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Table IA-1. Some Vendors Providing “Purchasing Glassdoor Reviews”

This table lists some examples of vendors that offer services for purchasing Glassdoor reviews. Importantly, we do not imply that the firms in our testing sample actually use a vendor to purchase Glassdoor reviews or that any of these vendors on the list are used by our sample firms. We compile the list in Panel A using the keywords “purchase,” “Glassdoor,” and “reviews” on Google in 2020. To ensure accessibility, we retrieve each weblink from the Wayback Machine (http://wayback.archive.org/). In Panel B, we include some quotations that we retrieved from vendors’ statements. Example 1 is retrieved from Review Express, and Example 2 is retrieved from The Review Care.

	Name
	Website

	Accfarm
	https://web.archive.org/web/20210613150946/https://accfarm.com/buy-positive-reviews/glassdoor-reviews

	Buy Review Now
	https://web.archive.org/web/20220214232806/https://buyreviewnow.com/product/buy-glassdoor-reviews/

	Get Reviews
	https://web.archive.org/web/20211028070547/https://getreviews.buzz/products/buy-glassdoor-reviews/

	Review Express
	https://web.archive.org/web/20201019152251/https://reviewexpress.net/product/glassdoor-reviews/

	The Smm Expert
	https://web.archive.org/web/20231205084442/https://smmboosters.com/product/buy-glassdoor-reviews/

	The Review Care
	https://web.archive.org/web/20240415171627/https://thereviewcare.com/product/buy-glassdoor-reviews/

	Woorke
	https://web.archive.org/web/20210928215412/https://woorke.com/buy/glassdoor-reviews/






A1. The Validation Test of the Review-Performance Sensitivity Design
We provide some evidence on whether our review-performance sensitivity design can capture the quality of reviews or potential review management. Specifically, one can categorize reviews as suspicious when their quantity abnormally increases compared to those in surrounding months. This time-series approach was first employed by The Wall Street Journal to highlight the potential review management (Winkler and Fuller 2019) and has been used by prior research (e.g., Dube and Zhu 2021; Sockin et al. 2024). We adopt the time-series approach as a benchmark and provide more confidence in the validity of our design. We categorize our sample into five groups based on the ratio of Emp Offense to Positive Reviews (i.e., Emp Offense / Positive Reviews). A lower ratio indicates a higher proportion of positive reviews relative to employment-related offenses, corresponding to a lower review-performance sensitivity. In our review-performance sensitivity design, this is interpreted as indicative of lower review quality or greater potential for workplace information management. We next build upon the work of Dube and Zhu (2021) and label firm-years with suspicious reviews if they experience at least one sudden increase in reviews in a given year. Figure IA-1 shows that the sample identified with suspicious reviews is concentrated in the group with the lowest ratio of Emp Offense to Positive Reviews. This observation holds across all measures of Emp Offense. In sum, this finding supports our assumption that the relation between employment-related offenses and positive reviews can reflect the quality of positive reviews.
We acknowledge that this time-series approach could have limitations. First, the identification of suspicious reviews depends on the criteria used to define an “abnormal increase.” Second, the time-series patterns may reflect economic events rather than information management (e.g., deHaan et al. 2023). Moreover, this approach overlooks cross-sectional variation in firms’ motivations to manage reviews. As a result, the time-series approach could disproportionately highlight the most extreme cases of review management (Type II error) or mistakenly classify firms without review management as suspicious (Type I error). Consistent with this conjecture, on the one hand, only approximately 13% of the firms in the group with the lowest ratio of Emp Offense to Positive Reviews are labeled as suspicious, and this figure further drops to about 3% in the group with the highest ratio. On the other hand, some firms in the highest ratio group, which are not expected to be classified as suspicious, are still identified as such. Although our review-performance sensitivity design also has limitations, we believe it can help address these issues.


[bookmark: _Hlk188141242]Fig. IA-1 The Distribution of Suspicious Reviews Based on the Time-Series Approach



This figure depicts the distribution of suspicious reviews based on the time-series approach across different offense-to-review-ratio groups. The vertical axis plots the proportion of firm-years with suspicious reviews to the total number of firm-years in the group. The horizontal axis stands for five offense-to-review-ratio groups. Specifically, we categorize our sample into five groups based on the ratios of Emp Offense to Positive Reviews, where Group 1 contains firm-years with the lowest ratios of Emp Offense to Positive Reviews and Group 5 comprises firm-years with the highest ratios. We classify a firm-year to have suspicious reviews if its review count in a month of the year is three standard deviations larger than the average monthly count in the past three months, with the monthly number of reviews in that year no less than 10 and an average overall rating greater than or equal to 4. Emp Offense represents either Emp Violate or Emp Penalty. See Appendix B for variable definitions. To prevent zero values in our calculations, we add a value of 1 to both Emp Offense and Positive Reviews when computing the ratio.


