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Abstract
Background: Consumer decision-making in digital advertising is a multifactorial process involving attention, emo-
tional engagement, cognitive evaluation, and contextual influences. Traditional self-report methodologies fail to 
capture the automatic, unconscious, and real-time nature of these processes. Neuromarketing research, utilizing 
eye-tracking and physiological signals such as electroencephalography (EEG), electrodermal activity (EDA/GSR), 
heart rate, and event-related potentials (ERPs), offers objective, millisecond-resolution measurement of consumer 
responses during advertising exposure.

Methods: Following systematic classification principles, we identified 19 empirical studies from a corpus of 69 pa-
pers as quantitatively eligible for meta-analytic synthesis. Studies were required to employ at least one eye-tracking 
or physiological measurement tool, examine consumer behavior or decision-making in digital or visual commercial 
contexts, and report sufficient quantitative data for synthesis (means, standard deviations, sample sizes, effect esti-
mates, and/or p-values). A random-effects synthesis framework was adopted given the methodological heterogeneity 
across studies. Subgroup analyses were conducted by tool type (eye-tracking only, EEG-based, EDA/GSR, multimod-
al, machine learning pipeline, ERP), stimulus type (video, static/print, food-related, warning labels), and outcome 
type (attention, emotional arousal, neural decoding, preference/choice, effectiveness).

Results: The 19 eligible studies (total N across studies > 1,700) encompass diverse designs including between-sub-
jects experiments, within-subjects repeated-measures paradigms, mega-analyses of multiple datasets, and machine 
learning prediction pipelines. Key findings include: (1) gaze fixation duration strongly predicts final consumer choice 
(r ≈ 0.62–0.80, e.g., wine label design studies); (2) frontal EEG gamma activity predicts commercial media success 
beyond self-reported liking; (3) the Late Positive Potential (LPP) reliably indexes emotional processing intensity in 
response to warning labels and food stimuli; (4) Random Forest machine learning classifiers achieve 81% accuracy 
in predicting advertising preferences from EDA and facial expression data; (5) multimodal integration of eye-track-
ing, EEG, and GSR provides richer consumer behavior profiling than any single method alone. Heterogeneity (I² 
estimated moderate-to-high across subgroups) reflects genuine variation in stimuli, populations, and measurement 
tools.

Conclusions: Eye-tracking and physiological signal methodologies offer convergent and complementary evidence 
for how consumers process, respond to, and decide about digital advertising stimuli. The synthesis indicates that 
attention, emotional arousal, and cognitive effort are meaningfully associated with advertising effectiveness and 
consumer choice. Future research should prioritize methodological standardization, increased reporting transpar-
ency, and cross-cultural validation to strengthen the evidence base for biometric-informed advertising research.

Keywords: Consumer Decision-Making, Digital Advertising, Eye-Tracking, EEG, Physiological Signals, Neuromarketing, Me-
ta-Analysis, Visual Attention, Emotional Activationm Biometric Measurement.
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Introduction
Background and Significance
The study of consumer decision-making has undergone a para-
digmatic transformation over the past two decades. The emer-
gence of consumer neuroscience and neuromarketing as re-
search disciplines has challenged the long-held assumption that 
consumers make decisions through deliberate, rational process-
es amenable to self-report measurement. Contemporary under-
standing recognizes decision-making as a multi-layered process 
involving automatic attentional allocation, affective evaluation, 
memory encoding, cognitive appraisal, and contextual influ-
ences   many of which occur below the threshold of conscious 
awareness.

Digital advertising presents a particularly demanding environ-
ment for understanding consumer cognition. Modern consumers 
are exposed to hundreds of advertising impressions daily, often 
under conditions of divided attention, cognitive overload, and 
multi-screen distraction. In this context, advertising effective-
ness depends not only on message content and creative execu-
tion, but on the moment-to-moment interplay between visual 
attention, emotional reactivity, and neural encoding that deter-
mines whether an advertisement registers, is processed, and ulti-
mately influences consumer behavior.

Traditional research methods   surveys, focus groups, and be-
havioral measures   capture explicit, retrospective reports that 
may be influenced by social desirability, recall bias, and the 
limits of introspective access to unconscious processes. While 
these methods yield valuable consumer insights, they remain 
fundamentally limited in their ability to measure the automatic, 
real-time cognitive and affective mechanisms that drive adver-
tising impact.

Eye-tracking and physiological signal technologies have 
emerged as powerful complements to traditional measurement 
approaches. Eye-tracking provides direct, objective measure-
ment of visual attention allocation where consumers look, for 
how long, in what sequence, and with what level of engagement. 
Physiological signals  including electroencephalography (EEG), 
electrodermal activity (EDA or GSR), heart rate (HR), facial 
electromyography (FEA), and event-related potentials (ERPs)  
capture the dynamic neurophysiological states that accompany 
advertising exposure in real time.

The convergence of these methodologies within digital adver-
tising research creates an opportunity for systematic synthesis. 
By integrating findings across studies that employ eye-tracking 
and physiological measurements, it becomes possible to identify 
consistent patterns of consumer response, assess the predictive 
validity of biometric indicators for advertising outcomes, and 
map the mechanisms through which visual and emotional pro-
cessing translate into decision-making behaviors.

Eye-Tracking as a Measurement Tool
Eye-tracking technology records the position and movement of 
the eyes as consumers view advertising stimuli, providing ob-
jective data on visual attention allocation. Core metrics include 
fixation duration (the length of time the gaze rests on a specific 
area of interest), fixation count (the number of discrete fixation 
episodes), time to first fixation (how quickly a specific element 

attracts initial attention), saccade amplitude (the magnitude of 
eye movements between fixations), and scan path (the sequence 
of fixation locations over time).

These metrics offer insights that self-report measures cannot: 
they reveal which elements of an advertisement attract attention, 
how visual attention is distributed across the stimulus, wheth-
er key messages and calls-to-action are processed, and how the 
structure of visual scenes guides information acquisition. In dig-
ital advertising contexts, eye-tracking has been applied to web 
banner ads, social media posts, video advertisements, product 
images, and packaging design.

A critical theoretical connection exists between eye-tracking 
data and consumer decision-making. The gaze-cascade model 
(et al., 2003) proposes that increasing gaze dwell time on an 
option amplifies preference for that option through a positive 
feedback loop between attention and affective evaluation. This 
model predicts   and empirical research confirms   that the option 
receiving the most visual attention before a choice is typically 
the one selected. The implication is that eye-tracking data can 
serve not only as a measure of advertising effectiveness but as a 
predictor of consumer choice.

Recent methodological advances have extended eye-tracking 
beyond laboratory settings to remote eye-tracking via standard 
webcams, enabling large-scale data collection in ecologically 
valid environments. However, the precision and data quality of 
remote eye-tracking systems remain inferior to laboratory-grade 
infrared eye-trackers, and lighting conditions have been shown 
to significantly affect measurement accuracy.

Physiological Signals in Consumer Research
Physiological signal methodologies capture the body's autonom-
ic and neural responses to advertising stimuli, providing con-
tinuous, objective measurement of internal consumer states that 
are inaccessible through behavioral observation or self-report. 
The primary physiological modalities employed in consumer 
research include electroencephalography, electrodermal activity, 
heart rate measurement, facial expression analysis, and event-re-
lated potentials.

Electroencephalography (EEG) measures the electrical activity 
of the brain through scalp electrodes, providing millisecond-res-
olution temporal data on neural processing. In consumer re-
search, key EEG metrics include frontal alpha asymmetry (an 
index of approach/withdrawal motivation and affective valence), 
theta-band activity (associated with cognitive load and working 
memory engagement), gamma-band activity (linked to high-lev-
el information processing and commercial media success pre-
diction), and alpha event-related desynchronization (indexing 
attentional engagement and cognitive effort).

Electrodermal activity (EDA), also known as galvanic skin re-
sponse (GSR) or skin conductance, measures changes in the 
electrical conductance of the skin produced by sweat gland ac-
tivity driven by the sympathetic nervous system. EDA is a reli-
able indicator of emotional arousal and cognitive engagement, 
with peak EDA responses indicating moments of heightened 
emotional activation. Importantly, EDA is non-directional   it 
measures the intensity of emotional response rather than its va-
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lence   and must therefore be interpreted in conjunction with 
other measures to determine whether activation reflects positive 
or negative affect.

Event-related potentials (ERPs) are averaged EEG signals 
time-locked to specific stimulus events, providing fine-grained 
temporal information about distinct stages of information pro-
cessing. In advertising and consumer research, key ERP compo-
nents include the P2 (early perceptual processing and stimulus 
salience), N2 (conflict monitoring and cognitive control, sensi-
tive to expectation violations in online decision contexts), P3 
(attentional resource allocation and stimulus evaluation), and the 
Late Positive Potential (LPP; reflecting sustained emotional pro-
cessing and motivational significance).

Heart rate measures provide additional information about auto-
nomic arousal, with HR deceleration indicating attentional en-
gagement (orienting response) and HR acceleration indicating 
defensive motivation or stress. Facial expression analysis, using 
systems such as the Affectiva AFFDEX SDK, codes micro-ex-
pressions to detect emotional states including joy, contempt, sad-
ness, fear, anger, disgust, and surprise, complementing physio-
logical signal data with explicit emotional content information.

Machine learning approaches have increasingly been applied to 
physiological signal data in consumer research, moving beyond 
traditional statistical inference toward predictive modeling. 
Algorithms such as Random Forest, Support Vector Machine 
(SVM), and K-Nearest Neighbors (KNN) have been trained on 
EDA, EEG, and facial expression data to predict consumer pref-
erences, ad effectiveness, and choice outcomes with accuracy 
levels that substantially exceed chance.

Neuromarketing and Digital Advertising: The Intersection
The application of neuromarketing methodologies to digital 
advertising research reflects a broader recognition within mar-
keting science that advertising effectiveness is fundamentally a 
psychological and neurological phenomenon before it is a be-
havioral one. Consumers do not consciously decide to attend 
to, process, remember, or be influenced by advertising messag-
es   these processes occur automatically, continuously, and are 
shaped by the interaction between stimulus characteristics and 
individual neurophysiological states.

Digital advertising environments present unique challenges for 
consumer attention capture and retention. The fragmented, fast-
paced nature of digital media consumption means that advertis-
ing exposure is often incidental, partial, or distracted. Consumer 
attention is a finite cognitive resource, and the competition for 
that resource in digital environments is intense. Understanding 
which elements of digital advertising stimuli attract and sustain 
attention   and which physiological states accompany effective 
advertising processing   is therefore of direct practical relevance 
to advertising practitioners.

The existing literature documents substantial variability in the 
findings across individual neuromarketing studies, reflecting 
not only genuine differences in advertising effectiveness across 
stimulus types and contexts but also methodological diversity 
in measurement tools, experimental designs, outcome operation-
alizations, and reporting standards. This variability underscores 

the need for systematic synthesis that can identify consistent 
patterns while appropriately characterizing the sources of het-
erogeneity.

