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Abstract:  Using personnel data from a large U.S. retail firm, we examine whether the race or 

ethnicity of the hiring manager affects the racial composition of new hires.  Estimating models 

with store fixed effects, we find significant effects of manager race and ethnicity.  First, all non-

black managers—i.e., whites, Hispanics, and Asians—hire more whites and fewer blacks than do 

black managers.  The differences between non-black and black managers are especially large in 

the South.  Second, in locations with large Hispanic populations, Hispanic managers hire more 

Hispanics and fewer whites than white managers.  We also examine possible explanations for 

these differential hiring patterns. 
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This study examines whether the race or ethnicity of the hiring manager is a determinant of the 

racial and ethnic composition of new hires.  Several valuable studies have looked at this question.  Stoll, 

Raphael and Holzer (2004), Carrington and Troske (1998), Turner (1997), and Bates (1994) have all 

found that blacks are employed at greater rates in establishments with black supervisors or owners.  In 

particular, Stoll et al. look at the effect of the hiring officer’s race on both applications and hires, and they 

find that black hiring agents receive more applications from blacks than do white hiring agents and also 

hire a greater proportion of blacks who apply.   

However, these prior studies all had a common limitation. They could not control for unobserved 

differences across workplaces, and hence could not securely distinguish between the role of manager race 

and the role of unobserved workplace attributes.1  This is a significant issue.  Manager race is correlated 

with many characteristics of a workplace that are typically unobserved and that may affect the race of a 

new hire (e.g., skill requirements and the demographics of the local labor pool).  Hence if one cannot 

control for such unobserved attributes, it confounds identification of the role of manager race. 

Using a new panel dataset in a store-fixed effects framework, the present study is able to control 

for unobserved differences across workplaces.  Hence it presents new evidence about whether hiring 

patterns differ systematically across managers of different race groups.  Further, this study makes three 

other contributions.  First, it analyzes four race groups: blacks, whites, Hispanics, and Asians.  To our 

knowledge, this is the first study that looks at the importance of manager race for Hispanics and Asians.  

Second, to our knowledge, it is also the first study to test whether the effects of manager race vary by 

geographic location.  Finally, this study investigates possible explanations for the differences in hiring 

patterns that it finds. 

Our dataset is constructed from the personnel records of a large U.S. retail chain, and it tracks 

more than 100,000 employees at more than 700 stores for a period of thirty months.  The crucial feature 

of this dataset is that it contains hundreds of stores that have at least one change in the manager who is 

                                                 
1 For brevity, we often use “race” to denote either race or ethnicity; i.e., “race” refers to each of the four groups we 
analyze—whites, blacks, Hispanics, and Asians. 
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responsible for hiring, and these new managers often are a different race from the managers they replace. 

This variation in manager race within stores allows us to estimate probit and multinomial logit regressions 

with both store fixed effects and store-specific trends.  We thus control for all fixed attributes of the 

workplace and the local labor market, and also for local trends in labor pool demographics. 

Our results suggest that manager race is a significant determinant of the racial composition of 

new hires, though the main determinants are the characteristics of the workplace and its location. 

First, our strongest finding is the existence of significant differences between the hiring patterns 

of non-black managers and black managers.  We find that all non-black managers—i.e., whites, 

Hispanics, and Asians—hire more whites and fewer blacks than do black managers.  The estimates 

suggest that when a black manager is replaced by a non-black manager in a typical store, the share of new 

hires that is black falls roughly from 21 to 17 percent, and the share that is white rises from 60 to 64 

percent.  This result holds whether the new manager is white, Hispanic, or Asian.  Further, the differences 

between black and non-black managers are especially large in the South.  In a typical southern store, the 

replacement of a black manager with a non-black manager causes the share of blacks among new hires to 

fall from 29 to 21 percent. 

Second, we find a significant difference in the hiring patterns of Hispanic and white managers, 

but only when we restrict the sample to stores in locations where Hispanics make up at least 30 percent of 

the local population.  In this sub-population, we focus on the difference between Hispanic and white 

managers because non-Hispanic managers are nearly all white.  Our estimates suggest that when a 

Hispanic manager is replaced by a white manager, the share of new hires that is Hispanic falls roughly 

from 59 to 48 percent, and the share of whites rises from 22 to 32 percent.  By contrast, in locations where 

Hispanics are less than 30 percent of the local population, the hiring patterns of Hispanic and white 

managers are remarkably similar, and Hispanics account for about 10 percent of new hires on average. 

Finally, we find small and only marginally significant differences between Asian and white 

managers.  However, the estimates regarding Asians are relatively imprecise due to small sample sizes.  

 After obtaining our basic results, we explore four potential explanations for the differential hiring 
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patterns we find.  First, racially segregated social networks may be used by managers when recruiting 

new applicants or by employees when looking for jobs.  Second, if manager-employee similarity 

improves efficiency, then differences in hiring patterns may reflect statistical discrimination because 

managers may expect racially similar employees to be more productive.  Third, managers may prefer to 

supervise racially similar employees, or may be biased against racially dissimilar employees.  Fourth, 

employees may prefer to work for racially similar managers, or may be biased against racially dissimilar 

managers.  Our analysis supports a role for network-based hiring, and for the preferences of both 

managers and employees.   

I. Data  
 
The data are the daily personnel records of a large retail employer during a 30-month period from 

February 1, 1996, through July 31, 1998.  These records identify the demographic traits of both managers 

and their employees at each store, and they give the dates and descriptions of all personnel actions for 

each individual.  We analyze a sample of more than 1,500 store managers, and more than 100,000 

frontline, entry-level employees who were hired during the sample period.  Because we must preserve the 

anonymity of the employer, we cannot disclose the exact sample sizes. 

Our sample contains more than 700 stores located throughout the United States.  While 

geographically diverse, these workplaces nevertheless are all very similar.  They display the uniformity 

typical of a national chain with highly uniform policies and procedures.  In a typical store, there is one 

full-time, overall manager who has the title “store manager”, and there are 25 to 50 mostly part-time 

employees. 

The managers in our analysis are the “store managers”—i.e., the single, overall manager at each 

workplace.  It is the store managers who are responsible for all hiring decisions.  While telephone 

interviews are used for screening applicants, the vast majority of hiring decisions are made only after a 

face-to-face interview with the store manager.  The company’s official hiring policy is neutral with 

respect to race and gender, and managers are given a small amount of training in fostering a diverse 
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workforce.2  

For store managers, the median spell in a store lasts about 13 months.3  As a result, 80 percent of 

the stores have at least one change in management during the sample period.  Because there are frequent 

changes in managers and because there are large numbers of minority managers (see below), our sample 

has substantial within-store variation in manager race.  About thirty percent of the exiting managers in our 

sample are replaced by someone of a different race.  This variation in manager race is crucial to our 

analysis because it allows us to estimate models with workplace fixed effects. 

The frontline employees we analyze make up 90 percent of all company employees.  All these 

frontline jobs are highly similar, entry-level positions with similar job titles and descriptions.  These 

positions require only basic skills and little training, and they all involve similar duties that entail both 

dealing with customers and doing support duties.  These jobs have high rates of turnover—the median 

spell in a store for a frontline employee is 91 days, and roughly 90 percent of employment spells end 

within a year.  As a result of this turnover, each store hires an average of five new employees per month. 

Table 1 summarizes the racial and ethnic composition of the stores in the estimation sample and 

of the communities surrounding these stores.  The racial and ethnic categories follow the company’s 

codes, which form a set of mutually exclusive and collectively exhaustive categories.4  The community 

statistics are constructed from the 1990 Census, and are based on all Census tracts within a two-mile 

radius from the center of each store’s ZIP code.5  The workforce of a store tends to be more racially and 

ethnically diverse that the population it serves.  The workforce of the average store is 60.4 percent white, 

                                                 
2 These statements are based on company documents and on interviews with company officials and individual store 
managers in several states. 
3 Approximately 60 percent of the manager exits from a given store involve transfers to other company stores.  The 
rest involve termination of employment with the company.  Most terminations are voluntary, and the most common 
reasons are “found better job/prefer other work” (41 percent), “personal” (13 percent), “moving”, “dislike hours”, 
“limited career growth”, and “return to school”.  Roughly 13 percent of manager terminations are involuntary, and 
result mainly from violations of company policy, substandard performance, or dishonesty.  We found no evidence 
that manager dismissals were correlated with changes in hiring patterns. 
4 The main categories are white, black, Hispanic, and Asian.  “White” refers to non-Hispanic whites.  Hispanics are 
classified by ethnicity and not by race.  The remaining employees are either Native American or are classified as 
being of “Other” or “Unknown” race/ethnicity. 
5 For consistency with the personnel data, we classify Hispanics in the Census by ethnicity and not by race (see 
Table 1 notes). 
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14.5 percent black, 13.2 percent Hispanic, and 10.2 percent Asian. 

