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1. Introduction

Advertising continues to be one of the most pivotal drivers of business growth and consumer engagement in the contemporary
marketplace 9. As brands compete in increasingly crowded and fragmented environments, the ability to precisely measure the
effectiveness of advertising campaigns becomes paramount 571, The overarching goal is to ensure that marketing investments
generate meaningful returns through enhanced brand equity, customer acquisition, and ultimately sales conversion P-4, To this
end, marketing professionals and researchers have long sought rigorous frameworks and methodologies for ad impact assessment
12,141 Among the various approaches to measuring advertising effectiveness, pre- and post-campaign survey data analytics stand
out for their unique capacity to directly capture consumer perceptions, attitudes, and behavioral intentions before and after
exposure to advertising stimuli > 171, This survey-based approach, deeply rooted in traditional marketing research, offers insights
into intermediate outcomes such as brand awareness, message recall, favorability, and purchase intent metrics often not
immediately reflected in sales or transactional data [*8 22, Consequently, pre/post survey data provide a critical lens through
which marketers can understand the qualitative and quantitative shifts attributable to advertising efforts [23-271,

In recent years, the marketing landscape has been dramatically transformed by digital technologies, media convergence, and
evolving consumer behaviors [?8 291, Digital platforms have multiplied the points of consumer interaction, enabling multi-touch
campaigns that span social media, video, display advertising, search, and traditional media %1, While these developments
open new avenues for engagement, they also complicate measurement efforts. The multiplicity of channels and devices, coupled
with data privacy regulations and cookie restrictions, challenges marketers to disentangle the true causal effect of advertising
from background noise and confounding variables 2% 34 31, Traditional measurement tools such as direct sales attribution or
marketing mix modelling face limitations in capturing nuanced consumer attitudes and in isolating short-term campaign effects
[, This context has elevated the importance of robust survey-based methodologies, which when combined with sophisticated
data analytics, can provide more granular, consumer-centric insights into ad impact [£7-39,
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Specifically, the integration of econometric models, causal
inference techniques, and machine learning algorithms into
survey data analysis allows for more reliable estimation of
incremental advertising lift %431 addressing issues of bias,
selection effects, and heterogeneous responses across
different consumer segments.

The field of marketing analytics has therefore witnessed a
growing interest in developing models that effectively
leverage pre/post survey data 471, These models serve not
only as diagnostic tools but also as prescriptive frameworks
that guide resource allocation, creative optimization, and
media planning 8. Despite significant advances, challenges
remain ranging from data quality concerns, survey design
complexities, temporal lag effects, to methodological debates
over causal attribution and generalizability [, 0. The
absence of ground-truth experimental data in many applied
settings further complicates validation efforts, emphasizing
the need for literature-driven conceptual frameworks that
synthesize current knowledge and best practices 515,

This paper endeavours to fill this gap by conducting a
comprehensive review of the literature pertinent to ad impact
assessment models based on pre/post survey data analytics
154561 The intent is to systematize existing methodologies,
evaluate their strengths and limitations, and identify
emerging trends and research frontiers. By drawing on over
100 academic and industry sources spanning marketing
science, statistics, data science, and behavioural research, the
paper develops an integrated conceptual framework designed
to inform both practitioners and scholars. This framework
emphasizes rigorous data collection protocols, advanced
causal modelling techniques, and the leveraging of multi-
source data integration to enhance the fidelity and actionable
value of ad impact insights.

The structure of the paper is as follows: Section 2 delves
deeply into the literature, covering survey design
considerations, measurement validity, causal inference
strategies including randomized and quasi-experimental
methods, econometric and machine learning models, and data
integration techniques. Section 3 synthesizes these insights
into a coherent framework outlining the key components and
analytical pathways for ad impact assessment. Section 4
discusses practical implications, highlighting how the
framework can inform strategic decision-making and future
research priorities. Section 5 concludes with reflections on
limitations and avenues for ongoing advancement in the field.
Through this work, the paper aims to contribute to the
evolving discourse on marketing effectiveness measurement
by bridging foundational survey research with cutting-edge
analytics, thereby supporting a more nuanced and data-driven
understanding of advertising impact in the digital age.

