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Abstract

Background

College affirmative action programs seek to expand socioeconomic opportunities for under-

represented minorities. Between 1996 and 2013, 9 US states—including California, Texas,

and Michigan—banned race-based affirmative action in college admissions. Because eco-

nomic opportunity is known to motivate health behavior, banning affirmative action policies

may have important adverse spillover effects on health risk behaviors. We used a quasi-

experimental research design to evaluate the association between college affirmative action

bans and health risk behaviors among underrepresented minority (Black, Hispanic, and

Native American) adolescents.

Methods and findings

We conducted a difference-in-differences analysis using data from the 1991–2015 US national

Youth Risk Behavior Survey (YRBS). We compared changes in self-reported cigarette smok-

ing and alcohol use in the 30 days prior to survey among underrepresented minority 11th and

12th graders in states implementing college affirmative action bans (Arizona, California, Flor-

ida, Michigan, Nebraska, New Hampshire, Oklahoma, Texas, and Washington) versus out-

comes among those residing in states not implementing bans (n = 35 control states). We also

assessed whether underrepresented minority adults surveyed in the 1992–2015 Tobacco Use

Supplement to the Current Population Survey (TUS-CPS) who were exposed to affirmative

action bans during their late high school years continued to smoke cigarettes between the

ages of 19 and 30 years. Models adjusted for individual demographic characteristics, state and
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year fixed effects, and state-specific secular trends. In the YRBS (n = 34,988 to 36,268,

depending on the outcome), cigarette smoking in the past 30 days among underrepresented

minority 11th–12th graders increased by 3.8 percentage points after exposure to an affirmative

action ban (95% CI: 2.0, 5.7; p < 0.001). In addition, there were also apparent increases in

past-30-day alcohol use, by 5.9 percentage points (95% CI: 0.3, 12.2; p = 0.041), and past-30-

day binge drinking, by 3.5 percentage points (95% CI: −0.1, 7.2, p = 0.058), among underrepre-

sented minority 11th–12th graders, though in both cases adjustment for multiple comparisons

resulted in failure to reject the null hypothesis (adjusted p = 0.083 for both outcomes). Under-

represented minority adults in the TUS-CPS (n = 71,575) exposed to bans during their late

high school years were also 1.8 percentage points more likely to report current smoking (95%

CI: 0.1, 3.6; p = 0.037). Event study analyses revealed a discrete break for all health behaviors

timed with policy discussion and implementation. No substantive or statistically significant

effects were found for non-Hispanic White adolescents, and the findings were robust to a num-

ber of additional specification checks. The limitations of the study include the continued poten-

tial for residual confounding from unmeasured time-varying factors and the potential for recall

bias due to the self-reported nature of the health risk behavior outcomes.

Conclusions

In this study, we found evidence that some health risk behaviors increased among under-

represented minority adolescents after exposure to state-level college affirmative action

bans. These findings suggest that social policies that shift socioeconomic opportunities

could have meaningful population health consequences.

Author summary

Why was this study done?

• Between 1996 and 2013, 9 US states banned race-based affirmative action in college

admissions.

• Affirmative action bans may have adverse spillover effects on health behavior among

students belonging to underrepresented minority groups (i.e., racial and ethnic minori-

ties that are underrepresented in higher education) through several different pathways.

However, the consequences of affirmative action bans for health risk behaviors have not

been studied.

What did the researchers do and find?

• Using a dataset of about 35,000 high school students in the US, we compared changes in

self-reported cigarette smoking and alcohol use among underrepresented minority 11th

and 12th graders in states implementing college admission affirmative action bans ver-

sus among those residing in states not implementing bans.

• We found increases in self-reported cigarette smoking among underrepresented minor-

ity 11th and 12th graders, coinciding with the years affirmative action bans were
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discussed, passed, and implemented. We also found statistically nonsignificant increases

in alcohol use after affirmative action bans. No associations were found for non-His-

panic White students.

• In a separate study of over 71,000 underrepresented minority adults aged 19–30 years,

we found that those who were 16 years old (the typical age of a typical high school stu-

dent entering the 11th grade) at the time an affirmative action ban was in place were

more likely to report current smoking.

What do these findings mean?

