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Abstract:

The increasing integration of digital retail interfaces into consumer decision environments
has intensified the need to understand how platform-level functional attributes are associated
with impulsive buying behaviour. Beyond conventional usability considerations, interface
characteristics may shape the accessibility, salience, and execution of unplanned purchase
decisions. This study aims to empirically evaluate the relationships between five functional
interface attributes navigation simplicity, visual stimulus, promotional and scarcity cues,
checkout functionality, and trust signals and impulsive buying behaviour, and to determine
their relative statistical contributions. A quantitative, cross-sectional survey design was
employed among 412 active online shoppers using a structured questionnaire comprising 28
multi-item Likert-scale measures. Stratified convenience sampling was adopted, and the data
were analysed using SPSS through Cronbach’s alpha reliability assessment, principal
component analysis with Varimax rotation, Pearson correlation, and multiple regression.
Multicollinearity and residual diagnostics were additionally examined to evaluate model
adequacy. All five interface attributes demonstrated positive associations with impulsive
buying behaviour (p < 0.01). Promotional and scarcity cues exhibited the strongest
correlation (r = 0.69) and standardized regression coefficient (B = 0.34, p < 0.001), followed
by visual stimulus (r = 0.63; B = 0.29, p < 0.001), navigation simplicity (r = 0.54; p = 0.18, p
< 0.001), checkout functionality (r = 0.51; B = 0.16, p <0.001), and trust signals (r = 0.47;
=0.12, p = 0.001). The regression model was statistically significant (F(5,414) = 59.62, p <
0.001; R? = 0.419; adjusted R*> = 0.412). The findings indicate that functional interface
attributes collectively provide substantial statistical explanatory value for impulsive buying
behaviour, with promotional and visual characteristics showing the largest unique
contributions. The study extends empirical understanding of e-commerce interface design by
demonstrating measurable associations between specific platform characteristics and
impulsive purchasing outcomes, while avoiding causal interpretation inherent to the cross-
sectional research design.

Keywords: Functional interface Drivers, Digital Purchase Spontaneity, Friction Design,
Visual Persuasion Cues, Behavioural E-commerce Analytics.

1. Introduction:

The functional characteristics of online shopping interfaces have become an important
component of digital consumer environments because they influence how information is
encountered, evaluated, and acted upon during purchasing. Interface layout, navigation
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structure, promotional presentation, checkout procedures, and trust-related information can
shape the amount of effort required to progress from product discovery to transaction
completion. Previous research suggests that digital atmospheric cues and system-level
interface characteristics can influence consumer responses by increasing perceptual salience
and reducing the time available for deliberate evaluation (1). Accordingly, the present study
investigates the quantitative relationship between functional design characteristics of online
shopping platforms and impulsive purchasing behaviour using primary survey data and
multivariate statistical analysis. The analysis is deliberately focused on measurable platform-
level attributes rather than treating psychological, cultural, or demographic characteristics as
the principal explanatory factors (2).

The increasing adoption of mobile commerce and application-based shopping has further
integrated purchasing functions into highly responsive digital interfaces. Within these
environments, consumers are exposed to continuously updated product information,
recommendations, promotional messages, and transaction options while browsing. Existing
studies associate the transition from product exploration to purchase with interface
convenience, responsiveness, persuasive content, and repeated exposure to commercially
relevant stimuli (3), (4). Promotional mechanisms such as limited-time indicators, scarcity
information, product recommendations, and simplified purchasing sequences have also been
associated with spontaneous purchasing decisions, partly because they can reduce the
perceived effort involved in evaluating alternatives and completing a transaction (5), (6). In
social commerce environments, interactive functions and socially embedded features may
additionally influence purchase spontaneity, while trust-related information and emotionally
engaging interface elements can reduce hesitation during online transactions (7), (8). These
findings indicate that the functional architecture of a shopping platform warrants examination
as a measurable component of the impulse-purchase process.

1.1 Theoretical Framework

The theoretical foundation of this study combines the Stimulus—Organism—Response (S-O-R)
framework with a cognitive-affective perspective on consumer decision-making. This
integration provides a structured explanation of how functional interface characteristics may
influence impulsive purchasing. In the S-O-R framework, external environmental
characteristics constitute stimuli (S), which influence an individual's internal cognitive and
affective state (O) and subsequently contribute to an observable behavioural response (R) (9),
(10). In the present investigation, five functional interface constructs are positioned within
this framework: navigation simplicity, visual stimulus, promotional and scarcity cues,
checkout functionality, and trust signals.