2. Literature Review

The assessment of advertising impact using pre/post-survey
data has attracted considerable scholarly attention due to its
potential to directly measure consumer-level changes in
attitudes, awareness, and behavioral intentions attributable to
advertising  campaigns.  This  section provides a
comprehensive review of the literature, focusing on the core
domains that underpin the development of effective ad
impact assessment models: survey methodologies, causal
inference frameworks, econometric and machine learning
analytics, data integration practices, and persistent
challenges.
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2.1 Survey Methodologies in Advertising
Measurement

Surveys remain a foundational tool in marketing research for
capturing consumer perceptions and reactions to advertising
stimuli. Early work by Rossiter and Percy 71 emphasized the
importance of well-designed surveys to measure brand
awareness, recall, and attitudes reliably. Pre/post survey
designs, where data are collected both before and after a
campaign, allow for within-subject comparison, thus
controlling for baseline differences and providing direct
evidence of change 8611,

Methodological rigor in survey design is critical. Sampling
strategies must ensure representativeness of the target
population to avoid selection bias 2%, Probability sampling
techniques such as stratified or cluster sampling are preferred
over convenience samples, which can lead to distorted
inference 22, Additionally, panel surveys, where the same
respondents are surveyed pre- and post-exposure, provide
stronger internal validity by tracking individual-level
changes, although they may suffer from panel attrition and
response fatigue 21,

Questionnaire construction also impacts data quality. Closed-
ended questions using Likert scales for measuring brand
attitudes and purchase intent have become standard 24, but
semantic differential scales and visual analogue scales are
also used to capture nuances in sentiment %I, The wording
and ordering of questions influence response accuracy and
must be carefully pilot tested 281,

Furthermore, advances in mobile and web-based survey
platforms have expanded the feasibility of real-time data
collection, enabling more frequent and granular tracking of
consumer responses [?71. Nevertheless, challenges such as
social desirability bias, where respondents provide answers,
they perceive as favorable rather than truthful, remain
prevalent (62-64],

Impact

2.2 Validity and Reliability of Survey Metrics

For pre/post surveys to effectively inform ad impact models,
the measures employed must be both valid and reliable.
Validity concerns whether the survey items accurately
capture the constructs of interest, such as brand awareness or
purchase intent 21, Content validity is ensured through expert
review and alignment with theoretical frameworks, while
construct validity can be evaluated through factor analysis
and structural equation modeling [,

Reliability pertains to the consistency of responses over time
or across equivalent items. Cronbach’s alpha is commonly
used to assess internal consistency of multi-item scales 3%,
Test-retest reliability, especially important for panel surveys,
confirms stability of measurement 32,

Recent studies have also emphasized predictive validity the
ability of survey measures to forecast actual consumer
behavior, such as purchase or brand switching (21, 34, While
survey data are inherently self-reported and subject to biases,
efforts to triangulate survey metrics with behavioral data
enhance confidence in their use for impact assessment [,

2.3 Causal
Effectiveness
Isolating the causal effect of advertising from confounding
factors is a central challenge in ad impact assessment. The
literature  distinguishes  between  experimental and
observational approaches to causal inference.

Randomized Controlled Trials (RCTs) are considered the

Inference Frameworks in Advertising
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gold standard, involving random assignment of consumers or
markets to exposed and control groups ¢, RCTs eliminate
selection bias and confounding, enabling clean estimation of
incremental advertising effects 7). However, they are often
costly, logistically challenging, and sometimes ethically or
commercially infeasible [,

In lieu of RCTs, quasi-experimental designs are widely
adopted. Propensity Score Matching (PSM) involves
matching exposed and non-exposed units with similar
covariates to reduce selection bias [%. Difference-in-
Differences (DiD) approaches compare changes over time
between treatment and control groups, assuming parallel
trends (91, Regression Discontinuity Designs (RDD) exploit
threshold-based assignment to estimate local treatment
effects 1. Each method relies on key assumptions that must
be validated to avoid biased estimates.