• This study finds that state-level affirmative action bans may result in increases in short-

and long-term health risk behaviors among underrepresented minority students.

• The findings demonstrate the potential importance of social policies, particularly those

that shift socioeconomic opportunities, for population health.

Introduction

Socioeconomic factors have long been recognized as critical determinants of individual and

population health [1–4]. In this vein, recent work has demonstrated a robust link between

access to economic opportunities, health behaviors, and health outcomes [5–9]. Public policies

that influence socioeconomic opportunities may have profound effects on health risk behav-

iors among adolescents [10], particularly those belonging to underrepresented minority

groups (i.e., racial and ethnic minorities that are underrepresented in higher education), who

face both elevated risks of morbidity and mortality [11] and restricted prospects for upward

economic mobility [12].

In the US, affirmative action policies have been used to directly remediate structural

inequalities that have contributed to depressed socioeconomic outcomes among underrepre-

sented minorities. The most well-known among these are programs that seek to enhance

access to educational opportunities by incorporating race and ethnicity into college admission

decisions. Some perceive that these programs unfairly disadvantage non-beneficiaries, result-

ing in significant political controversy. Along these lines, between 1996 and 2013, 9 states

banned race-based affirmative action in college admissions (Fig 1). Currently, race-based affir-

mative action programs at several universities are facing high-profile legal challenges initiated

by private parties and by the US Department of Justice [13–15].

A growing body of research has shown that US college affirmative action bans have reduced

admission and graduation rates among underrepresented minorities at selective colleges [16–

20]. In addition to these well-known impacts on educational outcomes, affirmative action bans

may also have spillover consequences on health behaviors, particularly among high school stu-

dents who are contemplating college. Active consideration and implementation of affirmative

action bans may undermine underrepresented minority adolescents’ expectations of future

economic opportunities, reducing their incentives to engage in positive health behaviors and/

or avoid health risk behaviors [5,8,9]. Bans may communicate to underrepresented minority

adolescents broader signals about aspects of the social environment, such as the degree of

structural racism or societal discrimination, that are themselves associated with adverse health
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consequences [21–23]. Affirmative action bans may also increase competition for limited col-

lege admission slots, which could have mixed effects for underrepresented minority adoles-

cents. On the one hand, bans could induce students to attempt to maximize their admission

probabilities [24] by engaging in fewer health risk behaviors. On the other hand, bans may

intensify exposure to academic stress [25,26] or demoralize adolescents faced with competition

they perceive to be insurmountable [27,28], either of which could increase their risk of engag-

ing in health risk behaviors. Adolescent health risk behavior may be particularly sensitive to

these mechanisms, given that adolescence is a critical developmental period for forming, and

acting on, beliefs about society and about the future [29–31].

These theoretically motivated hypotheses notwithstanding, the impacts of affirmative

action bans on health risk behaviors are as of yet unknown. In this study, we estimated the

association between race-based affirmative action bans and cigarette smoking and alcohol

use among underrepresented minority adolescents. We used a quasi-experimental differ-

ence-in-differences design to estimate the change in outcomes before versus after policy

implementation among underrepresented minority adolescents residing in states imple-

menting affirmative action bans versus those residing in unaffected states. We also exam-

ined whether the association between exposure to an affirmative action ban and smoking

persisted into adulthood.

Methods

Institutional review board approval for this study was not required per University of Pennsyl-

vania policy given the use of publicly available, deidentified data. This study did not have a

Fig 1. States implementing college affirmative action bans by year of implementation. Year of ban implementation: Texas—1997;

California—1998; Washington—1999; Florida—2001; Michigan—2006; Nebraska—2008; Arizona—2010; New Hampshire—2012;

Oklahoma—2013. See S1 Table for further details, including dates of court decisions and votes authorizing bans.

https://doi.org/10.1371/journal.pmed.1002821.g001

College affirmative action bans and health risk behaviors

PLOS Medicine | https://doi.org/10.1371/journal.pmed.1002821 June 18, 2019 4 / 16

https://doi.org/10.1371/journal.pmed.1002821.g001
https://doi.org/10.1371/journal.pmed.1002821


prespecified analysis plan, but specification of all outcomes and exposures, the estimation sam-

ple, and statistical analyses were based on ex ante hypotheses (see S1 Appendix for further

details). The datasets and code used for this project are posted at Harvard Dataverse (https://

doi.org/10.7910/DVN/J7SOGC).

