Web Appendix III. Robustness Checks (Study 2)

We conducted thirteen robustness checks. Results of the first twelve tests are displayed at the end of this appendix. First, we explored the possibility of curvilinear effects. The table below shows that none of the quadratic terms were significant, indicating linear effects of crowd size, product adoption, and customer satisfaction.

[bookmark: _Hlk139425334]Second, all examined projects in this study were successfully crowdfunded. However, as Study 1 showed, entrepreneurs may launch unsuccessfully funded products. Our sample did not capture this possibility, which may result in sample-induced endogeneity. As such, we adopted Heckman’s two-stage correction procedures to address this issue. We adopted a matching sample of failed crowdfunding projects and chose two factors as exclusion restrictions: (1) the number of reward tiers and (2) whether a project was featured on the crowdfunding website. Both factors were related to the stage-one outcome (p<.01). We built a probit model (0=failed; 1=succeeded) at stage one and reexamined hypotheses related to the crowdfunding-commercialization link at stage two: direct effects (H1 and H2) and moderation effects (H5 and H6). The findings remained consistent.

Third, cases with zero reviews were removed for the hypothesis testing. One may ask whether this created a selection bias because the number of ratings was used to measure product adoption, and zero reviews may imply the least adoption. To address this issue, we added cases with zero reviews to the sample and retested the hypotheses associated with product adoption: H1, H3, and H5. Out of all zero-review cases, seven met every criterion used in the data-cleaning process (see Data Collection). We added them to the original sample. Since the log function did not apply to zero, the value of one was added before the log transformation. The new sample, which contained zero-review cases, yielded consistent findings, minimizing the concern for the selection bias. 

Fourth, entrepreneurs sometimes offer symbolic “thank you” rather than actual products to backers who pledge a small amount (e.g., $1). Also, entrepreneurs may offer “low-value” items (e.g., t-shirts with the brand logo) rather than the crowdfunded product as a reward. One may argue that those backers are less engaged and have a lesser effect on mainstream consumers. Accordingly, we collected data about reward tiers in each crowdfunding campaign and recalculated crowd size by removing the backer groups who received “thank you” and “low-value” items. The results based on the modified independent variable remained consistent.

Fifth, we adopted the number of ratings to measure product adoption. An alternative measure to indicate the popularity of a product is sales rank. We collected this information at Time 1 and used the sales rank under each Amazon subcategory (same as the control variable competition). Not all products had the subcategory rank reported on Amazon at the time of data collection, but we were able to identify 195 valid cases. Since the competition under each subcategory was substantially different, the sales rank was a relative term. Thus, we computed a score by dividing the sale rank by the number of products listed in each subcategory and then log-transformed it for normality. First, we found this variable was significantly correlated with the number of ratings (r=-.29, p<.01). We then used this variable as an alternative measure for product adoption, retested all Time-1 hypotheses, and found consistent results. The coefficient for this variable was negative because the higher the rank, the less popular the product was. 

Sixth, in the original model testing, we were unable to control for pledge amount due to high multicollinearity (VIF>15). To address this issue, we created a new control variable, the ratio of pledge amount (=pledge amount/funding goal), which resolved the multicollinearity issue. We used this ratio to replace the funding goal (original control variable) and retested all hypotheses. The findings remained consistent at both Time 1 and Time 2.

Seventh, our sample included projects from both Kickstarter and Indiegogo. While Kickstarter adopted an all-or-nothing model (must reach the goal to obtain backers’ pledges), Indiegogo allowed project creators to choose between all-or-nothing or keep-it-all (flexible goal). The options on Indiegogo may be a confounding factor. As such, we retested all hypotheses by using only the Kickstarter subsample (ntime1=159; ntime2=156). The findings remained consistent.

[bookmark: _Hlk135586346]Eighth, this sample included products with one or more reviews. One can argue that only a few reviews may not reflect overall customer satisfaction. To address this issue, we adopted a subsample (25 percentile), which represented the top 75% of cases with the most reviews, for hypothesis testing. The average number of reviews was 200.77 at Time 1 (n=159) and 269.95 at Time 2 (n=155). This subsample led to consistent results. 

Ninth, this research examines time to market, which may be determined by entrepreneurs’ decisions to wait until the holiday season to introduce their new products. To determine whether or not this timing of entry has a confounding effect, we removed products launched within three weeks, respectively, before Christmas Eve and Black Friday, two major holiday shopping seasons. Results based on those modified samples remained consistent at Time 1 (n=191) and Time 2 (n=186). One week and two weeks were also used as criteria for modifying the sample. Results remained consistent. In the table below, we reported results based on the three-week criterion.