More recently, causal machine learning methods such as
causal forests and double/debiased machine learning have
emerged to flexibly model heterogeneous treatment effects
and control for high-dimensional confounders 5562, These
approaches leverage rich survey and auxiliary data to
improve causal attribution, though they require careful
implementation to maintain interpretability and avoid
overfitting [0, 711,

2.4 Econometric Models for Ad Impact Assessment
Econometric modeling has a long history in quantifying
advertising effects on consumer outcomes. Marketing mix
models (MMM), using aggregate sales data, estimate ad
elasticity through regression or time series methods [,
However, MMM often suffer from aggregation bias and
cannot directly leverage individual-level survey data.
Micro-level econometric models that integrate pre/post
survey data provide greater granularity. Structural equation
models (SEM) are employed to simultaneously estimate
relationships among latent variables representing consumer
attitudes and observed outcomes [, Logistic and probit
models analyze binary outcomes such as purchase likelihood
or brand switching 471,

Panel data techniques, including fixed-effects and random-
effects models, exploit longitudinal survey data to control for
unobserved heterogeneity 8. Instrumental variables (1V)
approaches address endogeneity arising from simultaneous
causation or omitted variables 49,

The integration of econometric and machine learning models
has gained traction, combining the explanatory power of
traditional methods with the predictive capabilities of data-
driven techniques %,

2.5 Machine Learning and Advanced Analytics in Survey
Data

Machine learning (ML) methods have revolutionized the
analysis of marketing data, including pre/post surveys.
Techniques such as random forests, gradient boosting
machines, and neural networks can model complex nonlinear
relationships and interactions among variables [,
Supervised learning algorithms predict key metrics like
purchase intent or brand loyalty from survey features,
enabling segmentation and targeting 678, Unsupervised
methods such as clustering and topic modeling extract latent
consumer segments and themes from open-ended survey
responses 7],

Natural language processing (NLP) advances facilitate the
analysis of textual survey data, such as verbatim feedback or
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social media comments, augmenting structured survey data
for richer insights [0, 811,

Despite their power, ML models require large datasets to
avoid overfitting, and their “black box” nature challenges
interpretability and trust in causal inference contexts [€2],
Hybrid approaches that incorporate domain knowledge and
theory-driven constraints help balance accuracy with
explainability (561,

2.6 Integration of Multi-Source Data

Combining pre/post survey data with other data sources such
as digital analytics, transaction records, and third-party
panels enhances the robustness of ad impact models 71,
Multi-touch attribution models fuse survey and behavioral
data to capture the full customer journey B8l Data integration
raises issues of alignment across differing granularities,
temporal frequencies, and data quality standards [,
Techniques such as data fusion, record linkage, and Bayesian
hierarchical modeling have been applied to reconcile
heterogeneous data sources [,

Furthermore, the growing emphasis on privacy and data
governance requires careful compliance with regulations like
GDPR and CCPA when integrating consumer data [,

2.7 Challenges and Limitations

Several persistent challenges complicate the development of

reliable ad impact assessment models using pre/post survey

data:

e Measurement error: Respondent recall bias and social
desirability can distort survey responses [21,

e Temporal effects: External events occurring between pre
and post surveys may confound attribution [31,

e Sample attrition: Loss of panel participants over time
threatens internal validity 41,

e Generalizability: Findings from specific samples or
campaigns may not extrapolate broadly [,

e Causal ambiguity: Without randomization, causal claims
remain tentative and require robustness checks [61,
Addressing these issues demands continuous methodological
innovation and integration of complementary data and

analytic approaches [¢7],

2.8 Emerging Trends and Future Directions

The literature identifies several emerging trends shaping the

future of ad impact assessment:

e Real-time and continuous measurement: Leveraging
mobile surveys and digital tracking for near-
instantaneous feedback loops 83861,

e Explainable Al: Developing interpretable ML models
to elucidate drivers of ad effectiveness 71,

e Adaptive survey designs: Using Al to tailor surveys
dynamically based on respondent behavior #8901,

e Cross-device and  cross-channel  attribution:
Integrating survey data with digital attribution models
for omnichannel insights [,

e Ethical analytics: Ensuring fairness, transparency, and
consumer privacy in data collection and analysis [°%, %2,

In sum, the literature reveals a rich and evolving landscape of
methodologies and best practices for developing ad impact
assessment models grounded in pre/post survey data. The
following section synthesizes these insights into a conceptual
framework that guides the practical implementation of such
models.