Data and sample

We used data from the 1991–2015 US Youth Risk Behavior Survey (YRBS), a nationally repre-

sentative repeated cross-sectional survey of 9th–12th graders in public and private schools

fielded by the US Centers for Disease Control and Prevention (CDC) as part of the national

Youth Risk Behavior Surveillance System (YRBSS). Surveys have been conducted biennially

since 1991, typically in the spring. Survey participants are identified through a 3-stage sam-

pling procedure, with oversampling of Black and Hispanic students at each stage [32]. The

data include information on state of residence, individual demographic characteristics (age,

sex, and race), and self-reported health risk behaviors. The national YRBS includes coverage—

continuously before and after affirmative action policy changes—of data from 7 of the 9 states

that implemented affirmative action bans during the study period, including the 2 largest states

(Texas and California). (The 2 remaining states, Nebraska and New Hampshire, were both sur-

veyed during a single wave, prior to implementation of bans.)

Estimation for this study focused on underrepresented minority students, defined as those

who self-reported their race as “Black” or who self-reported their ethnicity as “Hispanic” or

“Native American.” Given the role of affirmative action in remediating historically and structur-

ally ingrained racial inequalities, we hypothesized that non-Hispanic White students would be

differently affected by affirmative action bans, if at all. We did not analyze data on Asian-Ameri-

can and Pacific Islander students because their sample sizes were too small for robust inference.

At the same time, Asian-American and Pacific Islander individuals as a group are not typically

considered, as a matter of policy, to be underrepresented in higher education; therefore, it is

unclear how changes to affirmative action policies may affect this group [33–35]. We restricted

the sample to 11th and 12th grade students to focus on the distinct developmental stage of late

high school, when decisions about college and future careers are particularly salient [36,37].

Observations with missing data were dropped from the analysis.

To examine the potential persistence of any estimated impacts of affirmative action bans

on cigarette smoking into adulthood, we used data from the 1992–2015 Tobacco Use Sup-

plement to the Current Population Survey (TUS-CPS) [38]. The TUS-CPS is a nationally

and state-representative repeated cross-sectional survey of the US general population

administered annually since 1992. These data include detailed information on current and

past tobacco use. We focused on the same cohorts as in the YRBS—individuals belonging to

underrepresented racial and ethnic minority groups who had attained the typical age of a

high school junior between 1991 and 2015 (i.e., individuals who attained 16 years of age at

any time point between 1990 and 2015). We further restricted the TUS-CPS sample to those

aged 19–30 years at the time of the survey, so as to focus on young adults who had (likely)

already exited high school and who were plausibly at risk of having been exposed to affirma-

tive action bans during high school.

In both the YRBS and TUS-CPS, we excluded individuals residing in 4 states in which there

was extended, multi-year litigation around affirmative action during the study period, but

where bans were not actually implemented (Alabama, Georgia, Louisiana, and Mississippi).

This exclusion follows from prior work on the educational consequences of affirmative action

bans [18,19].

Further details on both datasets are provided in S1 Appendix.
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Outcomes and exposure

The primary outcomes in the YRBS were any self-reported cigarette smoking, alcohol use, and

binge drinking in the 30 days prior to survey. We constructed binary measures for each out-

come, using a threshold of at least 1 day or more of use. Using the TUS-CPS, we constructed a

binary measure for current cigarette smoking, where individuals who reported smoking either

“some days” or “every day” at the time of survey (versus “not at all”) were coded as current

smokers. (See S1 Appendix for further details.)

The exposure of interest was a binary indicator indicating the implementation of an affir-

mative action ban in the respondent’s state of residence by the year the individual was in the

11th or 12th grade. YRBS respondents were considered exposed if an affirmative action ban

had been implemented in the year of survey. For the sake of consistency with the YRBS analy-

sis, TUS-CPS respondents were considered exposed if an affirmative action ban was in place in

their state of residence during the calendar year they turned 16 years old, an age threshold that

approximates the typical age of an 11th grader in high school.

