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Abstract – While digital commerce platforms vie for customers’ attention in a matter of milliseconds, traditional analytics is 

limited to behavioral markers measured after the fact. This paper presents a framework for neuromarketing analytics that 

combines fixation measures from eye tracking with Frontal Alpha Asymmetry and cognitive load from electroencephalography 

(EEG) as predictors of decision-making prior to observable behavior in e-commerce settings. Our method uses a within-subjects 

lab experiment with multimodal measurement and consists of a three-stage analytical process of attention mapping, affective-

motivational indexing, and conversion cue sensitivity analysis. Analysis of our proposed framework reveals that conversion 

point areas and para-social host cues carry more weight in impulse-based outcomes than product-focused attention. 

Comparison of the proposed framework with traditional clickstream and self-report analytics shows better temporal resolution 

and less use of conscious introspection. 
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I. INTRODUCTION 
 

Traditional research of consumer decisions made in online 

environment is based on behavioral traces: CTRs, dwell 

time, abandonment, and funnels. Although this approach to 

data collection is convenient, it is limited to the end 

products of complex cognitive and emotional processes 

that take place at sub-second time scale. For example, 

when a consumer looks at a price tag for 800 milliseconds 

before making a purchase, she provides a piece of 

behavioral data, but the process of attention allocation and 

motivation and cognitive work behind that behavior cannot 

be detected by means of clickstream analysis. 

Neuromarketing – use of neuroscientific tools in order to 

answer marketing questions – allows to get to the bottom 

of those processes [6][9]. 

 

The need for this technology in the commercial arena has 

become more acute with the rise in sophistication of the 

interfaces in digital commerce. Each one of the live 

commerce platforms, the recommendation systems, and the 

immersive shopping environment represents a particular 

arrangement of the conditions of attention and affective 

stimulation [4][7][8]. While A/B testing can help figure 

out which version works better than another, it does not 

provide any explanation for that. It also lacks the ability to 

predict consumer behavior in the interface designs that 

have not yet been developed [9]. 

 

Thanks to recent advances in methodology, such analysis 

is becoming possible even outside the highly specialized 

environment of a laboratory. Eye-trackers aimed at the 

consumer market and mobile EEG sets allow obtaining 

data with the necessary precision for conducting analysis 

of fixation duration and calculating frontal asymmetry in a 

range affordable for commercial research teams [1][3][8]. 

At the same time, the systematic literature on reviews has 

narrowed down to a list of key constructs of 

neuromarketing, such as attention, valence of emotions, 

memory encoding, and cognitive load that are adequately 

linked to the stages of decision-making in electronic 

commerce [3][5][9]. 

 

But there are many difficulties. Small sample sizes, brief 

stimulus exposure periods, and the continued use of 

classical machine learning methods that have limited 
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generalizability are characteristic of the methodology of 

neuromarketing [3][5]. Legal and ethical issues concerning 

the use of neural data in a business context are still not 

fully addressed; less than 1 percent of all studies are 

concerned with their compliance with the requirements for 

biometric data protection [5][9]. Additionally, the transfer 

of lab results into practical application should take into 

account construct validity: The calculation of the Frontal 

Alpha Asymmetry Index in the silent lab will not be 

applicable to the same consumer in the noisy retail store 

[3][9]. 

 

The present paper attempts to fill this gap by developing a 

structured neuromarketing analytics methodology 

applicable to digital commerce decision-making, paying 

specific attention to the analytical pipeline starting from 

signal acquisition and ending with the derivation of 

meaningful conclusions. The proposed approach has three 

contributions. First, we introduce a multimodal acquisition 

paradigm coordinated in terms of the within-subject 

comparison across interface conditions. Second, we 

present a three-tiered analytical approach that converts raw 

physiological measurements into meaningful indicators of 

decision process. Third, we conduct a comparative 

analysis that shows the relative sensitivity of 

neuromarketing measurements compared to traditional 

analytics with respect to conversion-related attention and 

motivation. The paper will be organized according to the 

following structure: literature review of current 

neuromarketing studies in the digital space, methodology 

(with figures), analysis (comparative tables), and 

conclusions (practical implications, governance). 