769|Page



International Journal of Multidisciplinary Research and Growth Evaluation

3. Conceptual Framework

The development of robust advertising impact assessment
models using pre/post-survey data requires a well-defined
conceptual framework that integrates survey design, data
processing, analytical modeling, and decision-support
components. This framework serves as a blueprint for
practitioners and researchers to systematically capture,
analyze, and interpret changes in consumer perceptions and
behaviors attributable to advertising efforts.

3.1 Overview of the Framework

The proposed framework comprises four interrelated layers:
1. Data Collection Layer

2. Data Processing and Quality Assurance Layer

3. Analytical Modeling Layer

4. Reporting and Decision Support Layer

Each layer addresses critical aspects identified in the
literature, ensuring methodological rigor and practical
relevance.

3.2 Data Collection Layer

At the foundation lies the data collection layer, emphasizing

the design and administration of pre/post surveys. Consistent

with best practices %%, this layer focuses on:

e Defining target populations aligned with campaign
objectives.

e Employing representative sampling methods to ensure
generalizability.

e Utilizing panel survey designs to track individual-level
changes over time.

e Implementing validated and reliable survey instruments
for constructs such as brand awareness, ad recall,
attitudes, and purchase intent 29-311,

e Incorporating both quantitative scales and qualitative
open-ended questions for richer insights.

e Leveraging digital survey platforms to enable rapid
deployment and minimize data latency.

3.3 Data Processing and Quality Assurance Layer

Once collected, raw survey data undergo systematic cleaning

and validation to ensure data integrity and accuracy:

e Handling missing data through imputation techniques,
including multiple imputation or model-based
approaches [731,

e Detecting and mitigating response biases such as social
desirability or straight-lining 81,

e Validating internal consistency of multi-item scales via
Cronbach’s alpha and exploratory factor analysis [,

e Ensuring temporal alignment of pre and post waves for
accurate comparison.

e Harmonizing data formats to facilitate integration with
auxiliary datasets, such as digital analytics or transaction
records.

This layer ensures that subsequent analytical modeling relies
on high-quality, dependable data, minimizing measurement
error.
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3.4 Analytical Modeling Layer

This core layer operationalizes causal inference and

predictive analytics to quantify advertising impact. Key

components include:

e Baseline Adjustment: Calculating within-subject
differences in survey metrics pre and post advertising
exposure to control for individual heterogeneity 29,

e Causal Attribution: Employing quasi-experimental
techniques such as propensity score matching or
difference-in-differences  analysis to  estimate
incremental advertising effects while controlling for
confounders 1%, 401,

e Econometric Models: Utilizing panel regression,
instrumental variables, and structural equation modeling
to understand relationships between ad exposure,
consumer attitudes, and intended or actual behavior “&-
49]

e Machine Learning Models: Applying supervised
algorithms (e.g., random forests, gradient boosting) to
predict key outcomes such as purchase intent or brand
loyalty from multidimensional survey and behavioral
data 52, 52, These models can detect nonlinearities and
interactions that traditional methods may miss.

e Model Validation and Interpretability: Using cross-
validation, holdout samples, and explainability
techniques like SHAP (SHapley Additive exPlanations)

values to ensure model robustness and transparency 7
99]

The combination of causal inference and machine learning
leverages their complementary strengths: causal frameworks
provide interpretability and theoretical grounding, while ML
enhances predictive accuracy and uncovering complex
patterns.

3.5 Reporting and Decision Support Layer

The final layer translates analytical insights into actionable

business intelligence:

e Dynamic Dashboards: Interactive visualizations
presenting key metrics, trends, and segment-level
results, enabling marketing managers to monitor ad
effectiveness in near real-time.

e Alerts and Recommendations: Automated flags for
significant deviations or anomalies in ad impact metrics,
coupled with strategic recommendations based on model
outputs.

e Scenario Analysis Tools: Simulation modules to
forecast the potential effects of alternative advertising
strategies or budget allocations.

e Integration with Marketing KPIs: Aligning survey-
based impact metrics with broader organizational
performance indicators such as sales lift, market share,
and ROI to ensure holistic evaluation.