Exposure assignment based on survey year (YRBS) or the calendar year the individual

turned 16 years old (TUS-CPS) permitted exposures to occur just before actual ban implemen-

tation, which helps account for any potential shifts in future expectations due to rising media

coverage of affirmative action bans in the period immediately prior to implementation (S1

Fig). (In the YRBS, surveys were typically conducted in the spring, while affirmative action

bans were mostly implemented in the fall—see S1 Table. In the TUS-CPS, the autumn timing

of enactment of most bans implies that the majority of individuals assigned as exposed would

have turned 16 years of age prior to affirmative action ban implementation.) An important

consideration specific to the TUS-CPS analysis is that, due to the longer lag between (pre-

sumed) exposure and the time of the survey, exposure assignment might also reflect any medi-

ating role of post-high-school variables, such as college education or labor market outcomes.

Statistical analysis

We used a quasi-experimental difference-in-differences design [39,40] to estimate the change

in outcomes before versus after exposure to an affirmative action ban among underrepresented

minority respondents residing in affected states versus those residing in unaffected states. (The

estimating equation representing the regression model fitted to the data is provided in S1

Appendix.) We adjusted for age, sex, and race/ethnicity (Black, Hispanic, or Native American);

state fixed effects, to account for time-invariant, state-level differences in socioeconomic, cul-

tural, and political characteristics that could be correlated with affirmative action ban adoption

and with the outcomes; racial/ethnic group–year (year of survey in the YRBS and year when

the individual turned 16 years old in the TUS-CPS), to account for race/ethnic-group-specific

national trends in the outcomes that could be coincident with affirmative action policy adop-

tion; and state-specific linear time trends (again, specific to survey year in the YRBS or year the

individual turned 16 years old in the TUS-CPS), to account for unobserved differential trends

that jointly influence ban adoption and the outcomes. In the YRBS regression models, we addi-

tionally adjusted for 11th versus 12th grade status. In the TUS-CPS models, we additionally

included fixed effects for year and month the survey was conducted (i.e., when the adult smok-

ing outcomes were assessed).

We fitted all models using least squares, given well-known biases resulting from fitting

fixed effects regression models with limited dependent variables [41]. In addition to estimating

models for the pooled sample of underrepresented minority individuals, we also estimated

models stratifying by sex and race/ethnicity (Black versus Hispanic), given potential differ-

ences in responses to stressful life events across these groups [42–44].
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The 2 causal identification assumptions underlying the method of difference in differences

are (1) no differential preexisting trends in the outcomes between exposed and unexposed

states (the parallel trends assumption) and (2) no confounding from unmeasured state–year

factors that may jointly be correlated with the exposure and outcome [39]. In addition to

adjusting for state, year, and state-specific time trends as described above, we probed the valid-

ity of these assumptions by fitting event study models [45], in which we replaced the main

exposure term with a series of binary variables denoting leads and lags of affirmative action

bans ranging from 7 or more years before ban implementation to 6 or more years after (see S1

Appendix for the estimating equation). Individuals not residing in an affected state were

coded as 0 for each of these variables. The event study approach provides a means to investi-

gate violations of the parallel trends assumption underlying the validity of the difference-in-

differences design. It also serves as a means to investigate the timing of health behavior

changes—if these occur at the same time as the start of the exposure period, the role of unmea-

sured confounders can be considered less likely.

To additionally probe the underlying causal identification assumptions, we also estimated

all models for non-Hispanic White individuals as a prespecified falsification test [46]. This pro-

cedure provided us with an opportunity to repeat the analysis under conditions expected to

produce a null result [47] (because affirmative action bans would be unlikely to increase ciga-

rette and alcohol use in this group). A null result observed among non-Hispanic White indi-

viduals would increase our confidence that the estimated effects among underrepresented

minority individuals could be interpreted with the sociologically and historically specific

meaning motivating our analysis.

For all models, we employed cluster-correlated robust standard errors to adjust confidence

intervals and p-values for serial correlation in outcomes at the level of the state [48]. For the main

difference-in-differences models using YRBS data, in which we examined 3 main outcomes, we

additionally accounted for multiple comparisons by using the Sidak–Holm step-down method

to compute p-values for each outcome that adjust for the family-wise error rate [49,50]. We con-

ducted this procedure separately for the underrepresented minority student sample and the non-

Hispanic White student sample, given our hypothesis that these groups would be differently

affected by affirmative action bans [51]. (See S1 Appendix for further details.)