A2. Alternative Measures of Labor Market Competition
We construct our main measure of labor market competition by focusing on the extent to which firms compete for similar talent within the same local areas. We acknowledge, however, that this approach does not cover all aspects of labor market competition. We next incorporate other dimensions of competition, specifically, labor demand and labor supply, into the labor market competition measure. Empirically, after constructing an occupation demand vector in which each element corresponds to a specific occupation for each firm-year-MSA, we adjust the occupation vectors for labor demand and supply, respectively. 
To incorporate the quantities demanded by a firm into the competition measure, we adjust the occupation vector for labor demand by assigning each element a value equal to the number of job postings that the firm issues for that occupation in the MSA over a year. By doing so, we incorporate the labor demand size into these elements, thereby giving greater weight to occupations with higher demand (i.e., more job postings). Similar to our calculation of Labor Mkt Compt, we use the adjusted occupation vectors to compute pair-wise similarities between a firm and other firms with job postings in its headquarters MSA. We then average all of the pair-wise similarity values into the firm-specific labor market competition and transform it into deciles to obtain the labor market competition measure adjusted for labor demand size (from 1 to 10). The results, presented in Panel A of Table IA-2, show that our results continue to hold using the alternative competition measure adjusted for labor demand size.
Like the labor demand, the size of the labor supply is an important contributor to labor market competition. Therefore, we adopt two methods to adjust for the level of the labor supply. The procedure resembles the one adjusted for labor demand, except for the first step in calculating the adjusted occupation demand vectors. In the first method, we calculate the number of individuals for each occupation within each MSA and year based on the online résumé database Revelio Labs. Within each MSA and year, we sort all of the occupations into deciles based on the number of individuals in each occupation. Thus, the magnitude of the decile rank corresponds to the labor supply size for the occupation. After constructing an occupation demand vector for a firm-year-MSA in which each element corresponds to a specific occupation, we scale the value of each element in the occupation vector by the decile rank of the corresponding occupation in the MSA-year group. This scaling assigns less weight to occupations in the vector with more labor supply. 
In the second method, we construct another competition measure in which we use the number of skills required by job postings as a proxy for the size of the labor supply based on the assumption that more skills required corresponds to less labor supply. Specifically, within each MSA and year, we sort all of the occupations into deciles based on the average number of skills required. In constructing the occupation vector, we calculate the adjusted occupation demand vectors by multiplying the values of each element in the vector by the decile rank of the average number of skills required for the occupation to give greater weight to occupations with more skill requirements. The results, presented in Panel B and Panel C of Table IA-2, continue to hold using the labor market competition measures adjusted for labor supply size. 
Lastly, we acknowledge the concern that, if a firm is hiring very specific and scarce talent for which the local demand is low (e.g., an innovative firm in the microchip industry is seeking engineers with very specific skills), our measure misstate that the firm faces extremely low competition. To examine whether this potential bias drives our results, we remove such “low-demand-low-supply” occupations as a robustness check. Specifically, in constructing the competition measure, we remove MSA-occupation groups in which both demand (i.e., the number of job posts for a certain occupation) and supply (i.e., the number of individuals in a certain occupation) belong to the lowest quintile of their distributions in a year. The results, presented in Panel D in Table IA-2, show that our findings remain unchanged.
Overall, these robustness tests alleviate the concern that our inference is driven by a focus on the similarity dimension without consideration of other dimensions of labor market competition. We continue to employ the unadjusted measure in our baseline analysis. 

Table IA-2. Alternative Measures of Labor Market Competition

[bookmark: _Hlk171640061]This table reports the results using the alternative measures of labor market competition. Panel A uses the competition measure adjusted by labor demand size (Labor Mkt Compt Demand). Panel B uses the competition adjusted by labor supply size (Labor Mkt Compt Supply). Panel C uses the competition measure adjusted by skills required (Labor Mkt Compt Skill). Panel D uses the competition measure after excluding jobs with low demand and supply (Labor Mkt Compt Excl LowDS). See the notes of the specific panel for the definition of each alternative labor market competition measure, and Appendix B for other variable definitions. The sample sizes in Panel D differ from those in the baseline analysis because Labor Mkt Compt Excl LowDS is not available for all observations. We include but do not report firm fixed effects and year fixed effects. Standard errors are clustered at the firm level. ***, **, and * indicate statistical significance at the 0.01, 0.05, and 0.10 levels, respectively, based on two-tailed tests.

Panel A. Adjust for Demand Size
	 
	(1)
	(2)

	Dependent Variable =
	Emp Violate
	Emp Penalty

	
	
	

	Labor Mkt Compt Demand × Positive Reviews
	0.002*
	0.004*

	
	(1.69)
	(1.90)

	Labor Mkt Compt Demand
	-0.005
	-0.011*

	
	(-1.37)
	(-1.72)

	Positive Reviews
	-0.012*
	-0.022**

	
	(-1.86)
	(-2.19)

	Num Employers
	0.026
	0.049

	
	(1.00)
	(1.07)

	Unemployment 
	0.002
	0.004

	
	(0.66)
	(0.98)

	Labor Size
	-0.109**
	-0.118*

	
	(-2.40)
	(-1.68)

	GDP
	0.080**
	0.064

	
	(2.20)
	(1.12)

	Num Product Peers
	0.005
	0.005

	
	(1.19)
	(0.63)

	Size
	0.025***
	0.041***

	
	(4.40)
	(4.72)

	Lev
	-0.014
	-0.033

	
	(-0.83)
	(-1.32)

	Loss
	0.006
	0.010

	
	(1.12)
	(1.10)

	Growth
	-0.006*
	-0.009

	
	(-1.82)
	(-1.57)

	
	
	

	Firm FE
	√
	√

	Year FE
	√
	√

	N
	10,328
	10,328

	Adj. R2
	0.443
	0.444


Note: Labor Mkt Compt Demand is the decile rank of firm-specific labor market competition (adjusted for labor demand size) in the MSA of a firm’s headquarters in year t-1. The decile rank, ranging from [1, 10], is created by ranking labor market competition (adjusted for labor demand size) into deciles by MSA. We calculate labor market competition (adjusted for labor demand size) as follows: First, for each firm-year-MSA, we construct an occupation demand vector where each element corresponds to a specific occupation. We adjust the occupation vector for labor demand by assigning the element a value equal to the number of job postings that a firm posts for this occupation in this MSA in a year, giving greater weight to occupations with more demand. Using the weighted occupation demand vectors from the above, we compute pair-wise similarities by calculating cosine similarities for each firm-year between the firm’s occupation demand vector in its headquarters MSA and other firms with job postings in the same MSA. We then average all the pair-wise similarity values for a firm with other firms in its headquarters MSA for a given year.