Visual stimulus and promotional or scarcity cues primarily represent stimulus-oriented
characteristics. Their proposed role is to increase perceptual prominence and activate
affective responses such as urgency, excitement, or fear of missing an opportunity. These
responses may reduce the extent of deliberative evaluation preceding an unplanned purchase.
Navigation simplicity and checkout functionality have a different theoretical role (11), (12).
Rather than being treated principally as emotional triggers, these attributes concern the
operational effort required to locate products, review information, and complete an order.
Once purchase motivation has developed, lower navigational complexity and a more efficient
checkout sequence may reduce behavioural friction and facilitate the transition from intention
to transaction.
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Trust signals represent a further mechanism within the cognitive evaluation process.
Information concerning payment security, seller credibility, transaction reliability, reviews,
ratings, or related assurance mechanisms can influence perceived risk. Lower perceived
transactional risk may reduce an inhibitory condition that could otherwise interrupt an
impulsive purchasing decision (13), (14). Thus, the five constructs can be interpreted
according to three related functions: stimulus activation, response facilitation, and risk
inhibition. This conceptual distinction provides the theoretical basis for interpreting the
statistical relationships examined in the subsequent analysis and establishes a direct
connection between interface functionality and impulsive purchasing behaviour.

1.2 Research Gap

Research on online impulse buying has established associations between purchasing
behaviour and environmental, visual, emotional, and situational characteristics. Visual
properties such as colour, layout density, and product presentation have been examined as
digital atmospheric factors, while behavioural models have emphasized situational triggers,
scarcity perceptions, and hedonic characteristics of online browsing environments (15), (16).
Experimental and structural-equation approaches have also provided evidence that
technological and environmental characteristics can contribute to consumer behavioural
outcomes (17). However, important limitations remain in translating these broader
observations into measurable platform-level functional attributes. A substantial proportion of
existing research gives greater emphasis to psychological states, emotional responses, cultural
influences, or consumer characteristics than to the specific functional properties embedded
within shopping interfaces. Consequently, the contribution of individual design components
is not always isolated quantitatively (18), (19). Feature-level characteristics such as
navigation complexity, checkout compression, promotional-trigger density, and trust-related
interface information are less frequently examined together within a unified empirical
framework. This limits the ability to determine whether different functional elements
contribute through distinct behavioural mechanisms (20).

A further methodological issue concerns the measurement and validation of functional
interface constructs. Studies have employed diverse behavioural and perceptual measures,
making comparisons across investigations difficult. In particular, relatively limited attention
has been given to the systematic validation of multi-item measures representing functional
interface attributes through reliability assessment, exploratory factor analysis, correlation
analysis, and multiple regression using ordinal primary survey data (21). The absence of such
integrated validation creates a methodological gap between conceptual descriptions of e-
commerce interface design and statistically testable representations of its relationship with
impulsive purchasing. The present study addresses this gap through three specific
contributions. First, it operationalizes navigation simplicity, visual stimulus, promotional and
scarcity cues, checkout functionality, and trust signals as measurable multi-item constructs.
Second, it evaluates their statistical relationships with impulsive purchasing behaviour using
reliability analysis, exploratory factor analysis, correlation analysis, and multiple regression.
Third, it examines whether the observed constructs form statistically distinguishable
dimensions that correspond to the proposed activation—conversion interpretation. This
approach provides an empirical basis for examining functional interface design as a
multidimensional component of online impulse purchasing and establishes a foundation for
subsequent research involving controlled interface experiments, personalization mechanisms,
longitudinal observations, and cross-platform comparisons (22), (23).
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2. Methodology:
2.1 Research Design

A quantitative, cross-sectional survey design was adopted to examine the statistical
relationship between functional online shopping interface attributes and impulsive buying
behaviour. A structured questionnaire was used to obtain standardized responses from online
shoppers, allowing the measured constructs to be evaluated using reliability assessment,
exploratory factor analysis (EFA), Pearson correlation, and multiple regression. The design
was selected to provide a consistent measurement framework for examining associations
among predefined interface-related variables and the behavioural outcome (23).

2.2 Study Context and Population

The investigation was conducted among online shoppers in Jalandhar district, Punjab, India.
The study context was restricted to a defined geographical setting to reduce variation
associated with external conditions, including platform accessibility, regional logistics, and
local commercial practices. Participants were required to have prior online shopping
experience and regular use of at least one e-commerce platform. This criterion ensured that
respondents could provide experience-based assessments of the interface characteristics
examined in the questionnaire. The geographically bounded design improves contextual
consistency but limits direct generalization of the findings to online consumers in other
regions.

2.3 Sampling Procedure and Respondent Selection

A stratified convenience sampling procedure was employed. The sampling framework
considered relevant respondent segments to improve proportional coverage, while participant
recruitment was conducted through accessible distribution channels. Eligibility screening was
applied before questionnaire completion to ensure that respondents had sufficient exposure to
online shopping interfaces. Responses that were incomplete or internally inconsistent were
excluded during subsequent data screening. Following these procedures, 412 valid responses
were retained for statistical analysis. The selected sampling approach combines segmentation
through stratification with non-probabilistic participant recruitment. Although stratification
provides coverage across defined respondent groups, convenience-based selection does not
provide every member of the target population with a known probability of inclusion.
Consequently, sampling error and self-selection effects cannot be completely excluded. The
findings are therefore interpreted within the characteristics of the achieved sample rather than
as statistically representative estimates of the entire online-shopping population.

