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Highlights

Please indicate how your work links to systems science via your contributions to systems
practice, theory, and or methodology.

• The study applies a systems-oriented BI methodology to data from 409 Bulgarian
consumers by integrating descriptive profiling, formative PLS path modeling, group-
difference analysis, clustering, sentiment analysis, and machine-learning prediction.

• It represents consumer responses to short-form video marketing as an interconnected
system in which five content- and creator-related perceptions are associated with
Creating Shared Value (CSV), formed by eight distinct product/economic, commu-
nity/social, and relational contributions, and subsequently with purchase intention.

What are the main findings and/or the implications of the main findings?

• Clarity, willingness to use, similarity, likability, and empathy are positively associated
with CSV, which is positively associated with purchase intention.

• Age and followed-influencer count distinguish mean CSV and purchase intention,
while social-media use frequency and daily SFV viewing time distinguish purchase
intention only; clustering, sentiment analysis, and machine learning provide comple-
mentary BI outputs for segmentation, text analysis, and prediction.

Abstract

Short-form video (SFV) marketing generates structured consumer ratings and unstructured
feedback that can be analyzed for e-commerce decision support. This study examines
associations between five content- and creator-related perceptions, Creating Shared Value
(CSV), and purchase intention among 409 respondents in Bulgaria. From a business intel-
ligence (BI) perspective, this study combines descriptive profiling, clustering, sentiment
analysis, formative partial least squares (PLS) path modeling, group-difference testing,
and machine-learning prediction to produce descriptive profiles, explanatory associations,
consumer segments, text-analytic findings, and predictive results. CSV is specified as
a formative composite of eight noninterchangeable product/economic, community/social,
and relational indicators associated with short-form video creators. Clarity (β = 0.260),
willingness to use (β = 0.226), similarity (β = 0.205), likability (β = 0.177), and empathy
(β = 0.130) are positively associated with CSV; CSV is positively associated with purchase
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intention (β = 0.567). The model explains 69.1% of CSV variance and 32.2% of purchase-
intention variance. Six formative weights are significant, all absolute loadings exceed
0.72, and indicator VIFs remain below 5. The group-difference hypothesis is partially
supported by 18 omnibus ANOVAs with Holm correction for multiple testing. Signifi-
cant differences in both CSV and purchase-intention means are found across age groups
and categories based on the number of influencers followed. Significant differences in
purchase-intention means are also found across social-media use-frequency and daily SFV-
viewing-time categories. Clustering, sentiment-analysis, and machine-learning results are
interpreted as complementary BI outputs rather than evidence of causal effects or validated
campaign effectiveness.

Keywords: short-form video marketing; e-commerce; business intelligence (BI); consumer
analytics; Creating Shared Value (CSV); formative measurement; purchase intention; partial
least squares structural equation modeling (PLS-SEM); clustering; sentiment analysis;
machine learning

1. Introduction
Short-form video (SFV) marketing has become a prominent component of e-commerce

communication. Mobile-first feeds combine compressed audiovisual content, creator
mediation, recommendation mechanisms, and immediate interactions, including likes,
comments, saves, shares, and product-page visits. These features enable short videos to
function simultaneously as advertising, product information, social influence, and a source
of consumer-response data [1–3].

Research associates the persuasive value of SFV with message usefulness, clarity,
entertainment, trust, product visualization, and creator-related perceptions [4,5]. Unlike
conventional video advertising, SFV is encountered in rapid, algorithmically curated
sequences in which users can move from exposure to information search, engagement, or
purchase-related action with minimal friction. This combination makes SFV relevant to
both consumer-behavior research and BI-supported e-commerce analysis.

Prior research links SFV characteristics to trust, advertising value, attitude, shared
value, and purchase intention [4–7]. However, this evidence is fragmented across separate
explanatory models, concentrated on particular platforms and national contexts, and rarely
combines structured ratings, text analysis, segmentation, and predictive analytics within
a single study. Research on European e-commerce users, especially those in Central and
Eastern Europe, remains comparatively limited.

The present study addresses this gap using survey data from Bulgarian online con-
sumers. Its primary model follows the stimulus–organism–response (SOR) logic: clarity,
likability, empathy, similarity, and willingness to use serve as antecedent evaluations; Cre-
ating Shared Value (CSV) represents the focal internal value appraisal; and self-reported
purchase intention represents the response [8,9]. Technology-acceptance and related per-
spectives contextualize particular antecedents but are not treated as competing primary
models [10,11].

This study tests whether clarity, likability, empathy, similarity, and willingness to use
are positively associated with CSV and whether CSV is positively associated with purchase
intention. It also examines whether the prespecified demographic and usage groups differ
in their mean CSV-indicator and/or purchase-intention scores.

Creating Shared Value concerns the joint creation of economic and social value [7]. In
this study, CSV is measured as a formative composite of consumers’ perceptions of the
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product/economic, community/social, and relational contributions associated with short-
form video creators. Respondents cannot independently verify objective sales, employment,
or community outcomes. Accordingly, CSV scores are interpreted as perception-based
assessments rather than direct evidence of objectively realized value.

Conceptually, this study extends the SOR interpretation of SFV marketing by rep-
resenting the organism component as a formative value appraisal composed of prod-
uct/economic, community/social, and relational contributions. CSV is particularly suitable
for the present research question because these noninterchangeable contributions jointly
define the value that consumers attribute to short-video creators, whereas trust and attitude
primarily capture confidence in, or general favorability toward, a creator or marketing stim-
ulus. The framework also refines the role of technology-acceptance reasoning: willingness
to use is not treated as the final behavioral outcome but as an antecedent evaluation reflect-
ing consumers’ readiness to employ SFV content as an informational or decision-support
resource. It is therefore positioned within the SOR sequence as an evaluation associated
with the formation of CSV, while purchase intention represents the subsequent response.
Accordingly, the framework does more than combine SOR and TAM constructs; it distin-
guishes technology-related readiness, multidimensional value appraisal, and purchase
intention as conceptually separate stages. This study does not claim that CSV is universally
superior to trust, attitude, or perceived value; rather, it offers a broader value-oriented
explanation for the context investigated.

The analysis addresses four research questions:
RQ1: Which content- and creator-related perceptions are most strongly associated

with CSV?
RQ2: How strongly is CSV associated with self-reported purchase intention?
RQ3: What complementary segmentation, text-analytic, and predictive outputs are

produced by the BI analyses?
RQ4: Across which prespecified demographic and usage classifications do mean

CSV-indicator and/or purchase-intention scores differ?
The BI-oriented multimethod approach combines descriptive profiling, hierarchical

and k-means clustering, sentiment analysis, a partial least squares path model in which CSV
is specified formatively, group-difference analysis, and machine-learning prediction. The
primary PLS model evaluates the hypothesized structural associations. The complementary
procedures provide consumer segmentation, text-analytic interpretation, group-difference
assessment, and internal predictive evaluation. Their outputs are not treated as components
of a single confirmatory model [12,13].

The BI contribution lies in integrating structured survey indicators and open-ended
feedback to produce descriptive profiles, explanatory associations, consumer segments,
text-analytic findings, and predictive results relevant to e-commerce. The study does not
present an implementation-ready organizational workflow. Operational deployment would
require external validation using campaign, clickstream, and sales data.

This study makes three bounded contributions. First, it provides evidence from
Bulgaria concerning associations between SFV perceptions, CSV, and purchase intention.
Second, it respecifies CSV as a formative composite and evaluates its formative weights,
loadings, collinearity, and robustness. Third, it demonstrates how complementary BI meth-
ods can connect explanatory association, segmentation, text analysis, group comparison,
and prediction without conflating association with causality or internal prediction with
campaign effectiveness.