This layer facilitates data-driven decision making and
continuous campaign optimization, closing the feedback loop
between analytics and marketing strategy.

3.6 Framework Summary

The framework synthesizes diverse methodologies into an
end-to-end process that starts from rigorous survey design
and ends with actionable insights. It addresses common
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pitfalls highlighted in the literature such as measurement
error, selection bias, and causal ambiguity by integrating best
practices in survey methodology, causal inference, and
advanced analytics. Moreover, it is adaptable to incorporate
emerging trends such as real-time data collection and
explainable Al, ensuring ongoing relevance.

4. Implementation Considerations

Translating the conceptual framework for developing ad
impact assessment models using pre/post-survey data
analytics into practice involves navigating various
operational, methodological, and technological challenges.
This section discusses critical considerations to ensure
effective deployment, scalability, and reliability.

4.1 Survey Design and Administration

The foundation of accurate impact assessment lies in the

quality of survey data collection. Key implementation factors

include:

e Sampling Strategy: Ensuring the sampled population
reflects the target audience for the advertising campaign
is paramount. Probability sampling methods such as
stratified or cluster sampling help achieve
representativeness [?2, 241, Panel retention strategies must
be in place to reduce attrition bias between pre and post
waves 21,

e Survey Timing: The timing of pre and post surveys
should align with the advertising schedule to capture
immediate and delayed effects, accounting for recall
decay or changing market dynamics 123, 261,

e Questionnaire Design: Questions must be clear,
concise, and tailored to capture relevant constructs
awareness, favourability,

e Intent—using validated scales to improve reliability [,
[31, Cognitive pretesting and pilot studies can identify
ambiguities and improve question wording B,

e Mode of Delivery: Online surveys are increasingly
preferred for cost-efficiency and speed but must be
balanced against potential digital divide issues affecting
response rates among certain demographics 2. Mobile-
friendly formats and reminders improve engagement.

4.2 Data Quality and Integration

Implementing robust data cleaning and integration protocols

is critical:

e Data Validation: Real-time validation rules embedded
within survey platforms help catch inconsistent or
incomplete responses early [100-192 Post-collection
statistical techniques correct for outliers and logical
inconsistencies (101,

e Data Privacy and Ethics: Compliance with data
protection regulations such as GDPR and CCPA must
guide data collection, storage, and usage.
Anonymization and secure storage protocols protect
respondent confidentiality [0, 1041,

e  Multi-Source Integration: Combining survey data with
digital analytics (clickstreams, ad impressions), CRM
systems, or transactional data enhances the richness of
analysis but requires careful alignment of identifiers and
timestamps to maintain data integrity %7, 3,

4.3 Analytical Methodologies
Choosing appropriate analytical methods impacts the validity
of impact estimates:
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e Handling Confounders: Quasi-experimental methods
require comprehensive data on covariates influencing
both exposure and outcomes. Propensity score modeling
depends on observed variables; hence, unobserved
confounding remains a challenge [ 41, Sensitivity
analyses should assess robustness.

e Model Complexity vs Interpretability: While machine
learning models can improve predictive power, they risk
opacity. Balancing accuracy with explainability is
essential, especially when insights must inform strategic
decisions 11951971 Techniques like SHAP or LIME assist
interpretability.

e Temporal Dynamics: Advertising effects may evolve
over time; longitudinal models such as growth curve or
time-series analysis help capture delayed or sustained
impacts beyond immediate post-survey windows 1,

e Sample Size and Statistical Power: Sufficient sample
sizes are necessary for detecting meaningful effects and
conducting subgroup analyses. Power calculations prior

to study initiation inform required respondent numbers
[46]

4.4 Technological Infrastructure

Deploying the framework at scale requires scalable and

interoperable technology:

e Data Platforms: Cloud-based platforms enable scalable
data storage, processing, and integration across diverse
sources 71, Real-time data pipelines facilitate near real-
time insights but require robust ETL (Extract,
Transform, Load) processes.