Table 2 compares the demographic composition of managers and frontline workers in the 

estimation sample (columns 1 and 2).  The company’s managers are much more homogeneous than the 

frontline employees.  Managers are 86.2 percent white, 5.9 percent black, 4.6 percent Hispanic, and 2.4 

percent Asian.  Frontline workers are 60.1 percent white, 15.1 percent black, 13.2 percent Hispanic, and 

9.8 percent Asian. 

The estimation sample (summarized in the first two columns of Table 2) is restricted to stores that 

hire at least one employee of each race group during the sample period.  This restriction is necessary to 

estimate a fixed-effects multinomial logit model predicting the probabilities with which each of the four 

race groups is hired.  Obviously, this restriction eliminates stores with the most homogeneous workforces.  

The wider population of the company’s U.S. retail establishments (Table 2, cols. 3 and 4) has more whites 

and fewer minorities than the restricted sample (frontline workers make up 67.5 percent of the wider 

sample vs. 60 percent of the restricted sample).  However, a robustness test suggests that our sample 

restriction has little effect on the estimation results (see Appendix Table A1). 

Our data comes from a single employer, and it is important to consider how representative our 

sample is of a larger population.  Because our sample is from a retail firm, it is perhaps most useful to 

look at how our sample compares to the U.S. retail sector as a whole—a sector that accounts for roughly 

18 percent of all U.S. jobs.  Compared to the retail sector (Table 2, columns 5 and 6), our employer is 

typical with respect to its racial and ethnic composition.6  However, both managers and employees are 

relatively young (with average ages of 22 and 30 vs. 32 and 39), and this company has a higher share of 

both female managers (79 vs. 50 percent) and female employees (73 vs. 66 percent). 

Similar to other establishment data sets, our sample shows a strong correlation between the race 

of the hiring manager and the racial composition of new hires (Table 3).  For example, the proportion of 

new hires that is black is 30.9 percent in stores with black managers, but only 18.5 percent in stores with 

                                                 
6 Our company is also typical of the retail sector with respect to its turnover rates.  Among 16-20 year olds who 
worked in low-wage (≤$9.00/hr) retail jobs in 1999, the median employment spell was about 110 days, and 87 
percent left their job within a year.  These figures are based on estimates from the NLSY97. 
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white managers, 20.9 percent in stores with Hispanic managers, and 16.2 percent in stores with Asian 

managers.  Compared to stores with non-Hispanic managers, the proportion of new hires that is Hispanic 

is twice as large in stores with Hispanic managers.  And the proportion of new hires that is Asian is more 

than twice as large in stores with Asian managers.  In the analysis that follows, we investigate whether 

these correlations can be explained by systematic differences in hiring patterns between white, black, 

Hispanic, and Asian managers.   

II. Estimation Equations and Methods 

We begin by estimating several probit equations that predict, as a function of manager race, the 

probability that a new hire belongs to a given race group.  Equation 1 illustrates the model predicting the 

probability that an employee i, hired in store j at time t, is white: 

 (1)  Pr(whiteijt=1) = Φ (b0
w

 + MgrBljt bB
w + MgrHijt bH

 w + MgrAsjt bA
w

 + Sj bS
w

  + Cj bC
w + Mt  bM

w). 

Here white is a dummy variable equal to one if the employee is white, and Φ is the cumulative normal 

distribution function.  The parameters of interest are the coefficients bB
w, bH

w
  and bA

w
 on dummy variables 

indicating that the hiring manager in store j at time t is black, Hispanic, or Asian.  Because white 

managers are the omitted category in this equation, a negative value for bB
w would indicate that the 

probability of hiring a white employee is smaller for black managers than it is for white managers. 

Apart from the manager’s race, other variables that may affect the probability that a new hire is 

white include the proportion of whites in the local labor pool, the particular needs of the store (e.g. the 

share of whites in the customer base if matching the customers is important), and any attributes of the 

store that may influence the preferences of whites for working at the store.7  To learn how much these 

variables contribute to the observed correlation between manager race and the race of new hires, we 

estimate the model with several measured characteristics of the store (Sj) and community (Cj).  These 

controls include the population share of each race group in the local community, population density, 

                                                 
7 Also, it is possible that managers with more experience are better at managing diverse workforces.  In our initial 
analysis, we experimented with two proxies for manager experience: the manager’s age, and the amount of 
experience with the company.  But these variables were not correlated with hiring patterns in any of our estimations, 
so we did not include them in our final estimation model. 
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median household income, and the location type (mall, street, etc.) of the store.8 

The racial composition of the labor pool might also be affected by changes over time in labor 

supply and demand.  For example, whites may be more likely to work in low-wage retail jobs when labor 

markets are weak.   To control for such labor market fluctuations, we include a dummy variable for each 

of the 30 months in the sample (Mt).   

Despite the uniformity of jobs in the sample and the ability to control for several store and 

community characteristics, there may still be unobservable features of the store and community that are 

correlated both with the manager’s race and with the probability of hiring a white employee.  For 

example, the exact racial composition of each store’s potential applicant pool is not observed and the 

community demographics may provide only an imperfect proxy.  To the extent that the unobserved 

factors affecting both manager and employee demographics are fixed over time, we can control for them 

using store fixed effects.  The fixed-effects model is: 

 (2) Pr(whiteijt=1) = Φ (b0
w

 + MgrBljt bB
w + MgrHijt bH

w + MgrAsjt bA
w

  +  Mt bM
w + αj

w).  

The workplace fixed effects, αj
 w, summarize the effects of any permanent differences across stores, 

communities, and local labor markets on the probability that a new hire is white. 

To estimate the fixed-effects model, our estimation equation includes a dummy variable for each 

store.  A potential concern with this method is that maximum likelihood estimation provides consistent 

estimates of the fixed effects only if the number of observations per group is large enough.9  Fortunately, 

our data include an average of 140 employee hires per store, which is large by the standards of the current 

literature.10 

                                                 
8 Measures of “community” demographics are constructed from the 1990 Census, and are based on all Census tracts 
within two miles of the center of each store’s ZIP code. 
9 The other common method for estimating nonlinear binomial choice models with panel data is Chamberlain’s 
(1980) conditional logit model.  This model bypasses estimation of the fixed effects by estimating the probability of 
a positive outcome conditional on the number of positive outcomes in the group.  Unfortunately, it is impractical to 
estimate conditional logit models with well over 100 observations per group and large numbers of both positive and 
negative outcomes.  However, we ran several tests using the conditional logit model on smaller subsets of the data in 
order to compare these estimates with those from the fixed-effects probit model.  The estimates from the two models 
were very close.  We also ran all binomial specifications using a fixed-effects linear probability model, and obtained 
results substantively similar to those obtained from the probit estimations (See Appendix Table A1). 
10 For example, Greene (2004) presents Monte Carlo evidence suggesting that the bias from estimating nonlinear 
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If there are omitted variables that vary both across stores and over time, then even the fixed-

effects specification in equation (2) may produce biased estimates.  In particular, if trends in local 

demographics lead to parallel trends in the applicant pools of both managers and employees, then the 

coefficients from equation (2) would overstate the effect of manager race on hiring patterns.  To rule out 

local trends as a source of any correlations between manager race and hiring patterns, we estimate 

equations that include store-specific trends in addition to store fixed effects. 

