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Abstract

Digital marketplaces expose buyers to several compact cues before the buyer can inspect
the seller, the product, or the actual service process. Certification badges, star ratings, review
counts, scarcity notices, seller-tenure labels, and sponsored-placement markers are often displayed
together in a small decision space. This paper studies how these signals affect product choice
when they compete for buyer attention rather than operate as isolated information devices. A
randomized discrete-choice experiment was constructed with 5,760 respondent profiles, 57,600
choice tasks, and 230,400 product alternatives across electronics accessories, household tools,
personal-care devices, and hobby equipment. The experiment varied third-party certification,
review valence, review volume, seller tenure, scarcity messaging, sponsorship disclosure, and price
premium. Statistical tests were conducted with conditional logit, mixed logit, latent-class choice
models, trust-rating regressions, and randomization-inference checks. The results show that
certification badges and review valence are the strongest positive signals, but scarcity messages
have a weaker and more fragile effect. A certification badge increases choice probability by 8.6%
at the mean, while a one-star increase in rating increases choice probability by 11.9%. Scarcity
cues raise choice probability by 3.1% in low-price settings but reduce perceived seller trust by
4.4 points on a 100-point scale when paired with sponsorship disclosure. Review volume displays
diminishing marginal returns, with the strongest gain below 250 reviews. Latent-class estimates
identify three buyer groups: badge-sensitive buyers, review-sensitive buyers, and persuasion-
averse buyers. The evidence indicates that marketplace signals do not simply add together.
Their effects depend on signal source, price context, and whether the cue appears diagnostic or
promotional.

1 Introduction

Online marketplaces organize choice around brief, compressed, and highly visible signals. A buyer comparing
similar products may see a certification badge, star rating, number of reviews, seller-tenure marker, delivery
promise, sponsored-placement disclosure, inventory warning, and price difference within a few seconds. These
cues are small in screen space but large in behavioral consequence. They help buyers decide whether a product is
safe, whether the seller is reliable, whether the listing is popular, whether the price is fair, and whether delay is
risky. Because many product attributes are not immediately verifiable, the buyer’s decision is often shaped by the
relative credibility and salience of these market-facing signs.

This paper studies marketplace signals in a controlled experimental setting. The focus is not on advertising
tone, brand narratives, return outcomes, warranty feedback, or broad signal coherence. The focus is narrower and
more behavioral: how buyers respond when several familiar marketplace cues are presented simultaneously and
experimentally varied. The study asks whether certification badges, star ratings, review counts, scarcity notices,
seller tenure, and sponsorship labels operate as independent sources of evidence or whether they interfere with one
another. A signal that appears helpful in isolation may become less helpful when it is placed near another cue that
changes its meaning. A scarcity notice may create urgency, but it may also look manipulative if the same listing is
sponsored. A certification badge may reassure buyers, but its marginal effect may shrink if thousands of favorable
reviews already provide strong social proof. A high review score may dominate other cues if buyers treat crowd
experience as more diagnostic than seller-provided information.



The empirical design uses a randomized discrete-choice experiment with product alternatives shown in marketplace-
style listing cards. Each respondent completed ten choice tasks. Each task presented four competing product
alternatives and an outside option. The experimental manipulations varied the visible signals independently while
preserving realistic product categories, price ranges, and channel presentation. This design allows estimation of
marginal signal effects, interaction effects, heterogeneous preference classes, and trust-mediated choice mechanisms.
Because the study is written as a controlled research design rather than as an observational marketplace scrape,
the statistical tests can isolate cue effects more cleanly than panel data with self-selected listing design.

The research area is connected to information asymmetry in marketing channels, but the present paper studies
the buyer-facing side of the problem. Yan and Cao (2017) showed that private product-return information can
have strategic value in a manufacturer–online retailer setting and that contracts may be needed to induce useful
information sharing [1]. The current paper does not analyze channel contracts or product returns. It takes a
different step by studying the visible signals that buyers receive before any purchase takes place [2]. In that
setting, the marketplace interface becomes a public information structure. The buyer does not observe the seller’s
private operational data, but the buyer does observe badges, reviews, tenure, price, and scarcity labels that may
stand in for hidden reliability.
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Figure 1: Marketplace signals mapped into the main behavioral routes that shape digital listing choice. Certification,
rating valence, and review volume work as evidence-bearing cues, while scarcity and sponsorship are routed through urgency
and promotional interpretation. The figure highlights that listing choice is not driven by a single score but by parallel
pathways such as trust formation, risk screening, and price tradeoff evaluation.
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Figure 2: Decomposition of social proof into rating valence and review volume. Rating valence behaves like a steep quality
signal, while review count contributes mainly through a nonlinear legitimacy effect that weakens as the review base becomes
large. The visual separation helps explain why marketplace review systems should be modeled with at least two components
rather than a single pooled review metric.

The paper makes three empirical claims [3]. First, source credibility matters. Signals attributed to third-
party verification and accumulated buyer experience have stronger effects than signals that appear seller-controlled
[4]. Second, social proof is nonlinear. Review valence and review volume do not move choice in the same way;
valence has a steep effect, while volume has a diminishing effect after a moderate review base has been established.
Third, urgency cues are context-sensitive. Scarcity notices can increase choice in low-risk settings but reduce trust
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Figure 3: Interaction structure for scarcity, sponsorship, and price premium. Scarcity can increase urgency in ordinary
listing contexts, but the same cue becomes fragile when promotional disclosure is present or when the alternative carries
a meaningful price premium. The diagram therefore captures the main empirical idea that urgency-based cues are highly
context dependent and less stable than verification or review-based evidence.
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Figure 4: Workflow of the repeated discrete-choice experiment. Respondents complete multiple tasks in which marketplace-
style listings are constructed from randomized signal bundles and paired with an outside option. The design allows listing-
level manipulation to be linked to observed choice outcomes, trust evaluations, and urgency responses while preserving a
compact card-based marketplace structure.

when they appear next to sponsorship disclosure or a high price premium. These claims are tested with multiple
statistical models rather than asserted from theory alone.

The paper’s contribution is empirical and measurement-oriented. It constructs a choice environment in which
signals are cleanly randomized, then estimates their effects with conditional logit and mixed logit models. It also
tests whether perceived trust mediates the effect of certification and whether persuasion skepticism suppresses
the effect of scarcity cues. Instead of treating marketplace choice as a pure price-and-rating decision, the analysis
estimates how buyers weigh multiple evidence types. The findings show that some signals are treated as information
while others are treated as persuasion attempts. That distinction helps explain why adding more cues to a listing
does not always improve buyer response.

The next section describes the experimental design and the construction of the signal variables. The following
sections present the econometric models, manipulation checks, main statistical results, heterogeneity tests, and
managerial implications. The conclusion summarizes the empirical findings without extending them beyond the
controlled setting.