e Analytics Toolkits: Open-source and commercial tools
(R, Python, SAS, Tableau, Power BI) support a range of
analyses and visualizations. The choice depends on
organizational expertise, data volumes, and integration
needs 18, 491,

e Automation: Automating routine tasks such as data
cleaning, model retraining, and report generation
enhances efficiency and consistency while freeing
resources for deeper analysis (5%,

e Security: Implementing strong cybersecurity measures,
including role-based access controls and encrypted
communication, protects sensitive marketing and
consumer data 54,

4.5 Organizational and Strategic Factors

Successful adoption requires organizational alignment:

e Cross-Functional Collaboration: Marketing, analytics,
IT, and legal teams must coordinate to ensure alignment
on objectives, data governance, and interpretation of
results 52,

e Skill Development: Training marketing analysts and
decision-makers in data literacy and model interpretation
fosters informed usage of insights [531,

e Change Management: Embedding data-driven impact
assessment into existing marketing workflows may
require cultural shifts emphasizing continuous
measurement and optimization 541,

e Cost-Benefit Considerations: Investments in surveys,
analytics tools, and personnel should be weighed against

expected improvements in campaign efficiency and ROI
[55],

4.6 Limitations and Mitigation Strategies

Recognizing  inherent  limitations  guides  realistic
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expectations:

e Self-Report Bias: Surveys rely on respondents’ honesty
and memory; social desirability bias or recall errors can
distort measurements. Triangulation with behavioral
data mitigates this [61,

e Causal Inference Challenges: Without randomized
control trials, attributing changes solely to advertising
remains complex. Employing multiple methods and
robustness checks improves confidence 571,

e Dynamic Market Conditions: External factors such as
competitor activity or macroeconomic shifts influence
consumer attitudes and can confound impact estimates;
incorporating control variables helps isolate effects (581,

4.7 Summary

Implementation of ad impact assessment models using
pre/post-survey data analytics requires careful attention to
methodological rigor, data quality, technological capability,
and organizational readiness. By addressing these
considerations, organizations can leverage the full potential
of survey analytics to optimize advertising effectiveness and
business outcomes.

5. Discussion

The development and application of ad impact assessment
models using pre/post-survey data analytics represent a
critical evolution in marketing measurement, enabling more
nuanced understanding of advertising effectiveness. This
section synthesizes key insights from the extensive literature
review and implementation considerations, highlighting their
implications for marketers, researchers, and organizations.

5.1 Enhancing Accuracy in Advertising Measurement
Traditional advertising metrics, such as reach and frequency,
offer limited insight into actual consumer response or brand
equity changes. Pre/post-survey data analytics, when
combined with advanced modeling techniques, provide a
more direct assessment of how advertising influences
consumer attitudes, perceptions, and behaviors 19, 80, By
systematically capturing shifts in key performance indicators
such as brand awareness, favorability, purchase intent, and
emotional engagement, these models bridge the gap between
exposure and impact (61,

The literature emphasizes that integrating multiple analytical
approaches ranging from difference-in-differences and
propensity score matching to machine learning classifiers
enhances the robustness of impact estimates [2, [63],
However, the quality of insights hinges on rigorous survey
design, data integrity, and appropriate methodological
choices, as underscored in Section 4. Without these
foundations, impact assessments risk bias, confounding, and
limited actionable value.

5.2 Challenges and Trade-offs

Despite methodological advancements, challenges persist.
Causal inference remains difficult outside randomized
control trials due to unobserved confounders and potential
selection biases [%4, 81, While techniques such as instrumental
variables or synthetic control methods offer partial solutions,
their assumptions and data requirements can be prohibitive
[66 67]

Moreover, balancing model complexity with interpretability
is a perennial tension. Black-box machine learning models
may Yield higher predictive accuracy but can obscure causal
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relationships, limiting strategic insight [, Explainable Al
methods can mitigate this but add layers of technical
complexity 1,

From an  operational  standpoint,  implementing
comprehensive survey programs demands resources and
organizational commitment [l Achieving representative
samples, minimizing respondent fatigue, and integrating
survey insights with other data streams are non-trivial tasks
requiring cross-functional collaboration and continuous
refinement [74],

5.3 Technological and Organizational Implications

The rapid proliferation of data platforms, analytics tools, and
cloud computing has democratized access to sophisticated
modeling capabilities ['?. Organizations can now automate
data pipelines, deploy scalable machine learning models, and
visualize results interactively, facilitating faster decision-
making [®l. Yet, technology alone does not guarantee
success.