The present meta-analysis addresses this need by systematically 
synthesizing empirical evidence from 19 quantitatively eligi-
ble studies, employing eye-tracking and/or physiological signal 
methodologies, that examined consumer responses to digital 
advertising stimuli. The synthesis aims to identify the most ro-
bust and consistent patterns of findings, characterize the degree 
of methodological heterogeneity across studies, and provide an 
evidence-based framework for understanding how visual and 
physiological processes mediate consumer decision-making in 
digital advertising contexts.

Research Questions
The present systematic review and meta-analysis is guided by 
seven research questions:
1.	 RQ1: How has consumer decision-making in digital adver-

tising been examined through eye-tracking and physiologi-
cal signal methodologies? This question examines the meth-
odological landscape of the field, including study designs, 
tool combinations, sample characteristics, and experimental 
paradigms employed across eligible studies.

2.	 RQ2: Which visual attention and neurophysiological indi-
cators are most commonly used in studying digital consum-
er behavior? This question maps the measurement landscape 
and identifies the dominant biometric indicators employed 
across the literature.

3.	 RQ3: What is the relationship between visual attention and 
physiological reaction during exposure to digital ads? This 
question examines the convergent validity and complemen-
tary nature of eye-tracking and physiological signal data in 
capturing consumer responses.

4.	 RQ4: How do ad type, message format, exposure context, 
and stimulus characteristics affect attention, emotional ac-
tivation, and decision-making? This question addresses the 
moderating role of advertising and contextual characteris-
tics in shaping biometric consumer responses.

5.	 RQ5: To what extent do eye-tracking and physiological sig-
nal data have predictive value for ad effectiveness, choice 
intention, and consumer preference? This question exam-
ines the ecological validity and practical utility of biometric 
measures as predictors of real consumer outcomes.

6.	 RQ6: How does the multi-methodological integration of 
eye-tracking and physiological tools contribute to a better 
understanding of consumer decision-making mechanisms? 
This question evaluates the added value of combining mul-
tiple biometric measurement modalities.

7.	 RQ7: What are the dominant methodological trends and 
significant research gaps in the neuromarketing and digi-
tal advertising literature? This question identifies areas of 
methodological strength and limitation, and proposes direc-
tions for future research.

Methodology
Study Design
The present study employs a systematic review and meta-anal-
ysis design, following established principles for quantitative 
synthesis of empirical research. The methodology is designed 
to systematically identify, classify, and synthesize findings from 
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empirical studies examining consumer decision-making through 
eye-tracking and physiological signal methodologies in digital 
and visual advertising contexts. Given the methodological di-
versity of the eligible literature   encompassing different mea-
surement tools, experimental paradigms, stimulus types, and 
outcome operationalizations   a narrative quantitative synthesis 
framework, supplemented where possible by pooled effect size 
estimation, was adopted.

The selection process followed a multi-stage protocol. First, a 
corpus of 69 papers was identified through systematic search 
and screening across relevant neuromarketing, consumer neu-
roscience, and digital advertising literatures. Second, each paper 
was evaluated against pre-defined inclusion and exclusion crite-
ria to determine eligibility for meta-analytic synthesis. Third, the 
19 eligible studies were subjected to systematic data extraction, 
quality assessment, and quantitative synthesis procedures.

A random-effects model framework was adopted for effect size 
estimation and pooling where data permitted, on the theoretical 
grounds that the 19 eligible studies represent a sample of studies 
from a broader population of true effects that may vary across 
studies due to differences in experimental conditions, popula-
tions, measurement tools, and advertising contexts. The ran-
dom-effects model makes the more conservative assumption that 
true effect sizes vary across studies and provides more general-
izable population-level estimates than the fixed-effects model.

Search Strategy and Corpus Development
The corpus of 69 papers was assembled through systematic 
search across multiple academic databases and literature sources 
relevant to neuromarketing, consumer neuroscience, and digital 
advertising research. Search terms were organized around five 
conceptual domains: (1) measurement tools (eye-tracking, EEG, 
electroencephalography, EDA, GSR, galvanic skin response, 
heart rate, event-related potential, facial expression analysis, 
biometric measurement); (2) consumer behavior constructs (at-
tention, emotional engagement, decision-making, advertising 
effectiveness, consumer preference, purchase intention, brand 
recall); (3) digital advertising contexts (digital advertising, on-
line advertising, social media marketing, banner ads, video ad-
vertising, e-commerce); (4) neuromarketing (neuromarketing, 
consumer neuroscience, implicit measurement, physiological 
measurement); and (5) methodological terms (meta-analysis, 
systematic review, experimental study, randomized controlled, 
within-subjects, between-subjects).

Boolean operators were used to combine search terms with-
in and across conceptual domains. The search encompassed 
peer-reviewed journal articles published between 2021 and 2026 
to capture recent developments in the rapidly evolving field of 
neuromarketing and digital advertising research. Supplementary 
manual searching of reference lists from eligible papers and rel-
evant review articles was conducted to identify additional stud-
ies not captured by the electronic search.

Inclusion Criteria
For inclusion in the meta-analysis, a study was required to meet 
all of the following criteria:
•	 Primary empirical or experimental research: Studies 

must represent original empirical investigations employing 

primary data collection, rather than narrative reviews, bib-
liometric analyses, or purely theoretical contributions.

•	 Consumer behavior focus: Studies must examine consum-
er behavior, preferences, advertising responses, or related 
decision-making processes in digital, visual, or commercial 
communication environments.

•	 Biometric measurement: Studies must employ at least one 
eye-tracking or physiological/neurophysiological measure-
ment tool, including EEG, EDA/GSR, heart rate, facial ex-
pression analysis, ERPs, or combinations thereof.

•	 Quantitative reporting: Studies must provide sufficient 
quantitative data for synthesis, including at minimum one of 
the following: sample size, means and standard deviations, 
effect estimates, p-values, or confidence intervals.

•	 Publication status: Studies must have been published in 
peer-reviewed scientific journals with adequate method-
ological description and reporting of results.

Exclusion Criteria
Studies were excluded if they met any of the following criteria:
•	 Systematic reviews, bibliometric analyses, or narrative re-

views without primary experimental data.
•	 Conceptual or theoretical papers without empirical data.
•	 Survey-based empirical studies without physiological or 

eye-tracking measurement.
•	 PLS-SEM or structural equation modeling studies based on 

self-report data only.
•	 Experimental studies failing to report means, standard de-

viations, effect estimates, p-values, or comparable quantita-
tive metrics sufficient for synthesis.

•	 Conference abstracts, editorials, or methodological papers 
without primary outcome data.

Application of these criteria to the 69-paper corpus resulted in 
19 studies classified as meta-analysis eligible, forming the final 
synthesis sample (Table 6, Study Selection Summary).

Data Extraction
Systematic data extraction was conducted from each of the 19 
eligible studies, capturing the following categories of informa-
tion:
•	 Study identification: Title, authors, year and journal of 

publication.
•	 Research design: Study design type (between-subjects, 

within-subjects, repeated measures, multi-dataset me-
ga-analysis, or experimental prediction study).

•	 Sample characteristics: Total sample size, age range, gen-
der composition, and any other reported demographic vari-
ables.

•	 Stimulus and intervention type: Nature of the advertising 
stimulus or experimental condition (video advertisements, 
static images, product labels, social media posts, virtual 
environments, food stimuli, warning labels, or AI-related 
videos).

•	 Measurement tools employed: Eye-tracking system type, 
EEG setup, EDA/GSR recording equipment, HR measure-
ment, facial expression analysis software, ERP paradigm 
details, and any machine learning pipeline components.

•	 Primary outcomes: Visual attention indicators (fixation 
duration, scan path, time to first fixation, gaze allocation), 
physiological indicators (EEG band power, EDA peaks, HR 
changes, ERP amplitudes), behavioral outcomes (choice, 
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preference, purchase intention, recall, craving), and pre-
diction metrics (classification accuracy, regression coeffi-
cients).

•	 Statistical data: Means, standard deviations, sample sizes, 
correlation coefficients, regression coefficients, F-statistics, 
t-statistics, partial η², ERP amplitude differences, classifica-
tion accuracy (%), and p-values.

Variables of Interest
The primary variables examined in this meta-analysis were or-
ganized into four conceptual categories, reflecting the multilev-
el nature of consumer decision-making processes as revealed 
through biometric measurement: Visual attention indicators 
constitute the first category, encompassing fixation duration and 
dwell time on areas of interest, gaze allocation patterns across 
advertising stimuli, time to first fixation on key advertising el-
ements, scan path characteristics and visual information acqui-
sition sequences, and oculomotor response patterns reflecting 
attentional engagement.

Physiological and neural indicators form the second category 
and include EEG measures (frontal alpha asymmetry reflecting 
approach/withdrawal motivation, theta-band activity indexing 
cognitive load and working memory engagement, gamma-band 
activity associated with high-level information processing, and 
alpha event-related desynchronization marking attentional en-
gagement), ERP components (P2 indexing perceptual salience, 
N2 reflecting conflict monitoring and expectation violation, P3 
indicating attentional resource allocation, and LPP measuring 
sustained emotional processing), and peripheral physiological 
measures (EDA peak frequency and intensity reflecting sympa-
thetic arousal, heart rate changes indexing orienting responses 
and attention, and facial expression-derived emotional states).

Psychological and behavioral outcomes constitute the third cat-
egory, including advertising recall and brand memory, product 
preference and choice, purchase intention, craving and desire, 
emotional valence ratings, and ad effectiveness evaluations.

Experimental conditions and moderating variables form the 
fourth category, encompassing advertising format (video vs. 
static, high-attention vs. low-attention), message framing (emo-
tional vs. rational, warning vs. control, positive vs. negative), 
stimulus characteristics (food type, product category, label de-
sign), contextual factors (ambient noise level, virtual vs. real en-
vironments, social context), and individual difference variables 
(gender, age group, cultural background).

Methodological Quality Assessment
The methodological quality of each eligible study was assessed 
based on available information in the paper and in the systematic 
classification database. Quality indicators included the presence 
of randomization or counterbalancing procedures, clarity of ex-
perimental design and condition assignment, completeness of 
statistical reporting, adequacy of sample size relative to the com-
plexity of the analysis, appropriateness of the match between 
theoretical constructs and measured outcomes, and transparency 
of data analysis procedures.

Among the 19 eligible studies: 18 described randomization or 
equivalent experimental control procedures (94.7%); 16 report-

ed means (84.2%); 15 reported standard deviations (78.9%); 18 
reported clear sample sizes (94.7%); all 19 provided some form 
of effect estimate or equivalent statistical output (100%); all 19 
reported p-values or equivalent significance indicators (100%); 
and only 3 reported confidence intervals (15.8%). This distri-
bution indicates generally adequate methodological quality for 
quantitative synthesis, though the low rate of confidence interval 
reporting represents a significant limitation for formal meta-an-
alytic pooling.

Additionally, the adequacy of alignment between theoretical re-
search questions and measured outcomes was evaluated. Some 
studies prioritized neural decoding or predictive accuracy while 
others focused on direct behavioral outcomes; this theoretical 
diversity was treated as a source of potential heterogeneity rath-
er than a grounds for exclusion, and was incorporated into the 
subgroup analysis framework.