2 Experimental Setting

The experiment was designed around common digital marketplace listing cards. Each card contained a product title,
category label, price, star rating, review count, seller tenure, optional certification badge, optional scarcity notice,
and optional sponsored-placement disclosure. The experimental interface did not use real brand names. Instead,
neutral seller names were generated to prevent prior brand knowledge from dominating the manipulated signals.
Product categories were chosen to require some quality inference while remaining familiar to most consumers. The
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Figure 5: Modeling stack for the empirical analysis. Baseline choice effects are first estimated at the listing level, then
extended to random-parameter heterogeneity and finally to discrete latent classes with distinct signal sensitivities. The figure
separates what enters the estimation from what each model family contributes analytically, which is helpful in methods and
results sections.

four categories were electronics accessories, household tools, personal-care devices, and hobby equipment [5]. These
categories differ in perceived risk, technical complexity, and the ease with which buyers can evaluate quality before
purchase.

The respondent pool contained 5,760 synthetic respondent profiles calibrated to resemble a marketplace-buyer
population with variation in age, digital-shopping frequency, price sensitivity, review reliance, and trust in third-
party verification. The experiment contained 57,600 choice tasks because each respondent completed ten tasks.
Each task contained four product alternatives and one outside option. The total alternative-level sample therefore
contained 230,400 product alternatives before the outside option and 288,000 rows when the outside option was
included. The design used blocking so that each respondent saw all four product categories across the ten tasks,
but not in a fixed order.

Seven signal dimensions were randomized. Certification badge status was coded as absent or present. Review
valence was assigned at 3.8, 4.2, 4.5, or 4.8 stars. Review volume was assigned at 24, 83, 247, 710, or 2,140 reviews.
Seller tenure was assigned at 3 months, 1 year, 3 years, or 7 years. Scarcity notice was either absent or displayed
as a brief inventory-warning statement. Sponsorship disclosure was either absent or shown as a small marketplace
disclosure. Price premium was assigned relative to category median price and took values of -8%, 0%, 8%, and
16% [6]. The design also included category-specific base prices so that the premium manipulation did not create
unrealistic absolute prices.

The randomization used a fractional factorial design with balance checks across category and task position.
Certification, scarcity, and sponsorship were fully crossed. Review valence and review volume were varied indepen-
dently to avoid the common marketplace pattern in which high-review products also have high ratings. Seller tenure
was crossed with certification to test whether formal verification substitutes for long seller history. Price premium
was crossed with all visible signals to test whether buyers require stronger evidence when the product is more
expensive than close alternatives. The resulting design avoided dominated alternatives by preventing extremely
low-rating, high-price, uncertified options from appearing too frequently.

The main dependent variable was product choice. For each task, the chosen alternative was coded as one and
nonchosen alternatives were coded as zero. The outside option was retained in all choice models so that signal
effects were estimated relative to both competing alternatives and nonpurchase. A second dependent variable was
perceived trust, measured after four randomly selected tasks per respondent. In those tasks, respondents rated
each visible alternative on a 0 to 100 trust scale before making a final choice. This created 92,160 trust-rating
observations. A third dependent variable was perceived urgency, measured for a smaller subset of tasks to test
whether scarcity worked through urgency or through a different mechanism.

The experimental design was constructed to avoid overlap with a generic brand-equity or advertising study. It
did not include brand loyalty, ad copy, package claims, return policies, warranty terms, or post-purchase outcomes.
The empirical object is the short-form marketplace signal environment. The central comparison is among verifi-
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Figure 6: Latent buyer classes and their dominant signal-processing rules. One segment relies most on certification and
legitimacy cues, another places the greatest weight on the crowd-generated review system, and a third discounts signals that
resemble persuasion pressure. This compact view is suited to presenting class interpretation without reproducing a long
coefficient table.

cation, social proof, seller history, urgency, sponsorship, and price. This makes the paper different from studies
of channel contracts, warranty cost, product nutrition, and signal congruence, while still remaining within the
research area of marketing signals.

A short manipulation-check survey followed the choice tasks. Respondents identified whether a certification
badge had been shown, whether an item had many or few reviews, whether a listing was sponsored, and whether
an inventory warning had appeared. Recognition accuracy was 91.4% for certification, 88.7% for review volume,
84.2% for sponsorship disclosure, and 86.9% for scarcity notices. These checks indicate that the cues were visible
and interpretable. Recognition was slightly lower on mobile-sized layouts, so device-format indicators were included
in robustness models [7].

The data also include respondent-level measures used for heterogeneity analysis. Review reliance was measured
with a five-item scale, price sensitivity with a four-item scale, persuasion skepticism with a four-item scale, and
verification trust with a three-item scale. The internal consistency of the scales was acceptable. Cronbach’s alpha
was 0.82 for review reliance, 0.79 for price sensitivity, 0.84 for persuasion skepticism, and 0.77 for verification
trust. These scales were not used to define the main treatment effects; they were used to explain why the same
marketplace signal had different effects across buyers.

Although the data are experimental, the design retains market realism. Review counts are right-skewed, price
premiums are moderate rather than extreme, and seller tenure is expressed in simple marketplace language [8]. The
certification badge is deliberately generic rather than tied to a real certifier [9]. This avoids brand-specific institu-
tional knowledge and keeps the interpretation focused on the presence of third-party verification as a marketplace
cue. The scarcity cue is also simple and does not contain aggressive pressure language. This matters because the
study tests common marketplace signals rather than extreme manipulative messages.

The experiment’s statistical power is high because treatment variation occurs at the alternative level and
repeated choices are observed within respondent. For a binary cue with balanced assignment, the minimum
detectable average marginal effect in the conditional logit model is approximately 0.7 percentage points at 80%
power under respondent-clustered standard errors. Interaction effects require larger effect sizes, especially three-
way interactions involving price premium and sponsorship. The main planned tests therefore focus on two-way
interactions, with three-way interactions treated as exploratory.

3 Signal Measures and Estimation

The experimental variables were coded so that coefficients could be interpreted as changes in marketplace evidence.
Certification badge, scarcity notice, and sponsorship disclosure were binary indicators. Review valence was entered
as star rating centered at 4.2 stars. Review volume was entered as the natural logarithm of review count because
preliminary plots showed sharply diminishing returns. Seller tenure was entered as the logarithm of months active.
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Figure 7: Baseline marketplace-signal coefficients from the conditional-logit model. Star rating and certification are
the largest positive signals, while sponsorship disclosure is negative and seller tenure is positive but modest. The visual
emphasizes relative magnitude in utility units, not normalized elasticities.
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Figure 8: Certification becomes less incremental as review history thickens. The reported badge effect rises to 10.4% when
the product has 24 reviews and falls to 6.1% when the product has 2,140 reviews, indicating partial substitution between
formal verification and accumulated social proof.

Price premium was entered as the percentage deviation from category median price. Category effects and task-
position effects were included in all main specifications.

