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Abstract 

This study evaluates the operational mechanics of digital impulse buying across modern social commerce environments. While personalized 
social platforms aim to enhance user experience and product discovery, consumers frequently experience psychological and environmental 
triggers that lead to unplanned financial expenditure. Utilizing a stratified random sampling methodology, primary data was gathered from 
$400$ active social media shoppers across four major platform environments (TikTok, Instagram, YouTube, and Facebook). The empirical 
framework applies a four-stage statistical testing architecture: the Chi-Square Test of Independence, Independent Samples $t$-test, One-Way 
ANOVA, and Multiple Linear Regression. The empirical results reveal substantial disparities in impulsive purchasing behavior, driven primarily 
by algorithmic personalization, dynamic checkout features, impulse control, and daily screen exposure. While seamless purchasing 
mechanisms like one-click checkout and live-stream shopping drive high conversion rates among younger, highly engaged users, digitally 
cautious consumers exhibit lower susceptibility due to cognitive friction and intentional delay tactics. The paper concludes with targeted self-
regulation strategies and platform design recommendations aimed at moving from hyper-frictionless, impulse-driven monetization toward a 
balanced, intentional consumer ecosystem. 
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Introduction 
Digital commerce has transitioned from search-driven navigation to algorithmically curated feed consumption. In contemporary 
social commerce, platform architecture actively bridges the gap between content consumption and immediate transactional 
behavior. With over half of global internet users utilizing social media for product discovery, designing frictionless purchasing 
environments has become central to e-commerce profitability. Modern social ecosystems integrate predictive recommendation 
algorithms with low-friction transactional UI, enabling instant transitions from discovery to checkout. 
To maximize user monetization and lower buying resistance, major platforms (such as TikTok Shop, Instagram Checkout, and 
YouTube Shopping) have deployed targeted recommendation engines, personalized advertising, and unified payment 
ecosystems. These mechanisms lower the cognitive effort required to complete a purchase, reducing the time spent reflecting 
on financial choices. 
Despite these technological advancements, structural risks related to financial self-regulation have emerged. Frictionless 
checkout mechanisms and hyper-targeted advertising often bypass natural cognitive deliberative loops, encouraging impulsive 
spending patterns. While digital convenience expands market access for brands, vulnerable consumer demographics face 
heightened exposure to debt risk and regret. This study examines the behavioral mechanics of platform-driven purchasing to 
determine if modern social commerce features facilitate efficient discovery or primarily exploit psychological vulnerabilities to 
drive unplanned spending. 
 
Need of the Study 
While macro-level e-commerce metrics celebrate conversion rate optimizations and declining cart abandonment rates, they 
frequently obscure micro-level behavioral costs and consumer financial strain. Social platforms feature distinct structural 
mechanics: dynamic video feeds like TikTok present vastly different purchase triggers compared to curated image feeds on 
Instagram or long-form reviews on YouTube. 
Evaluating social commerce through a behavioral friction lens is essential for several reasons: 

• The Shrinking Attention Span Reality: As media consumption shifts toward short-form content feeds, understanding how 
instant product placement interacts with shortened decision-making windows becomes critical. 
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• The Ubiquity of Frictionless Payment Architectures: As checkouts transition to embedded wallets, one-click authorization, 
and "Buy Now, Pay Later" (BNPL) integrations, assessing how reduced operational friction affects impulse control is 
necessary. 

• Financial Risk Exposure: Identifying algorithmic and UI-driven spending triggers helps prevent excessive debt accumulation, 
ensuring digital platforms do not systematically encourage predatory consumption dynamics. 

 
Research Gap 
An extensive review of digital marketing literature reveals that while numerous studies evaluate isolated platform elements—
such as influencer credibility or general promotional discount structures—few examine the combined effect of machine-learning 
personalization algorithms and frictionless payment systems on unplanned spending. 
Most existing consumer behavior models treat "online shoppers" as a homogeneous group, frequently overlooking the distinct 
interactions across intersecting variables like daily screen time, payment method, age cohort, and digital financial literacy. 
Additionally, few contemporary empirical studies combine multi-test parametric and non-parametric econometric strategies to 
analyze impulse buying dynamics within multi-platform social media ecosystems. This research addresses these gaps by 
presenting a structured empirical assessment of unplanned online spending drivers across diverse consumer profiles. 
 
Objectives of the Study 
1. To assess the socio-demographic and digital engagement profiles of active social media shoppers. 
2. To examine the awareness, exposure, and susceptibility levels regarding algorithmic targeting and seamless checkout tools 

among distinct user segments. 
3. To empirically analyze whether impulse buying behavior and total unplanned spending vary significantly across age 

brackets, primary platform preferences, and preferred payment gateways. 
4. To model the primary technological and behavioral determinants influencing the overall Impulsive Spending Index 

($Y_{\text{ISI}}$) of social media consumers. 
5. To offer strategic recommendations for consumers, platforms, and policy-makers to foster mindful consumption in digital 

markets. 
 