Statistical Synthesis Strategy
The statistical synthesis strategy adopted random-effects models 
as the primary analytical framework, given the expected hetero-
geneity in true effect sizes across studies that differ in experi-
mental protocols, measurement tools, populations, and stimulus 
characteristics. Random-effects models provide more conserva-
tive effect size estimates than fixed-effects models when hetero-
geneity is present, and yield more generalizable population-level 
inferences.

Effect size estimates reported across studies include partial η² 
(from ANOVA and ANCOVA analyses), regression coefficients 
(b and β values from linear and logistic models), correlation 
coefficients (Pearson r and Fisher-Z transformed values), ERP 
amplitude differences (in microvolts), EDA peak frequency and 
intensity differences, EEG power and coherence differences, and 
classification accuracy metrics (% accuracy, F1-score, AUC-
ROC from machine learning models).

Where multiple effect size metrics were reported within a single 
study, the most directly comparable metric to the primary out-
come of interest was selected for primary synthesis. Partial η² 
values were converted to Cohen's d equivalents where possible 
using standard formulas (d = 2√(η²/(1−η²))). Correlation coeffi-
cients were Fisher-Z transformed before pooling. Classification 
accuracy from machine learning models was treated as a distinct 
outcome class not directly poolable with effect sizes from infer-
ential analyses.

Heterogeneity was quantified using the Q-statistic (testing 
whether observed variance in effect sizes exceeds what would 
be expected from sampling error alone) and the I² statistic (es-
timating the proportion of observed variability attributable to 
genuine between-study variation in true effects). I² values were 
interpreted using conventional benchmarks: values around 25% 
indicate low heterogeneity, values around 50% indicate moder-
ate heterogeneity, and values around 75% or above indicate high 
heterogeneity.

Given the diversity of measurement modalities and outcome 
types across the 19 eligible studies, a single pooled meta-ana-
lytic estimate across all studies would be of limited interpretive 
value. The synthesis was therefore organized around theoreti-
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cally meaningful subgroups defined by measurement tool type, 
stimulus type, and outcome category, with narrative quantitative 
synthesis used to describe patterns of evidence and formally 
pooled estimates reported where data permitted.

Subgroup Analyses
Pre-specified subgroup analyses were conducted to examine 
whether effects varied systematically as a function of theoret-
ically meaningful moderator variables. Studies were classified 
and analyzed within the following subgroups:
•	 By measurement tool: Eye-tracking only studies; EEG-

based studies; EDA/GSR-based studies; multimodal studies 
combining two or more physiological measurement tools; 
machine learning prediction pipeline studies; ERP-focused 
studies.

•	 By stimulus type: Video advertising stimuli (including tele-
vision and digital video ads); static or print advertising stim-
uli (including product labels, social media posts, and banner 
ads); food-related stimuli (food images, product packaging, 
menu interfaces); warning or regulatory messaging stimuli; 
AI-related and novel digital stimuli.

•	 By outcome type: Visual attention outcomes (fixation dura-
tion, scan path, gaze allocation); physiological arousal and 
emotional engagement outcomes (EDA peaks, HR chang-
es, EEG power); neural decoding and prediction outcomes 
(ERP components, EEG-based forecasting, machine learn-
ing accuracy); behavioral and preference outcomes (choice, 
purchase intention, recall, preference ratings).

•	 By experimental design: Between-subjects designs; with-
in-subjects and repeated-measures designs; multi-dataset 
mega-analytic approaches; combined experimental and pre-
dictive modeling designs.

Potential Sources of Heterogeneity
The anticipated heterogeneity in this meta-analysis arises from 
several identifiable sources. First, experimental protocols differ 
substantially across studies: some employ brief video stimuli 
of 15–30 seconds, others use static image displays of 3–5 sec-
onds, others involve extended virtual environment exploration, 
and others expose participants to sequences of multiple stimuli 
with intervening decisions. These procedural differences create 
different demands on the consumer's attentional, cognitive, and 
emotional systems.

Second, outcome measures are not fully homogeneous across 
studies. Some studies examine advertising recall, others measure 
choice or purchase intention, others focus on neural decoding 
accuracy, and others assess emotional arousal as the primary 
outcome. Even within the category of 'visual attention,' different 
studies operationalize attention through different eye-tracking 
metrics (fixation duration vs. time to first fixation vs. scan path 
efficiency).

Third, study populations differ in ways that may moderate ad-
vertising responses. Samples range from children aged 8–12 [1] 
to healthy adult university students to broader adult populations 
recruited through community channels. Cultural context also 
varies, with studies conducted in Italy, China, the United States, 
Turkey, Spain, Brazil, Portugal, and Slovakia, among others, 
reflecting different advertising environments, cultural norms 
around product evaluation, and consumer behavior patterns.

Fourth, the commercial and advertising contexts examined differ 
substantially. Some studies focus on food and beverage advertis-
ing, others on luxury goods, others on nonprofit advocacy com-
munications, others on tourism and destination marketing, and 
others on novel digital contexts including AI-generated content 
and virtual reality environments. These contextual differences 
may produce genuinely different patterns of consumer response 
even when the same measurement tools are employed.

Recognition of these heterogeneity sources is a fundamental 
methodological requirement for transparent and rigorous me-
ta-analytic synthesis. Rather than treating heterogeneity as an 
obstacle to synthesis, the present study treats it as substantively 
meaningful information about the conditions under which bio-
metric measures of consumer response yield consistent versus 
context-dependent findings.

Ethical and Interpretive Considerations
The use of physiological and neural measurement in consumer 
behavior research raises important ethical and interpretive con-
siderations. From an interpretive standpoint, biometric signals 
do not provide mechanistic, one-to-one mappings onto specific 
psychological states. Elevated EDA activity may reflect emo-
tional interest, stress, cognitive effort, or general arousal depend-
ing on context; sustained gaze fixation does not necessarily in-
dicate positive evaluation; and frontal EEG asymmetry patterns 
may vary across individuals in ways that complicate group-level 
interpretation.

The present meta-analysis adopts a multi-factorial, non-reduc-
tive approach to interpreting biometric findings, treating phys-
iological signals as indicators of processing states rather than 
as direct equivalents of intentions or preferences. Results are 
interpreted with appropriate epistemic humility regarding the 
limitations of inference from biometric data to internal consum-
er states.

From an ethical standpoint, the studies included in this synthesis 
were all conducted with informed consent procedures, and the 
methodologies employed (EEG, eye-tracking, EDA, heart rate 
measurement) are non-invasive and pose no physical harm to 
participants. However, the broader ethical implications of bio-
metric measurement in advertising contexts   including ques-
tions of privacy, data ownership, and the potential for uncon-
scious consumer manipulation   are acknowledged as important 
considerations for the field.

Results
Study Selection and Overview
Systematic evaluation of the 69-paper corpus against the pre-de-
fined inclusion and exclusion criteria yielded 19 studies classi-
fied as meta-analysis eligible. The selection process and reasons 
for exclusion at each stage are summarized in Table 6 (Study 
Selection Summary). The 19 eligible studies span five years 
(2021–2026), encompass diverse methodological approaches, 
and collectively provide quantitative data on consumer respons-
es to advertising and commercial stimuli across a range of digital 
and laboratory settings. Table 1 presents the complete character-
istics of the 19 eligible studies.
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Table 1: Characteristics of Meta-Analysis Eligible Studies (N = 19)
No. Authors 

(Year)
Journal Study Design Sample 

Size (n)
Tools / Meth-

ods
Outcome 
Measures

Main Findings

1 Man-
dolfo et 

al. (2025)

Journal of Busi-
ness Research

Between-sub-
jects 2×2 
laboratory 
experiment

122 Eye-tracking, 
EEG (alpha), 

PLS-SEM

Dwell time, 
brand recall

Free browsing increased 
attention, while high 

presence enhanced vig-
ilance.

2 Schubert 
et al. 

(2021)

Neuropsycho-
logia

Laboratory 
EEG; two 

experiments

37 / 89 EEG (multivari-
ate decoding)

Taste/health 
ratings, deci-
sion strength

Taste and health infor-
mation were decoded 

from EEG with distinct 
temporal dynamics.

3 Li et al. 
(2024)

Annals of Tour-
ism Research

Repeat-
ed-measures 
EEG experi-

ment

63 EEG (frontal 
alpha asymme-

try)

Valence, 
arousal, 

frontal alpha 
asymmetry

High-positive advertise-
ments increased frontal 

alpha asymmetry.

4 Vabba et 
al. (2022)

International 
Journal of Psy-
chophysiology

Within-sub-
ject experi-

mental study

~100 Heart rate (car-
diac interocep-

tion)

Egoistic lies, 
interoceptive 

accuracy

Cardiac interoception 
significantly moderated 

dishonest behavior.
5 Chae et 

al. (2026)
Appetite EEG with 

online rating 
study

110 / 421 EEG (Represen-
tational Simi-

larity Analysis), 
PCA

Neural 
attribute time 

courses

Food-related attributes 
were decoded approxi-

mately 200–650 ms after 
stimulus presentation.

6 Fried-
mann et 

al. (2024)

Journal of Retail-
ing and Consum-

er Services

Laboratory 
neuromarket-

ing experi-
ment

74 EEG, GSR Stress 
response, 

motivation

Discriminatory adver-
tisements elicited higher 
stress responses among 

target audiences.
7 Boksem 

et al. 
(2025)

Journal of Mar-
keting Research

Mega-anal-
ysis of five 

EEG datasets

Multiple 
datasets

EEG (gamma, 
alpha, theta)

Box-office 
revenue pre-

diction

Gamma-band activity 
was the only robust 

predictor of commercial 
success.

8 Peng-Li 
et al. 

(2022)

Frontiers in Neu-
roscience

Within-sub-
ject ROC task

Not re-
ported

EEG, EDA Craving, 
frontal alpha 
activity, EDA 

peaks

Future-oriented thinking 
reduced cravings, while 
noise increased physio-

logical arousal.
9 Wang et 

al. (2022)
Frontiers in Neu-

roscience
Laboratory 
behavioral 
and ERP 

experiment

Reported ERP (P2, N2, 
P3)

Ordering 
intention, 

decision time

Conflicting ratings 
increased cognitive load, 
reflected by enhanced N2 

negativity.
10 Fer-

nandes et 
al. (2022)

Frontiers in Nu-
trition

Within-sub-
ject ERP 

study

Reported ERP (LPP) Pleasantness, 
arousal, 

intention to 
consume

Warning labels increased 
LPP amplitude while 
reducing pleasantness 

ratings.
11 Hartnett 

et al. 
(2025)

International 
Journal of Adver-

tising

Laboratory 
experiment 
with eight 

physiological 
measures

Reported EEG, Eye-track-
ing, Heart Rate, 

Blink rate

Attention dis-
crimination

Heart rate was the most 
effective physiological 

indicator for distinguish-
ing attention levels.

12 Bezgin 
Ediş et 

al. (2025)

Journal of Non-
profit & Public 

Sector Marketing

Experimental 
multimethod 

study

Reported EEG, Eye-track-
ing, Survey

Message 
impact, atten-
tion, gender 
differences

Gender significantly 
moderated the effective-
ness of message appeals.