From a systems perspective, the analysis connects several measured components of the
consumer-response process: content and creator evaluations, a formative CSV composite,
purchase intention, consumer heterogeneity, and BI outputs. Platform algorithms, actual
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exposure, creator behavior, and realized sales remain contextual components rather than
variables directly tested through the survey.

The remainder of the paper presents the theoretical background and hypotheses
(Section 2), methodology (Section 3), results (Section 4), discussion (Section 5), and conclu-
sions (Section 6).

2. State-of-the-Art Review in Short Video Marketing
SFV marketing is a mobile, feed-based form of digital persuasion embedded in social-

commerce and e-commerce systems. Its effectiveness depends on content value, creator cues,
platform affordances, and consumer characteristics rather than video length alone [1–6].

Three groups of factors recur in the literature: content characteristics such as useful-
ness, clarity, entertainment, and product visualization; creator and relational characteristics
such as credibility, empathy, likability, and similarity; and platform or usage characteristics
such as recommendation, interactivity, social presence, and viewing intensity [14–18].

In BI analysis, these factors produce different marketing objects: behavioral and
perceptual profiles for descriptive analysis, respondent groups for segmentation, open
comments for text analytics, construct relationships for explanation, and response indicators
for prediction. The present paper integrates these outputs while keeping their evidential
roles separate.

2.1. SFV Marketing as an E-Commerce and BI Context

SFV combines rapid attention capture, informational and entertainment value, creator-
mediated social cues, interaction tools, and embedded commerce. These characteristics
shorten the path between exposure, information search, evaluation, engagement, and
purchase-related action, while generating data that e-commerce firms can analyze at the
content, audience, and campaign levels [1–6,14–18].

The available data support several BI functions: descriptive profiling of audiences
and usage, diagnostic explanation of construct relationships, segmentation of response
patterns, sentiment analysis of qualitative feedback, and predictive modeling of value-
related responses. These analytical functions motivate the multi-method design used in
this study; they do not by themselves prove operational campaign effects.

2.2. Primary Theoretical Framework and Contextual Perspectives

The SOR framework serves as the organizing theory. Perceived content and creator
cues constitute the antecedent evaluations, CSV represents the organism-level value ap-
praisal, and purchase intention represents the response [19]. This mapping determines the
structural ordering tested in the primary model.

SOR is complemented, rather than replaced, by additional theoretical perspectives. The
Elaboration Likelihood Model distinguishes between informational and peripheral persua-
sion cues [20]; technology-acceptance models explain perceived usefulness and readiness
to engage [10,11,21]; and uses-and-gratifications, social presence, and platform-affordance
perspectives explain entertainment, interaction, and platform-mediated exposure [17,22,23].

This theoretical hierarchy avoids combining multiple frameworks without clearly
defined roles. SOR specifies the primary sequence, whereas the other perspectives justify
specific antecedents and contextual boundaries. Because the survey does not measure
recommendation algorithms, actual exposure, or platform-level system interactions, these
factors remain contextual rather than empirically tested mechanisms.

The resulting model is deliberately perception-based. It estimates associations among
respondents’ evaluations, CSV, and purchase intention, but does not establish the causal
effects of changes in a video, creator, or platform feature.
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2.3. Empirical Models and Research Gap

Table 1 summarizes selected empirical models linking SFV characteristics to trust,
perceived value, attitude, immersive states, purchase intention, and observed purchase
behavior. Most studies employ SEM or regression-based approaches, whereas relatively
few integrate explanatory modeling with consumer segmentation, text analytics, and
predictive modeling.

Table 1. Comparison of selected models of consumer responses and purchase-related outcomes in
short-video marketing.

Reference Context and Method Main Mechanism Statistically
Significant Factors

Reported
Evaluation/Outcome

Luo et al. [1] Social media short
videos; SEM; N = 372

Usefulness, ease of use,
and entertainment

→ trust
→ purchase intention

Usefulness, ease of use,
entertainment, trust

Short-video content
characteristics

significantly affect trust
and purchase intention

Shen and Wang [2]
Short-video social
commerce; SEM;

N = 350

Persona perception →
shared value creation
→ purchase intention

Credibility, willingness
to use, consistency,

completeness, clarity,
likability, empathy,

similarity; regulatory
focus and social

presence as moderators

χ2/df = 2.173;
CFI = 0.911; TLI = 0.897;

RMSEA = 0.058

Dwinanda et al. [3] TikTok short-video ads;
PLS-SEM; N = 486

Advertising features
→ advertising value

and attitude
→ purchase intention

Personalization,
entertainment,

credibility, interactivity

Advertising value and
attitude mediate the
effects of TikTok ad

features on
purchase intention

Zhai et al. [4]
Video-based eWOM;

SEM/regression-
based testing

Product review video
characteristics →

purchase intention;
involvement
as moderator

Information quality,
product visualization,

emotional polarity,
source credibility

Video-based eWOM
affects purchase

intention; involvement
moderates selected

relationships

Ngo et al. [6]
Generation Z

consumers; SEM;
N = 350

SFV marketing factors
→ brand attitude

→ purchase intention

Interesting content,
perceived usefulness,

scenario-based
experience, interaction,

enjoyment, celebrity
involvement

χ2/df = 1.718;
CFI = 0.951; TLI = 0.945;

RMSEA = 0.045

Yin et al. [5]
Silver consumers on
SFV platforms; SEM;

N = 284

Social and technical
platform characteristics

→ ERG needs
→ purchase intention

Social belonging,
perceived trust,

product relevance
R2 for purchase
intention = 0.460

Feng et al. [16]
Taobao mini-detail

short videos;
TAM2-based SEM;

N = 212

Multimedia, virtual
experience,

recommendations →
playfulness/usefulness
→ purchase intention

Multimedia effect,
virtual experience,

personalized
recommendation,

perceived playfulness,
perceived usefulness

Perceived playfulness
and usefulness mediate

effects on
purchase intention

Meng et al. [15]
TikTok SFV ads;
grounded theory
+ OLS regression

Content characteristics
→ observed

purchase behavior

Trustworthiness,
expertise,

attractiveness;
nonlinear effects of

authenticity and
brand heritage

R2 increases across model
specifications; study links

SFV ad content to
observed behavior

Yin et al. [14] SFV apps; PLS-SEM;
N = 398

Platform affordances →
desire to postpone

closure →
purchase intention

Product relevance,
social interaction

affordance,
entertainment

affordance, product
visibility affordance

Adjusted R2: PI = 0.498;
DPC = 0.419; PR = 0.473
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Table 1. Cont.

Reference Context and Method Main Mechanism Statistically
Significant Factors

Reported
Evaluation/Outcome

Yu et al. [18] Furniture short-video
ads; SOR-based SEM

Platform/content stimuli
→ flow and telepresence
→ purchase intention

Social influence,
entertainment value,

interactivity, facilitating
conditions, media

richness,
flow, telepresence

Flow and telepresence
significantly increase
purchase intention

Yu and Wu [19]
Furniture-brand

short videos;
ELM + OLS regression

Execution features →
communication effect

Live segments,
graphics,

subtitles/topics, music,
title type, video

duration,
product category

Communication Effect
Index used as

performance proxy

Jiang and Chen [17] SFV platforms; SEM

Use and gratification +
social presence →
perceived value

and attitude
→ digital dependency
→ purchase intention

Gratification, social
presence, perceived

value, attitude,
digital dependency

GFI = 0.925;
AGFI = 0.911;
NFI = 0.975;

NNFI = 0.992;
RMSEA = 0.0296

Present study
Bulgarian consumers;
formative CSV PLS
path model; N = 409

Clarity, likability,
empathy, similarity,

willingness to use →
formative CSV →
purchase intention

All five antecedents
and CSV

R2: CSV = 0.691;
purchase intention = 0.322;

CSV → PI β = 0.567

Note: The arrow (→) denotes a hypothesized directional relationship estimated in the structural model and does
not, by itself, imply causality. All abbreviations used in the table are defined in the Abbreviations section.