Table IA-2 (Cont’d)

Panel B. Adjust for Supply Size
	 
	(1)
	(2)

	Dependent Variable =
	Emp Violate
	Emp Penalty

	
	
	

	Labor Mkt Compt Supply × Positive Reviews
	0.002*
	0.004*

	
	(1.68)
	(1.92)

	Labor Mkt Compt Supply
	-0.006*
	-0.012**

	
	(-1.72)
	(-2.09)

	Positive Reviews
	-0.011*
	-0.020**

	
	(-1.93)
	(-2.31)

	Num Employers
	0.027
	0.050

	
	(1.04)
	(1.10)

	Unemployment 
	0.002
	0.004

	
	(0.63)
	(0.94)

	Labor Size
	-0.105**
	-0.114

	
	(-2.31)
	(-1.60)

	GDP
	0.077**
	0.060

	
	(2.10)
	(1.05)

	Num Product Peers
	0.006
	0.005

	
	(1.23)
	(0.65)

	Size
	0.025***
	0.042***

	
	(4.43)
	(4.76)

	Lev
	-0.014
	-0.035

	
	(-0.86)
	(-1.35)

	Loss
	0.006
	0.009

	
	(1.10)
	(1.07)

	Growth
	-0.006*
	-0.008

	
	(-1.76)
	(-1.51)

	
	
	

	Firm FE
	√
	√

	Year FE
	√
	√

	N
	10,328
	10,328

	Adj. R2
	0.443
	0.444


Note: Labor Mkt Compt Supply is the decile rank of firm-specific labor market competition (adjusted for labor supply) in the MSA of a firm’s headquarters in year t-1. The decile rank, ranging from [1, 10], is created by ranking labor market competition (adjusted for labor supply size) into deciles by MSA. We calculate labor market competition (adjusted for labor supply size) as follows: First, we calculate the number of individuals for each occupation in each MSA and year based on the online résumé database Revelio Labs. Second, within each MSA and year, we sort all occupations into deciles based on the number of individuals in the MSA-year group. Third, for each firm-year-MSA, we construct an occupation demand vector where each element corresponds to a specific occupation. This element is assigned a value of one if the firm issues a job posting for that occupation in the given year and zero otherwise. Fourth, we scale the values in the occupation vector by the decile rank of the number of individuals in the occupation, giving greater weight to occupations with less supply. Next, using the weighted occupation demand vectors from the above, we compute pair-wise similarities by calculating cosine similarities for each firm-year between the firm’s occupation demand vector in its headquarters MSA and other firms with job postings in the same MSA. We then average all the pair-wise similarity values for a firm with other firms in its headquarters MSA for a given year. 



Table IA-2 (Cont’d)

Panel C. Adjust for Skills Required
	 
	(1)
	(2)

	Dependent Variable =
	Emp Violate
	Emp Penalty

	
	
	

	Labor Mkt Compt Skills × Positive Reviews
	0.004***
	0.006***

	
	(2.60)
	(2.77)

	Labor Mkt Compt Skills
	-0.010**
	-0.018***

	
	(-2.47)
	(-2.78)

	Positive Reviews
	-0.017***
	-0.029***

	
	(-2.99)
	(-3.37)

	Num Employers
	0.028
	0.052

	
	(1.06)
	(1.13)

	Unemployment 
	0.002
	0.004

	
	(0.68)
	(1.00)

	Labor Size
	-0.108**
	-0.116

	
	(-2.37)
	(-1.64)

	GDP
	0.078**
	0.062

	
	(2.15)
	(1.08)

	Num Product Peers
	0.005
	0.005

	
	(1.19)
	(0.63)

	Size
	0.025***
	0.042***

	
	(4.36)
	(4.72)

	Lev
	-0.014
	-0.034

	
	(-0.82)
	(-1.32)

	Loss
	0.006
	0.009

	
	(1.10)
	(1.07)

	Growth
	-0.006*
	-0.008

	
	(-1.75)
	(-1.50)

	
	
	

	Firm FE
	√
	√

	Year FE
	√
	√

	N
	10,328
	10,328

	Adj. R2
	0.443
	0.444


Note: Labor Mkt Compt Skills is the decile rank of firm-specific labor market competition (adjusted for skills required) in the MSA of a firm’s headquarters in year t-1. The decile rank, ranging from [1, 10], is created by ranking labor market competition (adjusted for skills required) into deciles by MSA. We calculate labor market competition adjusted for skill requirements as follows: First, we calculate the average number of skills required in the job postings for each occupation in each MSA and year. Second, within each MSA and year, we sort all the occupations into deciles based on the average number of skills required. Third, for each firm-year-MSA, we construct an occupation demand vector where each element corresponds to a specific occupation. This element is assigned a value of one if the firm issues a job posting for that occupation in the given year, and zero otherwise. Fourth, we multiply the values in the occupation vector by the decile rank of the average number of skills required for the occupation, giving greater weight to occupations with more skills required. Next, using the weighted occupation demand vectors from the above, we compute pair-wise similarities by calculating cosine similarities for each firm-year between the firm’s occupation demand vector in its headquarters MSA and other firms with job postings in the same MSA. We then average all the pair-wise similarity values for a firm with other firms in its headquarters MSA for a given year.



Table IA-2 (Cont’d)

Panel D. Exclude Jobs with Low Demand and Supply
	 
	(1)
	(2)

	Dependent Variable =
	Emp Violate
	Emp Penalty

	
	
	

	Labor Mkt Compt Excl LowDS × Positive Reviews
	0.003**
	0.006***

	
	(2.45)
	(2.70)

	Labor Mkt Compt Excl LowDS
	-0.010**
	-0.019***

	
	(-2.27)
	(-2.72)

	Positive Reviews
	-0.017***
	-0.029***

	
	(-2.84)
	(-3.28)

	Num Employers
	0.028
	0.052

	
	(1.07)
	(1.14)

	Unemployment 
	0.002
	0.004

	
	(0.68)
	(0.99)

	Labor Size
	-0.108**
	-0.115

	
	(-2.37)
	(-1.63)

	GDP
	0.079**
	0.061

	
	(2.15)
	(1.06)

	Num Product Peers
	0.005
	0.005

	
	(1.19)
	(0.63)

	Size
	0.025***
	0.042***

	
	(4.35)
	(4.76)

	Lev
	-0.014
	-0.034

	
	(-0.82)
	(-1.32)

	Loss
	0.006
	0.009

	
	(1.10)
	(1.08)

	Growth
	-0.006*
	-0.008

	
	(-1.77)
	(-1.53)

	
	
	