Organizational culture and data literacy are critical enablers.
Marketing teams must develop competencies not only in
interpreting analytic outputs but also in framing measurement
questions and embedding findings into campaign strategies
[74l, Senior leadership support for data-driven marketing
fosters alignment and investment in these capabilities [°],
Furthermore, ethical considerations around data privacy,
consent, and transparency are increasingly prominent.
Adhering to regulatory frameworks and building consumer
trust through responsible data practices are essential to
sustainable impact assessment 7],

5.4 Future Directions and Research Opportunities

The evolving digital and media landscape presents exciting

avenues for future research and development:

e Hybrid Data Integration: Combining pre/post-survey
data with passive data sources such as social media
sentiment, digital ad impressions, and transaction data
can enrich models and offer multi-dimensional views of
ad impact [7, 781,

e Real-Time Impact Assessment: Advances in real-time
analytics and streaming data enable near-immediate
evaluation of campaign performance, allowing agile
optimization and rapid feedback loops %1,

e Personalization and Microtargeting: Leveraging
granular impact insights supports hyper-personalized
advertising, tailoring content and delivery to individual
preferences and behaviors [,

e Cross-Channel Attribution: Developing unified
frameworks that assess ad impact across diverse
channels and devices remains an open challenge but is
critical for integrated marketing measurement (841,

e Advanced Causal Inference Methods: Application of
novel econometric and machine learning causal
inference techniques holds promise for more precise
attribution in complex environments (21,

5.5 Limitations of the Current Framework

While the proposed framework offers a comprehensive
approach to leveraging pre/post-survey data analytics, its
reliance on survey data imposes inherent limitations such as
self-report biases, timing constraints, and respondent attrition
81, Future frameworks should incorporate adaptive designs
that dynamically respond to data quality issues and
incorporate multi-modal data sources to enhance reliability.
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6. Conclusion and Future Work

This paper has presented a comprehensive review and
conceptual framework for developing ad impact assessment
models using pre/post-survey data analytics. As advertising
ecosystems grow increasingly complex, marketers and
researchers require robust tools to understand the true
influence of campaigns on consumer perceptions and
behaviors. Pre/post-survey data, when carefully designed and
analyzed using a combination of statistical and machine
learning methods, offers a valuable lens into advertising
effectiveness beyond traditional metrics.

The extensive literature review underscores that successful ad
impact assessment hinges on meticulous survey design,
rigorous data processing, and sophisticated modeling to
mitigate biases and uncover causal relationships.
Incorporating ensemble modeling approaches further
enhances robustness by leveraging the strengths of diverse
analytical techniques. Moreover, integrating survey analytics
with emerging digital data sources can unlock richer, real-
time, and more personalized insights, transforming how
brands measure and optimize their advertising efforts.
However, challenges remain. Achieving causal inference in
observational settings, balancing model complexity with
interpretability, and overcoming operational constraints
require ongoing innovation and cross-disciplinary
collaboration. Ethical data practices and organizational
readiness also play pivotal roles in ensuring that ad impact
assessments are trustworthy and actionable.

Looking ahead, the future of ad impact assessment will be
shaped by the integration of hybrid data streams, real-time
analytics, and advanced causal inference methods. Research
into adaptive survey designs, explainable Al, and cross-
channel attribution frameworks will further refine the
precision and utility of impact models. Additionally, the
proliferation of privacy regulations necessitates novel
approaches to maintain consumer trust while enabling
sophisticated measurement.

In conclusion, this study lays a foundational blueprint for
academics and practitioners aiming to harness pre/post-
survey data analytics for advertising evaluation. By
advancing methodological rigor and embracing technological
innovation, the marketing field can develop more accurate,
timely, and meaningful ad impact models—empowering
brands to drive better business outcomes and enhance
consumer experiences.
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