Purchase intention remains the dominant outcome, mediated by constructs such as
trust, advertising value, attitude, shared value, usefulness, flow, or digital dependency.
Platform affordances and creator cues are increasingly prominent, but behavioral validation
and European evidence remain limited.

The present study employs one primary structural model, in which CSV is specified
formatively, and supplements it with complementary BI analyses. This analytical structure
supports clear interpretation: PLS evaluates theory-driven associations, whereas clustering,
sentiment analysis, and machine learning provide segmentation results, qualitative insights,
and internal predictive evaluation, respectively.

2.4. Hypothesis Development

The hypotheses follow the SOR sequence defined above. Clarity, likability, empathy,
similarity, and willingness to use are antecedent evaluations; CSV is a formative organism-
level value appraisal; and purchase intention is the response. The construct is not treated
as a synonym for trust or attitude [2,24–27].

2.4.1. Clarity

Clarity concerns whether viewers can understand and remember the content. In rapid
scrolling environments, clear structure and unambiguous product information reduce
processing effort. Prior SFV research associates understandability and ease of use with trust,
value, and purchase-related responses [1,2]; clarity is therefore expected to support CSV.

2.4.2. Likability

Likability reflects whether the creator or presentation is perceived as pleasant, interest-
ing, and socially appealing. Entertainment and creator appeal can strengthen attention and
favorable evaluation [3,6,28], providing an affective basis for attributed value.
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2.4.3. Empathy

Empathy reflects perceived understanding and emotional connection with the cre-
ator. Perspective-taking and relationship empathy can strengthen trust and behavioral
response [29–32], suggesting a positive association with attributed product, social, and
relational value.

2.4.4. Similarity

Similarity denotes perceived fit in interests, thinking, lifestyle, or values. Creator–
viewer resemblance can increase identification, parasocial connection, and product inter-
est [2,33], making the creator’s activity more personally relevant and valuable.

2.4.5. Willingness to Use

Willingness to use reflects readiness to engage with creator content as an information
or task resource. It is positioned before CSV because perceived usability creates opportu-
nities to attribute value, whereas purchase intention concerns buying within six months.
WTU4 mentions product decisions and could overlap conceptually with purchase intention;
therefore, HTMT and a sensitivity model excluding WTU4 are reported. The ordering
remains theoretical because the data are cross-sectional [10,11,34].

2.4.6. Creating Shared Value as a Formative Composite

CSV1–CSV8 cover distinct perceived contributions: product quality, relative sales,
stakeholder interaction, employment, community welfare, local development, social im-
provement, and stable viewer relationships. These components need not move together
and cannot be removed without narrowing the construct, so they form CSV rather than
reflect one latent attitude [25–27,35].

CSV is explicitly perception-level and creator-specific. It represents value attributed by
respondents, not audited evidence that objective Creating Shared Value has occurred [2,7].

2.4.7. Purchase Intention

Purchase intention represents a stated likelihood of buying and is a proximal but imper-
fect proxy for behavior [8,9]. In SFV research, it is associated with content, trust, entertainment,
usefulness, social presence, creator perceptions, and value appraisals [1,2,6,16,17].

Based on the synthesis of previous studies and the proposed conceptual model, the
research hypotheses are formulated as follows:

H1: Clarity is positively associated with CSV in short-video marketing.

H2: Likability is positively associated with CSV in short-video marketing.

H3: Empathy is positively associated with CSV in short-video marketing.

H4: Similarity is positively associated with CSV in short-video marketing.

H5: Willingness to use is positively associated with CSV in short-video marketing.

H6: CSV is positively associated with purchase intention.

H7: Demographic and usage classifications are associated with between-group differences in the
CSV indicator mean and/or purchase-intention mean.

H1–H6 specify the structural associations between the five antecedents and CSV and
between CSV and purchase intention, whereas H7 addresses differences across demo-
graphic and usage groups (Figure 1).
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Figure 1. Conceptual model of the hypothesized structural associations and the demographic and
usage-group differences addressed by H7.

3. Research Methodology
The objective is to examine associations between consumers’ perceptions of com-

mercial SFV, CSV, and purchase intention and to assess demographic and usage-group
differences. The cross-sectional survey supports standardized measurement but does
not identify causal effects [36,37]. The empirical strategy distinguishes the primary ex-
planatory model from complementary BI procedures for description, segmentation, text
interpretation, group-difference assessment, and prediction [12].

The BI-oriented approach integrates structured and unstructured consumer-response
data. Descriptive profiling summarizes the sample; clustering identifies response patterns;
sentiment analysis interprets open-ended feedback; formative PLS estimates construct
associations; one-way ANOVA assesses demographic and usage-group differences; and
machine learning evaluates internal predictive performance.

3.1. Questionnaire Design and Data Collection

Primary data were collected through a self-administered online questionnaire. This
format was selected because it enables efficient distribution, standardized measurement,
respondent anonymity, and rapid data collection from digitally active consumers, which
is suitable for a study focused on short-video and social-media behavior [36]. The ques-
tionnaire was developed using established principles of survey and scale design, including
clear item wording, logically grouped question blocks, and multi-item measurement of
latent constructs [36,37].

The questionnaire focused on consumer responses to short videos on social media
platforms in Bulgaria. The introductory text explained that the study concerned commercial
short-video content, including beauty and makeup tutorials, fashion and styling, cooking
and recipes, educational content, life hacks and advice, fitness and workouts, pet and
animal videos, travel and adventure, transformation videos, motivational and inspirational
content, gaming-related material, unboxing, and reviews. Respondents were informed that
the survey was anonymous, that completion would take approximately five minutes, and
that participants would receive access to summary results.

https://doi.org/10.3390/systems14080915
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The instrument contained demographic and usage questions, multi-item perception
measures, shared-value and purchase-intention items, and open-ended feedback. The
survey link was distributed through partner organizations and institutional websites, email,
and social media. Participation was voluntary and self-selected; no sampling frame or
invitation denominator was available, so a response rate and formal nonresponse-bias
estimate could not be calculated. The final sample contains 409 valid responses.

The primary PLS model uses 28 indicators because PI2 is excluded from the purchase-
intention construct, whereas all 29 indicators are retained in the complementary analyses
and in the sensitivity analysis involving PI2.

The measurement items were adapted primarily from the short-video social-commerce
framework developed by Shen and Wang [2], with the item statements adjusted to fit the
context of the present study. The questionnaire covered credibility, consistency, complete-
ness, clarity, likability, empathy, similarity, willingness to use, CSV, and purchase intention.
The empirical analyses focus on 29 indicators from Q14–Q20 measuring clarity, likability,
empathy, similarity, willingness to use, CSV, and purchase intention.

3.2. Questionnaire Measurements and Scales

The questionnaire comprised 22 questions. Questions Q1–Q10 collected demographic,
socio-economic, and behavioral information. These items covered gender, age group,
place of residence, municipality, average monthly income per household member, educa-
tional level, social-media experience, frequency of social-media use, number of followed
influencers, and daily time spent watching short videos.

Questions Q11–Q20 were implemented as multi-item grid questions using a five-point
Likert-type response scale, ranging from 1 (“strongly disagree”) to 5 (“strongly agree”).
Likert-type scales are widely used for measuring attitudes and perceptions because they
allow respondents to express the degree of agreement with a set of statements representing
an underlying construct [38]. The use of multiple indicators per construct also supports
reliability and validity assessment in SEM-based analysis [13,37].