	Firm FE
	√
	√

	Year FE
	√
	√

	Observations
	10,324
	10,324

	Adj. R2
	0.443
	0.444


Note: Labor Mkt Compt Excl LowDS is the decile rank of firm-specific labor market competition (excluding jobs with low demand and supply) in the MSA of a firm’s headquarters in year t-1. The decile rank, ranging from [1, 10], is created by ranking labor market competition (excluding jobs with low demand and supply) into deciles by MSA. We calculate labor market competition (excluding jobs with low demand and supply) as the same procedure as that of Labor Mkt Compt, except that we remove occupations with low demand and supply. First, for each MSA and year, we calculate the number of job postings obtained from Burning Glass (demand) and individuals available on the online résumé database of Revelio Labs (supply) for each occupation. Second, we sort all occupations in an MSA-year group into quintiles based on their demand and supply, respectively. Third, we remove job postings whose occupation-MSA group is in the lowest quintile of both demand and supply. We construct the competition measure using the remaining job postings. We then calculate the labor market competition measure as follows: First, for each firm-year-MSA, we construct an occupation demand vector where each element corresponds to a specific occupation. This element is assigned a value of one if the firm issues a job posting for that occupation in the given year. Second, using the occupation demand vectors obtained from the above, we compute pair-wise similarities by calculating cosine similarities for each firm-year between the firm’s occupation demand vector in its headquarters MSA and other firms with job postings in the same MSA. Lastly, we average all the pair-wise similarity values for a firm with other firms in its headquarters MSA for a given year. 


A3. The Effect of Labor Demand and Supply
Although adjusting for the size of labor demand and supply in constructing the labor market competition does not affect our inference, we examine how these factors influence the strength of a firm’s incentives to compete for talent through workplace information management. Specifically, recruiting more new employees within a specific timeframe can yield greater benefits since information management can achieve a scale effect in promoting a firm’s positive image. In addition, in markets in which the labor supply is limited and the competition for similar talent is intense, firms may need to enhance their reputations to a greater extent to attract scarce workers. Therefore, we expect our baseline effect to strengthen when a firm has a higher labor demand or faces a lower labor supply in its local market.
Empirically, we calculate the number of job postings by a firm within its headquarters MSA over a year to quantify their labor demand (Num Postings) and then partition the sample based on the median value of Num Postings. The high group consists of firms experiencing a larger labor demand, while the low group includes those with a smaller labor demand. Panel A of Table IA-3 reports the results. We find that the coefficient on the interaction term between Labor Mkt Compt and Positive Reviews is significantly positive for the group of firms with high labor demand and significantly greater than the coefficient on the low labor demand group across both specifications. 
To assess the labor supply, we calculate Num Talent as the average decile-ranked number of employees for each major occupation group for which a firm has job postings in its headquarters MSA over a year. We then partition the sample based on the median value of Num Talent. The high (low) group thus contains firms facing a larger (smaller) local labor supply. As Panel B of Table IA-3 shows, the coefficient on Labor Mkt Compt × Positive Reviews is significantly positive in the low group and larger than that in the high group across all of the specifications. 


Table IA-3. Cross-Sectional Tests: Labor Demand and Supply

[bookmark: _Hlk169449032]This table reports the cross-sectional results, conditional on labor demand in Panel A and labor supply in Panel B. In Panel A, we partition the sample based on the median value of the variable representing a firm’s labor demand size (Num Postings). Num Postings is defined as the number of total job postings of a firm in its headquarters MSA in year t-1. In Panel B, we partition the sample based on the median value of the variable representing a firm’s local labor supply size (Num Talent). Num Talent is defined as the average decile-ranked number of employees with online résumés for each major occupation group that a firm has job postings in its headquarters MSA in year t-1. The sample sizes differ from those in the baseline analysis because the partition variables are not available for all observations. See Appendix B for other variable definitions. We include but do not report control variables in Eq. 2, firm fixed effects, and year fixed effects. Standard errors are clustered at the firm level. ***, **, and * indicate statistical significance at the 0.01, 0.05, and 0.10 levels, respectively, based on two-tailed tests. We compare the coefficient of Labor Mkt Compt × Positive Reviews between high and low groups using Fisher’s Permutation test with bootstrapping, where p-values are based on one-tailed levels of significance because of our directional prediction regarding the tests. 

Panel A. Labor Demand
	 
	(1)
	(2)
	(3)
	(4)

	Dependent Variable =
	Emp Violate
	Emp Penalty

	Partition Variable = Num Postings
	Low
	High
	Low
	High

	 
	
	
	
	

	Labor Mkt Compt × Positive Reviews
	0.000
	0.007**
	-0.000
	0.013**

	
	(0.13)
	(2.20)
	(-0.24)
	(2.45)

	p-value of the tests on High – Low
	<0.01
	<0.01

	
	
	
	
	

	Labor Mkt Compt
	0.001
	-0.024**
	0.001
	-0.045***

	
	(0.18)
	(-2.46)
	(0.27)
	(-2.70)

	Positive Reviews
	-0.002
	-0.055**
	-0.002
	-0.097***

	
	(-0.37)
	(-2.47)
	(-0.33)
	(-2.58)

	
	
	
	
	

	Control Variables
	√
	√
	√
	√

	Firm FE
	√
	√
	√
	√

	Year FE
	√
	√
	√
	√

	N
	5,048
	5,024
	5,048
	5,024

	Adj. R2
	0.420
	0.462
	0.428
	0.459



Panel B. Labor Supply
	 
	(1)
	(2)
	(3)
	(4)

	Dependent Variable =
	Emp Violate
	Emp Penalty

	Partition Variable = Num Talent
	Low
	High
	Low
	High

	 
	
	
	
	

	Labor Mkt Compt × Positive Reviews
	0.008***
	-0.000
	0.014***
	-0.000

	
	(2.74)
	(-0.12)
	(3.10)
	(-0.12)

	p-value of the tests on Low - High
	<0.01
	<0.01

	
	
	
	
	

	Labor Mkt Compt
	-0.021***
	0.001
	-0.041***
	-0.000

	
	(-2.63)
	(0.19)
	(-3.06)
	(-0.07)

	Positive Reviews
	-0.037***
	-0.000
	-0.066***
	0.000

	
	(-3.59)
	(-0.03)
	(-4.03)
	(0.02)

	
	
	
	
	