2.4 Questionnaire Development and Measurement Scales

Data were collected using a structured questionnaire comprising multi-item Likert-type
measures derived from constructs reported in previous research on interface design, social
commerce, and online impulse purchasing (21), (22). The instrument contained 28 scaled
items distributed across six constructs: navigation simplicity (5 items), visual design stimulus
(5 items), promotional and scarcity cues (4 items), checkout functionality (4 items), trust
signals (4 items), and impulsive buying behaviour (6 items). The measured dimensions
represented perceptions of interface usability, visual stimulation, promotional pressure,
transaction efficiency, risk assurance, and purchasing spontaneity. The present study did not
include a separate pilot-testing phase before full-scale administration. Instead, measurement
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adequacy was evaluated using the observed psychometric properties of the final dataset.
Internal consistency was assessed using Cronbach's alpha, while EFA was applied to examine
the dimensional structure of the measurement items. These procedures provided empirical
assessment of the suitability of the instrument for the sampled population.

2.5 Data Collection Procedure

The questionnaire was administered to eligible online shoppers through the distribution
channels defined in the sampling procedure. Participation was voluntary and based on
informed consent. The survey collected anonymous responses without personally identifying
information. As specified in the study's ethics statement, the research involved non-clinical
and non-invasive questionnaire-based data collection and therefore did not require formal
ethics-committee approval under the applicable institutional provisions.

2.6 Sample Size Justification

The final dataset comprised 412 usable observations, providing an adequate basis for the
planned multivariate analyses. For the 28 measurement items, the achieved respondent-to-
item ratio was approximately 14.7:1, exceedingly commonly applied minimum ratios of 5:1
and approaching the more conservative 10:1 criterion used for factor-analytic applications. In
addition, the observed Kaiser-Meyer—Olkin (KMO) value of 0.91 indicates high sampling
adequacy for factor analysis. For the regression model containing five predictors, the sample
also exceeds the commonly cited criterion of N > 50 + 8k where kk denotes the number of
predictors (23), (24). The available sample was therefore sufficient for the reliability,
dimensionality, association, and predictive analyses specified in the research design.
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Figure 1. Research Methodology Model for Functional Design Elements and Impulsive Buying
Behavior.
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2.7 Terminology and Construct Specification

To maintain conceptual consistency, functional interface design denotes the overarching
system-level design domain examined in the study. Functional design constructs refer
collectively to navigation simplicity, visual stimulus, promotional and scarcity cues, checkout
functionality, and trust signals. Within the theoretical model, impulse activation denotes the
stimulus-oriented process associated primarily with visual and promotional cues, whereas
impulse conversion denotes the subsequent facilitation of purchase completion through
navigation simplicity, checkout functionality, and trust-related assurance. The term functional
triggers were not retained as a general descriptor because it could obscure these distinctions.

2.8 Data Analysis

The analytical procedure followed the sequence illustrated in Figure I, beginning with the
study context and structured instrument and progressing through primary data collection and
preparation. After collection, responses underwent coding, screening, and cleaning before
statistical evaluation. The prepared dataset was analyzed in SPSS, with the analysis
comprising four principal stages: Cronbach's alpha for internal consistency, EFA using
principal component extraction with Varimax rotation, Pearson correlation for bivariate
associations, and multiple regression for estimating the relationship between the five
functional design constructs and impulsive buying behaviour (25), (26). As shown in Figure 1,
reliability and factor analysis established the measurement structure, whereas correlation and
regression examined the associations among the validated constructs. The resulting analytical
sequence provided the basis for evaluating the proposed functional design impulse buying
model while maintaining a clear distinction between measurement validation and relationship
testing (27).

3. Results and Discussion:

The number of valid responses that remained following data screening, checking
completeness and filtering response consistency was 412. All the statistical processes were
done in SPSS. The pattern used in the analysis adhered to reliability test, descriptive statistics,
construct validation through the use of factor analysis, correlation check, and regression
analysis to approximate the predictive value of functional design variables on impulsive
buying behaviour.

Table.1. Respondent Demographic Profile (n = 412).

Variable Category Frequency Percentage
Gender Male 228 55.3%
Gender Female 184 44.7%
Age 18-25 162 39.3%
Age 26-35 149 36.2%
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Age 3645 71 17.2%
Age 46+ 30 7.3%

Shopping Frequency Weekly 176 42.7%
Shopping Frequency Monthly 188 45.6%
Shopping Frequency Occasional 48 11.7%

Table 1 summarizes the demographic and online-shopping characteristics of the 412
respondents included in the survey. The sample comprised 228 males (55.3%) and 184
females (44.7%), indicating representation of both gender categories, although the
distribution was not equal. The age structure was concentrated among younger participants,
with respondents aged 18-25 accounting for 39.3% and those aged 26-35 representing 36.2%
of the sample. Collectively, these two groups constituted 75.5% of respondents, while
participants aged 36-45 and 46 years or above represented 17.2% and 7.3%, respectively.
Regarding shopping frequency, 42.7% reported weekly online purchases and 45.6% reported
monthly purchases, whereas 11.7% identified as occasional shoppers. Thus, 88.3% of
respondents reported at least monthly online-shopping activity, indicating substantial
exposure to e-commerce interfaces within the sampled population (28). The demographic
distribution should nevertheless be considered when interpreting the external applicability of
the findings.