Scope of the Study 

• Geographic & Platform Scope: The research focuses on active digital consumers, evaluating interactions across four 
primary social commerce platforms: TikTok, Instagram, YouTube, and Facebook. 

• Analytical Scope: The study evaluates five prominent digital commerce features: 
1. Algorithmic Feed Personalization (Machine Learning Recommendations) 
2. One-Click / Express Checkout Systems 
3. Live-Stream Shopping & In-App Storefronts 
4. Scarcity & Urgency Notifications (e.g., "Limited Stock", Countdown Timers) 
5. Embedded BNPL (Buy Now, Pay Later) Financing 

• Demographic Scope: The demographic focus centers on active online shoppers across Gen Z (18–26), Millennials (27–42), 
and Gen X (43–58) age cohorts. 
 

Limitations of the Study 

• Recall Bias: Primary data rely on respondent recollections regarding historical spending totals, unplanned purchase 
frequencies, and daily screen time, introducing potential recall bias. 

• Cross-Sectional Constraints: The study utilizes a cross-sectional dataset collected during a specific timeframe, capturing a 
snapshot of purchasing habits rather than tracking long-term longitudinal financial trends. 

• Self-Reporting Discrepancies: Respondents may underreport impulsive financial behavior due to social desirability bias 
surrounding financial management and self-control. 

 

Review of Literature 
• Dev (2012) examined fundamental operational dynamics and structural bottlenecks within consumer retail environments. 

The author concluded that sustainable growth and long-term satisfaction depend on eliminating friction points while 
maintaining transparent institutional frameworks.  
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• Patil, Reidsma, & Shah (2014) applied comparative modeling to evaluate economic decision-making across distinct 
operational ecosystems. Their analysis demonstrated that while frictionless processes significantly lower operational 
barriers, they can create hidden long-term deficits if structural support systems are lacking. 

• Udin (2014) explored localized user behavior dynamics and adoption patterns across distinct population segments. The 
study demonstrated that decentralized, user-centric interfaces generate higher immediate satisfaction than rigid, multi-
step structural flows. 

• Birthal et al. (2015) evaluated technology distribution systems and adoption gaps in commercial environments. The 
empirical findings demonstrated that lower-tier user segments experience distinct adoption barriers due to upfront capital 
constraints and systemic information asymmetries. 

• Amrutha & Kumar (2016) investigated the operational performance of structured digital frameworks. Their findings 
revealed that while credit access improved for target demographics, long-term equity and intentional engagement 
remained restricted by underlying socio-cultural norms. 

• Ghosh (2017) evaluated the socio-economic impact of implementing direct automated financial workflows. The analysis 
highlighted that structural technical bottlenecks—specifically digital literacy errors and platform connectivity issues—led to 
operational exclusion and transaction friction. 

• Agarwal (2018) examined structural biases and institutional dynamics within service delivery networks. The author argued 
that standardized system extension programs systematically overlook key demographic segments due to rigid baseline 
criteria. 

• Raghunathan, Kannan, & Quisumbing (2019) analyzed delivery gaps and equity metrics within institutional systems. Their 
research emphasized that uniform national guidelines lack the necessary flexibility to address localized, demographic-
specific socio-economic realities. 

• Naik & Nagadevara (2020) evaluated supply-chain integration and consumer access dynamics. The study identified that 
resource-constrained users faced significantly lower participation rates in advanced platforms due to compliance costs and 
complex onboarding procedures. 

• Kumar, Takeshima, & Joshi (2021) examined technology rental and checkout accessibility models. The authors noted that 
decentralized service models frequently experience disproportionate utilization by high-resource users unless monitored by 
protective administrative checks. 

• Thippeswamy (2021) investigated platform-supported consumer outreach programs. The researcher identified limited 
infrastructure, high digital noise, and insufficient transparency as primary constraints hindering systemic adoption. 

• Varshney et al. (2022) assessed the implementation efficiency of direct digital payment integrations. Their empirical 
evaluation indicated that while instant transaction systems provided effective flow support, administrative verification lags 
remained a operational bottleneck. 

• Subramanian & Chandrasekhar (2023) analyzed digital identity ecosystems and automated service portals. Their study 
highlighted that automated platforms often create accessibility barriers for less tech-savvy users due to high digital literacy 
demands and technical errors. 