	Control Variables
	√
	√
	√
	√

	Firm FE
	√
	√
	√
	√

	Year FE
	√
	√
	√
	√

	N
	4,915
	4,958
	4,915
	4,958

	Adj. R2
	0.449
	0.395
	0.442
	0.396




A4. Propensity-Score Matching
We follow Armstrong et al. (2010) and use a matched-pair design to further alleviate the concern that our baseline results are driven by systematic differences among firms with different levels of labor market competition. Specifically, our matched-pair design consists of four steps. First, we estimate an ordered logistic propensity-score model, which estimates the probability that a company experiences a certain level of labor market competition in a year. Second, we form matched pairs by identifying firm-pairs with the smallest differences in propensity scores but the greatest differences in labor market competition. Third, we examine the covariate balance between the treatment and control samples. Lastly, we re-estimate multivariate regression in Eq. 2 using the matched sample.
First, we estimate the following ordered logistic propensity-score model: 
	Labor Mkt Compt
	=
	β1 + β2Num Employers + β3Unemployment + β4Labor Size 
+ β5GDP + β6Num Product Peers + β7Size + β8Lev 
+ β9Loss + β10Growth + ε,
	

(IA.1)


where all variables are defined as in Eq. 2. To improve the matching, we convert all continuous covariates in Eq. IA.1 to deciles (i.e., 1 through 10). We obtain the propensity score for each observation according to the estimation of Eq. IA.1.
Next we construct matched pairs based on the propensity score. Since we use decile ranks of labor market competition instead of binary variables in defining our treatment, matching becomes an optimization problem of minimizing a function of the aggregate distances between the propensity scores of the matched pairs (Armstrong et al. 2010). We follow the approach used by Lu et al. (2001) to minimize the aggregate distances of matched firm-pairs by minimizing the difference between their propensity scores and maximizing the difference between their labor market competition levels. Specifically, for each firm pair, we calculate the following distance metric:
	

	

(IA.2)


where Pscore denotes the propensity score computed from Eq. IA.1, δ denotes Labor Mkt Compt, and i and j denote individual observations. 
We then use a nonbipartite matching algorithm suggested by Derigs (1981) to identify the minimum sum of pairwise distances across all possible permutations, , for i ≠ j. For each matched firm-pair, the one with higher Labor Mkt Compt is labeled as the treatment observation, and the other with lower Labor Mkt Compt is labeled as the control observation.[footnoteRef:1] The distribution of matched pairs according to their pair-wise labor market competition incentives is presented in Panel A of Table IA-4. The columns report the number of treatment observations by values of Labor Mkt Compt, while the rows report the number of control counterparts. [1:  Following Armstrong et al. (2010), we match the sample without replacement.] 

Table IA-4, Panel B reports the means of the treatment and control groups along with the p-values for t-tests of the matching sample and those of the sample without matching. To facilitate the comparison, we partition the sample without matching by the median of the raw value of labor market competition as the benchmark to evaluate the matching effectiveness. We find seven out of nine dimensions are statistically different at conventional levels before matching. However, the number of covariates that are statistically different between treatment and control groups reduces to 1 in the matching sample. For that remaining dimension, the difference remains statistically significant, but its magnitude shrinks after matching. Overall, these results suggest that the matching increases the covariate balance between the treatment and the control sample.
Finally, we use the matched sample and re-estimate Eq. 2 by replacing Labor Mkt Compt with Treat, an indicator variable equal to one for observations classified as the treatment group in the nonbipartite matching procedure as above and zero otherwise. As shown in Panel C Table IA-4, the coefficient on Treat × Positive Reviews is positive and significant across all the specifications, suggesting that our main inferences remain the same using the matched sample.


Table IA-4. Propensity-Score Matching

This table reports the results of propensity-score matching. The propensity score is estimated based on an ordered logistic propensity-score model. We form a matched firm-pair by minimizing the difference between the propensity scores of two firms and maximizing the difference between their levels of labor market competition (Labor Mkt Compt). Panel A reports the distribution of matched firm-pairs according to their levels of Labor Mkt Compt. Panel B reports the covariate balance between the matched firm-pairs. Panel C reports the results. Treat equals one for the observations defined as the treatment sample and zero otherwise. See Appendix B for other variable definitions. We include but do not report firm and year fixed effects. Standard errors are clustered at the firm level. ***, **, and * indicate statistical significance at the 0.01, 0.05, and 0.10 levels, respectively, based on two-tailed tests.

Panel A. Matched-Pair Frequencies for Labor Mkt Compt
	Control
	Treatment

	
	1
	2
	3
	4
	5
	6
	7
	8
	9
	10
	Total

	1
	0
	21
	71
	113
	139
	179
	156
	166
	141
	120
	1,106

	2
	 
	0
	50
	112
	117
	146
	147
	150
	162
	115
	999

	3
	 
	 
	0
	57
	96
	167
	158
	158
	167
	126
	929

	4
	 
	 
	 
	0
	49
	117
	143
	160
	136
	130
	735

	5
	 
	 
	 
	 
	0
	62
	105
	135
	145
	156
	603

	6
	 
	 
	 
	 
	 
	0
	80
	84
	118
	118
	400

	7
	 
	 
	 
	 
	 
	 
	0
	65
	85
	93
	243

	8
	 
	 
	 
	 
	 
	 
	 
	0
	50
	67
	117

	9
	 
	 
	 
	 
	 
	 
	 
	 
	0
	32
	32

	10
	 
	 
	 
	 
	 
	 
	 
	 
	 
	0
	0

	Total
	0
	21
	121
	282
	401
	671
	789
	918
	1,004
	957
	5,164



Panel B. Covariate Balance
	
	Partition based on the median
	Matching sample

	
	High
(N = 5,164)
	Low 
(N = 5,164)
	
p-value
	Treatment
(N = 5,164)
	Control 
(N = 5,164)
	
p-value

	Num Employers
	4.451
	6.521
	0.000
	5.502
	5.470
	0.581

	Unemployment 
	5.655
	5.163
	0.000
	5.402
	5.415
	0.819

	Labor Size
	4.654
	6.309
	0.000
	5.492
	5.471
	0.703

	GDP
	4.481
	6.474
	0.000
	5.474
	5.481
	0.898

	Num Product Peers
	5.367
	5.494
	0.028
	5.391
	5.470
	0.170

	Size
	4.949
	6.051
	0.000
	5.432
	5.567
	0.017

	Lev
	5.542
	5.451
	0.107
	5.514
	5.479
	0.527

	Loss
	0.288
	0.279
	0.266
	0.286
	0.282
	0.678

	Growth
	5.277
	5.722
	0.000
	5.545
	5.455
	0.111




Table IA-4. (Cont’d)