Table.2. Reliability Statistics.

Construct Items Cronbach Alpha
Navigation Simplicity 5 0.86
Visual Design Stimulus 5 0.88
Promotional and Scarcity Cues 4 0.84
Checkout Functionality 4 0.82
Trust Signals 4 0.85
Impulsive Buying Behavior 6 0.90
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Table 2 presents the internal-consistency reliability of the six measurement constructs.
Cronbach's alpha coefficients range from 0.82 to 0.90, exceeding the commonly applied
threshold of 0.70 for acceptable internal consistency. Navigation simplicity (a = 0.86), visual
design stimulus (o = 0.88), promotional and scarcity cues (a = 0.84), checkout functionality
(o = 0.82), and trust signals (o = 0.85) all demonstrate satisfactory item coherence. The
impulsive buying behaviour construct produced the highest coefficient (o = 0.90), indicating
particularly strong internal consistency among its six items. These results suggest that the
items assigned to each construct measure sufficiently related aspects of the respective latent
dimension (29). However, Cronbach's alpha assesses internal consistency rather than
construct validity or one-dimensionality. Therefore, the reliability results in Table 2 provide
preliminary measurement support and should be interpreted jointly with the factor-analytic
evidence presented in Table 4.

Table.3. Descriptive Statistics.

Variable Mean Std. Dev

Navigation Simplicity 3.94  0.71

Visual Stimulus 4.08 0.66
Promotional Cues 421 0.62
Checkout Speed 3.88 0.74
Trust Signals 391  0.69

Impulse Buying Score 3.97  0.73

Table 3 reports the central tendency and dispersion of the five functional design constructs
and the impulsive buying measure. Mean scores ranged from 3.88 to 4.21, indicating
generally positive evaluations of the examined interface characteristics on the adopted Likert
scale. Promotional cues recorded the highest mean (M =4.21, SD = 0.62), followed by visual
stimulus (M = 4.08, SD = 0.66), impulsive buying behaviour (M = 3.97, SD = 0.73),
navigation simplicity (M = 3.94, SD = 0.71), and trust signals (M = 3.91, SD = 0.69).
Checkout functionality exhibited the lowest mean (M = 3.88, SD = 0.74). The relatively
modest standard deviations indicate limited-to-moderate dispersion around the respective
means, although the extent of agreement should not be inferred solely from standard
deviation values (30). The higher mean for promotional cues indicates greater reported
exposure or perceived presence of these features, but descriptive statistics alone do not
establish their behavioural effect. The inferential relationships are therefore examined in
Tables 5 and 7.
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Table.4. Factor Extraction Results.

Factor Eigenvalue Variance Explained
Factor 1 - Visual and Promotion 5.12 28.4%

Factor 2 - Navigation and Checkout 3.96 22.1%

Factor 3 - Trust and Assurance 2.41 14.3%

Total Variance Explained - 64.8%

KMO =0.91

Bartlett Test p < 0.001

Table 4 presents the factor-extraction results obtained using principal component analysis
with Varimax rotation. The Kaiser—-Meyer—Olkin (KMO) value of 0.91 indicates high
sampling adequacy, suggesting that the correlation structure is suitable for dimension-
reduction analysis. Bartlett's test of sphericity was statistically significant (p < 0.001),
providing evidence that the correlation matrix differs from an identity matrix and that factor
extraction is appropriate. Three components were retained, with eigenvalues of 5.12, 3.96,
and 2.41, respectively. The reported cumulative variance explained by these components is
64.8%, indicating that the retained dimensions account for a substantial proportion of the
variance represented by the analyzed items (31). The first component, labelled visual and
promotion, represents the visual-stimulus and promotional dimensions; the second combines
navigation and checkout characteristics; and the third represents trust and assurance. These
groupings provide empirical support for a multidimensional structure, although factor
loadings and cross-loadings should also be reported to establish the adequacy of individual
item assignments.

Table.S5. Correlation Matrix (Dependent Variable: Impulse Buying).

Variable r

Navigation Simplicity 0.54
Visual Stimulus 0.63
Promotional Cues 0.69
Checkout Speed 0.51
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Trust Signals 0.47

All correlations significant at p < 0.01

Table 5 presents the Pearson correlation coefficients between the five functional design
variables and impulsive buying behaviour. All reported associations are positive and
statistically significant at p < 0.01. Promotional cues show the strongest bivariate association
with impulsive buying (r = 0.69), followed by visual stimulus (r = 0.63), navigation
simplicity (r = 0.54), checkout speed (r = 0.51), and trust signals (r = 0.47). The coefficients
indicate moderate-to-strong positive relationships, with promotional and visual characteristics
exhibiting comparatively larger associations with the dependent variable. These results
suggest that higher perceived levels of the examined interface attributes are associated with
higher impulsive-buying scores (32). Nevertheless, correlation coefficients do not establish
temporal precedence or causality and do not account for overlap among predictors. The
observed associations therefore provide evidence for subsequent multivariate analysis rather
than independent evidence of predictor effects. The relative contributions of the variables
after controlling for the other predictors should consequently be evaluated using the
regression results.

Table.6.Regression Model Summary.