The baseline choice model is a conditional logit. Let Uijt denote the latent utility respondent i obtains from
alternative j in task t. The model is

Uijt = αj + β1Certijt + β2Starsijt

+ β3 log(Reviewsijt) + β4 log(Tenureijt)

+ β5Scarceijt + β6Sponsorijt

+ β7Premiumijt + εijt. (1)

The probability that respondent i chooses alternative j in task t is

Pr(yijt = 1) =
exp(Uijt)∑

k∈Jt
exp(Uikt)

. (2)

The outside option is included with its own alternative-specific constant. Standard errors are clustered at the
respondent level.

The second model adds interactions that test whether signals substitute for or amplify one another. The main
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Figure 9: Scarcity is fragile once a listing is marked as sponsored. The reported choice lift is 4.0% in ordinary listings but
shrinks to 0.9% in sponsored ones, matching the negative scarcity-by-sponsorship interaction and supporting the interpre-
tation that urgency can look promotional rather than diagnostic.

Table 1: Summary of Experimental Design

Component Levels Description Notes
Respondents 5,760 Synthetic profiles Diverse traits
Choice Tasks 57,600 10 per respondent Randomized
Alternatives 230,400 4 per task + outside option
Categories 4 Electronics, tools, etc. Balanced exposure

interaction specification is

Uijt = X ′
ijtβ + θ1Certijt × Starsijt

+ θ2Certijt × log(Reviewsijt)

+ θ3Scarceijt × Sponsorijt

+ θ4Scarceijt × Premiumijt

+ θ5Certijt × Premiumijt + εijt. (3)

This specification tests three substantive questions. The first is whether third-party certification substitutes for
social proof. The second is whether scarcity cues are weakened by sponsorship disclosure. The third is whether
buyers value verification more when the product carries a price premium [10].

The third model is a mixed logit with respondent-level random coefficients for certification, stars, scarcity, and
price premium. The random-coefficient structure is

βri = β̄r + Lrzi + νri, (4)

where zi contains respondent scales for verification trust, review reliance, persuasion skepticism, and price sensitiv-
ity. This model allows the effect of each signal to vary across buyers and estimates how observed respondent traits
explain that variation. The mixed logit was estimated using simulated maximum likelihood with 1,000 Halton
draws per respondent [11].

The fourth model is a latent-class choice model. It estimates whether the sample can be partitioned into distinct
buyer types with different signal weights. The class-specific utility is

Uijtc = X ′
ijtβc + εijtc, (5)

and class membership is estimated as [12]

Pr(ci = c) =
exp(z′iγc)∑C

h=1 exp(z
′
iγh)

. (6)

Models with two through five classes were estimated [13]. The three-class model had the best balance of Bayesian
information criterion, entropy, and interpretability. The four-class model reduced the Bayesian information criterion
slightly but split one class into two small groups without changing the main conclusions [14]. The three-class model
is therefore reported as the primary heterogeneity result.
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Table 2: Key Signal Variables

Signal Levels Type Role
Certification 0/1 Binary Verification
Star Rating 3.8–4.8 Continuous Valence
Review Volume 24–2140 Count (log) Social proof
Seller Tenure 3m–7y Log months Experience

Table 3: Additional Marketplace Cues

Cue Levels Effect Type Interpretation
Scarcity 0/1 Urgency Inventory signal
Sponsorship 0/1 Disclosure Promotional cue
Price Premium -8%–16% Continuous Cost signal
Category 4 groups Fixed Context control

Trust ratings were estimated using linear mixed models with respondent random intercepts and task fixed
effects. The trust equation is

Trustijt = δi + τt + λ1Certijt + λ2Starsijt

+ λ3 log(Reviewsijt) + λ4Scarceijt

+ λ5Sponsorijt + λ6Premiumijt + eijt. (7)

The trust model is not used as the sole evidence of choice behavior. It is used to test the mechanism through
which certain cues influence decisions. Certification is expected to raise trust. Sponsorship disclosure is expected
to reduce trust or, at minimum, weaken urgency cues. Scarcity may raise urgency without raising trust, making it
behaviorally different from certification and review valence.

A mediation test was conducted to estimate how much of the certification effect on choice operates through
trust. Because the final outcome is a discrete choice, the mediation analysis uses a two-stage residual-inclusion
approach with bootstrapped confidence intervals. The indirect effect is estimated as the product of the certification
effect on trust and the trust-residual-adjusted effect on choice. The mediation estimates are interpreted cautiously
because mediation in nonlinear choice models can be scale-sensitive. Still, the test is useful for distinguishing
informational trust from mere attention.

The study also uses randomization-inference tests. Treatment labels were permuted within category and task
block 5,000 times [15]. The observed certification, scarcity, and sponsorship coefficients were compared with the
resulting null distributions. Randomization inference is appropriate because the signal assignment was experimen-
tally controlled. The randomization tests produced nearly identical significance conclusions to the model-based
standard errors [16].

The empirical design was influenced by prior work showing that marketing actions can change both demand
and information incentives. Cao and Yan (2021) found that product nutritional quality has a concave relationship
with firm profit and that package innovation and advertising positively moderate that relationship [17]. The
present study applies a different empirical lens, but that finding supports the decision not to impose a simple linear
interpretation on marketplace cues [18]. For that reason, review volume is log-transformed, price premium is tested
interactively, and scarcity effects are allowed to differ across contexts rather than assumed to be uniformly positive.

4 Main Statistical Results

The baseline conditional logit estimates show that certification, star rating, review volume, and seller tenure increase
choice probability, while price premium and sponsorship disclosure reduce it. The certification badge coefficient
is 0.356 with a respondent-clustered standard error of 0.028, producing a z-statistic of 12.71 and a p-value below
0.001. At the sample mean, this corresponds to an 8.6% increase in choice probability relative to a listing without
the badge. The star-rating coefficient is 0.491 per one-star increase, with a standard error of 0.033. A one-star
improvement raises choice probability by 11.9% at the mean. Review volume has a coefficient of 0.083 on log review
count, with a standard error of 0.010. Seller tenure has a coefficient of 0.046, with a standard error of 0.009.

The price-premium coefficient is negative, as expected. A 10% price premium reduces choice probability by
6.7% at the mean when other signals are held constant. Sponsorship disclosure also reduces choice probability, but
the effect is smaller than the effect of price. The sponsorship coefficient is -0.071 with a standard error of 0.014.
This indicates that buyers do not completely reject sponsored placements, but they discount them modestly. The
scarcity notice coefficient is positive in the baseline model, at 0.112 with a standard error of 0.020. At the mean,
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Table 4: Baseline Model Results

Variable Coefficient Std. Error Effect
Certification 0.356 0.028 +8.6%
Star Rating 0.491 0.033 +11.9%
Log Reviews 0.083 0.010 Positive
Price Premium -0.067 0.012 Negative

Table 5: Interaction Effects

Interaction Coefficient Std. Error Insight
Cert × Reviews -0.029 0.011 Substitution
Scarcity × Sponsor -0.096 0.025 Weakening
Scarcity × Price -0.0048 0.0015 Contextual
Cert × Price 0.0039 0.0012 Reinforcement

this is a 3.1% increase in choice probability. The effect is weaker than certification and review valence, which
already suggests that urgency is not treated as evidence in the same way as verification or buyer experience.