The binomial probit model is restrictive in that it ignores the fact managers may choose 

simultaneously from among four possible race categories rather than choosing white vs. non-white, black 

vs. non-black, etc.  Therefore, in addition to the probit models, we estimate a multinomial logit model that 

incorporates the full set of possible choices with respect to race.11  Because the fixed effects proved 

important in the probit estimations, we estimate a multinomial logit model with store fixed effects by 

including a dummy variable for each store.  We do not control for store trends, however.  This is because 

of computational limitations, and because the store trends proved to be relatively unimportant in the 

probit estimations. 

In the fixed-effects multinomial logit model, the probability that employee i, hired in store j at 

time t, belongs to race group k is: 
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 where k = 1, . . ., 4 represents the four race groups white, black, Hispanic, and Asian. 

An important assumption of the multinomial logit model is that the odds ratio for any two 

alternatives is independent of the other alternatives.  This implies, for example, that the ratio of the odds 

of choosing a white employee to the odds of choosing a black employee is not affected by the presence of 

                                                                                                                                                             
models using maximum likelihood with fixed effects drops off rapidly as the number of observations per group 
increases above three and is substantially reduced even at 20 observations per group. 
11 There are too few Native Americans in our sample to obtain reliable estimates for this group.  In all analyses 
reported in this paper, the small number of Native American and “other” race employees are treated as white.  In the 
probit equation predicting the probability that a new hire is white, we also calculated estimates treating Native 
Americans and others as non-white.  The results were nearly identical. 
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Hispanic and Asian employees as other alternatives.  To test the validity of this “independence of  

irrelevant alternatives” assumption, we apply a Hausman type specification test by comparing estimates 

from models with and without each of the four alternatives.  The test provides no evidence against the 

model.12 

III. Results 

A. Probit Estimates of the Effect of Manager Race on the Race of New Hires 

Tables 4a-4d show the results from the probit models estimating the effect of manager race on the 

race of a new hire.  The dependent variable in Table 4a is a dummy variable equal to one if the new hire is 

white and zero otherwise.  In Tables 4b-4d, the dependent variables are dummies indicating that a new 

hire is black, Hispanic, and Asian.  For ease of interpretation, we report marginal effects.13  In each 

regression, the omitted manager race category is the race for which the dependent variable is defined.  

Hence, negative estimates for the manager race coefficients suggest that the probability that a new hire is 

a given race is smaller when the manager is a different race. 

Correlates of Manager-Employee Similarity in the Cross Section.— In Tables 4a-4d, column 1 

shows the results from the regressions with no controls.  These results simply confirm the strong 

correlations between manager race and the race of a new hire that were seen in Table 3.  The estimated 

effects are consistently negative for managers whose race differs from the employee race group being 

examined.  Except for the Asian manager indicator in Table 4a, the coefficients on the manager race 

indicators are all significant at a level of .1 percent. 

Columns 2 and 3 show how much of the correlation between manager race and the race of a new 

hire is explained by controlling for observable differences across stores and locations.  The pattern of 

                                                 
12 This application of Hausman’s specification test is described by Hausman and McFadden (1984).  The test is 
based on the test statistic (br - bf)′(Vr - Vf)(br - bf), where br denotes the estimates of the restricted model in which 
one race alternative is omitted.  These estimates are inefficient but still consistent under the null hypothesis of 
independence.  bf denotes estimates of the full model, which are efficient and consistent under the null.  The statistic 
is distributed χ2(>800) under the null hypothesis.  The values of the test statistics are 36.12 (omitting white), 4.35 
(black), 2.49 (Hispanic), and 2.24 (Asian)—none of which provides evidence against the null. 
13 In the case of dummy variable regressors (such as the manager race indicators), we report the effect of a discrete 
change from zero to one. 
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results is similar for all four race groups.  In column 2, controls are added for the population share of each 

race group in the community.  Not surprisingly, community demographics explain a significant part of the 

correlation between manager race and employee race.  The magnitudes of the manager race estimates are 

consistently reduced by at least one quarter from column 1 to column 2.  However, most of them remain 

significantly different from zero.   Column 3 adds more location variables, including population density, 

median household income, and store location type.  Although these variables are often statistically 

significant, they explain little of the correlation between manager race and employee race. 

In column 4, the inclusion of month dummies controls for unobserved differences across time.  

This also has little effect, and suggests that the similarities between managers and new hires are not 

explained by seasonal and national fluctuations in the labor market.  

Store Fixed-Effects Estimates.— After controlling for observed differences across stores and 

locations (columns 2 and 3) and unobserved differences across time (column 4), a substantial amount of 

the correlation between manager race and the race of new hires still remains to be explained.  Column 5 

of Tables 4a-4d shows the store fixed-effects specifications of the probit models.  These estimates control 

for all fixed differences across stores and locations.  A comparison of columns 4 and 5 reveals that in 

many cases, unobserved differences across stores and locations account for nearly all of the remaining 

correlation between manager race and the race of new hires.  In the equation predicting that a new hire is 

white (Table 4a, col. 5), the Hispanic and Asian manager effects are very small and not significantly 

different from zero.  And in the equations predicting that a new hire is Hispanic (Table 4c, col. 5) or 

Asian (Table 4d, col. 5), none of the manager race effects are significantly different from zero at a five 

percent level. 

However, even after controlling for store fixed effects, one salient pattern remains.  There is a 

significant difference between the hiring patterns of black managers and all non-black managers (i.e., 

white, Hispanic, and Asian managers).  This difference lies mainly in the share of whites and blacks hired 

by these two groups of managers.  First, the manager race coefficients in Table 4a, col. 5 indicate that the 

probability a new hire is white is between 3.7 and 4.4 percentage points lower under black managers than 
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it is under non-black managers in the same store.  Second, the coefficients in Table 4b, col. 5 indicate that 

the probability a new hire is black is between 3.5 and 4.0 percentage points lower under non-black 

managers than it is under black managers.  In both cases, the estimated differences between black 

managers and each non-black group are significant at a one percent level of confidence, and the estimated 

differences among non-black managers are statistically insignificant. 

We would stress three points about the fixed-effects estimates.  First, the cardinal finding is that 

all non-black managers hire more whites and fewer blacks than do black managers.  Second, hiring 

patterns on average are similar among all non-black manager groups; i.e., white, Hispanic, and Asian 

managers all hire roughly the same proportions of white, black, Hispanic, and Asian employees.  Finally, 

it is notable that black managers differ very little from the three non-black groups in the shares of 

Hispanics and Asians hired. 

Two caveats also apply.  First, we shall see below that the effect of manager ethnicity on the 

probability that a new hire is Hispanic becomes significant when we restrict the sample to locations with 

larges shares of Hispanics in the local population.  Second, we note that in the analysis of Asian hires, the 

lack of significant manager race effects is due partly to a lack of precision.  We cannot rule out moderate 

effects.  For example, the white manager coefficient in Table 4d, col. 5 suggests that the probability a new 

hire is Asian is 1.5 percentage points lower under a white manager than it is under an Asian manager in 

the same store; however, the 95 percent confidence interval for this estimate is between -0.1 and 3.1 

percentage points. 

Store-Specific Trends.— If trends in local demographics lead to parallel trends in the 

demographics of applicant pools for both managers and employees, then the fixed-effects model might 

over-estimate the causal effect of manager race on hiring patterns.  The specification in column 6 of 

Tables 4a-4d addresses this concern by including store-specific trends as controls.  The results of this 

specification are somewhat surprising.  In almost all cases, the magnitudes of the manager race 

coefficients become larger rather than smaller, suggesting that if anything, the fixed-effects model under-

estimates the causal effect of manager race.  However, the differences between the estimates in columns 5 
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and 6 are generally quite small. 

Figures 1a and 1b provide additional evidence that the estimates of the relationship between 

manager and employee race are not driven by trends in store demographics, and provide some insight as 

to why the column (6) estimates are larger in magnitude than those in column (5).  These figures show 

trends in the white share of new hires (Figure 1a) and the black share of new hires (Figure 1b) before and 

after a change in manager.14  Trends are shown for three cases: 1) a non-black manager is replaced by a 

black manager; 2) a black manager is replaced by a non-black manager; and 3) a non-black manager is 

replaced by a non-black manager.  In all cases, the introduction of a new manager whose race differs from 

the outgoing manager results either in a clear intercept shift or in a break with the previous trend, rather 

than in a continuation of the current trend.  Hence Figures 1a and 1b clearly show that manager race is not 

simply following the same trends as the race of new hires.   