We used sampling weights to account for the complex survey designs when calculating

descriptive statistics for the YRBS and TUS-CPS. However, we did not use weights in the

regression models because the weighted least squares approach is known to be inefficient in

settings where individual-level error terms are clustered within larger units (namely states, the

unit of policy variation) [52]. (See S1 Appendix and S8 Table for further details.)

Sensitivity analyses

We assessed the sensitivity of our findings to several alternative specifications, many of which

were designed to further probe the underlying causal assumptions of the difference-in-differ-

ences method. First, we additionally adjusted for state- and year-specific cigarette tax rates,

alcohol tax rates, (logarithm of) per capita income, and unemployment rates, all of which have

been shown to influence health behaviors among adolescents [5,53,54]. Second, we accounted

for potential geographic spillover effects of affirmative action bans by including in our models

a separate binary indicator denoting exposure for adolescents in states adjacent to those imple-

menting affirmative action bans [55]. Third, we reclassified as unexposed adolescents living in

Texas in 2003 and thereafter, because some universities reestablished affirmative action pro-

grams after a favorable court ruling in 2003 [55]. (In 2019, the state of Washington repealed its

20-year affirmative action ban, but this policy change occurred outside the time frame of our
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study.) Fourth, we restricted estimation to respondents living in states that implemented an

affirmative action ban at some point during the study period; in this analysis, these states serve

as their own controls.

Fifth, in the TUS-CPS, we tested for an effect of a negative control exposure: first exposure

to an affirmative action ban at the age of 19 years. Any measured association with this negative

control exposure would suggest confounding by unobserved variables, given that college deci-

sions are generally already made prior to this age.

Sixth, we used data from the Annual Social and Economic Supplement of the Current Pop-

ulation Survey (CPS-ASEC) [38]—a large, nationally and state-representative survey focused

on socioeconomic outcomes that is conducted annually in March—to examine potential biases

from nonrandom treatment assignment. Because the CPS-ASEC includes 16 to 18 year olds

who are not in school, this analysis allowed us to examine the extent to which estimates using

the school-based YRBS are biased (if at all) by differential school dropout in response to affir-

mative action bans. The CPS-ASEC also includes data on cross-state migration within the year

prior to survey, allowing us to assess whether participants differentially migrated away from

certain states subsequent to implementation of an affirmative action ban.

Results

Descriptive statistics

Table 1 provides descriptive statistics for underrepresented minority high school students resid-

ing in the states that implemented an affirmative action ban versus those in states that did not

implement a ban and did not have active litigation around affirmative action (S3 Table presents

counts of the number of individuals in this sample considered exposed versus unexposed by

survey year). In the YRBS, the analytic sample ranged in size from 34,988 (binge drinking) to

36,268 (cigarette smoking) underrepresented minority 11th and 12th graders living in 42 states

Table 1. Descriptive statistics for YRBS and TUS-CPS study participants.

Characteristic YRBS, 1991–2015 TUS-CPS, 1992–2015

States implementing bans States not implementing bans States implementing bans States not implementing bans

Age in years, mean (SD) 17.1 (0.74) 17.1 (0.76) 23.7 (3.3) 23.7 (3.3)

Sex, n (weighted percent)

Boys/men 10,103 (48.8) 7,204 (48.3) 14,801 (50.2) 18,938 (48.9)

Girls/women 11,019 (51.2) 7,942 (51.7) 16,139 (49.8) 21,697 (51.1)

Race/ethnicity, n (weighted percent)

Black 4,557 (28.3) 8,839 (58.6) 6,214 (21.5) 17,488 (50.3)

Hispanic 16,107 (68.7) 5,965 (38.5) 23,285 (75.3) 19,088 (43.8)

Native American and other 458 (3.0) 343 (2.9) 1,441 (4.1) 4,059 (5.9)

Grade, n (weighted percent)

11th 10,394 (52.5) 7,650 (49.2) N/A N/A

12th 10,728 (47.6) 7,496 (50.7) N/A N/A

N 21,122 15,146 30,982 40,729

Descriptive statistics for underrepresented minority 11th and 12th grade students in the 1991–2015 survey waves of the YRBS and 19- to 30-year-old adults in the 1992–

2015 survey waves of the TUS-CPS who were likely high school juniors between 1991 and 2015 (i.e., individuals who had attained 16 years of age at any time point

between 1990 and 2015). For ease of presentation, the YRBS summary statistics are based on the sample used to estimate the regression models for cigarette smoking

(n = 36,268). Descriptive statistics using estimation samples from the other regression models were similar. Reported numbers represent raw counts. Percentages and

means were computed using sample weights.