13 Marti-
nez-Levy 

et al. 
(2022)

International 
Review on Public 

Marketing

Comparative 
case study 
(LVE vs. 

HVE)

Reported EEG, GSR, 
Heart Rate, 

Eye-tracking

Calls, Aware-
ness Index, 
Emotional 

Index, visual 
attention

High Visual Engagement 
(HVE) advertisements 

generated more calls and 
increased attention to 

call-to-action elements.
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14 Lyulyov 
et al. 

(2024)

Virtual Econom-
ics

Eight-video 
stimulus 

experiment

Reported GSR, Facial Ex-
pression Analy-
sis (AFFDEX)

GSR peaks, 
facial emo-

tions

Videos differed in 
engagement levels, al-

though ANOVA showed 
no significant overall 

differences.
15 Marques 

et al. 
(2025)

Psychology & 
Marketing

Experimental 
study with 
machine 
learning

Reported EDA, Facial 
Expression 

Analysis (FEA), 
Random Forest, 

SVM, KNN

Advertise-
ment prefer-
ence predic-

tion

Random Forest achieved 
the highest prediction 

accuracy (81%).

16 Tian et 
al. (2025)

Brain Topogra-
phy

Within-sub-
ject ERP 

laboratory 
experiment

Reported ERP (N2, P3) Food prefer-
ences, neural 

responses

Jazz and rock music 
increased preference 

for high-calorie foods, 
whereas classical music 
promoted healthier food 

choices.
17 Peng-Li 

et al. 
(2022)*

Frontiers in Neu-
roscience

Within-sub-
ject ROC task

Reported EEG, EDA Craving, 
EEG spectral 
activity, EDA 

responses

Long-term thinking 
increased alpha activity, 

while noise elevated 
cognitive load.

18 Berčík et 
al. (2025)

Cogent Food & 
Agriculture

Experimental 
biometric and 
survey study

Reported Eye-tracking, 
EEG, Survey

Emotional re-
actions, food 
preference

Visual arrangement and 
color significantly in-

fluenced perception and 
food preference.

19 Barbier-
ato et al. 
(2023)

International 
Journal of Wine 

Business Re-
search

Laboratory 
eye-tracking 
preference 

study

Reported Eye-tracking 
(gaze analysis)

Consumer 
preference for 

wine labels

Gaze fixation duration 
was strongly correlated 
with consumers' final 

product choice.
Note: * Peng-Li et al. (2022) appears twice due to separate reporting of EEG spectral and EDA analyses from the same ROC ex-
periment. AW = Approach-Withdrawal Index; EI = Emotional Index; CTA = Call to Action; RF = Random Forest; FEA = Facial 
Expression Analysis; RSA = Representational Similarity Analysis.

The 19 eligible studies demonstrate substantial variety in de-
sign, measurement tools, stimulus types, and outcome variables. 
Study designs include between-subjects laboratory experiments 
(k = 5), within-subjects and repeated-measures experiments (k 
= 7), multi-dataset mega-analytic approaches (k = 2), and com-
bined experimental-predictive modeling designs (k = 5). Sample 
sizes range from 37 participants [2], Experiment 1) to multiple 
large aggregated datasets (Boksem et al., 2025), with a median 
laboratory study sample size of approximately 75–100 partici-
pants across the eligible studies. Measurement tools employed 
across the 19 studies are: EEG or ERP (k = 10), eye-tracking (k = 
6), EDA/GSR (k = 6), heart rate measurement (k = 3), facial ex-

pression analysis (k = 2), and machine learning classifiers trained 
on physiological signals (k = 1). Eleven studies employed mul-
timodal measurement combining two or more biometric tools, 
while eight employed a single primary modality.

Metric Availability Across Eligible Studies
The availability of quantitative metrics across the 19 eligible 
studies determines the feasibility of formal meta-analytic pool-
ing and the type of synthesis that can be conducted for each sub-
group. Table 2 summarizes the availability of key quantitative 
metrics across the eligible studies.

Table 2: Metric Availability Across 19 Meta-Analysis Eligible Studies
Metric Papers Reporting (n) Percentage (%)

Means Reported 16 84.2%
Standard Deviations (SDs) 15 78.9%
Sample Size (n) Reported 18 94.7%
Effect Estimates Available 19 100.0%

p-values Reported 19 100.0%
Confidence Intervals (CI) 3 15.8%
Randomization Described 18 94.7%

Note: Effect estimates include partial η², regression coefficients, correlation coefficients, ERP amplitude differences, EDA peak 
differences, classification accuracy, and other study-specific effect metrics. CI = Confidence Interval.



 

www.mkscienceset.com J Psych and Neuroche Res 2026Page No: 09

The high rates of effect estimate and p-value reporting (100%) 
indicate that all eligible studies provide some form of quanti-
tative evidence of statistical relationships between biometric 
measures and consumer response outcomes. However, the low 
rate of confidence interval reporting (15.8%) limits the precision 
with which effect sizes can be formally pooled and meta-ana-

lyzed across studies. Means are reported in 84.2% of studies and 
standard deviations in 78.9%, enabling narrative quantitative 
comparisons of measurement levels across studies but not al-
ways permitting formal standardized mean difference calcula-
tion due to the heterogeneity of outcome metrics.

Study Selection Summary
Table 3: Study Selection Process Summary

Selection Stage n Papers Notes
Initial database search (total corpus) 69 Papers collected across neuromarketing, digital advertis-

ing, and consumer neuroscience domains
Excluded: bibliometric / narrative reviews 18 No primary experimental data
Excluded: survey / PLS-SEM only studies 8 No physiological measurement

Excluded: conceptual / methodological papers 7 No primary quantitative outcomes
Excluded: insufficient quantitative reporting 17 No means, SDs, effect estimates, or p-values available

Meta-Analysis Eligible (final sample) 19 All provide ≥1 quantitative metric usable for synthesis

Eye-Tracking Findings
Eye-tracking studies within the eligible sample consistently 
demonstrate a strong relationship between gaze fixation and 
consumer decision outcomes. The most compelling finding in 
this domain comes from Barbierato et al. (2023), who examined 
consumer responses to three wine label designs using labora-
tory-grade eye-tracking and found a strong positive correlation 
between fixation duration on specific label design elements and 
final choice of that wine bottle (r ≈ 0.62–0.80, statistically sig-
nificant). This finding is directly consistent with the gaze-cas-
cade model, which predicts that accumulated gaze on an option 
translates into increased choice probability through a positive 
attention-preference feedback loop.

Mandolfo et al. (2025) extended eye-tracking research to 
three-dimensional virtual environments, examining how user 
task type (free browsing vs. goal-directed search) and induced 
presence level (high vs. low) modulate selective attention as 
measured by eye-tracking dwell time on product placements. 
Results indicated that free browsing conditions significantly in-
creased dwell time on product placements compared to goal-di-
rected search (partial η² reported; p < .05), while high induced 
presence increased neural attentional vigilance (EEG alpha ac-
tivity) without directly enhancing dwell time. The study's path 
model indicated that dwell time and alpha vigilance exerted in-
direct influences on brand recall through encoding and storage 
pathways, suggesting a mediated relationship between visual 
attention, neural encoding, and memory formation.

Berčík et al. (2025) employed eye-tracking in combination with 
EEG and survey measures to examine how visual presentation of 
food (different burger designs varying in arrangement and color) 
influences emotional reactions and food preference. Eye-track-
ing data revealed that visual composition features   specifically 
the arrangement of food elements and the color profile of the 
presentation   directed gaze patterns in ways that were associated 
with differential emotional activation (as measured by EEG) and 
preference outcomes. This study illustrates the value of multi-
modal integration in capturing the full chain from visual stimu-
lus processing to emotional response and behavioral preference.

Hartnett et al. (2025) provided a direct comparative evaluation 
of eye-tracking versus other physiological measures for discrim-
inating between high-attention and low-attention advertising 
conditions. The study employed a benchmark EEG measure 
of attention alongside eight physiological measures including 
eye-tracking, blink duration, heart rate, and others. Critically, 
eye-tracking measures were found to show problems discrimi-
nating between attention levels compared to the EEG benchmark, 
while heart rate demonstrated the best discrimination accuracy. 
This finding has significant methodological implications: while 
eye-tracking provides invaluable information about where con-
sumers look, it may be less sensitive than cardiac measures to 
the intensity of attentional engagement with advertising content.

EEG and Neural Encoding Findings
EEG-based studies in the eligible sample encompass a range of 
frequency-band analyses, ERP paradigms, and neural decoding 
approaches. The most methodologically ambitious EEG study in 
the sample is Boksem et al. (2025), who conducted a mega-anal-
ysis of five independent EEG datasets to identify neural predic-
tors of commercial movie success as measured by gross box-of-
fice revenue. Using a standardized analysis pipeline across all 
five datasets, the study found that only gamma-band EEG ac-
tivity robustly and reliably predicted box-office success beyond 
self-reported ad liking and movie characteristics. Alpha, theta, 
beta, and alpha asymmetry metrics were not robust predictors in 
out-of-sample cross-dataset validation. This finding challenges 
the conventional emphasis on lower-frequency EEG bands in 
neuromarketing applications and suggests that high-frequency 
gamma oscillations   associated with high-level perceptual and 
cognitive processing   may index a qualitatively different and 
commercially relevant dimension of consumer engagement with 
media content.

Schubert et al. (2021) employed multivariate EEG decoding 
to examine the neural time-courses of health and taste attri-
bute representations during food evaluation decisions. Using 
representational similarity analysis and Fisher-Z transformed 
correlation metrics, the study demonstrated that both taste and 
health information are decodable from EEG signals with above-
chance accuracy, and that the temporal dynamics of their neural 
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representations differ   with taste information emerging earlier 
(around 200 ms) and health information following shortly after 
(approximately 300 ms), and both preceding the timing of the 
final decision signal. This finding has important theoretical im-
plications: it suggests that consumer food decisions are preceded 
by distinct, temporally ordered neural processing stages for dif-
ferent attribute types, and that EEG can capture these ultra-fast, 
pre-decisional processes that are entirely inaccessible through 
behavioral measures.

Chae et al. (2026) extended this line of research using repre-
sentational similarity analysis (RSA) and principal component 
analysis (PCA) applied to EEG data collected while participants 
categorized food images. Results indicated that multiple food 
attributes   including appetisingness, healthiness, familiarity, 
and sensory properties   showed early correlations with neural 
activity patterns around 200 ms and sustained representational 
windows extending to 400–650 ms post-stimulus onset. PCA 
identified broad dimensions of food attribute processing that ac-
counted for substantial variance in neural activity, indicating that 
early perceptual processing stages contribute substantially to lat-
er food preferences and decisions. Bayesian analyses confirmed 
the robustness of these time-window findings across the primary 
sample of N = 110 participants.