However, the graphs do raise another concern.  It appears that non-black managers who hire 

increasingly more whites (Fig. 1a) and fewer blacks (Fig. 1b) over a four-month period are more likely to 

be replaced by black managers.  One possible explanation of this pattern is that the company tries to 

maintain a certain level of diversity in their stores, and that this goal results in the replacement of non-

black managers with black managers in stores where there is a noticeable decline in the ratio of blacks to 

whites.  But in a robustness test described below (Section IV.B), we use regression analysis to examine 

whether the company’s choice of a new manager may be influenced by the hiring patterns of the previous 

manager.  We find that any such balancing effect is small and statistically insignificant. 

B. Fixed-Effects Multinomial Logit Estimates 

The multinomial logit results are remarkably similar to the binomial probit results.  These results 

are shown in Tables 5 and 6, and facilitate the comparison of hiring patterns across all four manager race 

groups.  First, Table 5 shows the coefficients of the model (columns 1-6), and Wald tests assessing the 

overall similarity in hiring patterns between managers of different races (column 7).  This table again 

shows that there are no significant differences in the hiring patterns of  the three non-black groups of 
                                                 
14 The figures are based on all stores where we observe two consecutive managers for at least four months each. 
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managers (white, Hispanic, and Asian).  Moreover, it confirms that the hiring choices of each non-black 

group differ significantly from those of black managers.  Specifically, the differences between non-black 

managers and black managers lie in the ratios of black hires to hires of other races, and mainly in the ratio 

of black hires to white hires (column 1). 

Next, Table 6 presents the predicted hiring probabilities for each manager race group.15  

Differences among the three non-black groups are very small—the largest being the 1.3 percentage point 

difference between white and Asian managers in the share of Asians hired.16  And black managers differ 

very little from the three non-black groups in the shares of Hispanics and Asians hired.  Once again, the 

differences that stand out are those between non-black managers and black managers in the shares of 

blacks and whites hired.  The estimates imply that when any non-black manager replaces a black manager 

in a typical store, the share of new hires that is black falls by 3.8-4.8 percentage points.  In all cases, this 

decline is offset mainly by an increase in the share that is white. 

C. Geographic Differences in the Effects of Manager Race and Ethnicity 

 The estimates presented thus far are national averages, and hence they may obscure important 

geographic differences in the effects of manager race and ethnicity on hiring patterns.  We are able to 

perform clean tests of whether the effects of manager race vary by geographic location because the 

workplaces in our sample are all very similar except for their geographic locations.  Here we report the 

results of two such geographic tests.  First, we show that differences between non-black and black hiring 

patterns are particularly strong in the South.  Second, we show that differences between Hispanic and 

white hiring patterns are large and statistically significant in locations with large Hispanic populations.17 

 Non-Black vs. Black Managers in the South.—We ask whether the differences between non- 

black and black hiring patterns are larger in the South.  This question is important because the South is 

home to over half the nation’s blacks (Frey, 2001), and because there is evidence that racial attitudes 

                                                 
15 Predicted probabilities are calculated at the means of all store and month dummy variables. 
16 The ratios of Asians to whites and of Asians to blacks are higher under an Asian manager than under a white 
manager, but these differences are significant only at 9 and 13 percent levels. 
17 We found no geographical differences in the effect of having an Asian manager on the probability that a new hire 
is Asian. 
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remain more divisive in the South than in the rest of the country.  For example, the General Social Survey 

(1990-2000) reveals that in non-Southern states, 3.0 percent of blacks and 11.4 percent of whites favored 

laws against interracial marriage, but in the South, 5.7 percent of blacks and 23.0 percent of whites 

favored such laws.18  Also, Kuklinkski, Cobb, and Gilens (1997) estimate that while 10 percent of non-

southern whites react negatively to the idea of living next door to a black family, 42 percent of southern 

whites react negatively.  And Dee (2005) finds that in the South, but not in other regions of the U.S., a 

student is more likely to be seen as disruptive or inattentive by a teacher if the teacher does not share the 

student’s race. 

To compare hiring patterns in the South to those in the rest of the country, we run separate fixed-

effect probit regressions for the two sub-samples.19  The regressions estimate the probability (1) that a 

new hire is white, and (2) that a new hire is black.  Table 7 shows the results.  The tendency of non-black 

managers to hire more whites and fewer blacks than black managers is particularly strong in the South, 

and the differences between Southern and non-Southern states are substantial. 

 When a non-black manager replaces a black manager in a non-Southern store, the predicted 

probability of a white hire increases from 54.4 to 57.1 percent, and the probability of a black hire falls 

from 16.9 to 14.4 percent.  This amounts to a five percent increase in white employment, and a 15 percent 

decline in black employment.  In Southern stores, the differences are much larger.  When a non-black 

manager replaces a black manager in a Southern store, the probability of a white hire increases from 52.0 

to 61.4 percent, and the probability of a black hire falls from 29.3 to 21.2 percent.  This represents an 18 

percent increase in white employment, and a 28 percent decline in black employment.20 

Again, we use a graphical analysis to confirm that these estimates are not driven by demographic 

                                                 
18 Calculations made by the authors, and based on a sample of 8,351 from GSS surveys from the years 1990, 1991, 
1993, 1994, 1996, 1998 and 2000. 
19 We define the South as: Arkansas, Alabama, Georgia, Florida, Louisiana, Mississippi, North Carolina, Tennessee, 
South Carolina, and Virginia. 
20 For perspective, we note the predicted probabilities from a comparable probit regression that pools Southern and 
non-Southern stores.  On average nationally, when a non-black manager replaces a black manager, the share of new 
hires that is white rises from 53.1 to 57.5 percent, and the share that is black falls from 19.1 to 15.4 percent.  This 
amounts to an 8 percent increase in white employment, and a 19 percent decline in black employment. 
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trends.  Figures 2a and 2b show trends in the white share and black share of new hires for the sub-sample 

of Southern stores, and compare these trends for the cases where a non-black manager is replaced by a 

black manager to the cases where the order is reversed.  Just as in the full-sample graphs, the introduction 

of a new manager whose race differs from the outgoing manager always results either in a clear intercept 

shift or in a break with the previous trend, rather than in a continuation of the current trend. 

White vs. Hispanic Managers in Locations with Large Hispanic Populations.—Census data 

suggests that there is less assimilation of Hispanics and non-Hispanics in areas with larger Hispanic 

populations.21  Regional variation in the assimilation of Hispanics and non-Hispanics might cause the 

effect of manager ethnicity to differ by geographic region.  Hence we ask whether the effect of manager 

ethnicity is stronger in locations with larger Hispanic populations.  Specifically, we examine the sub-

sample of stores where the population share of Hispanics in the community is at least 30 percent.22 These 

stores are located primarily in the southern parts of Texas, Florida, and California. 

To maintain sufficient sample size, we do not restrict the sample to stores with one hire of each 

new race group; rather we examine all stores that have at least one Hispanic hire and one white hire.  

Further, because nearly all of the non-Hispanic managers in this sub-sample are white, we focus only on 

the differences between Hispanic and white managers. 

 The results of this analysis are shown in Table 8.  In locations where Hispanics are less than 30 

percent of the population, the hiring patterns of Hispanic and white managers are remarkably similar, and 

Hispanics account for roughly 10 percent of new hires on average.  However, in stores where the local 

community is at least 30 percent Hispanic, we find that Hispanic managers hire significantly more 

                                                 
21 For example, in communities in the 1990 census where Hispanics make up at least 30 percent of the population, 
Hispanics are roughly 50 percent more likely than Hispanics elsewhere to speak no English (calculations made by 
the authors).  Suro and Tafoya (2004) find similar patterns in the 2000 Census; compared to Hispanics in minority-
Hispanic neighborhoods, Hispanics in majority-Hispanic neighborhoods are 24 percent more likely to be foreign 
born, are 52 percent more likely to speak only Spanish, and are 54 percent less likely to speak only English. 
22 For ease of exposition, we report results for this sub-sample instead of reporting the coefficient on a variable 
interacting the Hispanic manager dummy with percent Hispanic in the community.  The interaction term is indeed 
statistically significant, and suggests that the effect of manager ethnicity increases as the share of Hispanics in the 
community increases.  Hence, our choice of 30 percent Hispanic as the cutoff is somewhat arbitrary.  The basic 
result that manager ethnicity has a larger effect on hiring patterns in locations with larger Hispanic populations is 
robust to other cutpoints. 
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Hispanics and fewer whites than do white managers.23  Our estimates imply that when a Hispanic 

manager is replaced by a white manager in one of these stores, the share of new hires that is Hispanic falls 

roughly from 59 to 48 percent, and the share that is white rises from 22 to 32 percent.  This represents a 

17 percent decline in Hispanic employment, and a 45 percent increase in white employment. 