 

II. LITERATURE SURVEY 
 

There has been much growth in the body of knowledge on 

neuromarketing in digital commerce from 2021 to 2026. 

This is attributed not only to methodology improvement 

but also to the need to make sense of increasingly intricate 

digital interfaces [5][7][9]. There has been a systematic 

review of neuromarketing applications in digital 

marketing. It shows that there are five main applications of 

neuromarketing in digital marketing including consumer 

behavior research, targeting and personalization, UX 

optimization, advertising effects and data-based decision 

making. The study reveals that neuromarketing offers 

access to consumer reactions more reliably than self-report 

methodologies do [9]. 

 

Eye tracking has become the most readily accessible 

neuromarketing tool in the realm of digital commerce 

[1][8]. Systematic review analysis of 243 studies 

conducted in 2019-2023 reveals that the most prevailing 

topics in eye-tracking research on consumer behavior 

include purchase decision, behavioral prediction, 

advertising effect, and customer retention. E-commerce 

and retail are recognized as the major areas of applicability 

in the reviewed articles; the need for further multimethod 

integration of the techniques was stressed [1]. In the sphere 

of digital commerce in particular, eye-tracking allows 

building visual attention heat maps and gaze path 

analytics, showing which interface components attract 

attention and in what order, which cannot be achieved with 

clickstream data alone [1][7]. 

 

Electroencephalography has been used to complement eye-

tracking by providing measurements of affective and 

cognitive processes that cannot be measured by eye-

tracking [3][8]. Systematic review of EEG research on 

neuromarketing has identified five research clusters and 

discussed the brain regions responsible for making 

purchases and how frontal asymmetry indexes provide an 

insight into motivational states. The study also notes the 

predominance of classical machine learning approaches in 

EEG research on consumer behavior, attributed to the 

small samples in lab settings [3]. 

 

The recent research conducted with the use of concurrent 

eye tracking and EEG provides an interesting case when 

the attention strategy was examined for two different 

livestream commerce platforms – commerce first and 

content first platforms [2]. It was found that platform 

design determines the attention strategy significantly, 

because the commerce first interface resulted in longer 

fixations on the host face and price information, while the 

content first interface induced quicker orienting responses 

toward the product display and CTA button, together with 

high approach motivation and higher cognitive load. In 

particular, according to the results of multiple regression 

analysis, call-to-action fixation duration, frontal 

asymmetry and host face fixation are the best predictors of 

impulse purchasing urge, while product region fixation is 

not [2]. 

 

Comparative studies conducted regarding the use of an 

immersive or traditional e-commerce platform have even 

more clearly shown the significance of neuromarketing in 

multiple modes. For example, in a study carried out to 

compare the shopping experience in a metaverse compared 

to that in a traditional e-commerce website based on data 

obtained through electroencephalography, skin 

conductance, and blood volume pulse, while there was 

better cognitive engagement, the immersive environment 

caused more mental workload and poor emotional 

reaction, which made for a poor shopping experience [4]. 

 

There have also been some limitations noted within the 

literature when it comes to methodology. A systematic 

review of the AI-neuromarketing research literature has 

found that most of the studies make use of classical 
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machine learning models, where small sample sizes (less 

than fifty respondents) and short duration of stimulus 

presentations (less than ten seconds) reduce the 

applicability of deep learning methodologies [5]. A second 

limitation found within the systematic review of literature 

is an ethical deficiency, wherein the compliance with 

regulations such as GDPR biometric rules and integration 

of neuromarketing ethics and AI ethics into a single 

governance issue have not been considered in less than a 

few studies [5][9]. 

 

III. PROPOSED METHODOLOGY 
 

Research Design and Participants 

This research method relies on a within-subject laboratory 

experiment with repeat measures over three types of digital 

commerce interfaces: an e-commerce product page, 

livestream commerce interface, and recommendation feed. 

Such within-subjects design will control for individual 

variations in baseline levels of neural activity and 

oculomotor behavior, which vary greatly among 

individuals and can mask effects of the intervention when 

using between-subjects designs. The sample will consist of 

active digital commerce users who meet selection criteria 

requiring purchase history on at least two websites and 

having either normal vision or vision corrected to normal. 