[bookmark: _Hlk135525619][bookmark: _Hlk139425487]Tenth, the sample in this study contained books. This product category differs from others because its innovativeness is embedded in its experiential elements (e.g., story) rather than the book itself. In addition, books tend to have a longer product life cycle, as compared to other categories in our sample, which may potentially affect the survival rate. Indeed, Table 6 shows the likelihood of survival of books was significantly higher at Time 1 (b=1.54, p<.05), and it was marginally significant at Time 2 (b=1.40, p<.10). Furthermore, we did not find any differences between the three other categories. To rule out alternative explanations, we removed books from the sample and then retested all hypotheses with the remaining cases (ntime1=181; ntime2=177). The table below shows consistent findings. 

[bookmark: _Hlk210738155][bookmark: _Hlk135931687]Eleventh, our data contained blockbuster crowdfunding campaigns (i.e., had a disproportionately large backer crowd). Since we suggested that crowd size could potentially worsen product quality and thus customer satisfaction, one could argue that those blockbuster projects may lead to a greater quality concern. If so, the effect of crowd size on customer satisfaction could have been inflated in the full sample. To investigate this issue, we identified 25 outliers in the data (i.e., they had disproportionately high numbers of backers) and removed them to retest hypotheses (ntime1=186; ntime2=183). Results remained consistent, and we did not observe a significant drop in the coefficients for the crowd-satisfaction relationship, suggesting that the effect of crowd size was linear.

Twelfth, while this research showcases a relationship between crowdfunding and commercialization, entrepreneurs at times employ the crowdfunding outcome as a signal to attract additional investors (e.g., venture capitalists) (Colombo and Shafi, 2021), and the crowdfunding and commercial success may eventually lead to an acquisition of the entrepreneurial firm. In this regard, commercialization may not be the sole purpose of crowdfunding. To address this issue, we collected acquisition and financial information from Crunchbase, a widely adopted database about startups. We identified 145 firms (ntime1=145; ntime2=140) from this database that matched our sample. Using information from Crunchbase, we created two new control variables: (1) acquisition (0=no; 1=yes); (2) subsequent funding (i.e., funds obtained after the crowdfunding campaign). We retested all hypotheses with the 145 cases and the two new control variables. The results remained consistent.

Last, while in this study we controlled for product category, which captured category heterogeneity, product complexity in the sample varied even within a given category. A complex product, as compared to a simpler one, is likely to influence customer preferences and have more manufacturing issues that affect product quality. In this regard, it is meaningful to examine whether or not product heterogeneity alters the relationships between crowd size and commercialization performance. We adopted the funding goal and price as proxies for product complexity. A higher funding goal suggests that more resources are needed for product development and production, and entrepreneurs are more likely to encounter unexpected operational complexities in large projects. In addition, our sample contained only entrepreneurial products from small ventures rather than luxury goods or established products, whose prices often involved sophisticated branding strategies. Thus, the price for the examined products was likely to be cost-driven, to a large degree. Since cost reflects the complexities involved in the development and manufacturing of a product, price serves as an indicator of product complexity. We used the funding goal and price, respectively, as moderators and found that neither altered the effects in H1 and H2 at Time 1 and Time 2 (ps=.44 to .99). Furthermore, product heterogeneity is related to product life cycle. For example, complex products tend to be riskier, which can potentially shorten their product life cycles. As such, we tested the moderation effects of the funding goal and price on the relationships between product adoption/customer satisfaction on product survival and did not find significant results (ps=.16 to .96). In summary, these findings strengthen our conclusion about the effects of crowd size on commercialization.


Results of Robustness Checks
	[bookmark: _Hlk139327114]Robustness Check
	H1
	
	H2
	
	H3
	
	H4
	
	H5
	
	H6

	
	Time 1
	Time 2
	
	Time 1
	Time 2
	
	Time 1
	Time 2
	
	Time 1
	Time 2
	
	Time 1
	Time 2
	
	Time 1
	Time 2

	Curvilinear
	n.s.
	n.s.
	
	n.s.
	n.s.
	
	n.s.
	n.s.
	
	n.s.
	n.s.
	
	n/a
	n/a
	
	n.s.
	n.s.