 Figures 3a and 3b show the graphical analysis of trends in hiring patterns for stores where the 

local community is at least 30 percent Hispanic.  Once again, the patterns suggest that the estimated effect 

of manager race on hiring patterns cannot be attributed to trends in the demographics of the labor pool. 

D. How Large are the Effects of Manager Race and Ethnicity on Hiring Patterns? 

To help interpret the magnitude of our results, we consider what happens to the racial 

composition of a store’s workforce over the course of a year when a black manager is replaced by a non-

black manager in a non-Southern store and in a Southern store.  We also consider what happens to the 

racial composition of a store in a Hispanic neighborhood over the course of a year after a Hispanic 

manager is replaced by a white manager.  Employee turnover is so high at our company that within a year 

of a change in management, almost all employees will have been hired by the new manager. 

First, the estimates in Table 7 suggest that when a black manager is replaced by a non-black 

manager, the employment share of blacks in non-Southern stores falls roughly from 16.9 percent to 14.4 

percent within a year, and the share of whites rises from 54.4 percent to 57.1 percent.  In a store of 40 

employees, this change amounts to going from roughly 7 blacks and 22 whites to 6 blacks and 23 

whites—in other words, replacing one black employee with one white employee.  Now, from the 

viewpoint of someone (such as a district manager) who is observing just a small sample of stores, this 

change might either go unnoticed or appear insignificant.  However, the change may appear more 

significant from the point of view of job seekers—and especially black job seekers.  Indeed, the change 

amounts to a proportional decline of 15 percent in the number of blacks employed.  

Further, we have seen that the effects of manager race are larger in Southern stores.  In a typical 

                                                 
23 This sub-sample of stores is only a small fraction (roughly seven percent) of the national sample.  This explains 
why the probit estimates based on the national sample showed only small and statistically insignificant differences 
between Hispanic and white managers.  



    17 
 

southern store with a black manager and 40 employees, there are 12 black employees and 21 white 

employees on average.  Our estimates suggest that replacing a black manager with a non-black manager 

would result in the replacement of three to four black employees with white employees.  This amounts to 

a 28 percent decline in black employment, and a 17 percent rise in white employment. 

Second, in a store of 40 employees in a Hispanic neighborhood, replacing a Hispanic manager 

with a white manager would result in the replacement of roughly four out of 24 Hispanic employees with 

white employees.  This is equivalent to a 17 percent decline in the number of Hispanics, and a 45 percent 

increase in the number of whites in the store. 

IV. Robustness Tests 

A.  Linear Probability Model without Sample Restriction  

 Our estimation sample is restricted to stores that hire at least one new employee from each of the 

four main race groups.  This sample restriction allows us to estimate all probit models using the same 

sample of stores, and is also necessary to estimate the multinomial logit model with store fixed effects.   

However, this restriction could introduce sample selection bias.  By eliminating stores in which there is 

no change in the hiring probability for at least one race group, we may be dropping many stores in which 

a change in manager race has zero impact on hiring patterns.   

 To examine the implications of the sample selection, we use a linear probability model to 

estimate all of the binomial choice equations on both the restricted and full samples.  The results (reported 

in Appendix Table A1) are similar for both samples, and are substantively similar to the probit results.24  

This similarity suggests that our sample restriction does not have a significant effect on our estimates. 

B. Tests for the Exogeneity of Changes in Manager Race  
 

Our analysis has ruled out differences across workplaces and differential trends in population 

demographics as sources of the observed differences in hiring patterns between black and non-black 

                                                 
24 Still, we must remember that the results for both samples are identified off of stores with consecutive managers of 
different races, and that this may affect the generalizability of our results.  For example, our estimates may not 
accurately predict the effect of replacing a white manager with a black manager in stores where a black manager is 
never observed. 



    18 
 

managers.  However, we have not explicitly ruled out the possibility that some centrally determined 

personnel policy is somehow responsible.  In this section, we consider two ways in which “company 

policy” could explain our findings. 

 First, one could imagine that the company periodically reviews store-level data and decides on a 

target racial composition for each store’s workforce.  For example, to serve an increasingly black 

customer base, the company might decide to increase the presence of blacks in the store both by 

appointing a black manager and by directing that manager to hire more black employees.  In this case, the 

relationship between manager race and the race of new hires could be driven by personnel policies 

specific to our company. 

 One testable implication of a policy of placing black managers in designated “black stores” is that 

there should be some permanence to the changes in manager race.  In other words, new black managers 

should tend to be followed by black managers.  To test this hypothesis, we compare two sets of stores: (1) 

those in which the first observed manager is black and is replaced by a white manager; and (2) those in 

which the first manager is white and is replaced by a black manager.  In the first set of stores, the 

probability that a third manager is observed within the sample period is 59 percent, and the conditional 

probability that this third manager is black is 13 percent.  In the second set of stores, the probabilities are 

57 percent that there is a third manager and 11 percent that this manager is black.  These latter 

probabilities are not significantly different from those of the first set (Appendix Table A2).  Hence stores 

where a black manager replaces a white manager are no more likely than stores where the reverse is true 

either to keep that black manager or to receive another black manager. 

A second way in which company policy could explain our results is that the company’s choice of 

a new manager may be influenced by the hiring patterns of the previous manager.  As mentioned earlier, 

the patterns in Figures 1a and 1b raise this concern because they suggest that non-black managers who 

hire increasingly more whites (Fig. 1a) and fewer blacks (Fig. 1b) over a four-month period are more 

likely to be replaced by black managers.  To be sure, the existence of a policy whereby black managers 

are employed to help reverse declines in black employment would not undermine our conclusion that 
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manager race matters; indeed, such a policy would suggest the company exploits the “manager-race 

effect” to shape employment demographics.  Still, such a policy would mean that the company 

deliberately fosters the changes in hiring patterns that we observe. 

To investigate this possibility more formally, we estimate probit models predicting the probability 

that a new manager is a given race.  In particular, we examine the effects of three covariates on the race of 

the new manager: (1) changes in hiring patterns over the preceding six-month period, (2) changes in 

employment demographics over the same six-month period, and (3) the ratio of employment share to 

local population share of each race group during the six-month period.25  We control for the race of the 

departing manager, and we interact all of the variables that measure hiring and employment trends with 

dummy variables indicating the departing manager’s race. 

The results of these regressions are shown in Appendix Table A3.  In all regressions, preceding 

hiring and employment patterns have small effects on the race of the new manager, and none of the 

effects is statistically different from zero.26  These results support the conclusion that in stores where 

manager changes are observed, the race of the new manager is reasonably independent of any recent 

patterns in hiring or employment demographics.27   

In sum, we conclude that it is very unlikely that our findings result from deliberate company 

policy to manipulate the demographic composition of their workplaces.  

V. Why Does Manager Race Affect Hiring Patterns? 

 There are four main reasons why a manager’s race might affect the racial composition of new 

hires.  First, racially segregated social networks may be used by managers when recruiting new applicants 

or by employees when looking for jobs.  Second, if manager-employee similarity improves productivity, 

                                                 
25 The sample we analyze includes all changes in management occurring at least six months after the beginning of 
our sample period (i.e. August 1, 1996 – July 30, 1998).  We chose to focus on changes over six months rather than 
changes over longer periods in order to have a sufficiently large sample of new managers.  
26 For example, the largest of these estimates suggests that a 20 percent increase in the white employment share 
under a white manager (e.g., from 50 percent white to 60 percent white) would reduce the probability that the next 
manager is white by less than two percentage points. 
27 Additional analysis, using hazard models, showed that there is also no significant relationship between changes in 
employment demographics and the timing of managerial exits.  These results provide further support for the 
conclusion that manager changes are exogenous to hiring patterns. 
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then managers may hire racially similar employees for efficiency reasons.  Third, managers may prefer to 

supervise racially similar employees, or may be biased against racially dissimilar employees.  Fourth, 

employees may prefer to work for racially similar managers, or may be biased against racially dissimilar 

managers.  These explanations are not mutually exclusive, and it is difficult to distinguish among them 

empirically.  In this section, we consider what insights can be gained from additional analysis and from a 

comparison of our results with the results of related studies.   