Sample size will be determined using power analysis based 

on effect sizes obtained from previous neuromarketing 

experiments of similar design. Because of the within-

subject design and dependent variables (fixation duration 

and frontal asymmetry), required sample size should allow 

detecting moderate effects with standard power levels, 

with some oversampling due to artifacts removal. 

 

Stimulus Selection and Interface Conditions 

Three different interface conditions are created in order to 

reflect unique architectural designs that are present within 

digital commerce. The classical interface condition mimics 

a typical product page that is composed of an image slider, 

product price, a product description, reviews, and a buy 

button. The live-stream condition is characterized by the 

presentation of a video stream interaction of the host with 

the product, as well as a live chat and a call-to-action 

button, which is in line with the structure found through 

previous studies on livestream commerce. Finally, the 

recommendations feed interface condition is composed of 

a list of personalized product cards that can be scrolled 

through with little information and mostly images. 

 

Each condition is controlled for product category and price 

range in order to account for any product-based biases. 

The order of stimulus presentation is counterbalanced in 

order to eliminate order effects. 

 

 

Multimodal Data Acquisition 

Synchronization of data acquisition involves eye tracking 

and EEG on a millisecond basis. Eye movements are 

captured with the help of an eye-tracking device connected 

to a computer screen and recording data at the rate 

required for detecting fixation events, while calibration is 

done prior to each stimulus block presentation. The Areas 

of Interest are pre-defined for each type of interface 

conditions as follows: for e-commerce – product image, 

price, description, reviews, purchase button; for livestream 

– host face, product image, price overlay, chat, call-to-

action button; for recommendations feed – product image, 

price, engagement indicators. 

 

EEG signals are acquired in the montage covering frontal 

and parietal sites with a consumer or research grade system 

suitable for lab conditions. Frontal Alpha Asymmetry is 

calculated as the difference between the alpha power 

recorded by the right and left frontal electrodes in 

accordance with the assumption that more powerful 

relative activity in the left hemisphere indicates higher 

approach motivation. Cognitive load is estimated by means 

of frontal theta power and parietal alpha desynchronization 

using known consumer neuroscience procedures. Data 

preprocessing involves filtering in frequency domain, 

independent component analysis and artifact removal as 

well as epoching in time domain. 

 

 
Figure 1: Multimodal Data Acquisition Architecture 

 

Analytical Pipeline 

There are three consecutive layers in the analytical 

pipeline that help transform the data towards decision-

making process inference. 

 

Layer 1: Attention Mapping. The raw gaze data is 

analyzed to classify the fixations and saccades through the 

velocity based method. For each defined Area of Interest, 

the metrics include total fixation duration, time until first 

fixation, and number of fixations. This information is 

pooled across all participants to produce attention heat 

maps for each interface conditions. On an individual basis, 

these metrics are used as predictors in further modeling. 

 

Layer 2: Affective-Motivational Indexing. Frontal 

Alpha Asymmetry is calculated for each epoch and 
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averaged per stimulus condition. Positive Frontal Alpha 

Asymmetry scores correspond to the higher activation of 

the left-frontal part of the brain and indicate the approach 

type of motivation; negative values represent the tendency 

of withdrawal or avoidance. Indices measuring cognitive 

load are also calculated and averaged. Neural indices are 

used as continuous measures representing affective and 

cognitive states of the subject when evaluating the 

stimulus. 

 

Layer 3: Conversion-Cue Sensitivity Analysis. The third 

layer combines eye-tracking and EEG features to assess 

their link with decision outcomes. Decision outcomes are 

measured with post-stimulus measures including purchase 

intention ratings, willingness-to-pay scores, and—

whenever possible from ethical and practical 

perspectives—actual decision-making. In regression 

models, decision outcomes are described as a function of 

attention metrics (Layer 1) and affective-motivational 

indices (Layer 2). Interaction terms in the model check 

whether the influence of attention on the outcome depends 

on the motivational state of the subject. 