	Heckman correction
	b=.59
p<.01
	b=.64
p<.01
	
	b=-.16
p<.01
	b=-.15
p<.01
	
	n/a
	n/a
	
	n/a
	n/a
	
	n.s.
	n.s.
	
	b=-.11
p<.01
	b=-.10
p<.01

	Zero reviews
	b=.58
p<.01
	b=.65
p<.01
	
	n/a
	n/a
	
	IE=.24
95% CI = [.10, .49]
	IE=.38
95% CI = [.19, .72]
	
	n/a
	n/a
	
	n.s.
	n.s.
	
	n/a
	n/a

	No “thank you” & “low-value” items
	b=.56
p<.01
	b=.62
p<.01
	
	b=-.14
p<.01
	b=-.14
p<.01
	
	IE=.25
95% CI = [.12, .51]
	IE=.31
95% CI = [.15, .63]
	
	IE=-.13
95% CI =
[-.36,-.03]
	IE=-.11
95% CI =
[-.35,-.01]
	
	n.s.
	n.s.
	
	b=-.11
p<.01
	b=-.10
p<.01

	Sales ranks
	b=-.63
p<.01
	n/a
	
	b=-.15
p<.01
	n/a
	
	IE=.26
95% CI = [.08, .65]
	n/a
	
	IE=-.14
95% CI =
[-.39,-.03]
	n/a
	
	n.s.
	n.s.
	
	b=-.08
p<.05
	n/a

	Ratio of pledge amount
	b=.66
p<.01
	b=.68
p<.01
	
	b=-.13
p<.01
	b=-.11
p<.05
	
	IE=.27
95% CI = [.10,.60]
	IE=.35
95% CI = [.17, .69]
	
	IE=-.15
95% CI =
[-.33,-.03]
	IE=-.13
95% CI =
[-.12,-.004]
	
	n.s.
	n.s.
	
	b=-.11
p<.01

	b=-.10
p<.01


	Kickstarter only
	b=.58
p<.01
	b=.66
p<.01
	
	b=-.16
p<.01
	b=-.16
p<.01
	
	IE=.24
95% CI = [.07, .63]
	IE=.32
95% CI = [.13, .80]
	
	IE=-.22
95% CI =
[-.62,-.05]
	IE=-.23
95% CI =
[-.66,-.04]
	
	n.s.
	n.s.
	
	b=-.12
p<.05
	b=-.13
p<.05

	25 percentile

	b=.39
p<.01
	b=.47
p<.01
	
	b=-.10
p<.05
	b=-.10
p<.05
	
	IE=.28
95% CI = [.13, .69]
	IE=.42
95% CI = [.21,1.01]
	
	IE=-.18
95% CI =
[-.48,-.03]
	IE=-.22
95% CI =
[-.69,-.05]
	
	n.s.

	n.s.

	
	b=-.10
p<.05
	b=-.09
p<.05

	No holiday season
	b=.54
p<.01
	b=.60
p<.01
	
	b=-.16
p<.01
	b=-.15
p<.01
	
	IE=.26
95% CI = [.12, .56]
	IE=.37
95% CI = [.18, .75]
	
	IE=-.18
95% CI =
[-.47,-.04]
	IE=-.18
95% CI =
[-.47,-.05]
	
	n.s.
	n.s.
	
	b=-.11
p<.05
	b=-.09
p<.05


	No book
	b=.58
p<.01
	b=.65
p<.01
	
	b=-.15
p<.01
	b=-.14
p<.01
	
	IE=.27
95% CI = [.12, .58]
	IE=.36
95% CI = [.17, .76]
	
	IE=-.18
95% CI =
[-.52,-.02]
	IE=-.18
95% CI =
[-.48,-.02]
	
	n.s.
	n.s.
	
	b=-.12
p<.01

	b=-.11
p<.05


	No blockbuster projects
	b=.53
p<.01
	b=.61
p<.01
	
	b=-.19
p<.01
	b=-.16
p<.01
	
	IE=.24
95% CI = [.08, .57]
	IE=.37
95% CI = [.17, .80]
	
	IE=-.22
95% CI =
[-.61,-.02]
	IE=-.20
95% CI =
[-.60,-.01]
	
	n.s.
	n.s.
	
	b=-.11
p<.05

	b=-.12
p<.05


	Acquisition & funding
	b=.49
p<.01
	b=.57
p<.01
	
	b=-.16
p<.01
	b=-.15
p<.05
	
	IE=.19
95% CI = [.02, .67]
	IE=.33
95% CI = [.12, 1.05]
	
	IE=-.19
95% CI =
[-.64,-.01]
	IE=-.20
95% CI =
[-.72,-.01]
	
	n.s.
	n.s.
	
	b=-.12
p<.05

	b=-.11
p<.05



[bookmark: _Hlk135525733]b=coefficient for linear term; bq=coefficient for quadratic term; IE=indirect effect; IEq=indirect effect for quadratic term; CI=confidence interval; n.s.=not significant; n/a= not applicable