Table 2 consolidates the constructs used in the final model, their item content and
sources, measurement direction, and principal estimates. All items used a five-point
agreement scale. Item codes are retained here because this is the measurement section.

Table 2. Constructs, item content, sources, measurement specification, and estimates.

Construct and Codes Abbreviated Item Content and Source

Clarity
CLA1–CLA3

Content clear enough to view; information easy to understand; creator
memorable. Adapted from Chu et al. [39].

Likability
LIK1–LIK4

Likable; friendship affinity; time-spending affinity; interesting. Adapted from
Bornet and Brangier [40].

Empathy
EMP1–EMP3 Understanding; felt ties; imagined daily life. Adapted from Mangus et al. [32].

Similarity
SIM1–SIM4

Self-similarity; thinking alike; shared interests; likely agreement. Adapted from
Xiao et al. [41].

Willingness to use
WTU1–WTU4

Use in a posting task; learn more; use in a video task; support product
decisions. Adapted from Aparicio et al. [34].

Creating Shared Value
CSV1–CSV8

Product quality; relative sales; stakeholder interaction; jobs; community
welfare; local development; social improvement; stable relationships. Adapted

from Ham et al. [35].

Purchase intention
PI1–PI3

Purchase probability and likelihood within six months. PI1 and PI3 in the
primary PLS model; PI2 retained for sensitivity and complementary analyses.

Adapted from Kim et al. [42].
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3.3. BI-Oriented Data Analysis Methods

The analyses were organized as complementary BI procedures with distinct evidential
purposes: description, structural association testing, segmentation, textual interpretation,
group-difference assessment, and internal prediction.

First, the dataset was examined for completeness, consistency, and plausibility. Closed-
ended questions were encoded numerically according to the predefined questionnaire
coding scheme. Open-ended responses were processed separately, including text normal-
ization and preparation for qualitative and sentiment analysis.

Second, descriptive statistics summarized the sample structure and short-video usage
behavior. Frequency distributions and percentages were used for gender, age, residence,
education, income, social-media experience, use frequency, followed-influencer count, and
viewing time. These statistics provide the baseline context for the subsequent modeling
results [43].

Third, PLS path modeling tested the six structural hypotheses. The model was esti-
mated in SmartPLS 3.2.9 (SmartPLS GmbH, Bönningstedt, Germany) [44] using the path-
weighting scheme, standardized indicators, Mode A for the common-factor constructs,
and Mode B for CSV. The estimation used a maximum of 1000 iterations, a convergence
tolerance of 10−9, complete-case data, and 10,000 bootstrap samples with two-tailed per-
centile confidence intervals. Mode A constructs were assessed using indicator loadings,
Cronbach’s alpha, composite reliability (CR), average variance extracted (AVE), and HTMT.
CSV was assessed using content coverage, indicator VIFs, outer weights, absolute loadings,
and its structural relationships [13,25–27,45].

H7 was tested using one-way ANOVA in IBM SPSS Statistics 27.0.0.0 (IBM Corp.,
Armonk, NY, USA). Each of the nine demographic and usage classifications was examined
separately for two observed outcomes: the equal-weight mean of CSV1–CSV8, referred
to as the CSV indicator mean, and the mean of PI1–PI3, referred to as the purchase-
intention indicator mean. These observed scale means were used specifically for the
group-comparison analyses and were distinct from the Mode B CSV composite score and
the two-item purchase-intention construct estimated in the principal PLS model. The
original questionnaire categories were retained in the omnibus analyses. Eta squared
(η2) was used to quantify the omnibus effect size, and Holm’s procedure controlled the
family-wise error rate across the family of 18 ANOVA tests [43,46].

PLS-based interaction analysis and multigroup analysis, together with measurement-
invariance assessment, represent alternative approaches when the objective is to determine
whether structural-path coefficients vary across groups [47–50]. These procedures were not
applied because H7 concerns omnibus differences in observed outcome means across the
original demographic and usage categories rather than moderation of the relationships in
the PLS model. One-way ANOVA was therefore preferred because it directly addresses
H7, accommodates grouping variables with more than two categories without arbitrary
dichotomization, and maintains a clear distinction between the group-comparison analysis
and the principal PLS model.

Fourth, hierarchical and k-means clustering were used as exploratory BI segmentation
methods. The elbow method and silhouette coefficient informed the comparison of two-
to five-cluster solutions [51,52]. Because all perception and outcome indicators enter the
clustering, the segments are interpreted as general response profiles rather than validated
market personas.

Fifth, an illustrative BI responsiveness score combined construct averages using nor-
malized antecedent coefficients. It ranks anonymous response profiles and is presented as
transparent descriptive scoring, not a formal MCDM application, causal conversion rule, or
validated campaign-optimization method [53].
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Sixth, machine-learning models supplied predictive BI evidence by estimating the
equal-weight mean of CSV1-CSV8 from antecedent indicators using Orange Data Mining
3.22.0. A 70:30 train–test split and training-set cross-validation were used; MSE, RMSE,
MAE, and R2 evaluated internal test-set performance [12,54].

Finally, sentiment analysis supplied text-based BI evidence from open-ended responses
(Python 3.11.2). Text normalization, translated polarity scoring, and manual thematic
interpretation identified recurring views concerning usefulness, entertainment, authenticity,
credibility, relatability, disclosure, and purchase motivation [55].

The questionnaire, response dataset, and supporting documentation are made avail-
able through Mendeley Data [56].

4. Results
Descriptive, segmentation, and sentiment results are followed by the formative-CSV

structural model, the ANOVA test of H7, and predictive BI analysis.

4.1. Data Preparation and Sample Description

The survey link was distributed through the authors’ institutional websites, email
channels, partner organizations, and social media platforms. Participation was voluntary
and anonymous. Data collection targeted Bulgarian online consumers and was conducted
between 11 January 2025 and 25 February 2025. After removing incomplete entries, the
final analytical sample comprised 409 valid responses. The questionnaire, response dataset,
and supporting documentation are publicly available through Mendeley Data [56].

All closed-ended questions (Q1–Q3 and Q5–Q20) were encoded using predefined
coding rules. The open-ended fields—municipality, opinions/suggestions, and fol-
lowed/favorite short-video influencers—were processed separately through spelling nor-
malization, text cleaning, and preparation for qualitative and sentiment analysis. Duplicate
screening was performed on the full coded response dataset. Repeated response profiles
in the 29-item perception matrix were retained because identical Likert-scale patterns can
occur naturally in ordinal survey data and do not by themselves indicate invalid responses.

To visualize similarity among respondents, an ordered Euclidean dissimilarity matrix
was computed using the 29 standardized indicators representing clarity, likability, empathy,
similarity, willingness to use, CSV, and purchase intention (Figure 2). Rows and columns
represent respondents; lighter values indicate more similar response profiles, whereas
darker cyan values indicate larger Euclidean distances. The matrix was visualized using
the fviz_dist() function from the factoextra package in R 4.4.1 (R Core Team, R Foundation
for Statistical Computing, Vienna, Austria) [57,58].

To profile the respondents and summarize key patterns, descriptive statistics and
distribution analyses were conducted. Table 3 reports the main demographic and usage
characteristics. Most respondents were female (70.7%), and 76.6% were aged 30 or younger.
The sample was predominantly urban and geographically concentrated in Bulgaria’s South
Central Region.