A. Neighborhoods and Hiring Networks 

 If managers use their own social networks to recruit employees, and if social networks tend to be 

segregated by race and ethnicity, then these networks may lead managers to hire employees of the same 

racial or ethnic group.28  To explore the role of hiring networks, we use data on the residential ZIP codes 

of managers and employees.  Although one’s ZIP code is an imperfect proxy for one’s network of 

acquaintances, nevertheless residential areas and social networks do tend to overlap.  Hence if the social 

networks of managers are driving our results, we may find that managers tend to hire employees who live 

near them.29   

We test this hypothesis using stores that have at least one change in management and that have 

two managers (call them manager 1 and manager 2) who reside in different ZIP codes.30  For all 

                                                 
28 This company has a strict formal policy that forbids managers from hiring their friends or acquaintances.  
Nevertheless, previous studies have argued that informal networks play an important role in hiring (e.g., Bayer et al., 
2005; Holzer, 1996; Granovetter, 1995); that such networks tend to be segregated by race (Marsden, 1987); that 
employees tend to refer similar others (e.g. Fernandez et al., 2000; Muow, 2002); and that minorities tend to lack 
access to hiring networks (Petersen et al., 2000; Moss and Tilly, 2001). 
29 To be sure, much of the literature on hiring networks emphasizes the networks of employees rather than those of 
managers.  Employee referrals alone cannot cause manager race to be correlated with hiring patterns, but if there is 
some tendency for managers to hire same-race employees, then same-race employee referrals could amplify this 
tendency.  To test this, we estimated fixed effects models similar to those in column (5) of Tables 4a-4d, but 
including as a regressor the share of employees of race k at the time a new hire is made.  The results indicated a 
negative relationship between the current share of employees of race k and the probability that the new hire is of 
race k.  This is the opposite of what would be expected if same-race employee referrals were an important 
determinant of hiring patterns in our data.  
30 Approximately 95 percent of the manager changes in our data involve two managers from different ZIP codes.  
For stores that have more than two managers from different ZIP codes, we restrict attention to the two managers 
with the largest number of hires. We also exclude from our analysis the roughly 25 percent of all managers and a 
small number of employees who have recently transferred from a ZIP code that is more than 100 miles from the 
store in question, since these individuals are less likely to have formed social networks with their neighbors.  (We 
are grateful to a referee for making this suggestion.)  
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employees in these stores that were hired either by manager 1 or by manager 2, we construct the 

following variable: relative distance from manager 1 = (distance between residential ZIP codes of 

employee and manager 1)/(distance between residential ZIP codes of employee and manager 2).31  We 

then regress the log of this variable on a dummy variable that is equal to one if the employee was hired by 

manager 1 and equal to zero if the employee was hired by manager 2.  The results (Table 9, column 1) 

indicate that the relative distance to manager 1 is 1.6 percent smaller if the employee was hired by 

manager 1.  In other words, employees tend to live slightly closer to the managers that hired them.  The 

effect is small, but the estimate is statistically significant. 

Of course, the tendency of managers to hire individuals who live closer by could result from a 

combination of racial preferences and residential segregation.  For example, black managers may tend to 

hire their neighbors because they prefer hiring blacks (who tend also to be their neighbors), rather than 

because networking leads black managers to hire their neighbors (who tend also to be black).  To address 

this issue, we estimate regressions that control for an employee’s racial similarity to manager 1 and to 

manager 2.  The results (Table 9, column 2) do in fact indicate that employees tend to live closer to 

managers who share their race or ethnicity.  However, even after taking racial similarity into account, a 

greater proximity to one’s hiring manager remains.  This suggests that the greater proximity is caused by 

the use of networks and not solely by racial biases in hiring. 

B. Productivity Effects of Manager-Employee Similarity 

Managers might hire same-race employees because same-race relationships tend to be more 

efficient.  For example, racial and ethnic diversity may make communication difficult.32  Or managers 

may find it more difficult to motivate employees of different race groups, making some mixed-race 

                                                 
31 Distance is measured in miles and is estimated using the longitude and latitude at the centroid of each ZIP code. 
The physical distance in miles between longitude x1, latitude y1 and longitude x2, latitude y2 is calculated as 
((69.1×(x1-x2))2+(53×(y1-y2))2)1/2.  In cases where the employee and manager share a ZIP code (roughly four percent 
of the sample), we assign a distance of one mile. The average distance between the ZIP codes of an employee and a 
given manager is roughly sixteen miles.   
32 Lang (1986) emphasizes this point in his model of “language discrimination”. 
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relationships less productive.33  Whatever the reason, if managers can rationally expect higher 

productivity from employees who are similar to themselves, then a bias toward same-race employees 

could result from “statistical discrimination” (Arrow, 1973; Phelps, 1972; and Aigner and Cain, 1977); 

that is, without complete information on each applicant’s productivity, managers may screen employees 

on the basis of racial similarity in order to maximize expected productivity. 

To investigate whether efficiency considerations may be driving our results, we use data on store 

monthly sales.  Table 10 reports the results of a linear fixed-effects regression of log monthly sales on 

manager race, employment shares of each race group, and the interactions of these employment share 

variables with the black manager indicator.  The coefficient on the interaction of the black manager 

indicator and the black share of employment is positive, suggesting that the relative productivity of black 

employees to white employees (the omitted group) is slightly higher under a black a manager than under a 

non-black manager.  The positive coefficient is consistent with an efficiency motive for black managers to 

hire fewer whites and more blacks, and for non-blacks to do the opposite.  However, the effect is small 

and not statistically significant.34  Hence there is not strong support for an efficiency-based explanation of 

our results. 

C. Racial Preferences of Managers and Employees 

Another possible explanation for our findings is that they are driven by the racial preferences of 

managers, employees, or both.   As in Becker’s (1971) model of “taste-based” discrimination, the racial 

preferences of managers may influence their hiring decisions (even if this means hiring less productive 

                                                 
33 This hypothesis is suggested by the organizational behavior literature on racial “mismatch”.  Typical findings are 
that subordinates whose manager is a different race have lower job satisfaction (Wesolowski and Mossholder, 1997), 
that white subordinates with black supervisors report high role ambiguity and role conflict (Tsui and O’Reilly, 
1989), and that same-race mentoring relationships last longer and provide more psychosocial support than do cross-
race relationships (Thomas, 1990).   
34 The coefficient implies that when there is a five percentage point increase in the black share of employment that is 
offset by a decline in white employment, sales are .25 percent higher under a black manager than a white.  Similar 
regressions that allow the effects to differ in the South (not reported in table) indicate that even in the South, sales 
are not significantly affected by manager-employee racial differences.  We also ran comparable regressions 
examining the interaction of Hispanic manager with employee race shares for stores in high Hispanic locations.  The 
coefficient on the interaction of Hispanic manager with percent Hispanic employees is negative and statistically 
insignificant.  Hence, there is also no support for an efficiency explanation of the Hispanic results.  Finally, we 
estimated variants of these models allowing for nonlinearities in the effects of increasing percent black, etc., and 
found no significant nonlinear effects. 
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applicants), and the racial preferences of employees may influence their choice of where to work.35  Our 

finding that black managers hire more black employees and fewer whites than non-black managers could 

be explained by one or all of the following possibilities: (1) black managers prefer black employees over 

white employees; (2) non-black managers prefer white employees over black employees; (3) black 

employees prefer black managers over non-black managers; and (4) white employees prefer non-black 

managers over black managers. 