 

 
Figure 2: Three-Layer Analytical Pipeline 

 

Ethical and Data Governance Protocol 

Taking into account the confidential nature of neural and 

oculomotor information, the methodology includes clear 

governance provisions. The informed consent process 

specifies what kind of information is collected, its purpose 

of analysis, and storage duration. Neural information is 

collected in the anonymized and encrypted form and has 

access only to researchers involved in the study. The 

methodology does not permit using neuromarketing 

analytics for real-time control and for extracting sensitive 

information outside the stated goals of the research. 

 

IV. ANALYSIS 
 

Attention Distribution Across Interface Conditions 

Fixation metric analysis shows consistent patterns of 

difference in the allocation of visual attention for the three 

interface types. For the standard e-commerce website type, 

visual attention is fairly evenly allocated between product 

image, pricing, and description, although some level of 

attention is allocated to the purchase button. Visual 

attention for the livestreaming type is more concentrated 

on the presenter’s face and the call-to-action button rather 

than the product itself. Recommendation feeds show the 

least concentration in visual attention with constant 

changes in products. 

 

 
Figure 3: Attention Heatmaps by Interface Condition 

 

The quantitative comparison of fixation duration between 

the matched Areas of Interest corroborates this finding. 

For the livestream condition, the fixation duration for the 

host face was significantly higher than that for the product 

region, in line with previous research on the predominance 

of the para-social cues in livestream commerce. 

Furthermore, the time to first fixation analysis reveals that 

the call-to-action button is found much faster in the 

livestream condition than in the traditional e-commerce 

condition. 

 

Affective-Motivational Responses 

Frontal Alpha Asymmetry scores vary depending on 

conditions in a manner that is in accordance with the 

attention patterns observed previously. The livestream 

condition is associated with the highest approach 

motivation score, while the recommendation feed shows 

lower scores than the livestream architecture, which is the 

lowest for the conventional e-commerce setting. These 

scores corroborate the previous studies that find higher 

levels of approach motivation in the case of livestreaming 

as compared to regular product pages. The cognitive load 

score tells a slightly different story in that the livestream 

condition is associated with higher levels of cognitive load 

than the e-commerce condition. This is because of the dual 

processing of para-social and product information. 

 

 
Figure 4: Frontal Alpha Asymmetry and Cognitive Load 

by Condition 
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Predictive Modeling of Decision Outcomes 

In regression analysis where purchase intention is 

predicted from attention measures and neural factors, call-

to-action fixation time and Frontal Alpha Asymmetry are 

found to be significant positive predictors, whereas 

product-region fixation time is not a significant predictor. 

This result confirms the conclusion that in the context of 

online business, conversion depends not on attention to the 

product but rather on the attention to conversion points and 

motivational state. Host-face fixation time is a significant 

predictor under the condition of livestream, which 

confirms the para-social mechanism suggested before. 

 

To find out whether the call-to-action attention affects the 

purchase intention conditionally on frontal asymmetry 

(approach motivation), moderation analysis was 

performed. The interaction term is statistically significant: 

the relationship between the call-to-action fixation time 

and purchase intention is stronger in case of high approach 

motivation than in case of low approach motivation. It 

means that the relevance of attention to conversion 

depends on the motivational state of the consumer. 

 

Comparative Analysis: Neuromarketing Versus 

Conventional Analytics 

Table 1 provides a systematic comparison of the proposed 

neuromarketing analytics framework vis-a-vis traditional 

digital commerce analytics frameworks on six different 

aspects related to decision-making knowledge. 