In terms of geographic distribution, municipality names were normalized to correct
spelling and capitalization variants before calculating regional distributions. The largest
share of respondents was from the Plovdiv municipality (204 respondents; 49.9%), followed
by Haskovo (19 respondents; 4.6%) and Pazardzhik (13 respondents; 3.2%). Overall, the
sample was strongly concentrated in the South Central Region (approximately 350 respon-
dents; 85.6%), followed by the South East Region (30 respondents; 7.3%) and the South
West Region (17 respondents; 4.2%).

The high relevance of social-media and short-video consumption in the sample is
consistent with broader Bulgarian digital-use patterns. DataReportal reports that Bulgaria

https://doi.org/10.3390/systems14080915

https://doi.org/10.3390/systems14080915


Systems 2026, 14, 915 12 of 27

had 5.86 million Internet users at the start of 2025, with 87.1% Internet penetration, and
4.37 million social-media user identities, equivalent to 64.9% of the population. It also
reports YouTube advertising reach of 4.37 million users and TikTok advertising reach of
2.28 million adults in Bulgaria in early 2025 [59].

Figure 2. Ordered dissimilarity matrix based on the 29 standardized perception and outcome
indicators. Note: Some labels overlap because Figure 2 displays all 409 observations on both
the x- and y-axes. For further details, please refer to the dataset available in the Mendeley Data
repository [56].
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Table 3. Respondent profile and short-video usage characteristics.

Variables of the Sample No. of Respondents Percentage (%)

1. Gender Male 120 29.3
Female 289 70.7

2. Age

Under 20 186 45.5
Between 21 and 30 127 31.1
Between 31 and 40 32 7.8
Between 41 and 50 35 8.6

Over 50 29 7.1

3. Place of residence

City/over 50,000 inhabitants 236 57.7
Town/1000–50,000 inhabitants 161 39.4

Village/under 1000
inhabitants 12 2.9

4. Municipality - -

5. Monthly income per
household member

Less than BGN 1454 170 41.6
More than BGN 1454 239 58.4

6. Education

High school 277 67.7
Bachelor 75 18.3
Master 49 12.0

PhD 8 2.0

7. Experience with social media
Less than 3 years 23 5.6

3 to 5 years 54 13.2
More than 5 years 332 81.2

8. Frequency of use of social media

Less than once a week 4 1.0
Once or twice a week 6 1.5
Several times a week 9 2.2
Once or twice a day 38 9.3
Several times a day 233 57.0

Several times an hour 119 29.1

9. Number of influencers that you
follow on social media

Less than 10 188 46.0
10 to 20 103 25.2
20 to 30 53 13.0

More than 30 65 15.8

10. Time per day spent watching short
videos on social media

Less than an hour 150 36.7
Between 1 and 2 h 140 34.2
Between 2 and 3 h 76 18.6

More than 3 h 43 10.5

Most respondents reported very frequent social-media use: 95.4% accessed social
media at least once per day, including 57.0% several times per day and 29.1% several times
per hour. Exposure to creator content was also substantial, with 54.0% following 10 or more
influencers. Short-video consumption was similarly intensive: 63.3% watched short videos
for one hour or more per day. These patterns confirm the relevance of SFV marketing for
this digitally active, comparatively young sample.

4.2. Exploratory BI Segmentation Analysis

To illustrate heterogeneity in respondents’ perceptions, hierarchical clustering was
applied to the same 29 standardized indicators. Figure 3 presents clustering across re-
spondents, while Figure 4 presents clustering across indicators. Cell colors range from the
lowest standardized values (white; approximately −2.31) through pale yellow-green tones
to the highest values (blue; approximately 2.75) (Figure 3). The respondent dendrogram
summarizes similar response profiles, whereas the indicator dendrogram shows variables
that tend to co-vary. The heat maps and dendrograms were generated with the Heat Map
widget in Orange Data Mining 3.22.0 (Bioinformatics Laboratory, University of Ljubljana,
Ljubljana, Slovenia) [60].
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Figure 3. Hierarchical heat map of respondents using the 29 standardized perception and
outcome indicators.
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Figure 4. Hierarchical heat map of the 29 standardized perception and outcome indicators.

To segment consumers based on similar perception profiles, k-means clustering was
applied to the same 29 standardized indicators. The number of clusters was examined for
k = 2, 3, 4, and 5. The elbow method and silhouette coefficient indicated that the two-cluster
solution was the most interpretable and statistically preferable [32,33]. The tw clusters com-
prised 309 and 100 respondents, respectively. As illustrated in Figure 5, the k = 2 solution
separates a large favorable segment from a smaller less favorable segment.
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Figure 5. K-means solutions for k = 2, 3, 4, and 5 using the 29 standardized perception and out-
come indicators.

Cluster 1 represents a generally favorable response profile, whereas Cluster 2 repre-
sents a generally less favorable profile (Table 4). The largest differences concern similarity,
likability, and willingness to use. Because the same response matrix contains antecedents,
CSV items, and purchase intention, the result may partly reflect general positivity or
response style and is not interpreted as a stable market taxonomy.

A demographic comparison of the two clusters shows that Cluster 1 is more strongly
represented by younger respondents. In Cluster 1, 80.3% of respondents are aged 30 or
younger, compared with 65.0% in Cluster 2. Cluster 1 also contains a higher share of
respondents following 10 or more influencers (62.8% vs. 27.0%) and watching short videos
for at least one hour per day (67.3% vs. 51.0%). Chi-square tests indicate statistically
significant differences between clusters for age, education, number of followed influencers,
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and time spent watching short videos, whereas gender, residence, income, social-media
experience, and frequency of use do not show significant differences.

Table 4. Mean indicator values by exploratory response-profile cluster.

CLA1 CLA2 CLA3 LIK1 LIK2 LIK3 LIK4 EMP1 EMP2 EMP3 SIM1 SIM2

Cluster 1 3.728 3.851 3.573 3.621 3.346 3.275 3.777 3.440 2.595 3.142 2.722 2.754
Cluster 2 2.510 2.530 2.230 2.050 1.810 1.650 2.070 1.830 1.550 1.610 1.450 1.440

Difference 1.218 1.321 1.343 1.571 1.536 1.625 1.707 1.610 1.045 1.532 1.272 1.314

SIM3 SIM4 WTU1 WTU2 WTU3 WTU4 CSV1 CSV2 CSV3 CSV4 CSV5 CSV6

Cluster 1 3.304 3.275 3.052 3.382 3.353 3.356 3.129 3.505 3.618 3.061 3.078 3.236
Cluster 2 1.590 1.600 1.620 1.670 1.830 1.850 1.610 2.110 2.230 1.610 1.670 1.640

Difference 1.714 1.675 1.432 1.712 1.523 1.506 1.519 1.395 1.388 1.451 1.408 1.596

CSV7 CSV8 PI1 PI2 PI3

Cluster 1 3.149 3.508 3.269 3.181 3.019
Cluster 2 1.680 2.090 1.830 1.820 1.690

Difference 1.469 1.418 1.439 1.361 1.329

4.3. Exploratory Text and Sentiment Analysis

The open-ended comments were originally written mainly in Bulgarian. Before sen-
timent analysis, they were translated into English and manually checked for obvious
mistranslations and polarity errors. TextBlob polarity scores were then used as exploratory
sentiment indicators, supplemented by manual thematic interpretation. Because the senti-
ment classification relies on translated open-ended responses and a lexicon-based English-
language tool, the polarity results are interpreted as exploratory and are used mainly to
support the qualitative thematic interpretation.