Panel C. Regression Results
	 
	(1)
	(2)

	Dependent Variable =
	Emp Violate
	Emp Penalty

	
	
	

	Treat × Positive Reviews
	0.018**
	0.030***

	 
	(2.49)
	(2.69)

	Treat
	-0.056***
	-0.099***

	
	(-2.65)
	(-2.97)

	Positive Reviews
	-0.008**
	-0.014**

	
	(-2.08)
	(-2.39)

	Num Employers
	0.027
	0.049

	
	(1.03)
	(1.07)

	Unemployment 
	0.002
	0.004

	
	(0.68)
	(1.01)

	Labor Size
	-0.103**
	-0.110

	
	(-2.26)
	(-1.53)

	GDP
	0.076**
	0.058

	
	(2.07)
	(1.01)

	Num Product Peers
	0.006
	0.006

	
	(1.29)
	(0.75)

	Size
	0.025***
	0.042***

	
	(4.46)
	(4.74)

	Lev
	-0.013
	-0.032

	
	(-0.79)
	(-1.25)

	Loss
	0.006
	0.010

	
	(1.12)
	(1.10)

	Growth
	-0.006*
	-0.009*

	
	(-1.91)
	(-1.72)

	
	
	

	Firm FE
	√
	√

	Year FE
	√
	√

	N
	10,328
	10,328

	Adj. R2
	0.443
	0.444





A5. Frank (2000) ITCV Analysis
Following Larcker and Rusticus (2010), we assess the sensitivity of the baseline results in Table 3 to unobserved correlated variables using the method developed by Frank (2000). To assess the likelihood that an unobserved confounding variable significantly affects the results, we derive the minimum correlation necessary to turn a statistically significant coefficient of the variable of interest (Labor Mkt Compt × Positive Reviews) in Eq. 2 into a borderline insignificant one. To identify such a borderline, we derive the impact threshold for a confounding variable (ITCV). ITCV is defined as the product of (1) the partial correlation between the x-variable (Labor Mkt Compt × Positive Reviews) and the potential confounding variable that makes the coefficient on the x-variable insignificant and (2) the partial correlation between the y-variable (Emp Offenses) and the same confounding variable. If the ITCV of the independent variable of interest is high, then our baseline results are less likely to be driven by omitted confounding variables. 
The results are reported in Table IA-5. For brevity, we focus on the results reported in columns 1 and 2. The ITCV of Labor Mkt Compt × Positive Reviews is 0.0090 (column 1). To determine whether the ITCV is large enough to conclude that the results are insensitive to unobserved omitted variables, we calculate the Impact of each control variable, which captures the impact of the inclusion of each control variable on the coefficient of Labor Mkt Compt × Positive Reviews.[footnoteRef:2] The Impact of each control variable is reported in column 2. Among all the control variables, we find that Num Product Peers has the largest Impact of 0.0003, smaller than the ITCV of Labor Mkt Compt × Positive Reviews (0.0090). This implies we need a confounding variable with a much higher correlation than Num Product Peers with both employment-related offenses and Labor Mkt Compt × Positive Reviews to render the coefficient on Labor Mkt Compt × Positive Reviews in Table 3 insignificant. Taken together, the results in Table IA-5 suggest that our baseline results are unlikely to be due to omitted confounding variables.  [2:  Like the ITCV, Impact is defined as the product of (1) the partial correlation between the Labor Mkt Compt × Positive Reviews and the control variable and (2) the correlation between the Emp Offense and the same control variable (partialing out the effect of the other control variables).] 



Table IA-5. Frank (2000) ITCV Analysis

This table reports the results of the assessment of the impact of unobservable confounding variables based on the method developed by Frank (2000). For each specification, an impact statistic (ITCV) is calculated, which measures the minimum impact of a confounding variable that would be needed to render the coefficient of Labor Mkt Compt × Positive Reviews statistically insignificant. The ITCV is defined as the product of the correlation between Labor Mkt Compt × Positive Reviews and the confounding variable and the correlation between Emp Offense (Emp Violate and Emp Penalty) and the confounding variable. To assess the likelihood that such a variable exists, we then calculate the Impact for each control variable, which indicates the impact of the inclusion of each control variable on the coefficient of Labor Mkt Compt × Positive Reviews. See Appendix B for other variable definitions.

	Dependent Variable =
	Emp Violate
	Emp Penalty

	
	(1)
	(2)
	(3)
	(4)

	 
	ITCV
	Impact
	ITCV
	Impact

	
	
	
	
	

	Labor Mkt Compt × Positive Reviews
	0.0090
	
	0.0110
	

	Labor Mkt Compt 
	
	-0.0060
	
	0.0055

	Positive Reviews
	
	-0.0041
	
	-0.0041

	Num Employers
	
	-0.0005
	
	-0.0004

	Unemployment 
	
	-0.0002
	
	-0.0002

	Labor Size
	
	-0.0003
	
	-0.0004

	GDP
	
	0.0001
	
	0.0001

	Num Product Peers
	
	0.0003
	
	0.0005

	Size
	
	-0.0003
	
	-0.0003

	Lev
	
	0.0002
	
	0.0001

	Loss
	
	0.0001
	
	0.0001

	Growth
	
	0.0001
	
	0.0001




Table IA-6. Falsification Test of Environment Offenses

This table reports the regression results of the falsification test where we replace employment-related offenses with environment-related offenses. The environment-related offenses are measured by the indicator variable of environment-related offenses (Env Violate) and the total penalties for environment-related offenses (Env Penalty). Env Violate is defined as the average value of the environment-related offense indicator in year t and year t+1. The environment-related offense indicator is equal to one if there is at least one environment-related offense case in a year and zero otherwise. Environment-related offenses, obtained from Good Jobs First, include energy conservation violations, environmental violations, fuel economy (CAFE) violations, and offshore drilling violations. Env Penalty is calculated as the average rank of the total penalties for all environment-related offenses in year t and year t+1. The rank of total penalties in a year is equal to zero if there is no penalty for environment-related offenses in a year, one if the total penalties are nonzero and below the median of the non-zero sample, and two if the total penalties are nonzero and above the median of the nonzero sample. See Appendix B for other variable definitions. We include but do not report firm and year fixed effects. Standard errors are clustered at the firm level. ***, **, and * indicate statistical significance at the 0.01, 0.05, and 0.10 levels, respectively, based on two-tailed tests.