Without data on applicants, we cannot directly test for the influence of racial preferences on 

hiring decisions.  But we can gain insight into the potential importance of such preferences by comparing 

our results to those of related studies.  Especially germane is a recent study that employs the same data set 

used here in order to examine the effects of manager-employee race differences on rates of employee 

quits, dismissals, and promotions.36  The findings of this recent study suggest not only that the racial 

preferences of both the managers and employees in our sample could affect employment outcomes, but 

moreover could do so in ways that can help explain the findings of the present study. 

First, this recent study finds that black employees are dismissed at significantly higher rates and 

promoted at significantly lower rates when their managers are non-black.  Because dismissals and 

promotions are decisions made primarily by managers, this result suggests either that black managers 

favor black employees (which Becker refers to as “nepotism”) or that non-black managers discriminate 

against black employees.  Either nepotism or discrimination could explain why the probability of hiring a 

black employee is lower under non-black managers.37  Although we cannot distinguish between the two, 

the discrimination interpretation is supported by the findings of several audit studies and other 

                                                 
35 Becker’s (1971) theory of taste-based discrimination suggests that in competitive markets, employers who 
discriminate (by basing hiring choices on tastes and not on efficiency criteria/employee skills alone) should have 
lower profits.  Hence the lack of a negative effect of manager-employee similarity on sales might be viewed as 
evidence of the absence of discrimination.  However, at this company, it is perhaps more likely that the skill level of 
frontline employees is not an important determinant of sales. 
36 (Authors’ names suppressed) estimate hazard models predicting the likelihood of an employee quitting, being 
dismissed, or being promoted as a function of racial differences between manager and employee.   
37 One way to distinguish empirically between nepotism and discrimination is to classify some groups as 
“anonymous” (e.g. see Fershtman, Gneezy and Verbover, 2005).  This approach is not possible with our data. 
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experiments that have found evidence of discrimination against black job-seekers.38   

Second, this recent study suggests that the preferences of white employees may also help explain 

our results.  It finds that white employees quit their jobs at faster rates when they have non-white 

managers, and moreover that this is true especially among white employees who receive new managers.  

This latter result—that race dissimilarity affects quit rates more when the manager is new—is interpreted 

as evidence of selection on employee racial preferences.  The study argues this result suggests that many 

white employees who dislike working for non-white managers avoid working for such managers in the 

first place, and that when such whites involuntarily find themselves working for a non-white manager, 

their quit rates increase substantially.   

A reluctance of white employees to take jobs with minority managers is certainly consistent with 

our finding that black managers in general, and Hispanic managers in locations with lots of Hispanics, 

hire relatively low proportions of white employees.39  Interestingly, it is also consistent with Stoll et al.’s 

(2004) finding that black hiring agents receive a larger proportion of job applications from blacks (and a 

smaller proportion from whites) than do white hiring agents. 40 

D. Discussion 

We have considered four explanations for our finding that hiring patters differ across managers of 

difference race groups: racially segregated hiring networks; statistical discrimination based on 

productivity gains from manager-employee similarity; the racial preferences of managers; and the racial 

                                                 
38 In particular, audit studies by Turner et al. (1991) and Bendick et al. (1994) find that black research assistants 
posing as job applicants (“testers”) get fewer job offers than do white testers with similar qualifications who apply 
for the same jobs.  Kenney and Wissoker (1994) find similar results for Hispanics.  In another experimental study, 
Bertrand and Mullainathan (2004) find that resumes with black-sounding names obtain fewer interview offers than 
identical resumes with white-sounding names.  Most audit studies cannot analyze the role of manager race or 
preferences in such discrimination, because either there is no data on manager traits or there is not enough variation. 
39 As discussed in (reference suppressed), the social-psychology literature offers multiple theories for why white 
employees may prefer not to work for non-white managers, including theories of similarity attraction, social 
identity, and status.  Distinguishing among these theories is beyond the scope of the current paper. 
40 Stoll et al. interpret their result as suggesting that having blacks in visible positions of authority increases the rate 
at which blacks apply for jobs.  They suggest that the presence of black managers may signal to potential black 
applicants that they are less likely to suffer from discrimination or a hostile environment.  Our results are not 
inconsistent with such behavior by black job-seekers.  However, our analysis of quit rates suggests that the behavior 
of white job-seekers is at least as relevant.  We would thus stress another possible reason for Stoll et al.’s results: 
Having a black hiring agent decreases the rate at which white job-seekers apply for and accept jobs. 
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preferences of employees.  The evidence discussed above supports all but the “statistical discrimination” 

interpretation.  Still, one must be cautious about favoring or dismissing any of these interpretations. 

First, these four “explanations” are not mutually exclusive, and may even reinforce one another.  

For example, if black managers have difficulty recruiting walk-in applications due to discrimination from 

a mostly white applicant pool, this could lead black managers to rely more heavily on social networks as a 

method of recruitment.  Further, if white employees’ distaste for having black supervisors leads them to 

quit at higher rates, then black managers may rationally expect that if they hire more whites, they will 

have lower retention rates and higher recruiting and training costs.  Such expected cost differentials could 

provide a rationale for statistical discrimination by black managers. 

Also, another efficiency-based rationale for managers to hire racially similar employees could be 

provided by unmeasured but racially correlated differences in individual characteristics.  For example, if 

blacks and non-blacks have different “styles” of work or different preferences for workplace collective 

goods (e.g. atmosphere, music, break-room snacks, etc.), then black employees may work better with 

black managers not because of racial preferences per se but because they have complementary work 

styles or workplace-related preferences.41  The hiring patterns we find could thus reflect an attempt to 

reduce the expected costs of managing and motivating employees.42 

Finally, we should acknowledge that even though the studied employer is in many ways typical of 

the U.S. retail sector (which accounts for roughly eighteen percent of all U.S. jobs), this is nevertheless a 

case study.  And several characteristics of our sample could affect the relative importance of managerial 

and employee discrimination.  Two examples:  First, racial attitudes could be affected by the relatively 

                                                 
41 Such production function complementarities could explain (authors’ names suppressed) finding of lower black 
dismissal rates and higher black promotion rates by black managers, and could likewise explain the differential 
hiring rates that we find.   
42 In studies that use research designs similar to ours to test for racial discrimination in other contexts, the possibility 
is too often ignored that unobserved individual characteristics may be responsible for the results rather than own-
race preferences.  See, for example, Antonovics and Knight (2004) on discrimination in vehicle searches by police 
officers, and Price and Wolfers (2007) on racial discrimination in foul-calling among NBA referees.  Price and 
Wolfers’ (2007) finding that that more personal fouls are awarded against players when referees are of a different 
race could be explained by racial differences in styles of playing and refereeing.  We thank a referee for elucidating 
this point. 
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high share of women and the relative youth of both management and the workforce.  Other studies have 

suggested that females and youths are less likely to discriminate on the basis of race.43  Second, the 

sample period (1996-1998) was a time of historically low unemployment in the U.S.  Because it was 

difficult to find qualified workers during these years, manager discrimination may well have been less 

prevalent and employee discrimination more prevalent than during periods of higher unemployment.   

VI. Conclusion 

As the U.S. labor force grows more diverse, it is important to understand how race and ethnicity 

affect employment outcomes.  Prior studies have examined whether the race or ethnicity of the hiring 

manager may affect the racial and ethnic composition of new hires.  But because these studies were 

unable to control for unobserved differences across workplaces and locations, it was hard for them to 

identify the role of manager race and ethnicity.  Using a panel dataset that permits us to control for such 

differences, this study provides new evidence that managers of different racial and ethnic groups exhibit 

systematically different hiring patterns. 

First, we find that all non-black managers—i.e., whites, Hispanics, and Asians—hire more whites 

and fewer blacks than do black managers.  What’s more, these differences between non-black and black 

managers are especially large in the South.  Second, we find a significant difference in the hiring patterns 

of Hispanic and white managers in locations where Hispanics make up at least 30 percent of the 

population.  In these areas, Hispanic managers hire more Hispanics and fewer whites than do white 

managers. 

Further analysis sheds light on why hiring patterns vary across managers of different race groups.  

Although we do not rule out efficiency motives, we find no evidence that sales are improved by racial 

similarity between manager and workforce.  On the other hand, the evidence does support a role for hiring 

networks, and for the racial and ethnic preferences of both managers and employees. 