N/A, not applicable; TUS-CPS, Tobacco Use Supplement to the Current Population Survey; YRBS, Youth Risk Behavior Survey.

https://doi.org/10.1371/journal.pmed.1002821.t001
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who were surveyed during 1991–2015. The (weighted) mean age was similar among respon-

dents in states that passed an affirmative action ban versus states that did not (17.1 versus 17.1

years). The weighted percentages of girls versus boys (51.2% versus 51.7%) and 11th versus 12th

grade respondents (52.5% versus 49.2%) were also similar in both groups. The states that passed

an affirmative action ban at some point during the study period had a higher percentage of His-

panic (versus Black or Native American) respondents (68.7% versus 38.5%).

The TUS-CPS sample comprised 71,575 underrepresented minority adults surveyed in

1992–2015. As in the YRBS, the mean age (23.7 versus 23.7 years) and percentage of women

(49.8% versus 51.1%) were similar in states that implemented an affirmative action ban com-

pared with those that did not. The percentage of Hispanic (versus Black or Native American)

respondents was higher in states implementing bans (75.3% versus 43.8%).

Difference-in-differences and event study estimates

Table 2 presents the estimated regression coefficients from the difference-in-differences mod-

els. Estimates are expressed as absolute percentage point changes. In the YRBS, self-reported

cigarette smoking in the past 30 days increased by 3.8 percentage points among

Table 2. Difference-in-differences estimates for underrepresented minority and non-Hispanic White respondents.

YRBS TUS-CPS

Smoking within past 30

days

Alcohol use within past 30

days

Binge drinking within past 30

days

Current

smoking

Underrepresented minority individuals

Difference-in-differences estimate +3.8% pt +5.9% pt +3.5% pt +1.8% pt
95% CI 2.0, 5.7 0.3, 12.2 −0.1, 7.2 0.1, 3.6

p-Value p< 0.001 p = 0.041 p = 0.058 p = 0.037

p-Value adjusting for multiple comparisons p< 0.001 p = 0.082 p = 0.082 N/A

Weighted prevalence of outcome 19.3% 45.4% 26.3% 13.2%

Estimate relative to sample prevalence +19.7% +13.0% +13.3% +13.8%

N 36,268 35,106 34,988 71,575

Non-Hispanic White individuals (falsification

test)

Difference-in-differences estimate +0.7% pt +1.8% pt +1.7% pt +0.3% pt
95% CI −8.0, 9.2 −5.3, 8.9 −5.1, 8.5 −2.1, 2.6

p-Value p = 0.880 p = 0.612 p = 0.622 p = 0.825

p-Value adjusting for multiple comparisons p = 0.941 p = 0.941 p = 0.941 N/A

Weighted prevalence of outcome 31.3% 54.0% 38.0% 24.0%

Estimate relative to sample prevalence +2.1% +3.3% +4.5% +1.3%

N 33,082 32,680 32,613 171,095

Difference-in-differences estimates of the association between affirmative action bans and substance use outcomes among underrepresented minority and non-Hispanic

White 11th and 12th graders in the YRBS and among 19- to 30-year-old underrepresented minority and non-Hispanic White adults in the TUS-CPS. Estimates are

presented as percentage point changes, which are computed by taking the linear probability model regression coefficient and multiplying by 100. The 95% confidence

intervals corrected for clustering at the state level are shown. All estimates were adjusted for age, sex, and race/ethnicity (Black, Hispanic, or Native American); state

fixed effects; race/ethnic group–year (year of survey in the YRBS, and year when the individual turned 16 years old in the TUS-CPS) fixed effects; and state-specific

linear time trends (specific to survey year in the YRBS and the year the individual turned 16 years old in the TUS-CPS). In the YRBS regression models, we additionally

adjusted for participant grade (11th versus 12th grade). In the TUS-CPS model, we additionally included fixed effects for the year and month the survey was conducted

(i.e., the time when adult outcomes were assessed). We addressed the issue of multiple comparisons in the YRBS analysis, where we have 3 outcome variables. We

computed p-values for each YRBS outcome, within each racial/ethnic group, using the Sidak–Holm step-down method, which adjusts for the family-wise error rate.