	 
	(1)
	(2)

	Dependent Variable =
	Env Violate
	Env Penalty

	 
	
	

	Labor Mkt Compt × Positive Reviews
	0.001
	0.002

	
	(0.72)
	(0.73)

	Labor Mkt Compt
	-0.002
	-0.004

	
	(-0.44)
	(-0.57)

	Positive Reviews
	-0.003
	-0.004

	
	(-0.41)
	(-0.37)

	Num Employers
	-0.015
	-0.027

	
	(-0.41)
	(-0.52)

	Unemployment 
	-0.001
	-0.002

	
	(-0.46)
	(-0.31)

	Labor Size
	-0.056
	-0.110

	
	(-1.32)
	(-1.48)

	GDP
	0.030
	0.062

	
	(0.88)
	(1.04)

	Num Product Peers
	-0.002
	0.004

	
	(-0.35)
	(0.56)

	Size
	0.025***
	0.042***

	
	(3.40)
	(3.27)

	Lev
	-0.027
	-0.038

	
	(-1.52)
	(-1.35)

	Loss
	-0.007
	-0.015*

	
	(-1.18)
	(-1.69)

	Growth
	-0.010**
	-0.015**

	
	(-2.32)
	(-2.15)

	
	
	

	Firm FE
	√
	√

	Year FE
	√
	√

	N
	10,328
	10,328

	Adj. R2
	0.670
	0.690




A6. Alternative Designs
A6.1 Heterogeneity of Fundamental Relations 
One assumption of our baseline design is that the fundamental relation between actual workplace performance and positive reviews remains the same across different labor markets, except when reviews are manipulated due to varying levels of competition. One might be concerned that this fundamental relation varies across different markets to begin with, which could bias our results. To mitigate this concern, we further include in Eq. 2 the interaction terms between the positive review variables and the indicator variables of a firm’s headquarters MSA. By controlling for these interaction terms, we allow the relation between positive reviews and workplace performance to vary across labor markets, particularly when the competition is low. In such cases, these interaction terms more likely capture the fundamental level of such relations. The results in Panel A in Table IA-7 show that our inference remains unchanged using this alternative specification.
A6.2 Other Designs 
To address concerns that our results may be driven by the choice of the dependent variable, the independent variable, or the specification in our review-performance sensitivity design, we have explored alternative designs. These include the use of labor management score from MSCI ESG Ratings and the diversity-washing measurement approach used by Baker et al. (2024).  
MSCI Ratings on Labor Management. We supplement our main analysis with the Labor Mgmt Score from MSCI ESG Ratings as an alternative measure of workplace performance. This measure reflects employment practices broader than workplace incidents alone. Using this outcome variable, Panel B of Table IA-7 continues to show that the relation between positive reviews and workplace conditions weakens as labor market competition rises. This result helps reduce concerns that our findings arise from measurement error in actual workplace performance. 
At the same time, we believe that employment-related offenses remain an appropriate and informative primary measure. Although these offenses represent more serious compliance issues, many categories in the Good Jobs First database, such as benefit plan administration, wage and hour violations, labor relations, discrimination, and whistleblower retaliation, relate  closely to the broader dimensions of employee welfare that shape perceptions of nonwage benefits. Prior work (e.g., Raghunandan et al. 2023) also documents that these violations are linked to workplace conditions rather than isolated events.
In addition, employment-related offenses offer a methodological advantage: they are based on external enforcement records rather than firm disclosures or self-reported assessments. A recent literature (e.g., Baker et al. 2024; Raghunandan and Rajgopal 2024; Briscoe-Tran 2026) warns that survey- or disclosure-based ESG indicators (such as MSCI scores) are susceptible to measurement bias and self-reporting incentives. This feature makes employment-related offenses particularly suitable for our setting, where minimizing the influence of firms’ reporting incentives is important. 
Diversity-Washing Measurement Method. Baker et al. (2024) construct a diversity-washing measure as a proxy for DEI-related misrepresentation in corporate SEC disclosures. Similar to our definition of workplace information management, they classify a firm as a diversity washer if its stated diversity commitments do not align with its actual diversity performance. Specifically, they first quantify the extent to which firms discuss DEI in their SEC filings, often in the form of commitments, past efforts, or general statements on inclusivity. They then measure actual diversity as the fraction of U.S.-based employees who are female or nonwhite, using third-party online professional profile data. By ranking both variables, they argue that larger differences between ranked DEI discussion and ranked actual diversity performance indicate a higher likelihood of diversity washing. Unlike our review-offense sensitivity design, which emphasizes the informativeness of reviews, their approach focuses on the misalignment between disclosure and performance.
Following Baker et al. (2024), we construct a proxy for the potential review management in employer reviews based on the intra-year difference between the quantity of positive reviews and actual workplace performance. If the positive reviews are not aligned with a firm’s performance, we expect to find a large disconnect between its positive reviews and its performance. Specifically, we construct Gap1 and Gap2 based on the combinations of positive review variables and two workplace performance variables used in our main analysis. Taking Gap2 as an example, Gap2 is calculated as the difference between quintile-ranked Positive Reviews and quintile-ranked Emp Penalty. To construct quintile-ranked Positive Reviews, we rank the observations for Positive Reviews into quintiles annually, assigning a quintile value of 5 to the highest and 1 to the lowest. A higher quintile-ranked Positive Reviews indicates more positive reviews. To construct quintile-ranked Emp Penalty, we rank the Emp Penalty into quintiles, with 1 assigned to the highest (indicating severe penalties) and 5 to the lowest, thus indicating better workplace performance with a higher quintile value. We then regress Gap2 on Labor Mkt Compt using the control variables and fixed effects defined in Eq. 2. As Panel C of Table IA-7 shows, the coefficient on Labor Mkt Compt is significantly positive, and we obtain similar results using Gap1. These results suggest that labor market competition increases the disconnect between a firm’s positive reviews and its workplace performance, consistent with the conjecture that firms in highly competitive labor markets may manage reviews.