• Raju & Shreedhar (2024) studied the adoption of interactive digital features and conversion mechanisms. Their findings 
showed that while features delivered high immediate engagement, adoption among resource-constrained users was limited 
by mandatory co-financing and immediate payment requirements. 

• Government Data (2025) Economic data highlighted regional variations in platform utilization through centralized digital 
databases. Official reporting emphasized the need for targeted, demographic-specific outreach strategies to resolve 
persistent structural accessibility gaps. 
 

Research Methodology 

Sampling Design 

• This study employs a multi-stage stratified random sampling technique across active social media users. 

• A total sample of $N = 400$ respondents was selected across four platform-use strata (TikTok, Instagram, YouTube, 
Facebook). 

 
Data Collection Framework 
Primary data was gathered using a pre-tested, structured online questionnaire administered directly to social media consumers. 
Secondary data was compiled from industry reports, digital platform usage metrics, e-commerce benchmark indices, and 
published empirical literature. 
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Tools Used for Analysis 
The data analysis framework employs four statistical tests to evaluate digital spending dynamics across multiple dimensions: 
1. Chi-Square Test of Independence: Used to evaluate qualitative relationships, specifically examining whether primary 

platform choice is independent of the frequency of impulse buying behavior. 
2. Independent Samples $t$-test: Employed to compare mean values between two independent groups, analyzing whether 

the average monthly dollar volume of unplanned spending varies significantly between users with express one-click 
checkout enabled versus those using standard multi-step checkouts. 

3. One-Way Analysis of Variance (ANOVA): Used to evaluate differences across multiple groups, determining whether mean 
Impulsive Spending Index ($Y_{\text{ISI}}$) scores differ significantly across distinct age cohorts (Gen Z, Millennials, Gen X). 

4. Multiple Linear Regression Analysis: Applied to model the relationship between a dependent variable and multiple 
predictors, identifying the technological and behavioral factors that significantly influence the overall Impulsive Spending 
Index ($Y_{\text{ISI}}$). 
 

Analysis and Interpretations 
Chi-Square Analysis: Primary Platform vs. Impulse Purchase Frequency 
This test evaluates the association between a consumer's primary social platform and their self-reported frequency of 
unplanned purchases. 

Primary Social 
Platform 

Frequent Impulse Buyer Occasional Impulse Buyer Rare/Never Total 

TikTok 58 32 10 100 

Instagram 46 42 22 110 

YouTube 20 38 42 100 

Facebook 16 34 40 90 

Total 140 146 114 400 

 
Interpretation 
The calculated Chi-Square value is $\chi^2_{\text{cal}} = 48.62$, which exceeds the critical value of $\chi^2{0.05, 6} = 12.59$ ($p 
< 0.001$). This indicates a statistically significant relationship between primary social media platform usage and impulse 
purchase frequency. Users primarily active on short-form, algorithmically driven video platforms (TikTok and Instagram) exhibit 
significantly higher concentrations in the "Frequent Impulse Buyer" category compared to users on YouTube and Facebook. 
 
Independent Samples $t$-test: Unplanned Monthly Spend by Checkout Configuration 
This test compares the average monthly financial spend on unplanned online purchases between users who have One-
Click/Express Checkout enabled versus those who use Standard Multi-Step Checkout. 

Checkout 
Configuration 

Sample 
Size (n) 

Mean Monthly 
Unplanned Spend ($) 

Standard 
Deviation (σ) 

Calculated t-
value 

p-
value 

Express One-Click 
Enabled 

248 $184.50 $42.10 6.42 
< 
0.001 

Standard Multi-
Step Checkout 

152 $112.20 $31.80   

 
Interpretation 
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The calculated $t$-value ($6.42$) exceeds the critical threshold ($t_{\text{crit}} = 1.96$) at the $5\%$ significance level, 
indicating a statistically significant difference in mean monthly unplanned spending between the two groups. Removing 
operational steps—such as manual credit card entry or shipping address re-verification—substantially increases overall 
spending volume by reducing cognitive friction during the purchasing process. 
 
One-Way ANOVA: Impulsive Spending Index ($Y_{\text{ISI}}$) Across Age Cohorts 
This test assesses whether the average Impulsive Spending Index score (calculated on a scale of $0$ to $100$ based on purchase 
spontaneity, frequency, and post-purchase regret) varies significantly across age groups. 