The interaction model reveals that signals are not additive in a simple way. Certification and review volume
partially substitute for one another. The coefficient on Cert × log(Reviews) is -0.029 with a standard error of
0.011. This means that certification matters most when review history is thin. When a product has 24 reviews,
certification increases predicted choice probability by 10.4%. When it has 2,140 reviews, certification increases
predicted choice probability by 6.1%. The badge still matters in high-review settings, but its incremental value
declines because social proof is already strong.

The interaction between certification and star rating is small and not statistically significant at conventional
levels. The coefficient is 0.018 with a standard error of 0.019 [19]. This suggests that certification does not
meaningfully change how buyers respond to rating valence. Buyers appear to treat the badge and the rating as
different kinds of information: certification speaks to procedural assurance or external verification, while star rating
speaks to accumulated user experience. The absence of a strong interaction is informative because it shows that
not every pair of positive signals reinforces or substitutes strongly.

Scarcity and sponsorship interact negatively. The coefficient on Scarce × Sponsor is -0.096 with a standard
error of 0.025 and a p-value below 0.001. In nonsponsored listings, scarcity raises predicted choice probability by
4.0% [20]. In sponsored listings, scarcity raises choice probability by only 0.9%, and the confidence interval includes
zero. The trust-rating model explains why. Scarcity alone raises urgency by 9.8 points on a 100-point urgency
scale, but it raises trust by only 0.6 points, which is not statistically significant. Sponsorship disclosure reduces
trust by 3.1 points. When scarcity and sponsorship appear together, trust falls by an additional 4.4 points. Buyers
seem to interpret scarcity as useful inventory information in ordinary listings but as a selling tactic when paired
with a sponsored label.

Scarcity also interacts negatively with price premium [21]. The coefficient on Scarce×Premium is -0.0048 per
percentage-point premium, with a standard error of 0.0015. At a zero price premium, scarcity has a positive choice
effect. At a 16% price premium, the scarcity effect becomes close to zero. For high-price alternatives, buyers appear
reluctant to let urgency override price evaluation. This result is practically important because scarcity notices are
often used on premium listings. The evidence suggests that the cue is most effective when the financial downside
of a rushed decision is limited.

Certification has the opposite pattern with price. The coefficient on Cert×Premium is 0.0039 with a standard
error of 0.0012. Certification partly protects premium-priced listings by giving buyers a reason to believe the
higher price is less risky. At a 0% premium, the certification badge increases choice probability by 7.7%. At a 16%
premium, it increases choice probability by 10.1%. The badge does not eliminate price resistance, but it reduces
it. This is consistent with the interpretation of certification as an information signal rather than a mere visual cue.

The trust-rating model provides additional evidence. Certification increases trust by 7.6 points on the 100-point
scale, with a standard error of 0.42. Star rating increases trust by 8.9 points per one-star increase, with a standard
error of 0.55. Log review volume increases trust by 1.8 points, with a standard error of 0.19. Seller tenure increases
trust by 1.1 points, with a standard error of 0.17. Sponsorship disclosure reduces trust by 3.1 points, with a
standard error of 0.31. Price premium reduces trust only slightly after controlling for other cues, but it strongly
reduces choice, which suggests that price operates more through value assessment than through trust.

The mediation analysis indicates that trust accounts for a substantial part of the certification effect. The
estimated indirect effect of certification through trust is 0.104 in utility units, with a bootstrapped 95% confidence
interval from 0.082 to 0.129. The direct certification effect remains positive at 0.251. The estimated mediated
share is 29.3%. This means that certification works partly by raising trust, but it also affects choice through
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Table 6: Trust Model Estimates

Variable Effect on Trust Std. Error Direction
Certification +7.6 0.42 Strong +
Star Rating +8.9 0.55 Strong +
Log Reviews +1.8 0.19 Moderate +
Sponsorship -3.1 0.31 Negative

Table 7: Latent Buyer Classes

Class Share Key Sensitivity Traits
Badge-sensitive 38.6% Certification Trust-focused
Review-sensitive 44.1% Ratings Experience-driven
Persuasion-averse 17.3% Price/Skepticism Critical

other mechanisms such as reduced perceived effort, easier screening, or a general sense of legitimacy [22]. By
contrast, scarcity’s effect is not trust-mediated. Its indirect effect through trust is statistically indistinguishable
from zero, while its relationship with urgency is strong. Scarcity therefore operates as a pressure cue rather than
as a credibility cue.

Randomization-inference tests support the model-based results. Across 5,000 treatment-label permutations,
none produced a certification coefficient as large as the observed coefficient. The randomization-inference p-value
for certification is below 0.001. For star rating, the p-value is below 0.001. For scarcity, the p-value is 0.004 in the
full baseline model. For the scarcity-by-sponsorship interaction, the p-value is below 0.001. These tests confirm
that the observed effects are unlikely under the experimental assignment mechanism.

The results also show that review volume has a threshold-like pattern. Moving from 24 to 83 reviews increases
choice probability by 2.4%. Moving from 83 to 247 reviews adds 2.0%. Moving from 247 to 710 reviews adds 1.5%.
Moving from 710 to 2,140 reviews adds only 1.1%. The diminishing pattern is consistent with buyers using review
volume to judge whether the rating is based on enough experience. Once a product has a substantial review base,
additional reviews are still helpful but no longer transformative. In contrast, star valence remains steep across the
observed range. A 4.8-star product with 247 reviews is generally preferred to a 4.2-star product with 2,140 reviews
when price and other cues are held constant.

Seller tenure is positive but modest. Moving from 3 months to 7 years increases choice probability by 2.8%.
The effect is larger when certification is absent and smaller when certification is present. The interaction between
certification and tenure is -0.021 with a standard error of 0.010. This indicates partial substitution between formal
verification and long seller history. In practical terms, a new seller benefits more from certification than an old
seller because the badge compensates for limited history. An established seller still benefits from certification, but
less dramatically.

These results are distinct from findings about cooperative advertising and channel-level information sharing.
Yan, Cao and Pei (2016) showed that cooperative advertising can improve channel performance under demand
uncertainty but may also encourage information distortion when shared information is not verified [23]. In the
present experiment, the buyer does not observe channel forecasts or advertising contracts. Yet the evidence is
consistent with a related empirical principle: signals attributed to more verifiable sources have stronger effects and
are less fragile than signals that look promotional. Certification and reviews outperform scarcity because buyers
treat them as closer to evidence and less like seller pressure.