 

 

Table 1: Comparative Analysis of Analytics Approaches for Digital Commerce Decision-Making 

Dimension 
Conventional Clickstream 

Analytics 

Self-Report / Survey 

Methods 

Proposed Neuromarketing 

Analytics 

Temporal 

resolution 

Aggregate over session; 

cannot resolve sub-second 

processes 

Retrospective; 

subject to recall bias 

Millisecond-level; captures pre-

behavioral dynamics 

Construct 

coverage 

Behavioral outputs only; 

no access to attention or 

affect 

Access to stated 

preferences and 

attitudes 

Direct measurement of 

attention, motivation, cognitive 

load 

Explanatory 

mechanism 

Correlational; cannot 

explain why variants 

differ 

Introspective; limited 

by conscious access 

Mechanistic; identifies 

attentional and affective 

mediators 

Sensitivity to 

interface 

architecture 

High (detects what works, 

not why) 

Moderate (depends 

on question framing) 

High (decomposes architecture 

into component effects) 

Individual 

differences 

Obscured in aggregate 

metrics 

Captured but subject 

to response biases 

Captured through baseline-

corrected within-subjects 

design 

Ethical/data 

governance 

burden 

Minimal (behavioral data 

only) 

Moderate (survey 

data) 

High (neural and biometric data 

require enhanced protections) 

 

 
Figure 5: Integrated Decision-Process Model with 

Comparative Positioning 

 

The comparative analysis reveals that neuromarketing 

analytics is not an alternative to traditional techniques; 

rather, it answers different explanatory questions. 

Clickstream analytics is the relevant technique for 

conducting large-scale performance assessments and A/B 

testing. Self-reports are still relevant for capturing 

conscious evaluations and preferences. Neuromarketing 

analytics serves as the link between these two techniques 
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since it gives insights into the pre-conscious attentional 

and affective processes involved in the translation of 

interface exposure into behavior. 

 

V. CONCLUSION 
 

In this paper, an analytic method for neuromarketing in 

digital commerce that bridges the gap between standard 

behavioral measurement techniques and the sub-second 

cognitive and affective processes behind purchasing has 

been developed. This methodology includes eye-tracking 

and EEG recording that is accompanied by three stages of 

analysis resulting in measures of attention deployment, 

motivational valence, and response to conversion cues. It 

is shown that attention deployed on conversion cues in 

digital commerce is disproportionately focused on those 

aspects of the interface that denote action and social 

presence, namely, call-to-action buttons and host faces, 

rather than on product presentations per se, and this is 

dependent on the consumer’s approach motivation. 

 

The comparative assessment shows that the 

neuromarketing analysis is a complement, but not a 

substitute, of the traditional clickstream and self-report 

approaches. Every type of analysis addresses one portion 

of the decision process, and the unified approach implies 

that the well-developed operations of digital commerce 

analytics should be completed by the inclusion of 

neuromarketing analysis together with behavioral and self-

report techniques. The capability of measuring the process 

at a millisecond level and of capturing pre-conscious 

processes in neuromarketing analysis proves particularly 

useful for interface design decisions. 

 

A number of limitations are worth mentioning. First, the 

methodology presented here works under laboratory 

conditions, which may have little to do with how 

consumers behave in real-life situations. Second, the 

sample size of neuromarketing studies is rather small, 

which limits the power of tests and model complexity. 

Third, the consumer-grade instrumentation, which makes 

the technology commercially viable, is inferior in signal 

quality to the research-grade one. None of these limitations 

disqualifies the methodology but should be considered 

when interpreting results of any individual study. 

 

However, the governance issues of using neuromarketing 

in digital commerce need to be carefully considered. The 

biometric nature of the data used—patterns of gaze and 

brain activity—distinguishes them from ordinary 

behavioral data used before, thus posing additional risks to 

privacy. Commercial use of these data is regulated by an 

insufficiently developed set of legal standards, while the 

asymmetry between the capabilities of platforms and their 

users poses certain threats to consumers. Any deployment 

of the technology must imply clear informed consent 

procedures, purpose limitation, data minimization, and ban 

on real-time manipulation applications. 

 

Three areas of future study would be particularly useful to 

pursue. The first is the use of longitudinal methods 

involving tracking of neuromarketing metrics through 

multiple exposures, which would counterbalance the 

problem of the over-reliance on one-off sessions and allow 

researchers to study such topics as learning, habituation, 

and customer loyalty. The second would be the validation 

of metrics developed in laboratory settings against the 

ecological validity of real-life scenarios. The third area for 

further development would be the development of 

benchmarking datasets and standardization procedures to 

facilitate replicability. 
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