N/A, not applicable; pt, point; TUS-CPS, Tobacco Use Supplement to the Current Population Survey; YRBS, Youth Risk Behavior Survey.

https://doi.org/10.1371/journal.pmed.1002821.t002
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underrepresented minority adolescents after exposure to an affirmative action ban (95% CI:

2.0, 5.7; p< 0.001). Exposure to a ban was also followed by a 5.9 percentage point increase in

self-reported past-30-day alcohol use (95% CI: 0.3, 12.2; p = 0.041) and a 3.5 percentage point

increase in self-reported past-30-day binge drinking (95% CI: −0.1, 7.2; p = 0.058), although

the latter estimate was not statistically significant. The p-value for the estimate for smoking

remained unchanged with adjustment for multiple comparisons. However, the p-values for the

estimates for both alcohol use outcomes increased (p = 0.082 for both). In the TUS-CPS analy-

sis, current smoking increased by 1.8 percentage points in underrepresented minority adults

aged 19–30 years after exposure to an affirmative action ban (95% CI: 0.1, 3.6; p = 0.037).

In both the YRBS and TUS-CPS analyses, for all outcomes the estimates for non-Hispanic

White individuals were (compared with the estimates for underrepresented minority individu-

als) smaller in magnitude and not statistically significant—indicating that, as expected, affir-

mative action bans were not associated with adverse health behaviors in this population.

Fig 2 provides a graphical representation of event study estimates for each of the study out-

comes. Each point represents the estimated effect of affirmative action bans on the specified

outcome for the specified time period (relative to implementation of the ban). The reference

group for each estimate includes respondents residing in affected states who were surveyed in

the 2-year period just prior to ban implementation, along with respondents residing in unaf-

fected states. For underrepresented minority respondents, the graphical displays show little

evidence of preexisting trends in cigarette smoking and alcohol use, while also demonstrating

an abrupt increase in the coefficient estimates coinciding with exposure to a ban. The graphical

displays also demonstrate that the estimated effects persisted throughout the study period.

Consistent with the regression estimates, there was little evidence of a discrete change in any

of the outcomes among non-Hispanic White respondents (S2 Fig). The magnitudes of the esti-

mates were not consistently larger for boys/men versus girls/women, or for Black versus His-

panic respondents (S4 Table).

Sensitivity analyses

Estimates were robust to inclusion of state policy and economic variables, accounting for

potential spillover effects in neighboring states, exposure reclassification (from exposed to

unexposed) for adolescents living in Texas in 2003, and restriction of the analytic sample to

respondents in states that passed an affirmative action ban at some point during the study

period (S5 Table). Using the TUS-CPS data, we tested for an effect of a negative control expo-

sure and found that underrepresented minority adults exposed to an affirmative action ban

after high school did not show an increase in cigarette smoking during adulthood (S6 Table).

Finally, using the CPS-ASEC data, we found no evidence of selective migration or changes in

high school dropout rates subsequent to affirmative action ban implementation (S7 Table).

Discussion

In this nationally representative study of US adolescents, we found that rates of cigarette smok-

ing among underrepresented minority adolescents increased after exposure to affirmative

action bans. Concern about these acute and contemporaneous adverse effects was corrobo-

rated and further magnified by our finding, in a separate dataset, that the apparent effects of

affirmative action bans on smoking persisted into young adulthood. We also found evidence

of apparent increases in alcohol use and binge drinking after exposure to affirmative action

bans, though the estimates did not remain statistically significant at conventional thresholds

after adjustment for multiple comparisons. As expected, we found no evidence of changes in

health risk behaviors after affirmative action bans in our falsification sample of non-Hispanic
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White individuals, and results were robust to several other specification checks designed to

probe the key causal identification assumptions of our difference-in-differences model.