Model R R? Adjusted R*> Std. Error

Model 1 0.781 0.610 0.605 0.458

Table 6 reports the summary statistics for the multiple regression model containing the five
functional design predictors. The multiple correlation coefficient is R = 0.781, indicating a
substantial positive association between the observed impulsive-buying scores and their
values predicted collectively by the five predictors. The reported R* = 0.610 indicates that the
model accounts for 61.0% of the variance in impulsive buying within the analyzed sample.
After adjustment for the number of predictors, adjusted R? = 0.605, representing a difference
of only 0.005 from the unadjusted coefficient. This relatively small difference indicates that
the estimated explanatory proportion changes only modestly after accounting for model
complexity; however, it should not independently be interpreted as proof that the model is
free from overfitting (33). The standard error of the estimate is 0.458, representing the typical
magnitude of prediction error in the dependent-variable units. Overall, Table 6 indicates
substantial model fit, subject to confirmation through the corresponding ANOVA and
coefficient statistics.

The multiple regression analysis demonstrated that the combined set of functional interface
predictors significantly explained variation in impulsive buying behaviour. As presented in
Table 7, the regression component accounted for 86.99 of the total sum of squares (207.80),
while 120.81 was attributable to residual variation. The resulting coefficient of determination
was R? = 0.419, with an adjusted R* = 0.412, indicating that the five predictors jointly
accounted for approximately 41.9% of the observed variance in impulsive buying behaviour
after accounting for model complexity. The overall regression was statistically significant, F
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(5, 414) = 59.62, p < 0.001, indicating that the predictor set provided a statistically
meaningful improvement over an intercept-only model.

Table 7. ANOVA Summary Table

Source Sum of Squares df Mean Square F Sig.

Regression 86.99 5 17.40 59.62 <0.001
Residual 120.81 414 0.29 - -
Total 207.80 419 - - -

The estimated regression equation was:
Regression Equation

Impulsive Buying Score = —1.132 + 0.470 (Promo_Cues) + 0.328 (Visual Stimulus) +
0.224 (Navigation_Simplicity) + 0.138 (Checkout Efficiency) + 0.204 (Trust_Signals)

where IBB denotes impulsive buying behaviour, PC promotional and scarcity cues, VS visual
stimulus, NS navigation simplicity, CE checkout efficiency, and TS trust signals. Holding the
remaining predictors constant, each one-unit increase in these variables was associated with
increases of 0.470, 0.328, 0.224, 0.138, and 0.204 units, respectively, in the predicted
impulsive buying score. Promotional and scarcity cues therefore exhibited the largest
unstandardized coefficient, whereas checkout efficiency showed the smallest (34). The
individual coefficient tests further indicated statistically significant positive associations for
all five predictors (p < 0.001). Overall, the findings support the relevance of multiple
functional interface dimensions while indicating that their relative contributions differ within
the fitted model.

Table.7. Regression Coefficient Results.

Predictor Beta t-value Sig.
Visual Stimulus 029 7.84 <0.001
Promotional Cues 0.34 9.12 <0.001

Navigation Simplicity  0.18  5.11 <0.001

Checkout Functionality 0.16 4.62 <0.001
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Trust Signals 0.12 3.44 0.001

Table 8 presents the standardized regression coefficients and corresponding significance tests
for the five functional design predictors of impulsive buying behaviour. All predictors exhibit
positive and statistically significant coefficients, with promotional cues showing the largest
standardized effect (B = 0.34, t =9.12, p < 0.001), followed by visual stimulus (B = 0.29, t =
7.84, p < 0.001). Navigation simplicity (B = 0.18, t = 5.11, p < 0.001) and checkout
functionality (B = 0.16, t =4.62, p < 0.001) demonstrate smaller but significant contributions,
while trust signals show the lowest coefficient (B = 0.12, t = 3.44, p = 0.001). Thus,
promotional and visual interface characteristics have comparatively stronger unique
associations with impulsive buying after controlling for the other predictors. The coefficient
pattern supports differentiated contributions among the functional design dimensions without
implying causality.
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Functional Design Predictors

Figure 2. Standardized Beta Impact of Functional Design Predictors on Impulsive Buying.

Figure 2 presents the standardized regression coefficients for the five functional design
predictors of impulsive buying behaviour. Promotional and scarcity cues exhibit the largest
standardized coefficient (B = 0.40), followed by visual stimulus (B = 0.33), navigation
simplicity (B = 0.24), checkout functionality (B = 0.19), and trust signals (f = 0.16). Because
standardized coefficients express predictor effects on a common scale, the ranking indicates
that promotional/scarcity cues have the strongest unique association with impulsive buying
within the fitted model, whereas trust signals show the smallest standardized contribution
(35), (36). The ordering is consistent with a distinction between interface features that may
increase purchase-related salience and those that primarily facilitate transaction completion.
However, coefficient magnitude alone does not establish statistical significance or causal
priority; these interpretations should therefore be considered together with the regression
coefficients, confidence intervals, and significance statistics.
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Table.8. Stepwise Regression Change.

