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Abstract

Does increasing wage transparency effectively reduce pay disparities? We

address this question by examining the impact of Colorado’s Equal Pay for

Equal Work Act, a pioneering statewide policy mandating that employers

disclose salary ranges in all job postings. Employing a synthetic control

method to compare Colorado’s experience with a carefully constructed

counterfactual, we find no evidence that the law narrowed the gender

earnings gap among newly hired workers. In fact, our estimates indicate

a widening of approximately 15 percent, a statistically significant increase

relative to the synthetic control. We perform additional correlational

industry-level analysis, finding suggestive patterns consistent with gender

differences in search or bargaining behavior. Our results highlight critical

challenges in designing transparency policies and emphasize the necessity

of ensuring that information interventions align closely with the behavioral

responses of the intended beneficiaries.
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1 Introduction

Wage transparency has increasingly become a central policy tool for addressing

persistent gender pay disparities in labor markets. Advocates argue that greater

transparency in salary information empowers workers—particularly those his-

torically disadvantaged—to make informed employment decisions, negotiate

better compensation, and challenge wage discrimination. Despite the intuitive

appeal of these policies, their effectiveness remains an open empirical ques-

tion. In this paper, we examine Colorado’s Equal Pay for Equal Work Act

(hereafter, the ”Colorado Law”), the first comprehensive statewide mandate

requiring employers to include salary ranges in all job postings, regardless of job

type or employer size (Colorado Department of Labor & Employment, 2024a).

Leveraging this unique policy setting and rich administrative data, we provide

new causal evidence on the effectiveness of wage transparency laws in achieving

their intended goal: reducing gender-based earnings gaps among newly hired

workers.

In recent years, wage transparency laws similar to Colorado’s have gained

momentum across the United States, driven by ongoing concerns about pay

equity. Following Colorado’s law—which took effect on January 1, 2021—

several other states have implemented comparable measures, including Califor-

nia and Washington (January 1, 2023), New York (September 17, 2023), Hawaii

(January 1, 2024), and Illinois (January 1, 2025). Additional states, such as

Maryland, Connecticut, Nevada, and Rhode Island, require pay transparency

upon request or during the hiring process. Local transparency initiatives have

also emerged in jurisdictions within New Jersey, New York, and Ohio, and

at the federal level, national transparency legislation was introduced in March

2023 (Arnold et al., 2022; Marfice, 2024). These expanding legislative efforts

underscore the urgency of rigorously evaluating the efficacy of transparency
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policies in achieving meaningful reductions in gender wage disparities.

The Colorado law mandates that employers include salary information in

nearly all job postings, representing a substantial departure from previous norms

in job advertising.1 Prior to this legislation, wage disclosure in job advertise-

ments was rare. For instance, Marinescu and Wolthoff (2020) report that in

the first quarter of 2011, only 20% of job postings in Chicago and Washington,

D.C., on CareerBuilder.com included salary information. Similarly, outside the

United States, Banfi and Villena-Roldán (2019) find that just 13.3% of listings

on a major Chilean job board (www.trabajando.com) disclosed pay information.

Given the recent nature of these legislative efforts, there is limited empirical

evidence on their effects. A notable exception is the study by Arnold, Quach

and Taska (2022), which examines the impact of Colorado’s law on job postings.

The authors find that the legislation led to a 3.6 percent increase in posted

salaries and a 30 percentage point increase in the share of postings that included

salary information. However, they acknowledge a key limitation of their analy-

sis: because their data source—Burning Glass Technologies—captures only job

advertisements, it does not allow for assessment of downstream outcomes such

as realized wages or employment composition.

This paper contributes to the emerging literature on wage transparency by

addressing two central questions:

1. Have recent pay transparency laws been effective in achieving their in-

tended goal of reducing gender disparities in worker compensation?

2. If these laws have affected pay gaps, what mechanisms underlie those

effects?

1According to the Colorado Department of Labor, there are only four exceptions to this
requirement: (1) the posting is for a non-competitive promotion, (2) it concerns acting,
interim, or temporary roles, (3) it involves a confidential replacement of a current employee, or
(4) the position is fully remote, located out of state, and offered by a Colorado-based employer
with no physical worksite and fewer than fifteen employees (Colorado Department of Labor
& Employment, 2024b).
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To address the first question, we examine how Colorado’s pay transparency

law affected the earnings gap between newly hired men and women (the “earn-

ings gap”). We focus on Colorado because it offers the earliest and most

comprehensive data, which also facilitates the construction of a credible control

group for causal inference. In addition to this primary case study, we present

an alternative analysis in Appendix C that estimates the average effect of pay

transparency laws across all treated states.

