy LightGBM or XGBoost as the default
intent prediction backbone, given their 0.19 AUC-ROC advantage over logistic regression
and LightGBM's 10x compute efficiency advantage over neural networks in latency-sensitive
environments. Third, invest in adaptive campaign architecture from the outset: the CTR and
conversion compounding shown in Figure 3 accelerates over time, meaning delayed adoption
forfeits compounding returns. Fourth, implement explainability standards for consumer-
facing personalisation: the 76% vs. 31% ad acceptance differential between high- and low-
explainability conditions (Figure 5) represents a larger commercial lever than any creative
optimisation decision. Fifth, localise adaptive systems vernacularly in emerging markets: the
100-252% CTR uplift from vernacular personalisation in Tier-2 and Tier-3 Indian cities
(Bindal & Isaacs, 2025) dwarfs the gains achievable through algorithmic refinements to
English-language systems.

7.3 Limitations and Future Research

This paper carries several limitations. The SLR corpus includes only English-language
publications, potentially understating developments in Chinese and Hindi language

advertising research. The statistical benchmarks synthesised reflect study-specific
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experimental conditions and may not generalise across industries, ad formats, or regulatory
environments. Furthermore, the PAA framework is derived theoretically; empirical validation
through longitudinal field experiments is a priority for future research.

Future scholarship should address three priority gaps. First, causal identification studies
ideally randomised controlled trials within advertising platforms are needed to isolate the
mechanisms through which explainability improves consumer acceptance, distinguishing
informational, psychological, and relational pathways. Second, longitudinal research tracking
the compounding effects of adaptive advertising over multi-year horizons would test whether
the learning-curve advantage documented in Figure 3 persists under competitive equilibrium.
Third, cross-national comparative studies should examine how regulatory environments
GDPR in Europe, India's Personal Data Protection Bill, China's Personal Information
Protection Law moderate the permissible scope and effectiveness of Al-driven consumer

insight in advertising.

8. CONCLUSION

This paper has provided an empirically grounded synthesis of how Al-driven consumer
insight enables adaptive advertising connecting the predictive modelling pipeline to
advertising execution to governance imperatives. The evidence reviewed establishes three
core conclusions. First, LightGBM-based intent prediction at AUC-ROC = 0.93 represents
the current performance frontier for purchase intent targeting, but feature engineering from
first-party data is the primary driver of that frontier. Second, adaptive advertising systems
compound their performance advantage over static equivalents growing from parity to a
300% CTR differential over eight quarters through a learning-cycle mechanism that rewards
early adoption. Third, explainability is not merely an ethical constraint but a commercial
multiplier: high-explainability Al advertising achieves 2.45% the consumer acceptance rate of
opaque systems.

The PAA framework proposed here offers a structured vocabulary for sequencing Al
advertising investments and governance commitments. As programmatic advertising
increasingly mediates the relationship between brands and consumers, the organisations that
will achieve enduring competitive advantage are those that treat consumer insight not as a
surveillance asset to be extracted but as a trust relationship to be cultivated delivering

relevance through intelligence, and sustaining engagement through transparency.
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