Li et al. (2024) employed frontal EEG alpha asymmetry to ex-
amine children's emotional responses to tourism advertisements 
varying in emotional valence (high-positive vs. low-positive). 
Results from mixed ANOVA analyses (F-statistics reported 
in Table 1 of the original paper) demonstrated that high-posi-
tive advertisements produced significantly higher frontal alpha 
asymmetry values   indicating greater left-hemisphere approach 
motivation   particularly at mid-exposure time points during the 
advertisement. Gender and age moderated these effects, with 
boys and older children (13–16 years) showing somewhat dif-
ferent temporal asymmetry patterns than girls and younger chil-
dren (8–12 years). This study represents one of the few in the 
meta-analysis sample to employ a pediatric population, and its 
findings indicate that the neurophysiological correlates of ad-
vertising responses are detectable and meaningful even in child 
audiences.

Friedmann et al. (2024) used EEG motivation indicators in com-
bination with GSR stress responses to examine how exposure 
to discriminatory advertising content affects consumer physio-
logical responses. Results from t-test analyses on a sample of 
74 undergraduate students indicated that discriminatory adver-
tising content   compared to non-discriminatory control adver-
tising   produced significantly elevated GSR stress responses 
specifically among participants who belonged to the discrimi-
nated group. EEG motivation indicators also showed differential 
patterns between discriminated and non-discriminated groups. 
This study is notable for its examination of the neurophysiolog-
ical consequences of ethically problematic advertising content, 
demonstrating that the stress-inducing effects of discriminatory 
advertising are measurable at the biometric level.

EDA/GSR and Peripheral Physiological Findings
Electrodermal activity and peripheral physiological measures 
provided critical complementary evidence to EEG and eye-track-
ing findings in several eligible studies. Peng-Li et al. (2022) em-

ployed both EEG and EDA to examine the neurophysiology of 
food craving regulation under different ambient noise conditions 
(soft ~50 dB vs. loud ~70 dB restaurant noise) and cognitive 
regulation strategies (think about future consequences vs. natu-
ral response). EDA peak probability was significantly elevated 
under loud noise conditions, indicating increased sympathetic 
arousal and emotional activation, while frontal EEG alpha pow-
er mediated the effect of future-focused cognitive regulation on 
craving reduction. This study exemplifies the complementary in-
formation provided by EEG (reflecting the neural mechanism of 
regulatory success) and EDA (reflecting the sympathetic arousal 
consequences of noise exposure).

Lyulyov et al. (2024) provided one of the most direct examina-
tions of GSR responses to varied advertising content in the el-
igible sample, measuring EDA peaks per minute and intensity 
alongside facial expression analysis (using the Affectiva AFF-
DEX SDK) in response to eight AI-related video stimuli. While 
ANOVA analyses did not identify significant overall differenc-
es in physiological responses across all video interaction types, 
individual video comparisons revealed that specific AI content 
elicited higher engagement profiles characterized by both fre-
quency and intensity of GSR responses. Facial analysis revealed 
video-specific patterns of joy, sadness, contempt, and other emo-
tional states, demonstrating that different AI advertising content 
can produce distinctly different emotional profiles even when 
overall arousal levels appear similar. Gender moderated some 
of these patterns.

Martinez-Levy et al. (2022) combined EEG, GSR, heart rate, 
and eye-tracking in a comparative analysis of two versions of a 
nonprofit TV advertisement for the UNHCR, providing a direct 
real-world application of multimodal neuromarketing methodol-
ogy. The revised advertisement version (HVE) produced superi-
or performance on both biometric and behavioral metrics: high-
er approach withdrawal index scores during the call-to-action 
section, improved visual fixation on the phone number and CTA 
elements, and significantly more sellable and legacy calls in the 
post-campaign period. This study is particularly valuable for 
demonstrating the translational utility of neuromarketing find-
ings, connecting biometric consumer response data to real-world 
commercial outcomes.

ERP Findings
Event-related potential (ERP) studies in the eligible sample ad-
dressed food and consumer decision contexts with high tempo-
ral resolution. Wang et al. (2022) employed a behavioral and 
ERP paradigm to examine how taste and hygiene ratings affect 
online food ordering decisions. Consistent ratings (both high or 
both low) produced larger P3 components, reflecting efficient 
attentional resource allocation and decision confidence, while 
conflicting ratings (high taste/low hygiene or vice versa) elic-
ited more negative N2 components, indicating conflict moni-
toring and increased cognitive processing demands. High taste 
conditions produced larger early P2 components, suggesting 
enhanced perceptual salience of taste information. These ERP 
findings provide millisecond-resolution evidence of the specific 
cognitive stages at which cue consistency and conflict influence 
food ordering decisions. Fernandes et al. (2022) focused on the 
Late Positive Potential (LPP) as an index of emotional brain 
responses to ultra-processed food products preceded by textual 
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health warnings. Within-subject comparison of LPP amplitudes 
in warning versus control text conditions revealed significantly 
larger LPP amplitudes in the warning condition, indicating en-
hanced emotional processing and motivational engagement with 
food stimuli following health warning exposure. This enhanced 
emotional processing was accompanied by reduced pleasantness 
ratings, suggesting that warnings successfully altered the affec-
tive response to food images even at a neural level. The LPP thus 
serves as an objective biometric marker of warning label effec-
tiveness that goes beyond self-reported attitude change.

Tian et al. (2025) demonstrated that music style modulates food 
preference through ERP-indexed neural mechanisms. Exposure 
to jazz and rock music prior to food choice tasks increased pref-
erence for high-calorie foods, while classical music increased 
preference for healthier food options. ERP analyses (N2 and 
P3 components) revealed differential neural processing of food 
stimuli following different music genre exposures, providing a 
mechanistic account of how auditory context shapes food de-
cision-making through early conflict detection (N2) and atten-
tional resource allocation (P3) processes. This study illustrates 
the potential for cross-modal sensory influences on consumer 
food decisions to be captured and characterized through ERP 
methodology.

Machine Learning Prediction Findings
The integration of machine learning approaches with physiolog-
ical signal data represents an emerging frontier in consumer neu-
romarketing research. Marques et al. (2025) provided the most 

direct examination of machine learning prediction of advertising 
preferences from physiological signals in the eligible sample. 
The study compared Random Forest, Support Vector Machine 
(SVM), and K-Nearest Neighbors (KNN) classifiers trained on 
EDA and facial expression analysis (FEA) data collected during 
exposure to advertising videos. The Random Forest classifier 
achieved the best predictive performance, correctly classifying 
ad preferences in 81% of cases   a level of accuracy that substan-
tially exceeds chance and demonstrates the practical utility of 
biometric data for automated preference prediction.

The 81% accuracy achieved by Random Forest in this study rep-
resents a meaningful benchmark for biometric-based advertising 
preference classification. For comparison, human rater agree-
ment on advertising preferences typically falls in the range of 
65–75%, suggesting that physiological signal-based machine 
learning classifiers may approach or even exceed the consistency 
of human judgment in some prediction contexts. The superiority 
of Random Forest over SVM and KNN in this study is consistent 
with the broader machine learning literature, which frequently 
finds ensemble tree methods to outperform kernel-based and 
distance-based classifiers on biological and psychophysiological 
data.

Subgroup Analysis Results
Subgroup analyses revealed meaningful differences in effect 
patterns across measurement tool types, stimulus types, and out-
come categories. Table 3 summarizes the key findings from the 
subgroup analysis framework.

Table 4: Subgroup Analysis by Measurement Tool Type and Stimulus Type
Subgroup Papers (k) Primary Tools Key Outcomes Dominant Finding

Eye-Tracking Only 2 Gaze analysis Fixation duration, prefer-
ence

Gaze-choice correlation (r ≈ 0.60–
0.75)

EEG-Based 7 Alpha, theta, gam-
ma, ERP

Attention, memory, emo-
tional engagement

Gamma predicts commercial success; 
LPP indexes warning processing

EDA/GSR-Based 3 EDA peaks, GSR 
intensity

Stress, arousal, craving 
regulation

Noise increases EDA; discriminatory 
content ↑ GSR

Multimodal (≥2 
tools)

7 EEG + Eye-track-
ing + GSR/HR

Attention + emotion + 
behavioral

Multimodal integration enhances pre-
dictive validity

ML Pipeline 1 EDA + FEA + RF/
SVM/KNN

Ad preference classifica-
tion

RF achieves 81% accuracy on prefer-
ence prediction

ERP (Event-Related 
Potential)

3 P2, N2, P3, LPP Conflict processing, food 
choice, warning effects

N2 negativity reflects decision conflict; 
P3 indicates resolution

Video Stimuli 6 EEG, GSR, 
Eye-tracking

Craving, arousal, attention Dynamic media elicits sustained physi-
ological activation

Static/Print Stimuli 3 Eye-tracking, 
EEG

Label preference, fixation, 
recall

Label design guides gaze and final 
choice

Note: k = number of studies in subgroup. Effect patterns described are based on narrative quantitative synthesis given the hetero-
geneity of effect metrics across studies.

Eye-tracking-only studies demonstrate particularly strong gaze-
choice relationships, with correlation coefficients in the range of 
0.62–0.80 for the association between fixation duration and final 
consumer choice. 

EEG-based studies show more diverse findings, reflecting the 
range of EEG metrics (gamma, alpha, theta, ERP components) 
employed and their differential sensitivity to distinct aspects of 

advertising processing. EDA/GSR studies consistently capture 
sympathetic arousal responses to emotionally engaging content, 
but show non-significant overall differences across stimulus 
types in some multi-stimulus paradigms. Multimodal studies 
consistently outperform single-modality approaches in captur-
ing the full range of consumer response processes, supporting 
the complementarity rather than redundancy of different physio-
logical measurement modalities.
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Effect Size Summary
Table 4 summarizes the primary effect metrics reported in each 

of the 19 eligible studies, providing a comprehensive overview 
of the quantitative evidence base.

Table 5: Summary of Primary Effect Metrics Across 19 Eligible Studies
Study Tool Effect Metric Value Interpretation

Mandolfo et al. 
(2025)

EEG + Eye-track. Partial η² Reported Moderate-large; free browsing increases 
selective attention dwell time significantly

Schubert et al. 
(2021)

EEG decoding Fisher-Z correla-
tions

Significant Taste decoded earlier (~200 ms); health 
decodable from 300 ms onward

Li et al. (2024) EEG asymmetry F-statistics (ANO-
VA)

Table 1 High-positive ads → stronger frontal alpha 
asymmetry at mid-exposure

Vabba et al. (2022) Cardiac interocep-
tion

β coeff., R²=0.125–
0.628

Significant Cardiac interoception (not visual) modulates 
ethical decision under reputation risk

Chae et al. (2026) EEG RSA + PCA Correlation 
time-courses

Peak ~200–650 
ms

Food attribute neural representations emerge 
and sustain over time

Friedmann et al. 
(2024)

EEG + GSR t-tests Significant Discriminatory ads generate measurable 
stress responses in targeted individuals

Boksem et al. 
(2025)

EEG (gamma) Regression coeffi-
cients

Significant Gamma uniquely predicts box-office; other 
bands (alpha, theta) non-significant

Peng-Li et al. 
(2022)

EEG + EDA Mediation coeffi-
cients

Implied signif-
icant

Future-focus mediates craving reduction via 
frontal alpha power

Wang et al. (2022) ERP (N2, P3) Amplitude differ-
ences

Significant Conflict ratings elicit N2 negativity → high-
er cognitive load in online food ordering

Fernandes et al. 
(2022)

ERP (LPP) Amplitude differ-
ences

Significant Warnings ↑ LPP amplitude → altered emo-
tional response to ultra-processed foods

Hartnett et al. 
(2025)

Multi-physiolog-
ical

Discriminatory 
accuracy

HR best Heart rate outperforms eye-tracking for ad 
attention level discrimination

Bezgin Ediş et al. 
(2025)

EEG + Eye-track. Metric comparison Implied signif-
icant

Gender moderates cognitive/emotional 
response to NGO social media posts

Martinez-Levy et 
al. (2022)

EEG+GS-
R+HR+ET

AW & EI indices Significant HVE ad ↑ sellable calls; ↑ CTA visual atten-
tion; ↓ cognitive overload

Lyulyov et al. 
(2024)

GSR + FEA ANOVA (F-ratio) NS overall Individual video differences exist; gender 
patterns in facial emotion detected

Marques et al. 
(2025)

EDA + FEA + ML Classification 
accuracy

81% (RF) Random Forest best predicts ad preference 
from physiological signals

Tian et al. (2025) ERP (N2, P3) ERP amplitudes Significant Music genre modulates food preference via 
early (N2) and late (P3) processing

Peng-Li et al. 
(2022)*

EEG + EDA EEG spectral + 
mediation

Significant Loud noise ↑ theta/beta/alpha and EDA 
peaks (replicated finding)

Berčík et al. 
(2025)

Eye-track. + EEG Biometric + survey 
metrics

Significant Food visual presentation (color/arrange-
ment) creates measurable perceptual differ-

ences
Barbierato et al. 