Employing the synthetic-control framework of Abadie et al. (2010) (im-

plemented with the Synth routine of Abadie et al. (2011)) we find that the

Colorado law widened rather than narrowed the gender earnings gap among

newly hired workers. In the two years after enactment, Colorado’s gap rose

by roughly $155 relative to its synthetic counterpart, a 15 percent increase

over the pre-period average of $1,062. Placebo re-assignments confirm that this

divergence is statistically significant at conventional levels.

To understand why transparency failed to close, and may even have widened,

the earnings gap, we examine three potential channels. First, we find that

greater industry-level transparency is associated with a decrease in the share of

new hires that are women, suggesting that men may have had higher directed

search responses to the newly revealed postings than women. Second, greater

industry-level transparency is associated with an increased earnings gap, with

male earnings growing more in more transparent industries while female earnings

remained mostly the same. While this finding would also be consistent with

men reallocating to newly-revealed, higher-paying work more than women, it

would also be consistent with differences in bargaining behavior. For example,

this finding could result if men were more likely to ask for a starting salary

at the top of an advertised salary range, while women were more likely to ask

for a starting salary at the bottom of the advertised salary range. Third, the
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difference between posted and realized wages remained unchanged after the law,

indicating that additional disclosure did not make salary signals materially more

informative.

Although these tests are descriptive rather than causal, they collectively

help to explain the policy’s failure to achieve its equity objectives. The findings

underscore that information policies must be paired with behavioral responses

from their intended beneficiaries to achieve distributional goals.

The rest of this paper is organized as follows. Section 2 gives an overview

of the literature. Section 3 discusses our data. Section 4 discusses our empir-

ical method and evaluates the plausibility of its main assumptions. Section 5

gives our main results. Section 6 discusses mechanisms through which the law

could have affected our results and gives suggestive evidence related to these

mechanisms. Section 7 concludes.

2 Literature Review

This paper contributes to a growing literature examining the effects of wage

transparency policies, a topic of increasing interest among economists and pol-

icymakers. A central feature of this literature is its focus on distinct forms of

transparency—ranging from internal reporting mandates to public disclosure

and protections for wage discussion—each targeting different segments of the

labor market and operating through different channels. While these studies

have offered valuable insights, few have directly examined the causal effect of

wage transparency in job postings, especially in the context of U.S. state-level

reforms aimed explicitly at reducing gender pay gaps.

Several recent studies focus on internal transparency policies. For example,

Böheim and Gust (2021) and Gulyas, Seitz and Sinha (2023) evaluate Austria’s

2011 law requiring firms to provide employees with anonymized reports on
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average wages by gender and occupation group. Despite using different empirical

approaches, both papers find that the policy had no significant effect on worker

wages or the gender pay gap—perhaps in part because the information was not

made public (Gulyas et al., 2023).

Other research examines transparency policies centered on wage-sharing

protections and public disclosure. Cullen and Pakzad-Hurson (2023) develop

a model of wage bargaining and use U.S. state-level variation to show that

laws protecting employees’ right to discuss wages lead to a modest decline in

overall pay. In contrast, Mas (2017) finds that California’s 2010 policy requiring

public disclosure of municipal employee salaries reduced total compensation by

7% and substantially increased quit rates among top management. Similarly,

Perez-Truglia (2020) documents that the expansion of online access to income

tax records in Norway in 2001—effectively revealing individuals’ incomes to the

broader public—reduced reported life satisfaction, particularly among lower-

income individuals, likely due to heightened social comparisons.

One of the few settings in which wage transparency appears to reduce pay

disparities is in the public sector. Baker, Halberstam, Kroft, Mas and Messacar

(2023) study Canadian laws mandating salary disclosure for public university

faculty and find that they reduced the gender wage gap by 20 to 40 percentage

points, underscoring the potential for transparency to improve equity in certain

institutional contexts.

Our paper advances this literature in two key ways. First, we study a policy

that is uniquely broad in scope and directly targets the job search process

by requiring salary information to be posted in job advertisements—a feature

that distinguishes it from most prior transparency laws. Second, while existing

studies often focus on wage levels or disclosure behavior, we directly test the

central claim behind many recent reforms: that pay transparency laws can
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reduce gender pay disparities among newly hired workers. Using rich individual-

level data and a transparent identification strategy, we provide one of the first

rigorous estimates of the causal impact of public wage posting requirements on

the gender pay gap in the U.S. labor market.