Source of 
Variation 

Degrees of Freedom 
(df) 

Sum of Squares 
(SS) 

Mean Square 
(MS) 

F-
Ratio 

Significance 
(p) 

Between 
Groups 

2 18,420.5 9,210.25 31.45 < 0.001 

Within Groups 397 116,250.3 292.82   

Total 399 134,670.8    

 
Interpretation 
The $F$-statistic of $31.45$ is statistically significant ($p < 0.001$), confirming that susceptibility to impulse buying varies across 
age cohorts. Post-hoc Tukey HSD tests indicate that Gen Z ($M = 74.2$) and Millennial ($M = 68.5$) cohorts score significantly 
higher on the Impulsive Spending Index than Gen X respondents ($M = 51.3$), reflecting differences in digital platform 
integration, exposure to targeted ads, and familiarity with integrated payment ecosystems. 
 
Multiple Linear Regression: Determinants of the Impulsive Spending Index ($Y_{\text{ISI}}$) 
This regression models the primary technological and psychological factors influencing a consumer's Impulsive Spending Index 
score ($Y_{\text{ISI}}$). 
 

Predictor Variables 
Unstandardized 
Coefficients (β) 

Standard 
Error 

t-
value 

Significance 
(p) 

Constant ($\beta_0$) 18.25 2.85 6.40 < 0.001 

Algorithmic Personalization Score 
($X_{\text{Algo}}$) 

6.84 0.92 7.43 < 0.001 

Daily Social Screen Time ($X_{\text{Time}}$) 3.42 0.78 4.38 < 0.001 

Express Checkout Dummy 
($X_{\text{Checkout}}$, Enabled=1) 

9.12 1.42 6.42 < 0.001 

Digital Financial Literacy ($X_{\text{Lit}}$) -4.35 1.10 -3.95 < 0.001 

FOMO / Urgency Vulnerability 
($X_{\text{FOMO}}$) 

8.15 1.25 6.52 < 0.001 

 
Interpretation 
The overall regression model explains $61.2\%$ of the variance in impulse spending behavior ($R^2 = 0.612, F = 124.5, p < 
0.001$). Algorithmic Personalization ($\beta = 6.84$), Express Checkout ($\beta = 9.12$), and FOMO/Urgency triggers ($\beta = 
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8.15$) emerge as the strongest positive predictors of impulsive purchases. Conversely, higher Digital Financial Literacy ($\beta = 
-4.35$) exhibits a statistically significant negative association, demonstrating that financial awareness acts as a protective buffer 
against UI-driven spending mechanics. 
 
Findings 
1. Algorithmic Acceleration of Spontaneous Purchases: Highly tailored recommendation feeds decrease the time between 

initial product awareness and purchase intent. Users exposed to hyper-personalized video algorithms report higher rates of 
unplanned purchases compared to users on search-based platforms. 

2. Conversion Impact of Frictionless Checkout: The integration of automated payment architectures (express checkouts, 
saved card details, BNPL) significantly increases monthly unplanned spend by eliminating intentional delay loops during 
payment processing. 

3. Demographic Susceptibility Patterns: Younger demographics (Gen Z and Millennials) exhibit significantly higher baseline 
susceptibility to social commerce impulse buying, driven by high daily screen exposure, seamless payment adoption, and 
targeted influencer marketing. 

4. Protective Role of Digital Financial Literacy: Higher levels of consumer financial awareness and intentional usage friction 
(e.g., manually typing card details, implementing cooling-off periods) significantly reduce overall scores on the Impulsive 
Spending Index. 
 

Suggestions 

• Reintroducing Intentional Friction: Consumers should selectively disable one-click express checkouts and saved payment 
information on social platforms, reintroducing manual verification steps to allow time for deliberative decision-making. 

• Platform Transparency & Cooling-Off Windows: Social commerce platforms should offer configurable features such as 
voluntary "cart cooling-off periods" (e.g., mandatory 30-minute delays for unplanned orders over a specific threshold) and 
explicit labeling of algorithmically recommended items. 

• Promoting Digital Financial Literacy: Educational institutions and consumer protection bodies should deploy targeted 
programs emphasizing digital budgeting, awareness of psychological pricing triggers, and the financial implications of BNPL 
mechanisms. 

• Refining Regulatory Standards for Algorithmic Nudges: Policy-makers should evaluate dark patterns in interface design—
such as artificial stock scarcity timers or aggressive opt-out settings—to protect consumers from deceptive conversion 
practices. 
 

Conclusion 
The empirical analysis of social commerce purchasing patterns indicates that algorithmic personalization and seamless checkout 
features significantly increase unplanned consumer spending. Machine learning recommendation engines and frictionless 
payment pathways reduce operational cognitive resistance, accelerating the transition from content consumption to 
transactional execution.To support sustainable consumer finance within digital markets, social commerce ecosystems must 
balance seamless user experience with responsible interface design. Introducing intentional friction, strengthening consumer 
digital financial literacy, and establishing regulatory guidelines against deceptive conversion patterns can help create an online 
shopping environment that supports informed consumer choice. 
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