The first open-ended item contained 237 non-empty entries. After removing blank,
duplicated, and non-informative responses, 181 usable comments were retained for senti-
ment analysis. A lexicon-based approach was applied using TextBlob version 0.15.3 with
PatternAnalyzer in Python version 3.11.2 (Python Software Foundation, Wilmington, DE,
USA) with polarity scores ranging from −1 to +1 and a three-class scheme: positive (>0.05),
neutral (−0.05 to 0.05), and negative (<−0.05) [61]. Positive comments (n = 131; mean polar-
ity = 0.281) emphasized rapid attention capture, effective product demonstration, discovery,
and support for purchase decisions. Neutral comments (n = 39; mean polarity = 0.004)
were conditional on sufficient product detail and disclosure of paid partnerships. Negative
comments (n = 11; mean polarity = −0.328) highlighted distraction, information overload,
and distrust, reinforcing the need for transparency, authenticity, and credibility.

The second open-ended item contained 247 non-empty entries, of which 168 remained
after cleaning. Respondents preferred authentic, experience-based content from creators
who had tested products, reported drawbacks, and avoided overly forced promotion. Clear,
concise demonstrations and practical information were valued, as were relatable everyday
stories, humor, and entertainment. A smaller group emphasized sustainability and healthy
living. Overall, the comments favor content that combines entertainment with credible and
useful information aligned with viewers’ interests.

The same responses also reveal a reach-based visibility effect. The most frequently
mentioned influencers were also among highly visible Bulgarian creators on Instagram
and TikTok, suggesting that respondent nominations partly reflect platform visibility and
perceived reach. Because follower counts change frequently, exact follower numbers are
not reported in the final manuscript.

4.4. PLS-SEM Model with Formative Creating Shared Value

PLS-SEM was used to estimate the associations among consumers’ perceptions of
short-video content and creators, CSV, and purchase intention. The reanalysis used all
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409 complete observations. Clarity, likability, empathy, similarity, willingness to use, and
purchase intention were specified reflectively (Mode A). CSV was specified formatively
(Mode B) because CSV1–CSV8 represent distinct product/economic, community/social,
and relational contributions that jointly constitute perceived shared value and are not
interchangeable manifestations of one latent attitude [24–27]. The label CSV is used because
the questionnaire captures value attributed by respondents rather than verified economic
or social outcomes.

4.4.1. Model Specification and Estimator Verification

The structural specification retained the six hypothesized paths: clarity, likability,
empathy, similarity, and willingness to use were modeled as antecedents of CSV, and
CSV was modeled as an antecedent of purchase intention. PI1 and PI3 were retained for
purchase intention, while PI2 remained excluded because of strong semantic redundancy
with the other two items. Indicators were standardized, the path-weighting scheme was
used, and significance was assessed with 10,000 bootstrap samples, two-tailed tests, and
percentile confidence intervals. The formative model was independently re-estimated
using a reproducible path-weighting PLS-PM implementation. As an implementation
check, re-estimating the original all-reflective model reproduced every SmartPLS coefficient
reported in the submitted version to three decimal places.

4.4.2. Reflective Measurement-Model Assessment

The reflective constructs were evaluated using indicator loadings, Cronbach’s alpha,
composite reliability (CR), average variance extracted (AVE), and the heterotrait–monotrait
ratio (HTMT). All loadings exceeded 0.81, alpha ranged from 0.802 to 0.919, CR ranged
from 0.883 to 0.960, and AVE ranged from 0.705 to 0.923 (Table 5). These results satisfy
conventional thresholds of 0.70 for loadings and reliability and 0.50 for AVE. HTMT was
evaluated only among reflective constructs because it is not an appropriate validity criterion
for formative CSV; the largest value was 0.845 for empathy and similarity [13,62–64].

Table 5. Reflective measurement-model assessment.

Construct Items Loading Range Alpha CR AVE
Clarity 3 0.842–0.920 0.862 0.916 0.785

Likability 4 0.884–0.913 0.919 0.943 0.804
Empathy 3 0.812–0.888 0.802 0.883 0.717
Similarity 4 0.845–0.894 0.895 0.927 0.762

Willingness to use 4 0.834–0.853 0.861 0.905 0.705
Purchase intention 2 0.960–0.961 0.914 0.960 0.923

Note: Alpha, CR, and AVE apply only to the reflective constructs.

4.4.3. Formative CSV Assessment

Formative CSV was assessed using indicator collinearity, the significance and rele-
vance of outer weights, and absolute outer loadings. Indicator VIF values ranged from 2.285
to 3.969; none exceeded the applied threshold of 5, although CSV5 and CSV6 exceeded the
more conservative value of 3 (Table 6). Six outer weights were positive and statistically
significant. CSV4 was positive but nonsignificant, whereas CSV5 had a small negative
nonsignificant weight. Both retained substantial positive loadings (0.728 and 0.754), indi-
cating absolute relevance despite weak unique contributions after controlling for the other
indicators. They were retained to preserve employment and community-welfare content.
Internal-consistency reliability and AVE were not calculated for CSV because those statis-
tics assume reflective measurement. Redundancy validity could not be tested because the
questionnaire did not include an independent global CSV item; this is a limitation [26,27].
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Table 6. Formative CSV indicator assessment.

Indicator Weight SE p 95% CI Loading VIF
CSV1 0.195 0.059 <0.001 [0.081, 0.311] 0.815 2.358
CSV2 0.178 0.052 <0.001 [0.075, 0.279] 0.779 2.296
CSV3 0.226 0.061 <0.001 [0.105, 0.346] 0.811 2.404
CSV4 0.073 0.053 0.168 [−0.034, 0.176] 0.728 2.408
CSV5 −0.064 0.074 0.389 [−0.213, 0.078] 0.754 3.969
CSV6 0.211 0.077 0.006 [0.061, 0.361] 0.799 3.506
CSV7 0.254 0.060 <0.001 [0.132, 0.368] 0.843 2.737
CSV8 0.162 0.062 0.009 [0.041, 0.289] 0.811 2.285

Note: Weights express unique relative contributions; loadings express absolute indicator-CSV associations.
A nonsignificant weight does not by itself require indicator deletion when loading relevance and content coverage
support retention.

4.4.4. Structural-Model Assessment

All six hypothesized structural associations were positive and statistically significant.
Clarity showed the largest antecedent coefficient, followed by willingness to use, similarity,
likability, and empathy. The five antecedents explained 69.1% of CSV variance. CSV
was positively associated with purchase intention (β = 0.567, 95% CI [0.495, 0.646]) and
explained 32.2% of its variance (Table 7 and Figure 6). Structural VIF values ranged from
2.120 to 3.635, remaining below 5.

Table 7. Structural paths for the formative-CSV model.

Relationship β SE t p 95% CI f2

Clarity → CSV 0.260 0.052 4.996 <0.001 [0.166, 0.369] 0.102
Likability → CSV 0.177 0.069 2.549 0.011 [0.036, 0.307] 0.026
Empathy → CSV 0.130 0.051 2.546 0.011 [0.035, 0.231] 0.019
Similarity → CSV 0.205 0.046 4.435 <0.001 [0.114, 0.295] 0.044

Willingness to use → CSV 0.226 0.053 4.255 <0.001 [0.120, 0.328] 0.076
CSV → Purchase intention 0.567 0.039 14.683 <0.001 [0.495, 0.646] 0.474

Note: The arrow (→) denotes a hypothesized directional relationship estimated in the structural model and does
not, by itself, imply causality.

Figure 6. Formative-CSV PLS-SEM model with outer weights, path coefficients, and coefficients
of determination. CSV4 and CSV5 have nonsignificant outer weights; two-tailed inference uses
10,000 bootstrap samples.
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Out-of-sample predictive performance was assessed using repeated 10-fold cross-
validation. The indicator-level Q2

predict values were 0.278 for PI1 and 0.291 for PI3, with
corresponding PLS-SEM RMSE values of 1.048 and 0.959. Both Q2

predict values were posi-
tive, indicating that the model outperformed the naïve training-sample-mean benchmark
for both purchase-intention indicators [65,66].