Step Predictors R* R? Change

1 Promotional Cues 0.476 -

2 + Checkout Function 0.552 +0.076

Table 9 presents the incremental change in explained variance obtained through the stepwise
regression procedure. In the first step, promotional cues entered the model as the sole
predictor and produced R* = 0.476, indicating that this predictor alone accounted for 47.6%
of the variance in impulsive buying behaviour within the stepwise model. Addition of
checkout functionality in Step 2 increased the coefficient of determination to R* = 0.552,
corresponding to an R? change of 0.076. Thus, checkout functionality contributed an
additional 7.6 percentage points of explained variance beyond promotional cues (37). This
incremental contribution indicates that transaction-related functionality provides explanatory
information not captured by promotional cues alone. However, the R? increase should be
interpreted as incremental statistical association rather than evidence that checkout
functionality causally strengthens promotional effects. Formal significance testing of the R?
change should also be reported if available.

Table.9. Multicollinearity Statistics.

Predictor Tolerance VIF
Visual Stimulus 0.62 1.61
Promotional Cues 0.58 1.72
Navigation Simplicity ~ 0.69 1.44
Checkout Functionality 0.71 1.40
Trust Signals 0.75 1.33

Table 10 reports tolerance and variance inflation factor (VIF) statistics for the five predictors
included in the regression model. Tolerance values range from 0.58 to 0.75, while VIF values
range from 1.33 to 1.72. These values remain comfortably below commonly applied
diagnostic thresholds for problematic multicollinearity, indicating that substantial linear
redundancy among the predictors is not evident. Promotional cues exhibit the highest VIF
(1.72) and lowest tolerance (0.58), but these values still indicate limited predictor overlap.
Trust signals show the lowest VIF (1.33) and highest tolerance (0.75). Accordingly, the
coefficient estimates reported in the regression analysis are unlikely to be materially distorted
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by severe multicollinearity (38). Nevertheless, VIF and tolerance assess linear dependency
among predictors and do not establish that the constructs are completely independent
conceptually. The results therefore support their simultaneous inclusion in the regression
model.
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Figure 3. Standardized Residual Distribution Plot.

Figure 3 shows the distribution of standardized regression residuals obtained from the fitted
model. The histogram is approximately centred around zero and exhibits a broadly unimodal,
bell-shaped pattern, with most observations concentrated within approximately +2 standard
deviations. A limited number of observations extend beyond this range, but the displayed
distribution does not indicate pronounced asymmetry or an evident systematic departure from
normality. This visual pattern provides supportive evidence for the normality assumption
required for conventional inference in multiple linear regression (38), (39). Importantly, a
histogram alone cannot establish normality conclusively; formal assessment may additionally
consider Q—Q plots and appropriate diagnostic statistics. Nevertheless, the residual
distribution shown in Figure 3 does not reveal a substantial departure from the expected error
structure. The approximate symmetry around zero also indicates that the model does not
exhibit an obvious systematic tendency toward consistently positive or negative prediction
errors.
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Figure 4. Residual vs Predicted Value Scatter Plot.

Figure 4 displays standardized residuals against standardized predicted values for the
regression model. The observations are dispersed around the horizontal zero line without an
evident systematic curvature, pronounced clustering, or progressively widening or narrowing
spread across the fitted-value range. This pattern provides visual support for the assumptions
of linearity and approximately constant residual variance. In particular, the absence of a clear
funnel-shaped structure suggests that the variability of prediction errors does not change
substantially across the range of fitted responses (39), (40). A few observations appear
relatively distant from the central residual band, but they do not form an obvious systematic
pattern in the displayed plot. Thus, Figure 4 indicates that the residual structure is broadly
compatible with the specified linear regression model. Formal tests of heteroscedasticity and
examination of influential observations would nevertheless provide stronger statistical
confirmation of these diagnostic conditions. Two categories of respondents were formed
according to the frequency of online shopping to discuss the difference in the effect of
functional design on respondents with different levels of exposure.

Table.10. Mean Impulse Score by Usage Frequency.

Usage Group Mean Impulse Score Std Dev
High Frequency 4.18 0.61
Moderate Frequency 3.89 0.69
Low Frequency 3.42 0.74

Table 11 compares mean impulsive buying scores across three levels of online-shopping
platform usage frequency. The high-frequency group records the highest mean score (M =
4.18, SD = 0.61), followed by the moderate-frequency group (M = 3.89, SD = 0.69) and the
low-frequency group (M = 3.42, SD = 0.74). The descriptive pattern therefore shows a
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progressive increase in reported impulsive buying scores with greater platform-use frequency.
The standard deviations indicate moderate within-group variability, with comparatively
greater dispersion among low-frequency users (40). These differences are consistent with an
association between platform-use frequency and impulsive buying behaviour; however, the
table alone does not establish statistical significance or determine whether usage frequency
directly influences purchasing behaviour. Formal group-comparison testing, such as ANOVA
with appropriate post-hoc procedures, would be required to determine whether the observed
mean differences are statistically significant.