(2023)
Eye-tracking Gaze-preference 

correlation
r ≈ 0.62–0.80 Fixation duration on wine label strongly 

predicts final consumer choice
Note: Effect interpretations are based on the direction and statistical significance of reported findings. NS = Not Significant. ↑ = 
increased; ↓ = decreased. RSA = Representational Similarity Analysis. AW = Approach-Withdrawal Index. EI = Emotional Index.

Research Questions Mapping
Table 5 maps the seven research questions to the studies and 
findings that most directly address each question, providing a 

structured overview of how the eligible evidence base relates to 
the pre-specified synthesis objectives.

Table 6: Mapping of Research Questions to Studies and Key Findings
Research Question Studies Addressing Key Indicators Main Pattern

RQ1: Methodology & design 
of eye-tracking / physiological 

research

All 19 Study design, tools used, 
sample characteristics

Experimental dominates; EEG + 
eye-tracking most frequent combina-

tion
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RQ2: Most common visual & 
neurophysiological indicators

11, 13, 15, 18, 19 Fixation duration, alpha 
asymmetry, LPP, GSR 

peaks, gamma

Fixation duration & frontal alpha 
among most cited indicators

RQ3: Visual attention-physiologi-
cal reaction relationship

1, 8, 10, 11, 13 Dwell time + EEG/EDA, 
gaze + HR

Visual attention and physiological 
arousal show consistent co-activation

RQ4: Stimulus and context 
effects

3, 6, 9, 14, 16 Ad type, framing, noise, 
music, warning labels

Framing & context modulate both 
gaze patterns and physiological 

signals
RQ5: Predictive validity 7, 15, 19 Box-office revenue, ad 

preference accuracy, label 
choice

Physiological metrics predict real 
behavioral outcomes with moder-

ate-high accuracy
RQ6: Multi-methodological 

integration
8, 11, 12, 13 EEG + Eye-track + GSR + 

Survey
Integration yields richer, more reli-
able consumer behavior mapping

RQ7: Methodological trends & 
gaps

All 19 Reporting completeness, 
heterogeneity sources

Lack of standardization; gaps in CI 
reporting and cross-cultural replica-

tion
Note: Study numbers correspond to the numbering in Table 1. ET = Eye-Tracking; AW = Approach-Withdrawal; NGO = 
Non-Governmental Organization.

Discussion
Overview of Principal Findings
The systematic synthesis of 19 empirical studies employing 
eye-tracking and physiological signal methodologies to exam-
ine consumer decision-making in digital advertising contexts 
reveals a consistent and convergent body of evidence supporting 
the utility of biometric measurement for advertising research. 
The principal findings are organized around four thematic areas: 
the relationship between visual attention and consumer choice, 
the neural encoding of advertising content and product informa-
tion, the role of emotional arousal in mediating advertising ef-
fectiveness, and the predictive validity of multimodal biometric 
data for real consumer outcomes.

Across measurement modalities and advertising contexts, a con-
sistent pattern emerges: the processes that determine advertising 
effectiveness and consumer choice are fundamentally pre-con-
scious, automatic, and neurophysiologically measurable at 
timescales (100–700 milliseconds) that are entirely inaccessible 
to self-report measurement. Eye-tracking data reveals that the 
allocation of visual attention in the first few seconds of adver-
tising exposure predicts final consumer choice with substantial 
accuracy. 

ERP data demonstrates that food attributes and advertising mes-
sage characteristics are neurally encoded within 200–300 mil-
liseconds, long before deliberate conscious evaluation occurs. 
Machine learning classifiers trained on EDA and facial expres-
sion data achieve 81% accuracy in predicting advertising prefer-
ences from physiological signals alone. Together, these findings 
paint a coherent picture of consumer decision-making as a rapid, 
largely automatic process driven by attentional and emotional 
mechanisms that biometric measurement is uniquely positioned 
to capture.

Visual Attention and Consumer Decision-Making
The present synthesis strongly supports the theoretical frame-
work of the gaze-cascade model (Shimojo et al., 2003) as an 
account of how visual attention translates into consumer pref-
erence and choice. The finding by Barbierato et al. (2023) of a 
strong correlation (r ≈ 0.62–0.80) between fixation duration on 

wine label design elements and final choice demonstrates that 
gaze allocation is not merely a correlate of preference but a pre-
dictive signal for choice with substantial practical utility.

Mandolfo et al.'s (2025) findings in virtual environment settings 
extend this framework to three-dimensional, immersive adver-
tising contexts, demonstrating that free browsing   which allows 
consumers to direct visual attention according to intrinsic interest 
rather than task demands   produces greater selective attention to 
product placements than goal-directed search. This finding has 
implications for the design of product placement strategies in 
virtual and augmented reality advertising environments, which 
are rapidly growing in commercial importance.

The finding by Hartnett et al. (2025) that heart rate outperforms 
eye-tracking for discriminating between high-attention and 
low-attention advertising conditions provides a nuanced com-
plement to the picture of eye-tracking as the gold standard of 
advertising attention measurement. While gaze data provides 
detailed spatial information about where attention is directed, 
cardiac measures may be more sensitive to the intensity of atten-
tional engagement   a distinction that is theoretically important 
but often overlooked in advertising research that relies exclu-
sively on eye-tracking. The implication is that comprehensive 
advertising attention measurement benefits from combining 
spatial attention information (eye-tracking) with intensity infor-
mation (heart rate, EDA) and neural engagement information 
(EEG) in multimodal designs.

Neural Encoding and EEG in Digital Advertising
The EEG findings in the present synthesis reveal two distinct 
but complementary roles for neural measurement in advertis-
ing research. The first is temporal decoding: the identification 
of neural signals that precede and predict conscious consumer 
decisions, including the rapid encoding of food attributes within 
200–300 ms [2, 3] and the early-stage neural differentiation of 
advertising content that predicts later behavioral outcomes.

The second role is forecasting: the use of aggregated EEG signals 
across participants to predict real-world commercial outcomes at 
the population level. The finding by Boksem et al. (2025) that 
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gamma-band EEG activity collected during movie trailer view-
ing predicts gross box-office revenue in out-of-sample valida-
tion across five independent datasets is arguably one of the most 
practically significant findings in the commercial application of 
neuromarketing methodology. Gamma activity, associated with 
high-level perceptual binding and cognitive integration, may in-
dex a qualitatively different kind of neural engagement with me-
dia content   one that translates into the broad population-level 
interest and engagement that drives commercial success.

The ERP findings from Wang et al. (2022), Fernandes et al. 
(2022), and Tian et al. (2025) collectively demonstrate that con-
sumer food decisions involve multiple temporally distinct pro-
cessing stages that can be characterized with ERP methodology. 
The early salience detection stage (P2), the conflict monitoring 
stage (N2), the attentional evaluation stage (P3), and the sus-
tained emotional processing stage (LPP) each provide distinct 
and complementary windows into the neural mechanisms of 
food-related consumer decisions. Warning label research ben-
efits particularly from the LPP as an objective neural marker of 
emotional processing intensity that does not rely on potentially 
biased self-report measures of attitude change.

Emotional Arousal, GSR, and Advertising Effectiveness
Electrodermal activity findings in the present synthesis consis-
tently demonstrate that emotionally engaging advertising content 
produces measurable physiological arousal, and that the degree 
of arousal is modulated by characteristics of both the advertising 
stimulus and the consumer context. The finding by Peng-Li et 
al. (2022) that loud ambient noise increases EDA peak probabil-
ity   indicating higher sympathetic arousal   alongside increased 
cognitive load (as reflected by EEG theta and alpha activity) 
has practical implications for understanding how environmen-
tal context in which advertising is encountered (restaurants, re-
tail environments, transportation settings) moderates consumer 
physiological responses.

The capacity of GSR and EDA measures to detect stress re-
sponses to discriminatory advertising content [4] demonstrates 
an important ethical monitoring application of physiological 
measurement. Advertising content that triggers stress respons-
es in targeted consumer groups represents a form of harm that 
may not be detectable through conventional consumer research 
methods but is readily apparent in biometric data. This applica-
tion positions physiological measurement not only as a tool for 
optimizing advertising effectiveness but also as an instrument 
for ethical advertising auditing. Martinez-Levy et al.'s (2022) 
demonstration that neuromarketing-guided modification of a 
nonprofit advertisement produced both improved biometric re-
sponse profiles and significantly increased real-world call vol-
umes provides compelling evidence for the practical utility and 
ecological validity of physiological measurement in advertising 
optimization. The study's comprehensive multimodal methodol-
ogy   combining EEG, GSR, HR, and eye-tracking   exemplifies 
the kind of rich, multi-layered measurement that provides ac-
tionable insights for advertising practitioners.

Multimodal Integration and Complementary Measurement
A consistent theme across the eligible studies is the complemen-
tary and non-redundant nature of different biometric measure-
ment modalities. Eye-tracking provides high-resolution spatial 

information about visual attention allocation but limited infor-
mation about the intensity and affective quality of engagement. 
EDA captures sympathetic arousal intensity but without valence 
information. EEG provides high temporal resolution neural ac-
tivity data that reflects attentional, cognitive, and emotional pro-
cessing but with limited spatial resolution. Heart rate provides a 
straightforward index of autonomic engagement that is sensitive 
to both orienting responses and aversive activation. ERPs pro-
vide precise temporal windows into specific cognitive process-
ing stages.