4.4.5. Robustness and Specification Assessment

The principal structural result remained stable when PI2 was restored and when
WTU4 was removed. With all three purchase-intention indicators, the CSV–purchase-
intention coefficient was 0.564, and the R2 for purchase intention was 0.318. Excluding
WTU4 reduced the willingness-to-use–CSV coefficient from 0.226 to 0.193, while the CSV–
purchase-intention coefficient remained 0.567. Thus, the principal CSV association does
not appear to depend materially on the exclusion of PI2 or the inclusion of WTU4.

Alternative structural specifications did not support a strict full-mediation interpre-
tation. Adding a direct willingness-to-use–purchase-intention path produced significant
coefficients for CSV (β = 0.369, p < 0.001) and willingness to use (β = 0.285, p < 0.001),
increasing the R2 for purchase intention to 0.364. A broader exploratory model with direct
antecedent paths retained a significant CSV path (β = 0.255, p = 0.003) and significant direct
associations for empathy and willingness to use, increasing R2 to 0.393. A two-dimensional
robustness model also identified positive associations between purchase intention and both
economic contribution (β = 0.231, p = 0.003) and social contribution (β = 0.364, p < 0.001).

The CSV–purchase-intention association remained positive in the sensitivity and
direct-path specifications, while both CSV dimensions were positively associated with
purchase intention in the two-dimensional model. Direct antecedent associations may
coexist with the CSV pathway; therefore, these analyses do not independently establish
mediation, complete mediation, or a unique causal mechanism.

4.5. Demographic and Usage Group Differences

H7 was evaluated using the original questionnaire categories for all nine demographic
and usage classifications. Table 8 reports all 18 omnibus tests, together with their η2 effect
sizes, raw p-values, and Holm-adjusted p-values. The CSV outcome is the equal-weight
mean of CSV1–CSV8, whereas the purchase-intention outcome is the mean of PI1–PI3.
These observed composite scores are used for the ANOVA analyses and are distinct from
the latent-variable scores estimated in the primary PLS model.

Table 8. One-way ANOVA results for H7 across the CSV indicator-mean and purchase-intention mean.

Grouping Variable CSV Indicator Mean:
F(df1,df2); η2 CSV p/pHolm Purchase Intention:

F(df1,df2); η2 PI p/pHolm H7 After Holm

Gender 0.083(1,407); 0.000 0.773/1.000 4.161(1,407); 0.010 0.042/0.420 No
Age 5.416(4,404); 0.051 <0.001/0.004 6.234(4,404); 0.058 <0.001/0.001 Both outcomes

Residence size 0.331(2,406); 0.002 0.718/1.000 0.671(2,406); 0.003 0.512/1.000 No
Household income 0.570(1,407); 0.001 0.451/1.000 1.163(1,407); 0.003 0.281/1.000 No

Education 3.464(3,405); 0.025 0.016/0.180 2.708(3,405); 0.020 0.045/0.420 No
SM experience 0.480(2,406); 0.002 0.619/1.000 0.901(2,406); 0.004 0.407/1.000 No

SM use frequency 2.085(5,403); 0.025 0.066/0.531 4.295(5,403); 0.051 <0.001/0.011 PI
Followed influencers 14.452(3,405); 0.097 <0.001/<0.001 10.473(3,405); 0.072 <0.001/<0.001 Both outcomes

Daily SFV time 4.402(3,405); 0.032 0.005/0.055 8.957(3,405); 0.062 <0.001/<0.001 PI

After Holm correction across the family of 18 ANOVAs, age showed significant dif-
ferences in both the CSV indicator mean (F(4,404) = 5.416, pHolm = 0.004, η2 = 0.051)
and the purchase-intention mean (F(4,404) = 6.234, pHolm = 0.001, η2 = 0.058). The
number of followed influencers also showed significant differences in both outcomes
(CSV: F(3,405) = 14.452, pHolm < 0.001, η2 = 0.097; purchase intention: F(3,405) = 10.473,
pHolm < 0.001, η2 = 0.072). Social-media use frequency (F(5,403) = 4.295, pHolm = 0.011,
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η2 = 0.051) and daily SFV viewing time (F(3,405) = 8.957, pHolm < 0.001, η2 = 0.062) showed
significant differences only in purchase intention. Descriptively, respondents following
fewer than 10 influencers had lower mean scores for both outcomes than the other follower-
count groups. Purchase-intention means were generally higher among respondents using
social media several times per day or hour and among those viewing SFVs for 1–3 h per day;
however, these patterns were not monotonic, and the smallest social-media-use categories
contained only 4–9 respondents. Gender, residence size, household income, education, and
social-media experience did not distinguish either outcome after correction. H7 is therefore
partially supported at the omnibus mean-difference level.

4.6. Predictive BI Analysis and Illustrative Responsiveness Scoring

Machine-learning models were retained as complementary predictive BI analysis
rather than as substitutes for the PLS model. The target was the respondent-level arithmetic
mean of CSV1-CSV8, termed the CSV indicator-mean score. This outcome is not identical
to the Mode B CSV composite. Antecedent indicators were predictors, while CSV1-CSV8
were excluded from the predictor set to prevent leakage.

The dataset was randomly divided into 70% training and 30% testing subsets. Hyper-
parameter selection used k-fold cross-validation within the training data, and the test set
was reserved for final evaluation. Decision Tree, Support Vector Machine, Random Forest,
and AdaBoost models were compared using mean squared error (MSE), root mean squared
error (RMSE), mean absolute error (MAE), and R2 (Table 9). These metrics quantify within-
sample predictive performance under the reported split; they do not establish causality or
external campaign effectiveness.

Table 9. Prediction of the CSV indicator-mean score.

ML Method MSE RMSE MAE R2

Decision Tree 0.101 0.318 0.219 0.868
SVM 0.058 0.240 0.144 0.925

Random Forest 0.037 0.192 0.135 0.952
AdaBoost 0.036 0.190 0.122 0.953

AdaBoost achieved the lowest errors and highest test-set R2, with Random Forest pro-
ducing nearly identical results. The high values are treated as internal predictive evidence
from one moderate-sized sample and require external validation in an independent sample.

For an illustrative BI prioritization score, the five formative-model antecedent coeffi-
cients were normalized to sum approximately to one: Ri = 0.261Clarityi + 0.177Likabilityi +
0.130Empathyi + 0.205Similarityi + 0.227WTUi. The score ranks anonymous profiles and
illustrates how explanatory estimates may inform decision support; it is not a validated
optimization rule, a formal MCDM model, or a causal estimate of conversion. Developing
and externally validating an MCDM formulation is reserved for future research.

5. Discussion
This study examined how five content- and creator-related perceptions are associated

with CSV and how CSV is associated with self-reported purchase intention among 409 Bul-
garian respondents. The principal measurement correction treats CSV1–CSV8 as formative
components: distinct product/economic, community/social, and relational contributions
jointly define CSV [25–27].

The formative measurement evidence is acceptable but qualified. Six weights were
significant, all absolute loadings exceeded 0.72, and all VIFs were below 5. CSV4 and CSV5
did not add significant unique weight after the other indicators were controlled, but their
loadings and content coverage supported retention. Because no global CSV criterion was
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included, redundancy validity could not be assessed. The former reflective reliability and
AVE statistics therefore cannot be used as evidence for CSV; they remain relevant only to
the reflective sensitivity model.