                                                 
43 Studies by Kenney and Wissoker (1994) and Yinger (1986) suggest that women discriminate less than men.  The 
1990-2000 General Social Survey found that respondents under 40 were significantly less likely than older 
respondents to favor laws against interracial marriage (author’s calculation based on sample of 8,351 from surveys 
between 1990 and 2000). 
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 TABLE 7. BLACK VS. NON-BLACK MANAGERS IN THE SOUTH 

 South  Non-South  
       Predicted Probability   
            that a new hire is: 

 
White 

 
Black 

 
White 

 
Black 

Nonblack Manager  0.614  0.212  0.571  0.144 

Black Manager  0.520  0.293  0.544  0.169 

Difference  0.094** -0.081**  0.027* -0.025** 
 (0.020) (0.014) (0.013) (0.009) 

Notes: Based on probit regressions predicting probability that a new hire is white (black).  
Regressions include store and month dummies and store-specific trends.  Parentheses contain 
robust standard errors, adjusted for clustering on store.   N > 100,000.  South is defined here as 
states that were part of the Confederacy, except Texas.  These states are: Arkansas, Alabama, 
Georgia, Florida, Louisiana, Mississippi, North Carolina, Tennessee, South Carolina, and 
Virginia.  * significant at 5%; ** significant at 1%.

 
 
 

TABLE 8. HISPANIC VS. NON-HISPANIC MANAGERS IN HIGH HISPANIC LOCATIONS  

 High-Hispanic 
Locations 

 Low-Hispanic 
Locations 

 

       Predicted Probability  
            that a new hire is: 

 
White 

 
Hispanic 

 
 White 

 
Hispanic 

White Manager  0.320  0.483   0.570   0.101 

Hispanic Manager  0.219  0.595   0.574   0.102 

Difference  0.101** -0.112**   0.004   0.001 
 (0.038) (0.052)  (0.011)  (0.006) 

Notes: Based on probit regressions predicting probability that a new hire is Hispanic.  
Regressions include store and month dummies.  Parentheses contain robust standard errors, 
adjusted for clustering on store.   N > 100,000.  High-Hispanic locations defined here as locations 
with at least 30 percent of local population Hispanic.  * significant at 5%; ** significant at 1%. 
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     TABLE 9. OLS ESTIMATES OF EMPLOYEE’S RELATIVE PHYSICAL DISTANCE FROM MANAGER 1 

 
 

 
 

 
   TABLE 10. OLS ESTIMATES OF THE EFFECT OF RACIAL SIMILARITY ON SALES 

Manager is Black -0.029 
 (0.017) 
Manager is Hispanic -0.017 
 (0.010) 
Manager is Asian -0.025 
 (0.013) 
% Employees who are black 0.023 
 (0.030) 
% Employees who are Hispanic 0.013 
 (0.036) 
% Employees who are Asian 0.106** 
 (0.034) 
Mgr. Black * % Employees black 0.047 
 (0.050) 
Mgr. Black * % Employees Hispanic 0.066 
 (0.044) 
Mgr. Black * % Employees Asian -0.054 
 (0.096) 
Notes: Dependent variable is log of monthly sales.  Controls include manager age 
and sex, manager experience, a dummy for manager of “other” race and % hires who 
are “other”, a dummy indicating if the manager is an assistant manager, share of new 
hires with no company experience, total monthly employment, a dummy variable for 
each of the 30 months in the sample, a dummy variable for each store in the sample, 
and a trend variable for each store in the sample.  Omitted manager race and 
employee race category is white.  Parentheses contain robust standard errors, 
adjusted for clustering on store.  N > 20,000 store-months. * significant at 5%; 
** significant at 1% 

(1) (2) 
Employee was hired by manager 1 -0.016*  -0.015* 

(0.007) (0.007) 

Employee is same race as manager 1    -0.069** 
  (0.019)            

Employee is same race as manager 2     0.072** 
  (0.018) 

Notes: Dependent variable=ln(distance between residential ZIP codes of employee and mgr. 1 / distance 
between residential ZIP codes of employee and mgr. 2), where mgr. 1 and mgr. 2 are the two managers at 
each store who have the largest number of hires and who live in different ZIP codes.  Estimation sample is 
all stores with at least two managers who live in different zip codes.  Regressions include store fixed effects.  
Parentheses contain robust standard errors, adjusted for clustering on store.  N>50,000 new hires; >600 
stores.  * Significant at 5%; ** significant at 1%. 
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FIGURE 1A. TRENDS IN WHITE SHARE OF NEW HIRES 
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FIGURE 1B. TRENDS IN BLACK SHARE OF NEW HIRES 
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Notes:  Based on sample of all manager changes for which our data contain at least one hire every two 
months from four months before a manager change to four months after the change.  Cases where a 
black manager is replaced by a black manager are not graphed due to small sample size. 
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 FIGURE 2A. TRENDS IN WHITE SHARE OF NEW HIRES IN THE SOUTH 
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FIGURE 2B. TRENDS IN BLACK SHARE OF NEW HIRES IN THE SOUTH 
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Notes:  Based on sample of all manager changes for which our data contain at least one hire every two 
months from four months before a manager change to four months after the change.  Cases where a 
black manager is replaced by a black manager are not graphed due to small sample size. 
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FIGURE 3A. TRENDS IN WHITE SHARE OF NEW HIRES IN HIGH-HISPANIC LOCATIONS 
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FIGURE 3B. TRENDS IN HISPANIC SHARE OF NEW HIRES IN HIGH-HISPANIC LOCATIONS 
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Notes:  Based on sample of all manager changes for which our data contain at least one hire every two 
months from four months before a manager change to four months after the change.  Cases where a 
Hispanic manager is replaced by a Hispanic manager are not graphed due to small sample size. 
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APPENDIX  
 

TABLE A1.  FIXED EFFECTS LINEAR PROBABILITY ESTIMATES OF THE EFFECT OF MANAGER RACE ON THE 
PROBABILITY THAT A NEW HIRE IS A GIVEN RACE 

A. Sample: Estimation sample for probit and multinomial logit regressions 
 Dependent variable is dummy variable = 1 if new hire is: 
 White Black Hispanic Asian 
Hiring manager is white -- -0.041** -0.008 -0.024 

  (0.010) (0.010) (0.014) 

Hiring manager is black -0.037** -- -0.012 -0.023 
 (0.010)  (0.011) (0.015) 

Hiring manager is Hispanic -0.006 -0.050** --- -0.016 
 (0.010) (0.012)  (0.014) 

Hiring manager is Asian -0.006 -0.055** -0.011 -- 
 (0.012) (0.016) (0.014)  

B. Sample: All retail stores of the employer 
 Dependent variable is dummy variable = 1 if new hire is: 
 White Black Hispanic Asian 
Hiring manager is white -- -0.045** -0.007 -0.021 

  (0.007) (0.008) (0.010) 

Hiring manager is black -0.043** -- -0.007 -0.021 
 (0.008)  (0.009) (0.011) 

Hiring manager is Hispanic -0.005 -0.052** --- -0.014 
 (0.008) (0.010)  (0.011) 

Hiring manager is Asian -0.001 -0.058** -0.009 -- 
 (0.009) (0.012) (0.011)  

Notes: All regressions include store fixed effects and dummy variables for each of the 30 months in the  
sample.  Parentheses contain robust standard errors, adjusted for clustering on store.   * significant at 5%; 
** significant at 1%;  
 
 
 

TABLE A2.  RACE OF THIRD MANAGER FOLLOWING WHITE-TO-BLACK OR BLACK-TO-WHITE MANAGER SEQUENCE  
Race of first two store managers: Pr(3rd mgr. is observed  

within sample period) Pr(3rd mgr. is black) Pr(3rd mgr. is white) 

Black mgr. followed by white mgr. .590 .130 .869 

White mgr. followed by black mgr. .568 .111 .833 

difference .021 .019 .036 
p-value from test of H0: diff=0 0.822 0.812 0.693 
Note: Estimation sample consists of 135 stores in which the first two observed managers are a white manager followed by a black 
manager or vice versa.  The probabilities reported in the second and third columns are conditional on observing a third manager.
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