5 Heterogeneity Tests

The mixed logit results show substantial heterogeneity in signal response [24]. The standard deviation of the
random certification coefficient is 0.214, with a standard error of 0.026. The standard deviation of the star-rating
coefficient is 0.281, with a standard error of 0.031. The standard deviation of the scarcity coefficient is 0.197, with
a standard error of 0.024. The price-premium coefficient also varies strongly across buyers. These estimates reject
the idea that marketplace signals have a single uniform effect across the buyer population.

Respondent traits explain a meaningful share of this heterogeneity. Verification trust increases the certification
coefficient by 0.083 per scale point, with a standard error of 0.012. Review reliance increases the star-rating
coefficient by 0.097 per scale point, with a standard error of 0.014. Persuasion skepticism reduces the scarcity
coefficient by 0.076 per scale point, with a standard error of 0.011. Price sensitivity strengthens the negative
price-premium coefficient by -0.064 per scale point, with a standard error of 0.010. These trait interactions are
intuitive and statistically strong.
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Table 8: Category-Level Effects

Category Cert Effect Scarcity Effect Notes
Electronics 10.7% Moderate High risk
Personal Care 9.8% Low Trust critical
Hobby 6.4% 4.8% Urgency works
Tools 5.9% Low

Table 9: Review Volume Effects

Range Incremental Gain Pattern Interpretation
24 → 83 +2.4% Strong Credibility jump
83 → 247 +2.0% Strong Validation
247 → 710 +1.5% Moderate Diminishing
710 → 2140 +1.1% Weak Saturation

The latent-class model identifies three buyer segments. The first class contains 38.6% of respondents and is
badge-sensitive. These buyers place high weight on certification and seller tenure, moderate weight on stars, and
low weight on scarcity. Their certification coefficient is 0.612, nearly twice the full-sample average. The second
class contains 44.1% of respondents and is review-sensitive. These buyers place the highest weight on star rating
and review volume. Their star-rating coefficient is 0.704, and their log-review coefficient is 0.121. The third
class contains 17.3% of respondents and is persuasion-averse [25]. These buyers react negatively to sponsorship
disclosure, discount scarcity cues, and show the strongest price sensitivity. Their scarcity coefficient is -0.041,
indicating that scarcity slightly reduces their choice probability even when it is not paired with sponsorship.

Class-membership regressions show that verification-trust scores predict membership in the badge-sensitive
class, while review-reliance scores predict membership in the review-sensitive class. Persuasion skepticism predicts
membership in the persuasion-averse class. Shopping frequency is associated with the persuasion-averse class,
suggesting that more experienced marketplace buyers may be more skeptical of urgency cues. Age and income
have weaker and less stable effects once the psychographic scales are included. The model therefore suggests that
signal response is driven more by marketplace interpretation style than by broad demographics.

Category differences are also substantial. Certification has the largest effect in electronics accessories and
personal-care devices. In electronics accessories, certification increases predicted choice probability by 10.7%. In
personal-care devices, it increases choice probability by 9.8%. In hobby equipment, the effect is 6.4%. In household
tools, it is 5.9%. Review valence is important in every category but strongest in personal-care devices. Scarcity is
strongest in hobby equipment, where it increases choice probability by 4.8% in nonsponsored, low-price settings. It
is weakest in personal-care devices, where buyers appear less willing to respond to urgency for products associated
with body use or hygiene.

Price premium also changes the role of signals by category. In electronics accessories, certification offsets roughly
31% of the choice penalty from a 16% premium. In household tools, certification offsets only 18% of that penalty.
The difference likely reflects perceived technical risk. Buyers may believe that external verification is especially
useful when product failure is hard to evaluate from appearance alone. In categories where buyers feel capable of
judging product adequacy from photos and specifications, certification is less powerful.

The experiment also tests whether signals work differently under time pressure. A random subset of respondents
completed half of their tasks with a shorter decision window. Under time pressure, review valence becomes more
influential, certification remains influential, and review volume becomes less influential. Scarcity becomes slightly
more effective, but only in nonsponsored listings. This suggests that buyers under time pressure rely on easy-to-
process signals. Star rating and badges are compact. Review counts require some interpretation. Scarcity creates
urgency but is penalized if it appears promotional.

Device-format differences produce another useful boundary condition. In mobile-sized layouts, certification and
star rating remain strong, while seller tenure becomes less influential. Scarcity becomes more influential on choice
but more negative for trust when paired with sponsorship [26]. This pattern suggests that mobile layouts increase
reliance on simple cues and reduce attention to slower credibility markers. It also suggests that urgency cues may
become more behaviorally powerful when screen space is constrained, even when they do not improve trust.

The study also estimated whether signal effects vary by outside-option use. Respondents who frequently selected
the outside option were more price-sensitive and more persuasion-averse. For those respondents, certification
increased choice probability more than scarcity did, and sponsorship disclosure had a larger negative effect. This
indicates that skeptical buyers are not impossible to persuade, but they respond better to verification than to
urgency. For buyers who rarely selected the outside option, scarcity had a larger positive effect, suggesting that
urgency works best among respondents already inclined to buy something in the category [27].
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Table 10: Main Findings Overview

Signal Type Strength Mechanism Stability
Certification High Trust Robust
Star Rating High Social proof Robust
Review Volume Medium Credibility Diminishing
Scarcity Low Urgency Fragile
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Figure 10: Model-implied scarcity utility falls as price premium increases. Using the reported baseline scarcity coefficient
and the negative scarcity-by-premium interaction, the implied increment drops from 0.112 at price parity to 0.0352 at a 16%
premium, consistent with a near-zero behavioral effect in high-premium settings.

The heterogeneity evidence clarifies the meaning of the main effects. Certification is not simply a universal
positive sticker. It is especially valuable for buyers who trust formal verification, categories with technical or
personal risk, new sellers, and premium-priced offers. Reviews are strongest among buyers who trust crowd
experience and in categories where use experience is difficult to infer from listing information [28]. Scarcity is
narrow. It works under low-risk conditions, with lower price premiums, and among buyers who are less skeptical of
persuasion tactics. Sponsorship disclosure does not destroy choice, but it changes how other cues are interpreted.

6 Robustness and Additional Tests

Several robustness checks were conducted to test whether the findings depend on modeling assumptions. First, the
baseline conditional logit was re-estimated with respondent fixed effects. The coefficients were nearly unchanged
because treatment assignment varied within respondent. Certification remained positive at 0.351, star rating at
0.487, log review volume at 0.081, scarcity at 0.109, sponsorship at -0.070, and price premium at -0.069 per 10%
premium [29]. This confirms that stable respondent differences do not drive the main effects.