The studies in the present synthesis that combined two or more 
of these modalities consistently provided richer, more inter-
pretable, and more ecologically valid pictures of consumer re-
sponse than single-modality studies. Bezgin Ediş et al.'s (2025) 
combination of EEG, eye-tracking, and survey data for exam-
ining NGO social media message appeals provided convergent 
evidence that gender moderated both the neural and attentional 
components of message processing   a finding that would not be 
fully apparent from any single measurement approach. Marti-
nez-Levy et al.'s (2022) four-modality design (EEG, GSR, HR, 
eye-tracking) provided comprehensive coverage of different as-
pects of the consumer response and enabled identification of the 
specific moments in the advertisement where each version pro-
duced superior or inferior consumer engagement.

The machine learning approach of Marques et al. (2025) rep-
resents a methodological innovation that leverages the com-
plementarity of EDA and facial expression data to achieve ad-
vertising preference prediction at a level of accuracy that could 
meaningfully support advertising design decisions. The superi-
ority of the Random Forest classifier in this study reflects the 
algorithm's ability to identify non-linear interactions and feature 
combinations across the EDA and FEA data that are not cap-
tured by traditional linear statistical models   a methodological 
advantage that is likely to become increasingly important as the 
biometric data collected in consumer research becomes richer 
and more complex.

Predictive Validity and Real-World Relevance
A critical question for the applied relevance of biometric con-
sumer research is whether physiological and eye-tracking mea-
sures predict real consumer outcomes with sufficient accuracy 
and consistency to justify their use alongside or in place of tra-
ditional self-report measures. The present synthesis provides 
encouraging evidence on this question across multiple outcome 
types.

For preference and choice outcomes, the gaze-fixation-to-choice 
correlation demonstrated by Barbierato et al. (2023) (r ≈ 0.62–
0.80) and the 81% classification accuracy achieved by Marques 
et al.'s (2025) machine learning approach suggest that biometric 
data can predict individual-level consumer decisions with prac-
tically meaningful accuracy. For population-level commercial 
outcomes, Boksem et al.'s (2025) out-of-sample prediction of 
box-office revenue from EEG gamma activity demonstrates that 
neural data can forecast aggregate market outcomes with pre-
dictive validity comparable to or exceeding self-report liking 
measures. For behavioral change outcomes, Martinez-Levy et 
al.'s (2022) documentation of increased call volumes following 
neuromarketing-optimized advertisement revision provides rare 
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direct evidence linking biometric response improvements to re-
al-world behavioral outcomes.

These predictive validity findings have important implications 
for advertising practice. They suggest that biometric pre-testing 
of advertising concepts can provide genuine predictive value for 
downstream consumer behavior   a claim that has sometimes 
been made in commercial neuromarketing contexts but has of-
ten lacked strong empirical backing. The accumulating evidence 
from academic studies reviewed here supports cautious opti-
mism about the practical predictive value of biometric adver-
tising testing, while also highlighting the importance of multi-
modal measurement and context-specificity in achieving reliable 
predictions.

Heterogeneity and Methodological Diversity
The methodological diversity of the eligible studies spanning 
different measurement tools, experimental paradigms, stimulus 
types, populations, and outcome metrics   is both a strength and 
a limitation of the present synthesis. It is a strength in that it 
demonstrates the breadth of consumer contexts to which biomet-
ric measurement has been productively applied, and in that it al-
lows examination of whether consistent patterns emerge across 
this diversity. It is a limitation in that it prevents formal statisti-
cal pooling of effect sizes across many studies and requires cau-
tious interpretation of any generalizations about the magnitude 
of biometric effects.

The heterogeneity in this literature reflects, at least in part, genu-
inely different consumer response processes operating in differ-
ent advertising contexts. A consumer viewing a wine label in a 
quiet laboratory while making a preference judgment is in a fun-
damentally different psychological state from a child watching 
a tourism advertisement while EEG is recorded, or a participant 
regulating food craving under loud ambient restaurant noise. Ex-
pecting the same biometric effect patterns to emerge across these 
diverse contexts would be theoretically naive; acknowledging 
and characterizing the sources of contextual variation is a more 
scientifically productive goal.

Future meta-analytic work in this area will benefit from in-
creased standardization in the reporting of physiological mea-
surement parameters (electrode placement, sampling rate, pre-
processing procedures, artifact rejection criteria), effect size 
metrics (standardized mean differences, correlation coefficients 
with confidence intervals), and experimental conditions (stimu-
lus duration, inter-trial intervals, counterbalancing procedures). 
The low rate of confidence interval reporting (15.8% in the pres-
ent synthesis) in particular represents a significant gap that lim-
its the precision of pooled effect size estimation and should be 
addressed as a reporting standard in neuromarketing research.

Limitations
Several limitations of the present meta-analysis should be ac-
knowledged. First, the synthesis is based on a corpus of 69 pa-
pers from which only 19 met quantitative eligibility criteria, lim-
iting the absolute number of studies available for pooling within 
any single subgroup. While 19 studies is a meaningful starting 
point for systematic synthesis in a relatively specialized research 
area, it represents a modest evidence base that should be expand-
ed in future research.

Second, the heterogeneity of effect metrics reported across stud-
ies ranging from partial η² to correlation coefficients to ERP 
amplitude differences to machine learning classification accu-
racy prevents formal pooling across all studies. While narrative 
quantitative synthesis captures the direction, magnitude, and 
consistency of effects, it cannot provide the precision of formal-
ly pooled meta-analytic estimates with confidence intervals.

Third, publication bias is a potential concern in any systemat-
ic review. Studies reporting null or non-significant biometric 
effects are less likely to be published than studies reporting 
positive findings, meaning that the eligible sample may over-
represent successful biometric detection of consumer responses 
while underrepresenting conditions where biometric measure-
ment fails to differentiate consumer states. The non-significant 
ANOVA results reported by Lyulyov et al. (2024) for overall 
differences across AI video stimuli provide one example of null 
results that were published, but the proportion of unpublished 
null results is unknown.

Fourth, the generalizability of findings is limited by the predom-
inantly laboratory-based nature of the eligible studies. Laborato-
ry conditions differ from the naturalistic contexts in which con-
sumers actually encounter advertising   specifically with respect 
to task demands, distraction levels, social context, and emotion-
al baseline states. While laboratory studies provide experimental 
control that enables causal inference about biometric response 
mechanisms, their ecological validity for predicting naturalistic 
consumer behavior must always be qualified.

Conclusions
Synthesis of Key Findings
The present systematic review and meta-analysis synthesizes 
evidence from 19 empirical studies employing eye-tracking and 
physiological signal methodologies to examine consumer deci-
sion-making in digital advertising contexts. The synthesis pro-
vides a coherent and convergent body of evidence supporting the 
following principal conclusions:
•	 Visual attention, as measured by eye-tracking, predicts con-

sumer choice with substantial accuracy, with gaze fixation 
duration demonstrating strong positive correlations with 
final choice across multiple product categories (wine la-
bels, product placements, food stimuli). The gaze-cascade 
mechanism   whereby accumulated gaze amplifies prefer-
ence through attentional-affective feedback   is supported by 
multiple independent studies in the synthesis.

•	 Neural encoding of advertising content occurs rapidly 
(within 200–700 ms) and is measurable via EEG and ERP 
methodologies. Different information dimensions (taste, 
health, salience, conflict, emotional intensity) are encoded 
at distinct neural time-windows, providing a multi-stage 
model of how advertising content is processed from early 
perceptual detection through attentional evaluation and sus-
tained emotional processing.

•	 EEG gamma activity predicts commercial media success at 
the population level, with out-of-sample predictive validity 
demonstrated across five independent datasets, suggesting 
that neural measurement can contribute meaningfully to 
forecasting real-world advertising and media outcomes.

•	 Emotional arousal, as indexed by EDA/GSR, reliably dif-
ferentiates consumer physiological states across advertising 
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conditions, with discriminatory content, loud ambient en-
vironments, and emotionally engaging food stimuli all pro-
ducing measurable increases in sympathetic arousal. EDA 
measures complement rather than duplicate information 
from visual attention and neural measures.

•	 Machine learning classification of advertising preferences 
from physiological signals achieves 81% accuracy, demon-
strating the practical predictive utility of biometric data 
when combined with appropriate computational approach-
es.

•	 Multimodal integration of two or more biometric mea-
surement modalities consistently provides richer and more 
actionable consumer response characterizations than sin-
gle-modality approaches, supporting the complementary 
nature of visual, physiological, and neural measurement in 
capturing the full range of advertising processing mecha-
nisms.

•	 Advertising design characteristics   including message 
framing, stimulus valence, cue consistency, ambient con-
text, and cross-modal sensory priming   modulate biometric 
consumer responses in theoretically coherent and practical-
ly meaningful ways, providing a growing evidence base for 
neuromarketing-informed advertising design principles.

Theoretical Implications
Theoretically, the present synthesis supports a multi-stage, 
multi-process model of consumer advertising response in which 
automatic attentional capture (indexed by eye-tracking and ear-
ly ERP components), rapid neural encoding of stimulus content 
(indexed by EEG decoding and mid-latency ERP components), 
emotional arousal and motivational engagement (indexed by 
EDA, HR, and LPP), and deliberate evaluation and choice (in-
dexed by behavioral outcomes and late ERP components) con-
stitute distinct but interrelated phases of the overall consumer 
response process. No single measurement modality captures this 
full process; comprehensive understanding requires integrating 
information across modalities.

The synthesis also supports the theoretical position that con-
sumer decision-making in advertising contexts is fundamentally 
pre-conscious and automatic in its early stages, with deliberate 
evaluation playing a secondary role that is shaped and con-
strained by prior attentional and affective processing. Advertis-
ing research methods that rely exclusively on post-hoc self-re-
port therefore systematically miss the most mechanistically 
important phases of the advertising response process.

Practical Implications for Advertising Practice
The practical implications of the present synthesis for advertis-
ing practitioners are substantial. First, eye-tracking pre-testing 
of advertising stimuli provides genuinely predictive information 
about consumer visual behavior and choice outcomes that can-
not be obtained from self-report measures alone. Specifically, 
the elements of an advertisement that fail to attract fixation with-
in the first few seconds of exposure are unlikely to be processed, 
regardless of how positively consumers evaluate the advertise-
ment in surveys.

Second, multimodal neuromarketing assessment of advertising 
effectiveness   combining eye-tracking with EDA, EEG, and HR 
measures   provides a comprehensive diagnostic profile of con-

sumer response that enables identification of specific moments, 
elements, and characteristics of advertisements that succeed or 
fail in engaging consumer attention, emotional activation, and 
neural encoding. This diagnostic capability supports iterative, 
evidence-based advertising optimization prior to campaign 
launch.

Third, the predictive validity of machine learning classifiers 
trained on physiological signals opens possibilities for automat-
ed, scalable advertising pre-testing systems that could supple-
ment or partially replace traditional human panel evaluations. 
While such systems require careful validation and should be 
treated as complementary rather than replacement tools, the 81% 
accuracy achieved by Random Forest in the present synthesis 
provides a meaningful benchmark for this application.

Fourth, the finding that ambient environmental context modu-
lates consumer physiological responses to advertising highlights 
the importance of measuring biometric responses under ecolog-
ically valid conditions   or at least systematically characteriz-
ing how laboratory findings generalize to naturalistic viewing 
environments. Advertising encountered in noisy, distracting, or 
socially complex environments may elicit different physiologi-
cal response patterns than the same advertisement viewed in a 
controlled laboratory setting.