Table IA-7. Alternative Designs

[bookmark: _Hlk168390550]This table reports the regression results of alternative designs to infer the quality of employer reviews on Glassdoor. Panel A reports the results after controlling for the interaction terms between the indicator variables representing a firm’s headquarters MSA (MSA) and positive reviews (Positive Reviews). Panel B reports the results of the regressions in relation to the alternative workplace performance measure (Labor Mgmt Score), labor market competition (Labor Mkt Compt), and positive Glassdoor reviews (Positive Reviews). The sample sizes differ from those in the baseline analysis because Labor Mgmt Score is not available for all observations. Panel C reports the results on the gap between positive reviews and employment-related offenses inspired by Baker et al. (2024). The standalone term Positive Reviews is absorbed after including the interactions between MSA and Positive Reviews in Panel A. See Appendix B for variable definitions. We include but do not report firm fixed effects and year fixed effects. Standard errors are clustered at the firm level. ***, **, and * indicate statistical significance at the 0.01, 0.05, and 0.10 levels, respectively, based on two-tailed tests.

Panel A. Consider the Interactions between MSA Indicators and Positive Review 
	 
	(1)
	(2)

	Dependent Variable =
	Emp Violate
	Emp Penalty

	
	
	

	Labor Mkt Compt × Positive Reviews
	0.003**
	0.006***

	
	(2.34)
	(2.63)

	Labor Mkt Compt
	-0.010**
	-0.019***

	
	(-2.21)
	(-2.72)

	Num Employers
	0.025
	0.032

	
	(1.00)
	(0.77)

	Unemployment 
	0.002
	0.005

	
	(0.74)
	(1.20)

	Labor Size
	-0.097***
	-0.098

	
	(-2.66)
	(-1.49)

	GDP
	0.073**
	0.060

	
	(2.38)
	(1.10)

	Num Product Peers
	0.005
	0.004

	
	(1.12)
	(0.57)

	Size
	0.024***
	0.042***

	
	(4.66)
	(4.93)

	Lev
	-0.015
	-0.036

	
	(-0.91)
	(-1.44)

	Loss
	0.008
	0.013

	
	(1.50)
	(1.48)

	Growth
	-0.006*
	-0.009

	
	(-1.81)
	(-1.58)

	
	
	

	MSA × Positive Reviews
	√
	√

	Firm FE
	√
	√

	Year FE
	√
	√

	N
	10,328
	10,328

	Adj. R2
	0.443
	0.444


Note: MSA presents a series of indicator variables equal to one representing a firm’s headquarters MSA and zero otherwise. 


Table IA-7 (Cont’d)

Panel B. Alternative Measure of Workplace Performance 
	
	(1)

	Dependent Variable =
	Labor Mgmt Score

	
	

	Labor Mkt Compt × Positive Reviews
	-0.050*

	
	(-1.79)

	Labor Mkt Compt
	0.153*

	
	(1.92)

	Positive Reviews
	0.331**

	
	(2.01)

	Num Employers
	-0.296

	
	(-0.82)

	Unemployment 
	0.003

	
	(0.07)

	Labor Size
	0.217

	
	(0.35)

	GDP
	-0.223

	
	(-0.41)

	Num Product Peers
	0.038

	
	(0.56)

	Size
	0.011

	
	(0.08)

	Lev
	-0.453

	
	(-1.35)

	Loss
	-0.237***

	
	(-2.97)

	Growth
	0.021

	
	(0.19)

	
	

	Firm FE
	√

	Year FE
	√

	N
	4,385

	Adj. R2
	0.740


Note: Labor Mgmt Score is the average labor management score provided by MSCI in year t and year t+1. This score, ranging from 0 to 10, represents the risk of a firm’s workflow disruptions due to labor unrest or reduced productivity due to poor job satisfaction, based on MSCI’s evaluation of the quality of a firm’s employment benefits, performance incentives, employee engagement, and professional development programs. Firms that provide strong benefits and performance incentives and offer employee engagement and professional development programs score higher. 




Table IA-7 (Cont’d)
Panel C. Baker et al. (2024)
	 
	(1)
	(2)

	Dependent Variable =
	Gap1 
	Gap2

	Actual Performance:
	Emp Violate
	Emp Penalty

	
	
	

	Labor Mkt Compt
	0.015*
	0.019**

	
	(1.71)
	(2.28)

	Num Employers
	0.221
	0.092

	
	(0.87)
	(0.39)

	Unemployment 
	-0.025
	-0.026

	
	(-1.03)
	(-1.06)

	Labor Size
	-0.365
	-0.417

	
	(-0.94)
	(-1.25)

	GDP
	0.007
	0.177

	
	(0.02)
	(0.62)

	Num Product Peers
	0.058
	0.067*

	
	(1.46)
	(1.79)

	Size
	0.288***
	0.271***

	
	(5.78)
	(5.58)

	Lev
	-0.490***
	-0.453***

	
	(-3.07)
	(-2.87)

	Loss
	-0.030
	-0.017

	
	(-0.57)
	(-0.32)

	Growth
	-0.066
	-0.063

	
	(-1.41)
	(-1.35)

	
	
	

	Firm FE
	√
	√

	Year FE
	√
	√

	N
	10,328
	10,328

	Adj. R2
	0.281
	0.288


Note: Gap1 is constructed as the difference between quintile-ranked Positive Reviews and an ordinal measure of Emp Violate. To construct quintile-ranked Positive Reviews, we rank the observations for Positive Reviews into quintiles for each year, assigning a quintile value of 5 to the highest and 1 to the lowest. For Emp Violate, we assign a value of 1 to observations with violations in both the current and subsequent years, 3 with violations in either, and 5 with no violations. A higher value therefore indicates better actual workplace performance. Gap1 is defined as the difference between these two components. Gap2 is constructed similarly. We again use the quintile-based rank of Positive Reviews. For Emp Penalty, we assign observations into five ordered groups based on the distribution of penalties (1 = highest penalties, 5 = lowest). A higher value indicates better realized workplace outcomes. Gap2 is defined as the difference between the rank of Positive Reviews and this ordered penalty measure.
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