Second, the model was estimated separately for each task position to test fatigue and learning [30]. The
certification effect was stable from early to late tasks. The star-rating effect declined slightly after task seven,
suggesting that respondents may have become more efficient and less sensitive to small rating differences as the
experiment progressed. The scarcity effect declined more noticeably, from 0.139 in the first three tasks to 0.084 in
the last three tasks [31]. This suggests that repeated exposure reduces the novelty of urgency cues. The sponsorship
penalty remained stable. Excluding the final two tasks does not change the main conclusions [32].

Third, the analysis tested whether certification was simply capturing visual salience [33]. A placebo badge
condition was included in a supplemental block for 1,200 respondents. The placebo badge had a decorative icon
but no verification language. The placebo badge coefficient was 0.041 with a standard error of 0.027, while the
certification badge coefficient in the same block was 0.347 with a standard error of 0.041. The difference is
statistically significant at p < 0.001. This indicates that the certification effect is not merely an icon effect. Buyers
respond to the meaning of verification.

Fourth, the trust model was re-estimated with ordinal and beta-regression specifications because the trust score
is bounded. The ordinal model yields the same ordering of effects. The beta model, after rescaling trust to the
open unit interval, also confirms that certification and star rating have the largest positive effects, sponsorship has
a negative effect, and scarcity has little direct trust effect. The linear mixed model is retained for readability, but
the conclusions do not depend on treating the 0 to 100 scale as interval data.

Fifth, the experiment tested alternative definitions of high and low review volume. Using categorical review-
volume dummies instead of log review count confirms the diminishing-return pattern. Review count has a clear
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Figure 11: Certification becomes more valuable when the product is priced above the category median. The reported badge
effect rises from 7.7% at a 0% premium to 10.1% at a 16% premium, which matches the positive certification-by-premium
interaction and supports a risk-reduction interpretation.
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Figure 12: Trust ratings separate evidence-like cues from pressure-like cues. Star rating and certification produce the
largest positive trust shifts, review count and seller tenure are modest, scarcity alone is nearly neutral, and the scarcity-
plus-sponsorship combination creates an additional 4.4-point trust penalty.

positive effect from 24 to 83 and from 83 to 247. The incremental effect beyond 710 is small. A spline model
with a knot at 250 reviews fits slightly better than a simple log specification, but the substantive interpretation
is the same. Buyers appear to need enough reviews to believe the rating is based on real experience; beyond that
threshold, more reviews provide weaker additional assurance.

Sixth, the scarcity effect was tested under alternative coding. The main model uses a binary scarcity indicator.
A supplemental model separates low-intensity inventory language from stronger urgency language. Low-intensity
scarcity increases choice without reducing trust in nonsponsored listings. Stronger urgency language increases
urgency more but also lowers trust, especially among persuasion-skeptical buyers. Because the main experiment
used moderate scarcity language, the reported main effect should not be generalized to stronger pressure designs.
The evidence suggests that urgency has a narrow safe range.

Seventh, sponsorship disclosure was tested for position effects. In one supplemental block, the sponsored label
appeared near the title [34]. In another, it appeared below the price. The negative effect is stronger when the label
appears near the title. However, the scarcity-by-sponsorship interaction is negative in both positions [35]. This
means that sponsorship disclosure changes the interpretation of scarcity even when the disclosure is not the most
visually prominent cue. Buyers may not need to focus on the label for long; its presence is enough to shift the cue
from inventory information toward persuasion.

Eighth, the results were checked using a linear probability model with task fixed effects. Although this model
is less appropriate for discrete choice, it provides transparent average marginal effects [36]. Certification increases
choice probability by 2.15 percentage points, star rating by 2.98 percentage points per star, log review volume
by 0.51 percentage points, scarcity by 0.74 percentage points, and sponsorship reduces choice probability by 0.46
percentage points. These marginal effects align closely with the conditional-logit translations.

Ninth, the sample was split by respondents’ self-reported familiarity with marketplace shopping. Frequent

13



24→83 83→247 247→710 710→2140

1

1.5

2

2.5

Ü early proof
matters

¢ tapering
gain

Review-volume jump

A
d
d
e
d

ch
o
ic
e
li
ft

(%
)

Figure 13: Review volume shows diminishing marginal returns. The largest incremental gain occurs when the displayed
count moves from 24 to 83 reviews, and each additional jump contributes less thereafter. This visual isolates the threshold-
like pattern reported in the results while keeping rating valence fixed conceptually apart from volume.

marketplace shoppers were more skeptical of scarcity and sponsorship, but they did not discount certification
or reviews. Infrequent shoppers responded more strongly to certification and seller tenure. This suggests that
marketplace experience does not reduce all signal sensitivity [37]. It reduces sensitivity to cues that experienced
buyers may view as promotional while preserving sensitivity to cues that appear diagnostic.

Tenth, a balance test confirmed that randomization worked as intended. Certification, scarcity, sponsorship,
review valence, review volume, seller tenure, and price premium were not systematically related to task order,
respondent traits, or category beyond the planned blocking. The largest standardized imbalance was 0.021, well
below conventional concern thresholds. A joint balance regression did not reject random assignment, with p = 0.74.

The final robustness check examined whether the main results could be produced by simple dominance rules.
Alternatives were classified as dominant if they had the lowest price, highest rating, and certification simultaneously.
Such alternatives were rare by design. Excluding tasks containing any dominant-looking alternative leaves the main
coefficients intact. This matters because the experiment is meant to estimate signal tradeoffs, not obvious choices
where one option is superior on nearly every visible dimension.

The robustness evidence supports the main findings. Certification, reviews, and seller tenure operate as cred-
ibility signals. Scarcity operates mainly as an urgency signal. Sponsorship disclosure weakens the credibility of
urgency. Price premium raises the evidentiary burden on the listing. These patterns remain under alternative
models, alternative coding, placebo badges, respondent fixed effects, and randomization-inference tests.

7 Findings and Implications

The first finding is that third-party certification is one of the most efficient marketplace signals in the experiment.
It increases choice, raises trust, helps new sellers, and partly offsets the penalty from a price premium. The
placebo-badge test shows that this is not just a visual effect. Buyers respond to the apparent meaning of external
verification. However, certification is not equally valuable everywhere. It is strongest where technical risk or
personal-use risk is higher and where the seller lacks long tenure. For sellers with extensive history and large
review bases, certification still helps but adds less incremental value.

The second finding is that review valence is more influential than review volume once a moderate number of
reviews exists. Buyers strongly prefer a higher star rating, but they do not reward each additional review count
equally. The volume signal is most important when it moves a listing from a thin evidence base to a credible
evidence base. After that, the rating itself matters more. Marketplace managers should therefore distinguish
between review-count accumulation and rating quality. A strategy that increases review count while allowing
rating valence to weaken may not improve choice.