The structural results support all six prespecified associations. The five antecedents
explained 69.1% of CSV variance, and CSV explained 32.2% of purchase-intention variance.
Clarity was the largest antecedent (β = 0.260), followed by willingness to use (β = 0.226),
similarity (β = 0.205), likability (β = 0.177), and empathy (β = 0.130). These estimates
indicate that clear, understandable, and memorable communication and readiness to
engage with SFV content are most strongly associated with attributed value.

CSV was positively associated with purchase intention (β = 0.567, p < 0.001), and
Q2predict was positive for both retained purchase-intention indicators. This result is
consistent with prior short-video social-commerce research connecting creator perceptions,
shared value, and purchase intention [2]. However, the cross-sectional survey does not
demonstrate that changing a content attribute will cause purchases. Competing models also
showed direct associations between willingness to use and empathy and purchase intention.
CSV remains positively associated with purchase intention within the hypothesized model,
but the analyses do not independently establish mediation.

The findings refine the SOR interpretation by indicating that attributed value in
SFV commerce encompasses both information-processing and relational evaluations. The
comparatively stronger associations of clarity and willingness to use suggest that CSV
is related not only to affective or relational responses to creators but also to whether
their content is understandable and usable as an informational or decision-support re-
source. Relational perceptions such as empathy, similarity, and likability appear to provide
additional, conceptually distinct contributions to this value appraisal. CSV therefore repre-
sents a broader organism-level construct than trust or attitude alone because it integrates
product/economic, community/social, and relational contributions within a formative
composite. In relation to TAM-based models, the framework distinguishes readiness to use
SFV content from the multidimensional value attributed to the creator by treating them as
conceptually separate constructs. Comparative models incorporating trust, attitude, and
perceived value are nevertheless needed before concluding that CSV provides stronger
explanatory performance than these alternative constructs. The cross-sectional findings
support these conceptual distinctions but do not establish their causal or temporal ordering.

The relative ordering of the antecedents offers additional insight when considered
alongside previous research on consumer responses to short-form video marketing. The
results are particularly consistent with Shen and Wang [2], who connected clarity, lika-
bility, empathy, similarity, and willingness to use with shared-value creation and linked
shared-value creation to purchase intention. In the present study, clarity has the strongest
unique association with CSV. In rapidly changing short-video feeds, understandable and
memorable content may reduce processing effort and uncertainty, making creators’ product-
related and social contributions easier to recognize. This interpretation may be particularly
relevant to the comparatively young sample: 76.6% of respondents were aged 30 or younger,
indicating substantial Generation Z representation, although the available age categories
do not permit its precise proportion to be determined. In the context of this comparatively
young and digitally experienced sample, consumers frequently encounter commercial
information in rapidly changing, algorithmically curated feeds; consequently, immediate
comprehensibility may be particularly important when deciding whether creator content
merits further attention. This interpretation is consistent with previous research on Genera-
tion Z consumers demonstrating the relevance of interesting content, perceived usefulness,
trust, and brand attitude in short-video marketing [6]. However, because age was not tested
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as a moderator, the sample’s age composition provides contextual support rather than
evidence that the clarity–CSV association is stronger among Generation Z respondents.

Willingness to use has the second-largest association, suggesting that attributed value
is related not only to favorable impressions but also to consumers’ readiness to employ
SFV content as an informational or decision-support resource. In the context of the com-
paratively young sample, usability may help consumers distinguish practically valuable
creator content from content that is merely entertaining. Empathy may contribute by
strengthening perceived understanding and relational connection with the creator, thereby
supporting the relational component of CSV. Such relational cues may be particularly
relevant in younger consumers’ social-media environments, where creator interaction,
perceived authenticity, and identification are prominent features of the platform experience.
Nevertheless, empathy’s smaller coefficient indicates a positive but more limited unique
contribution after clarity, willingness to use, similarity, and likability are considered simul-
taneously. These age-related interpretations remain contextual because the study identified
age-group differences in the outcome means but did not test whether age moderates the
structural associations.

The group-difference analyses provide bounded support for H7. Across the 18 om-
nibus ANOVAs, both the CSV indicator mean and the purchase-intention mean differed
significantly by age and followed-influencer count after Holm correction. Mean purchase
intention also differed significantly by social-media-use frequency and daily SFV viewing
time. Effect sizes for the significant findings ranged from η2 = 0.051 to 0.097. Thus, H7 is
partially supported at the level of observed between-group mean differences. These results
indicate heterogeneity in the outcome means but do not establish that demographic or
usage characteristics caused the observed differences. Structural-path heterogeneity was
not examined and is therefore not inferred.

The complementary BI analyses add context without changing the evidential status
of the primary model. Clustering identifies broadly favorable and unfavorable response
profiles but may partly capture general positivity. Sentiment analysis highlights clarity,
practical information, authenticity, and disclosure, alongside distraction and distrust. The
ML models predict the equal-weight CSV indicator mean within the reported split, but the
target differs from the formative PLS score and has not been externally validated.

For BI-supported e-commerce management, the findings offer testable priorities rather
than confirmed optimization rules. Message clarity and consumers’ readiness to en-
gage with and use SFV content merit particular attention. These suggestions should
be tested with campaign experiments, clickstream records, and sales outcomes before
operational deployment.

Several limitations constrain interpretation. The convenience sample was self-selected,
concentrated in Bulgaria, and comparatively young; a response rate and nonresponse bias
estimate were unavailable. All focal constructs were collected from the same respondents
at one time, so common-method variance cannot be ruled out. The H7 ANOVAs retained
original categories, and several infrequent-use or older-age cells were small; the social-
media-frequency result therefore warrants particular caution. Purchase intention is not
actual behavior, platform exposure was not observed, and no independent global CSV item
was available for redundancy validation. Finally, the clustering and ML results require
replication in independent samples.

The obtained results indicate that CSV can be represented as a perception-based
formative composite and that its positive association with purchase intention remains
stable across the reported sensitivity specifications.
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6. Conclusions and Future Research
This study examined the associations among SFV perceptions, CSV, and purchase

intention in a cross-sectional sample of 409 Bulgarian respondents. CSV was measured
using eight indicators covering product/economic, community/social, and relational
contributions associated with short-form video creators.

All five antecedents were positively associated with CSV, which was positively asso-
ciated with purchase intention (β = 0.567). The model explained 69.1% of the variance in
CSV and 32.2% of the variance in purchase intention, while the Q2predict values for PI1
and PI3 were positive. The measurement-model assessment supported the inclusion of
the selected indicators in the reported model. Overall, the findings support the proposed
associations, although the cross-sectional design does not permit causal conclusions.

The Holm-adjusted ANOVAs partially supported H7: age and followed-influencer
count distinguished both outcome means, whereas social-media use frequency and daily
viewing time distinguished purchase intention. These findings concern differences in
observed outcome means; structural-path heterogeneity was not examined.

The paper’s contribution is empirical, measurement-oriented, and BI-relevant rather
than an implementation-ready workflow. It shows how descriptive profiling, formative
structural modeling, segmentation, sentiment analysis, group-difference testing, predic-
tive machine learning, and transparent scoring can convert consumer-response data into
complementary e-commerce insights without treating statistical associations or internal
predictions as causal evidence of campaign effectiveness.

Future studies should include an independent global CSV item for redundancy validity,
compare one- and multidimensional formative specifications, and preregister direct and
mediated paths. Probability-based or more diverse samples, longitudinal designs, field
experiments, and behavioral measures such as watch time, clicks, saves, purchases, and
repeat purchases are needed to assess causality, external validity, and actual commercial
outcomes. Future work should also develop and validate a formal MCDM model that
combines explanatory, predictive, and managerial criteria rather than treating the present
illustrative score as a completed MCDM application.
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