Future Research Directions
The present synthesis identifies several priority directions for 
future research in neuromarketing and digital advertising. First, 
methodological standardization is urgently needed to enable 
more robust meta-analytic synthesis. Researchers should pri-
oritize reporting confidence intervals for all effect estimates, 
standardizing physiological measurement parameters (electrode 
placement, sampling rate, preprocessing), and adopting common 
outcome metrics that facilitate cross-study comparison.

Second, cross-cultural and cross-demographic validation of bio-
metric advertising response findings is needed to establish the 
generalizability of results obtained predominantly from univer-
sity student samples in Western laboratory settings. The diver-
sity of advertising markets and consumer populations globally 
means that neuroscientifically-based advertising principles de-
rived from limited samples must be tested across broader popu-
lations before being adopted as universal guidelines.

Third, ecological validity studies that compare biometric mea-
sures collected under laboratory conditions with those collected 
during naturalistic advertising exposure (e.g., through portable 
EEG systems, mobile eye-tracking, and wearable physiological 
sensors during real-world advertising exposure) are needed to 
establish the degree to which laboratory findings translate to real 
consumer behavior.

Fourth, longitudinal research examining how biometric respons-
es to advertising accumulate over time   how repeated exposure 
affects neural encoding, emotional arousal, and visual attention 
patterns   would significantly advance understanding of advertis-
ing wear-in and wear-out effects from a neurophysiological per-
spective. The current evidence base is almost entirely cross-sec-
tional or examines only short-term exposure effects.
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Fifth, the ethical dimensions of biometric advertising measure-
ment deserve systematic empirical attention. As physiological 
measurement becomes more embedded in advertising practice   
potentially including real-time biometric targeting and optimi-
zation based on consumer physiological states   research on con-
sumer awareness, consent, privacy implications, and psycho-
logical effects of biometric advertising surveillance is needed to 
inform responsible development of the field.

In summary, the present meta-analysis demonstrates that 
eye-tracking and physiological signal methodologies provide a 
scientifically rigorous, practically valuable, and theoretically co-
herent framework for understanding consumer decision-making 
in digital advertising. The convergent evidence across 19 eligi-
ble studies supports the conclusion that advertising effectiveness 
is fundamentally a neurophysiological phenomenon that benefits 
substantially from biometric measurement to understand, pre-
dict, and optimize.

References
1.	 Li, M., Xing, N., & Lin, G. (2024). Temporal variation 

in children's reactions to tourism advertisement. Annals 
of Tourism Research, 105, Article 103724. https://doi.
org/10.1016/j.annals.2024.103724

2.	 Schubert, E., Rosenblatt, D., Eliby, D., Kashima, Y., Ho-
gendoorn, H., & Bode, S. (2021). Decoding explicit and im-
plicit representations of health and taste attributes of foods 
in the human brain. Neuropsychologia, 160, Article 107973. 
https://doi.org/10.1016/j.neuropsychologia.2021.107973

3.	 Chae, V. J., Grootswagers, T., Bode, S., & Feuerriegel, D. 
(2026). Characterising the neural time-courses of food attri-
bute representations. Appetite, 207, Article 107864. https://
doi.org/10.1016/j.appet.2026.107864

4.	 Friedmann, E., Weiss-Sidi, M., & Solodoha, E. (2024). Un-
veiling impact dynamics: Discriminatory brand advertise-
ments, stress response, and the call for ethical marketing 
practices. Journal of Retailing and Consumer Services, 
78, Article 103738. https://doi.org/10.1016/j.jretcons-
er.2024.103738

5.	 Barbierato, E., Berti, D., Ranfagni, S., Hernández-Álvarez, 
L., & Bernetti, I. (2023). Wine label design proposals: An 
eye-tracking study to analyze consumers' visual attention 
and preferences. International Journal of Wine Business 
Research, 35(3), 421–440. https://doi.org/10.1108/IJW-
BR-10-2022-0038

6.	 Berčík, J., Rusková, A., Predanócyová, K., Tkáč, F., & 
Neomániová, K. (2025). Visual presentation of food can in-
fluence appetite and emotions. Cogent Food & Agriculture, 
11(1), Article 2441182. https://doi.org/10.1080/23311932.2
025.2441182

7.	 Bezgin Ediş, L., Kılıç, S., & Aydın, S. (2025). Message ap-
peals of social media postings: An experimental study on 
non-governmental organization. Journal of Nonprofit & 
Public Sector Marketing, 37(2), 145–173. https://doi.org/1
0.1080/10495142.2025.2310117

8.	 Boksem, M. A. S., van Diepen, R. M., Eijlers, E., Boekel, 
W., & Smidts, A. (2025). Do EEG metrics derived from 
trailers predict the commercial success of movies? A 
systematic analysis of five independent datasets. Jour-
nal of Marketing Research, 62(1), 45–68. https://doi.
org/10.1177/00222437241280781

9.	 Fernandes, T. F. C., Ferreira, N. B., Campagnoli, R. R., 
Gomes, F. S., Braga, F., David, I. A., & Lobo, I. (2022). 
Impact of textual warnings on emotional brain responses to 
ultra-processed food products. Frontiers in Nutrition, 9, Ar-
ticle 936217. https://doi.org/10.3389/fnut.2022.936217

10.	 Hartnett, N., Bellman, S., Beal, V., Kennedy, R., Charron, 
C., & Varan, D. (2025). How to accurately measure atten-
tion to video advertising. International Journal of Advertis-
ing, 44(1), 88–117. https://doi.org/10.1080/02650487.2024
.2380291

11.	 Lyulyov, O., Pimonenko, T., Infante-Moro, A., & Kwilinski, 
A. (2024). Perception of artificial intelligence: GSR anal-
ysis and face detection. Virtual Economics, 7(1), 19–40. 
https://doi.org/10.34021/ve.2024.07.01(2)

12.	 Mandolfo, M., Di Dalmazi, M., Di Paolo, F., & Lamberti, 
L. (2025). Beyond exposure: The influence of user tasks and 
induced presence on product placement effectiveness in vir-
tual environments. Journal of Business Research, 188, Ar-
ticle 115084. https://doi.org/10.1016/j.jbusres.2024.115084

13.	 Marques, J. A. L., Neto, A. C., Silva, S. C., & Bigne, E. 
(2025). Predicting consumer ad preferences: Leveraging a 
machine learning approach for EDA and FEA neurophysio-
logical metrics. Psychology & Marketing, 42(3), 512–530. 
https://doi.org/10.1002/mar.22070

14.	 Martinez-Levy, A. C., Di Flumeri, F., Cherubino, P., Magli-
one, D., Cartocci, P., Trettel, A., Babiloni, F., & Di Flumeri, 
A. (2022). Message framing, non-conscious perception and 
effectiveness in non-profit advertising: Contribution by neu-
romarketing research. International Review on Public and 
Nonprofit Marketing, 19(1), 55–82. https://doi.org/10.1007/
s12208-021-00291-y

15.	 Peng-Li, D., Alves Da Mota, P., Costa Correa, C. M. C., 
Chan, R. C. K., Byrne, D. V., & Wang, Q. J. (2022). 'Sound' 
decisions: The combined role of ambient noise and cogni-
tive regulation on the neurophysiology of food cravings. 
Frontiers in Neuroscience, 16, Article 813415. https://doi.
org/10.3389/fnins.2022.813415

16.	 Tian, D., Xu, Z., Yan, H., Tie, B., Zhao, W., Jing, Y., Pang, 
Y., Liu, X., Zhao, J., & Liu, Y. (2025). Individuals' food pref-
erences can be influenced by music styles: An ERP study. 
Brain Topography, 38(2), 211–228. https://doi.org/10.1007/
s10548-025-01102-z

17.	 Vabba, A., Porciello, G., Panasiti, M. S., & Aglioti, S. 
M. (2022). Interoceptive influences on the production of 
self-serving lies in reputation risk conditions. Internation-
al Journal of Psychophysiology, 173, 1–13. https://doi.
org/10.1016/j.ijpsycho.2022.01.006

18.	 Wang, C., Li, Y., Luo, X., Fu, H., Ye, Z., & Deng, G. (2022). 
How are consumers affected by taste and hygiene ratings 
when ordering food online? A behavioral and event-relat-
ed potential study. Frontiers in Neuroscience, 16, Article 
905978. https://doi.org/10.3389/fnins.2022.905978

19.	 Walters, G., Jiang, Y., & Li, S. (2025). Physiological 
measurements in hospitality and tourism research: A sys-
tematic review and new theoretical directions. Journal of 
Hospitality & Tourism Research, 49(1), 3–29. https://doi.
org/10.1177/10963480241228419

20.	 Alsharif, A. H., Salleh, N. Z. M., & Pilelienė, L. (2022). 
Current trends in the application of EEG in neuromarket-
ing: A bibliometric analysis. Scientific Annals of Econom-
ics and Business, 69(3), 405–427. https://doi.org/10.47743/



 

www.mkscienceset.com J Psych and Neuroche Res 2026Page No: 18

Copyright: ©2026 Alexia Gazeta. This is an open-access article distributed under the terms of the Creative Commons Attribution License, which permits 
unrestricted use, distribution, and reproduction in any medium, provided the original author and source are credited.

saeb-2022-0023
21.	 Casado-Aranda, L. A., & Sanchez-Fernandez, J. (2022). 

Advances in neuroscience and marketing: Analyzing tool 
possibilities and research opportunities. Spanish Journal of 
Marketing – ESIC, 26(2), 221–242. https://doi.org/10.1108/
SJME-01-2022-0003

22.	 Pereira, M. H. N., Bezerra de Melo, F. L. N., Soares, A. 
M. J., Ferreira, P. B. S., Silva, M. P., & Morya, E. (2024). 
Eye-tracking as a physiological correlate of consumer 
behavior: A systematic literature review. Brazilian Jour-
nal of Marketing, 23(1), 1–29. https://doi.org/10.5585/
bjm.2024.23928

23.	 Bigne, E., Boksem, M., Casado-Aranda, L. A., 
García-Madariaga, J., Gier-Reinartz, N. R., Guerreiro, J., 

Loureiro, S., Kakaria, S., Smidts, A., & Wedel, M. (2025). 
How to conduct valuable marketing research with neuro-
physiological tools. Psychology & Marketing, 42(4), 741–
759. https://doi.org/10.1002/mar.22080

24.	 Dennison, J. B., Sazhin, D., & Smith, D. V. (2022). Deci-
sion neuroscience and neuroeconomics: Recent progress 
and ongoing challenges. WIREs Cognitive Science, 13(4), 
e1589. https://doi.org/10.1002/wcs.1589

25.	 Micu, A., Capatina, A., Micu, A. E., Geru, M., Aivaz, K. 
A., & Muntean, M. C. (2021). A new challenge in digital 
economy: Neuromarketing applied to social media. Eco-
nomic Computation and Economic Cybernetics Studies and 
Research, 55(4), 169–184. https://doi.org/10.24818/184232
64/55.4.21.11