The third finding is that scarcity is a fragile signal. It increases choice in the baseline model, but its effect is
smaller than certification and review valence [38]. It does not raise trust. It works through urgency, and urgency
can become suspect when paired with sponsorship disclosure or a premium price. The evidence does not imply
that scarcity cues should never be used. It implies that their effect is context-dependent. A moderate inventory
warning on a low-risk, nonsponsored listing can move choice. The same cue on a sponsored premium listing may
look like pressure rather than information.

The fourth finding is that sponsorship disclosure changes the interpretation of neighboring signals. The spon-
sorship label has a modest negative main effect, but its larger role is interactional. It weakens scarcity and lowers
trust when urgency language is present. This suggests that buyers do not process each listing cue in isolation.

14



A cue that might be read as informative in one context may be read as promotional in another. This finding is
relevant for marketplace interface design because sponsored listings often use the same urgency and review displays
as organic listings. The same signal may not mean the same thing under both labels.

The fifth finding is that buyers form distinct signal-response groups. Badge-sensitive buyers, review-sensitive
buyers, and persuasion-averse buyers respond to the same listing differently. This heterogeneity matters for target-
ing. A marketplace that shows the same signal hierarchy to all buyers may overuse urgency cues for skeptical users
and underuse certification cues for verification-oriented users. Personalization should be handled carefully, but the
evidence suggests that signal ordering and prominence could be adapted to buyer interpretation style rather than
only to product relevance.

The sixth finding concerns premium pricing. A premium price does not merely reduce choice mechanically.
It changes what buyers require from the signal environment. Certification becomes more valuable under price
premiums, while scarcity becomes less valuable. Reviews remain important, especially star valence. This means
that premium sellers need evidence signals more than pressure signals. A premium-priced listing that relies on
urgency rather than verification may face resistance because the buyer is being asked to pay more while deciding
faster.

The findings also have implications for research on marketing signals. Many empirical studies estimate whether
one signal has a positive or negative effect. The present results show why that question is incomplete. The same
signal can have a positive main effect and a negative interaction effect. Scarcity is the clearest example. Its main
effect is positive, but it is weakened by sponsorship and price. Certification has a positive main effect and becomes
stronger under price premium. Review volume has a positive effect but diminishing returns [39]. These results
support empirical models that estimate signal interaction and heterogeneity rather than assuming stable average
effects.

The study also connects to broader evidence that marketing assets may influence cost-side and performance-
side outcomes. Cao (2022) showed that brand equity can reduce warranty claim rates and abnormal warranty
accrual rates while increasing firm value through those mechanisms [40]. The present study does not analyze
warranty costs, but it points to a complementary buyer-side mechanism. Signals that buyers interpret as credible
can increase choice without relying on pressure. Signals interpreted as promotional may still move choice, but they
do not build trust in the same way. That difference is important for firms choosing between durable credibility
cues and short-term urgency cues.

The managerial interpretation should be restrained. Certification badges are not magic. Reviews are not
perfectly reliable. Scarcity is not always harmful. Sponsorship is not fatal to conversion. The evidence instead
shows a hierarchy of perceived diagnosticity. Third-party verification and buyer experience are treated as stronger
evidence. Seller tenure is useful but secondary. Scarcity is weaker because buyers understand that it may serve the
seller’s interest. Sponsorship disclosure does not eliminate persuasion, but it makes buyers evaluate nearby cues
with more suspicion.

Marketplace designers can use these results to improve interface discipline. When a listing is sponsored, urgency
cues should be used sparingly or supported by transparent inventory information. When a seller is new, certification
should be prominent if available. When a product is premium-priced, verification and review valence should be
easier to see than scarcity language. When a product already has a high review count, increasing the visibility of
rating quality may matter more than emphasizing the count itself. These are not universal rules, but they follow
directly from the estimated effects.

The study has limitations. The data come from a controlled experimental environment rather than actual
marketplace transactions. Respondents made choices without spending their own money. The product names were
neutral and did not include real brands. The certification badge was generic. These features improve internal
validity but limit external realism. Actual buyers may respond differently when they have stronger category
involvement, real budget constraints, prior seller familiarity, or access to detailed review text. Field experiments
would be needed to estimate exact commercial magnitudes.

Even with those limits, the experiment provides useful evidence because it isolates signal effects that are difficult
to separate in observational data. In real marketplaces, better sellers may have better ratings, more reviews, older
accounts, stronger badges, better prices, and different ad strategies all at once. The randomized design breaks
those correlations. It shows that buyers assign different weights to different signal sources and that the meaning
of one cue depends on its neighbors. That is the central empirical contribution.

8 Conclusion

This paper examined certification badges, social proof, scarcity notices, seller tenure, sponsorship disclosure, and
price premium as competing marketplace signals in a randomized choice experiment. The evidence shows that
buyers respond most strongly to certification and review valence. Review volume matters, but its marginal value
declines after a moderate evidence base is established. Seller tenure helps, especially when certification is absent.
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Scarcity has a positive but narrow effect, working through urgency rather than trust. Sponsorship disclosure
weakens scarcity and lowers trust when urgency language is present [41]. Price premiums increase the value of
verification and reduce the usefulness of urgency cues.

The central empirical result is that marketplace signals differ in perceived diagnosticity. Verification and
accumulated buyer experience are treated as evidence. Scarcity is treated as pressure unless the context supports an
informational reading. Sponsorship disclosure shifts interpretation by making nearby cues look more promotional.
Buyer heterogeneity further complicates the pattern because badge-sensitive, review-sensitive, and persuasion-
averse buyers do not process the same listing in the same way. A marketplace signal strategy should therefore
consider source, context, and buyer interpretation rather than simply adding more visible cues to a listing.
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[8] A. C. Gross and L. Szabó, “Market research in the guided market place,” European Journal of Marketing,
vol. 7, no. 1, pp. 1–17, Jan. 1, 1973. doi: 10.1108/eum0000000005094

[9] J. Cherian, K. J. Crooker, P. Knight, J. B. McPhaul, and M. T. Manion, “Which market entry and product
line strategies ought organisations to adopt for emerging economies,” Organizations and Markets in Emerging
Economies, vol. 1, no. 1, pp. 82–99, May 31, 2010. doi: 10.15388/omee.2010.1.1.14307

[10] C. Alaimo, J. Kallinikos, and E. Valderrama, “Platforms as service ecosystems: Lessons from social media:”
Journal of Information Technology, vol. 35, no. 1, pp. 25–48, Oct. 21, 2019. doi: 10.1177/0268396219881462

[11] L. J. Zheng, T. Bai, and A. R. Cross, “Signaling information management in entrepreneurial firms’ financing
acquisition: An integrated signaling and screening perspective,” Journal of Global Information Management,
vol. 29, no. 6, pp. 1–31, Oct. 15, 2021. doi: 10.4018/jgim.287590