Our findings have 2 important implications for policy and practice. First, the results suggest

that health behaviors respond to changes in socioeconomic opportunities driven by changes in

social policy. Our findings provide rare evidence supporting new hypotheses about the impor-

tance of economic opportunity for population health [5,8,9]. The findings also complement a

growing literature documenting strong relationships between socioeconomic factors and

health and human capital investments among adolescents and young adults [5,56–60].

Second, our study has important implications for ongoing debates over race-based affirma-

tive action policies. The impacts of race-based affirmative action programs on educational and

economic opportunities for underrepresented minorities are well known [16,18,19,27,61].

However, their effects on population health have heretofore not been well studied [62]. Our

study suggests that ongoing efforts to ban affirmative action programs in college admissions

Fig 2. Event study estimates for underrepresented minority respondents. Graphs present event study estimates for underrepresented

minority respondents in the YRBS and TUS-CPS. The regression models are identical to those presented in Table 2, except the exposure

variable is replaced by a series of binary indicators denoting the timing of interview (or when the individual turned 16 years of age)

relative to the policy change. Individuals in states not passing bans were assigned 0 for each of the bins. The 2-year period before ban

implementation (event time −2/−1) was denoted as the reference period. The blue diamonds compare the difference in the prevalence of

the outcome (“Coef Estimate”), for each point in event time relative to the reference period, between individuals living in states where

an affirmative action ban was implemented versus individuals living in states where a ban was not implemented. The dotted blue lines

represent 95% confidence intervals, which account for clustering at the state level. There is a confidence interval for the event time

period right before ban implementation given that this was denoted as the reference period. Estimates for non-Hispanic White

individuals are presented in S2 Fig. TUS-CPS, Tobacco Use Supplement to the Current Population Survey; YRBS, Youth Risk Behavior

Survey.

https://doi.org/10.1371/journal.pmed.1002821.g002
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[13–15] may have significant unanticipated adverse effects on health risk behaviors and health

status within underrepresented minority populations. In doing so, they may exacerbate short-

and long-run disparities in health outcomes. This possibility is particularly noteworthy given

that the negative consequences of health risk behaviors are amplified for individuals of under-

represented minority groups, who tend to experience greater adverse health and socioeco-

nomic consequences than White individuals for the same behaviors [63–65].

The interpretation of our findings is subject to several limitations. First, the outcomes were

all self-reported. However, the YRBS design includes detailed safeguards to protect the confi-

dentiality of study participants [32], and the documented accuracy of self-reported substance

use in the YRBS reflects favorably on these safeguards [66]. Second, it is possible that there

remain unmeasured time-varying state-level factors correlated with the outcomes and with the

timing of implementation of affirmative action bans in ways that could potentially bias our

estimates. While unmeasured confounding cannot be definitively ruled out, our findings were

supported by an event study specification, were robust to changes in specification, and were

replicated in 2 distinct datasets. Moreover, the specificity of our estimates was supported by

our use of a falsification test and negative controls.

Third, we examined affirmative action bans that occurred up to 20 years in the past, when

the epidemiology of health risk behaviors among adolescents may have differed from that of

the present. It is possible that contemporaneous and future affirmative action policy changes

may manifest in a different patterning of health risk behaviors. Fourth, we were unable to ana-

lyze the mediating pathways linking affirmative action bans to health risk behaviors. Neither

dataset measured perceptions of economic opportunities, racism, or fairness or contained

information on other mediators such as stress, anxiety, or depression during the study period.

(Some relevant variables were collected in the YRBS but only after the largest states had already

implemented their affirmative action bans.) Elucidating the mechanisms underlying our find-

ings will remain an important topic for future research.

Implications

State policies banning race-based affirmative action in college admissions appear to have led to

increases in health risk behaviors among underrepresented minority adolescents during the

time period studied. The adverse impacts persisted into adulthood and were specific to under-

represented minorities. The potentially important population health consequences of social

and economic policy changes should be recognized in ongoing policy debates. Policymakers,

public health practitioners, and clinicians should consider these health consequences as part of

the overall evaluation of the benefits and costs of social and economic policies.
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