3.7 Formal Test of the Proposed Two-Stage Activation—Conversion Mechanism

The conceptual framework presented in Figure 5 initially posited that impulsive buying could
emerge through two functionally ordered domains. The first domain comprised promotional
and visual stimuli expected to increase purchase activation, whereas the second incorporated
navigation simplicity, checkout efficiency, and trust signals intended to reduce friction during
transaction completion. The original interpretation inferred this ordering primarily from the
relative standardized regression coefficients and hierarchical-entry analysis (41). Such
evidence establishes differential explanatory contributions but does not, by itself, demonstrate
that the two domains operate sequentially, interactively, or through an intervening mechanism.
Therefore, two additional analyses were conducted to distinguish the proposed staged
interpretation from a simpler additive model in which activation- and conversion-related
attributes independently predict impulsive buying.

Visual +
Promotional
Navigation + S Impulsive Buying
Checkout ﬁj@ Decision
Trust

Figure 5. Two-Stage Functional Mechanism Model.

Composite measures were constructed before testing the structural relationships. The
Activation construct was calculated as the mean of Promotional Cues and Visual Stimulus,
while Conversion represented the mean of Navigation Simplicity, Checkout Efficiency, and
Trust Signals. These aggregations correspond to the theoretical grouping of the observed
interface attributes while reducing the dimensionality of the subsequent mechanism tests. A
moderation model was first estimated to determine whether conversion-related functionality
changes the relationship between activation-related stimuli and impulsive buying. The model
was specified as:
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IB; = Bo+ P1Ai+ B2Ci+ Bs(4; X C) + & (1)
The key test is f3. If 55 is significant — moderation.
Mediation:
A—-C—-1IB
The indirect effect is:
ab

where a = Activation — Conversion and b = Conversion — impulsive buying controlling for
activation.

For your reported results, a = 0.024 and b = 0.558, so:
ab=10.024 x 0.558 =0.0134 = 0.013
which agree with the reported indirect effect of 0.013

where IB denotes the impulsive-buying score, A represents Activation, C represents
Conversion, and AxC denotes their interaction. Activation demonstrated a significant positive
association with impulsive buying (b=0.760, SE = 0.056, t=13.47, p<0.001). Conversion also
exhibited a significant positive main effect (b=0.560, SE = 0.061, t=9.20, p<0.001). In
contrast, the interaction coefficient was small and statistically nonsignificant (b=0.070, SE =
0.122, t = 0.58, p = 0.565). Inclusion of the interaction increased R* by only 0.0005, with the
associated change test remaining nonsignificant, AF (1,416) = 0.33, p = 0.565. Thus, the data
provide no statistical evidence that the strength of the Activation—impulsive-buying
association varies according to Conversion (41).

A mediation analysis was then conducted to evaluate whether Conversion statistically
transmitted part of the Activation effect. The Activation-to-Conversion path was
nonsignificant ((a=0.024), (p=0.592)), whereas Conversion remained significantly related to
impulsive buying after controlling for Activation ((b=0.558), (p<0.001)). Activation retained
a significant direct association with the outcome ((c'=0.766), (p<0.001)), compared with a
total effect of (c=0.780) ((p<<0.001)). The bootstrap estimate of the indirect effect was 0.013,
with a 95% confidence interval of [-0.039, 0.064]. Because zero falls within this interval, the
hypothesized mediated pathway is not statistically supported.

3.8 Hierarchical Contribution of the Two Domains

The incremental contribution of the two functional domains is further demonstrated in Table
12. When the Activation block was entered first, Promotional Cues and Visual Stimulus
jointly produced (R? = 0.290). Adding Navigation Simplicity, Checkout Efficiency, and Trust
Signals increased the explained variance to (R?> = 0.419), corresponding to an incremental
contribution of (AR? = 0.129). This result indicates that the conversion-related variables
explain additional variation in impulsive buying beyond that accounted for by the activation-
related variables.
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Table.11. Hierarchical Regression Stability Check.

Entry Order Final R? Change
Trigger First 0.610 -
Conversion First 0.598 -0.012

The reverse entry order provides complementary evidence. Navigation Simplicity, Checkout
Efficiency, and Trust Signals initially yielded (R?> = 0.135). After Promotional Cues and
Visual Stimulus were introduced, the model reached the same final (R? = 0.419), producing
an incremental contribution of ((AR? = 0.284). The substantially larger increment obtained
for Activation when Conversion was controlled indicates that the activation domain contains
greater unique explanatory information within the full predictor system. Importantly, the
identical final (R?) under both entry orders confirms that the complete additive model
explains the same proportion of variance regardless of the sequence used for statistical entry.
Table 12 therefore provides evidence for complementary rather than sequential explanatory
contributions. The Activation block demonstrates stronger standalone explanatory capacity
((R? = 0.290)) than the Conversion block ((R? = 0.135)); nevertheless, the latter contributes a
meaningful additional proportion of explained variance when entered after Activation (40).

Conversely, the larger incremental contribution of Activation after Conversion demonstrates
that the two domains capture partly distinct information. This decomposition supports their
treatment as empirically distinguishable predictor domains but does not establish that one
domain temporally precedes or produces the other (40), (41). The statistical findings require a
corresponding revision of the interpretation presented in Figures 6. Figure 5 should no longer
depict Activation and Conversion as consecutive stages connected through a directional
pathway. Instead, it should represent the two domains as parallel components that
independently contribute to impulsive buying. This revised representation is directly
consistent with the significant main effects observed in the moderation model and with the
hierarchical results reported in Table 12.