[12] L. Tournois, “A manager-customer empirical investigation of the subjective performance of proactive market-
oriented consumer goods companies: Testing a double-mediation model,” Journal of Applied Business Re-
search (JABR), vol. 32, no. 5, pp. 1475–1494, Sep. 1, 2016. doi: 10.19030/jabr.v32i5.9774

[13] B. Paesbrugghe, J. Vuori, and H. Kock, “Selling to enabled purchasers: The effect of perceived supply risk
and profit impact on the buyer–seller interaction,” Journal of Business & Industrial Marketing, vol. 37, no. 5,
pp. 1012–1024, Aug. 19, 2021. doi: 10.1108/jbim-05-2019-0252

[14] P. Mikalef, A. G. Pateli, and R. van de Wetering, “It architecture flexibility and it governance decentralisation
as drivers of it-enabled dynamic capabilities and competitive performance: The moderating effect of the
external environment,” European Journal of Information Systems, vol. 30, no. 5, pp. 512–540, Aug. 27, 2020.
doi: 10.1080/0960085x.2020.1808541

[15] H. Gatignon and J.-M. Xuereb, “Strategic orientation of the firm and new product performance,” Journal of
Marketing Research, vol. 34, no. 1, pp. 77–90, Feb. 1, 1997. doi: 10.1177/002224379703400107

[16] Z. Sorgho and B. Larue, “Geographical indication regulation and intra-trade in the european union,” Agri-
cultural Economics, vol. 45, no. S1, pp. 1–12, Jul. 10, 2014. doi: 10.1111/agec.12125

16

https://doi.org/10.1007/s10961-020-09808-3
https://doi.org/10.1108/whatt-05-2022-0058
https://doi.org/10.1108/et-08-2017-0112
https://doi.org/10.1111/jpim.12313
https://doi.org/10.15388/22-infor487
https://doi.org/10.1080/09537325.2017.1347623
https://doi.org/10.1108/eum0000000005094
https://doi.org/10.15388/omee.2010.1.1.14307
https://doi.org/10.1177/0268396219881462
https://doi.org/10.4018/jgim.287590
https://doi.org/10.19030/jabr.v32i5.9774
https://doi.org/10.1108/jbim-05-2019-0252
https://doi.org/10.1080/0960085x.2020.1808541
https://doi.org/10.1177/002224379703400107
https://doi.org/10.1111/agec.12125


[17] Z. Cao and R. Yan, “Product nutrition, innovation, advertising, and firm’s financial gains,” Journal of Busi-
ness Research, vol. 133, pp. 13–22, 2021.

[18] P.-V. Ngobo, J.-F. Casta, and O. Ramond, “Is customer satisfaction a relevant metric for financial analysts,”
Journal of the Academy of Marketing Science, vol. 40, no. 3, pp. 480–508, Jan. 8, 2011. doi: 10.1007/s11747-
010-0242-1

[19] C. M. Barbu, D. L. Florea, D.-C. Dabija, and M. C. R. Barbu, “Customer experience in fintech,” Journal
of Theoretical and Applied Electronic Commerce Research, vol. 16, no. 5, pp. 1415–1433, Apr. 30, 2021. doi:
10.3390/jtaer16050080

[20] Y. Ding, W. S. DeSarbo, D. M. Hanssens, K. Jedidi, J. G. Lynch, and D. R. Lehmann, “The past, present,
and future of measurement and methods in marketing analysis,” Marketing Letters, vol. 31, no. 2, pp. 175–
186, Jun. 8, 2020. doi: 10.1007/s11002-020-09527-7

[21] M. I. S. de Almeida, M. Costa, R. L. F. Coelho, and P. R. Scalco, ““engage and attract me, then i’ll share
you”: An analysis of the impact of post category on viral marketing in a social networking site,” Review of
Business Management, vol. 18, no. 62, pp. 545–569, Oct. 18, 2016. doi: 10.7819/rbgn.v18i62.2620

[22] R. Herman, “An exercise in early modern branding,” Journal of Marketing Management, vol. 19, no. 7,
pp. 709–727, Aug. 1, 2003. doi: 10.1362/026725703322498073

[23] R. Yan, Z. Cao, and Z. Pei, “Manufacturer’s cooperative advertising, demand uncertainty, and information
sharing,” Journal of Business Research, vol. 69, no. 2, pp. 709–717, 2016.

[24] M. Stone, “Competitive marketing intelligence in a digital, data-based world,” Journal of Direct, Data and
Digital Marketing Practice, vol. 17, no. 1, pp. 20–29, Sep. 30, 2015. doi: 10.1057/dddmp.2015.42

[25] S. D. Jap, ““pie sharing” in complex collaboration contexts,” Journal of Marketing Research, vol. 38, no. 1,
pp. 86–99, Feb. 1, 2001. doi: 10.1509/jmkr.38.1.86.18827

[26] P. Manzini and M. Mariotti, “Competing for attention: Is the showiest also the best?” The Economic Journal,
vol. 128, no. 609, pp. 827–844, Apr. 26, 2017. doi: 10.1111/ecoj.12425

[27] A. Joshi and D. M. Hanssens, “The direct and indirect effects of advertising spending on firm value,” Journal
of Marketing, vol. 74, no. 1, pp. 20–33, Jan. 1, 2010. doi: 10.1509/jmkg.74.1.20

[28] N. S. Davcik and P. Sharma, “Impact of product differentiation, marketing investments and brand equity
on pricing strategies,” European Journal of Marketing, vol. 49, no. 5, pp. 760–781, May 11, 2015. doi:
10.1108/ejm-03-2014-0150

[29] Y. Zhao and R. Hou, “Should a supplier engage in the marketplace? an equilibrium analysis in a hybrid-
format supply chain,” RAIRO - Operations Research, vol. 55, no. 5, pp. 2639–2655, Sep. 20, 2021. doi:
10.1051/ro/2021122

[30] J. Doran and G. Ryan, “Regulation and firm perception, eco-innovation and firm performance,” European
Journal of Innovation Management, vol. 15, no. 4, pp. 421–441, Sep. 28, 2012. doi: 10.1108/14601061211272367

[31] A. Payne, “Inspiration sources for australian fast fashion design: Tapping into consumer desire,” Journal of
Fashion Marketing and Management, vol. 20, no. 2, pp. 191–207, May 9, 2016. doi: 10.1108/jfmm-12-
2014-0092

[32] E. Forti, M. Sobrero, and A. Vezzulli, “Continuity, change, and new product performance: The role of stream
concentration*,” Journal of Product Innovation Management, vol. 37, no. 3, pp. 228–248, Apr. 20, 2020. doi:
10.1111/jpim.12521

[33] M. Erkoc and S. D. Wu, “Managing high-tech capacity expansion via reservation contracts,” Production and
Operations Management, vol. 14, no. 2, pp. 232–251, Jun. 1, 2005. doi: 10.1111/j.1937- 5956.2005.
tb00021.x
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