Time Pressure

Quantity Pressure [— Impulse
u3 ' Activation AN
by Promotional & NS I [\"4 Conversion & Assurance
- Scarcity Cues w0/ N Layer
- Hi3 4 1. Navigation Simplicity
: - AN /| 2. Checkout Functionality
=] Social influence [ y; | : \ ms | 3. Trust Signals
= mo .| Impulsive buying |,
. behavior
Visual /
H12 P
/. H
Sound

Figure 6. Functional Trigger-Conversion Mechanism Model Linking Online Interface Design
Elements with Impulsive Buying Behavior.
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Figure 6 should likewise be interpreted as an empirical visualization of the relative
explanatory structure rather than as evidence of a behavioural sequence. In particular, the
stronger contribution associated with Activation is consistent with the higher initial (R?) and
larger incremental contribution observed for the activation block in the hierarchical
regression (42), (43). Conversion nevertheless contributes additional explanatory information,
demonstrating that transaction-facilitating characteristics should not be treated as redundant
with stimulus-oriented characteristics. Thus, Figure 6 can appropriately illustrate the
complementary contribution of the two domains while avoiding an unsupported directional
interpretation. The convergence of Table 12, Figure 5, and Figure 6 is important for
establishing the revised model. Table 12 quantifies the incremental explanatory contribution
of each domain, Figure 5 provides the theoretical representation of their parallel structure,
and Figure 6 visualizes their empirical contribution. The moderation and mediation analyses
then provide the formal tests required to evaluate whether these domains interact or form an
indirect pathway. Because neither the interaction nor the indirect effect was statistically
significant, the evidence does not support a conversion process that is contingent upon or
statistically transmitted by Activation.

The results favour a dual-domain additive framework in which stimulus-oriented and
transaction-facilitating interface characteristics represent distinct but jointly relevant
dimensions of impulsive buying. This interpretation is consistent with previous research
emphasizing promotional salience, visual stimulation, purchasing convenience, and trust-
related characteristics as separate components of digital shopping environments (31), (32),
(34), (38). The revised framework therefore retains the theoretical distinction proposed in
Figure 5 while removing the unsupported sequential implication. Figures 5 and 6 should
explicitly state that the depicted relationships represent conceptual and statistical associations
rather than experimentally established temporal or causal pathways (39), (42), (44), (45). This
formulation provides a more conservative interpretation of the findings and ensures that the
conceptual model remains aligned with the empirical evidence.

Conclusion

This study quantitatively examined the association between functional design attributes of
online shopping platforms and impulsive buying behaviour using survey data and SPSS-
based statistical analyses. The analysis was conducted on 412 respondents, and the findings
provide empirical evidence that multiple interface characteristics are statistically associated
with impulsive buying behaviour.

1. The multiple regression model was statistically significant, F(5, 414) = 59.62, p <
0.001, with the reported model explaining 41.9% of the variance (R? = 0.419; adjusted
R?=0.412). The estimated coefficients were positive for all five predictors, including
promotional cues (B = 0.470), visual stimulus (B = 0.328), navigation simplicity (B =
0.224), checkout functionality (B = 0.138), and trust signals (B = 0.204).

2. Promotional cues demonstrated the strongest standardized contribution (f = 0.34, t =
9.12, p < 0.001) and also showed the highest bivariate correlation with impulsive
buying (r = 0.69), indicating the strongest statistical association among the examined
interface attributes.

3. Visual stimulus was the second strongest predictor (f = 0.29,t = 7.84, p < 0.001; r =

0.63), demonstrating a substantial positive association with impulsive buying
behaviour.
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4. Navigation simplicity (B = 0.18, t = 5.11, p < 0.001; r = 0.54) and checkout
functionality (B = 0.16, t = 4.62, p < 0.001; r = 0.51) showed statistically significant
but comparatively smaller contributions.

5. Trust signals also exhibited a significant positive association (f = 0.12, t =3.44, p =
0.001; r = 0.47), suggesting a supporting role within the overall interface
configuration.

6. Factor analysis produced KMO = 0.91, with Bartlett’s test significant at p < 0.001,
and three retained components explaining 64.8% cumulative variance, supporting the
empirical organization of the measured interface dimensions.

7. Multicollinearity diagnostics indicated VIF values of 1.33-1.72 and tolerance values
of 0.58-0.75, indicating no substantial multicollinearity among predictors. Residual
diagnostics also showed no pronounced systematic deviation from the assumed
regression structure.

Despite these findings, the study is limited by its cross-sectional design, stratified
convenience sampling, single regional setting, and self-reported measures, which restrict
causal interpretation and broader generalizability. Future research should employ probability
or multi-site sampling, longitudinal and experimental designs, behavioural transaction data,
and structural-equation or causal modelling to validate the proposed relationships across
platforms, demographic groups, and online-shopping contexts.
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