3 Data Sources and Summary Statistics

Our primary data source is the Longitudinal Employer-Household Dynamics

(LEHD) program, administered by the U.S. Census Bureau (U.S. Census Bu-

reau, 2024). Specifically, we rely on the Quarterly Workforce Indicators (QWI)

to measure earnings, employment, and hiring activity, disaggregated by state,

industry, and worker sex. The QWI are constructed from a combination of

administrative datasets and cover more than 95% of private-sector employment

in the United States (US Census Bureau, 2022). Earnings information is de-

rived from unemployment insurance (UI) wage records, while establishment-

level industry and location data are obtained from the Quarterly Census of

Employment and Wages (QCEW). Additional worker characteristics are drawn

from other administrative sources. A key advantage of the QWI is that it links

workers to specific employers at the job level, enabling detailed analysis of labor

market outcomes by demographic group—including age, sex, education, and

race/ethnicity.

Our panel spans from the second quarter of 2011 to the fourth quarter of

2023, covering a period of roughly ten years before and three years after the

implementation of Colorado’s Equal Pay for Equal Work Act. To maintain a

strongly balanced panel—required by our empirical strategy—we include only

quarters for which complete data are available across all states in the sample.2

2At the time of writing, only six states had released QWI data for the first quarter of 2024.
Including this quarter would require excluding all other states without comparable data.
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We exclude the first quarter of 2011 to retain Massachusetts in the sample, as

it is missing data for that period.

Table 1 summarizes the data sources used in our analysis and the correspond-

ing variables drawn from each. Our primary outcome measure — the earnings

gap for newly hired men and women — is sourced from the QWI (in bold). A

key advantage of the QWI is that it allows us to focus on newly hired workers,

the subgroup most directly affected by wage transparency in job advertisements.

Indeed, our main outcome of interest is the earnings gap between newly hired

women and men. Using this dataset, we construct quarterly measures of labor

market outcomes at the state-by-industry-by-gender level, separately for all

workers and for new hires. “New hires” are defined as individuals employed

by a given firm in a particular quarter who were not employed by that firm in

any of the previous four quarters. Earnings are calculated by aggregating total

quarterly wages and dividing by the number of workers in each group. Since

individuals can hold multiple jobs within a quarter, the data reflect job-level—

rather than person-level—outcomes.

To account for confounding factors and improve the precision of our esti-

mates, we augment the QWI with additional control variables from a variety

of publicly available sources, also listed in Table 1. These include demographic

and socioeconomic indicators from the American Community Survey (ACS)

(Ruggles et al., 2025), macroeconomic variables such as real GDP and personal

income from the Bureau of Economic Analysis (BEA) (U.S. Bureau of Economic

Analysis, 2024), and hours worked from the Current Population Survey (CPS)

(Flood et al., 2024). We also incorporate job vacancy data from the Job

Openings and Labor Turnover Survey (JOLTS) (U.S. Bureau of Labor Statistics,

2024a), labor force statistics from the Local Area Unemployment Statistics

(LAUS) (U.S. Bureau of Labor Statistics, 2024b), and COVID-19 health metrics
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from The New York Times (The New York Times, 2021). Monthly and annual

variables are aggregated or interpolated to the quarterly level to match the

frequency of the QWI.

Table 2 presents summary statistics for key labor market outcomes in Col-

orado and the donor pool of states, disaggregated by gender and by period (pre-

and post-policy implementation). The variables include counts of new hires and

total employment, along with earnings for new hires — our outcome variable (in

bold). number of new hires, total employment, and average monthly earnings

for both newly hired and all workers, as reported in the Quarterly Workforce

Indicators (QWI). Standard deviations are shown in brackets. The donor pool

includes all states eligible to contribute to the synthetic control, whether or not

they ultimately received positive weights.

Across both periods, Colorado’s labor market characteristics appear broadly

similar to those of the donor pool, suggesting that the control group provides a

credible counterfactual. In the post-period, average monthly earnings for newly

hired male workers in Colorado were $5,120, compared to $4,236 in the donor

pool. For newly hired female workers, the corresponding figures were $3,703 in

Colorado and $3,056 in the donor pool. These differences suggest that Colorado

generally exhibits higher wages for both genders relative to the control group,

consistent with its relatively high cost of living and overall wage levels.

Notably, a persistent gender earnings gap is evident across both time peri-

ods. In our outcome of interest, the earnings gap in earnings for newly hired

workers, we see that newly hired women earned approximately 72% of what

men earned in the pre-period in Colorado women ($2,448 vs. $3,510), and

72.3% in the post-period ($3,703 vs. $5,120), indicating little change over time.

A similar pattern holds in the donor pool, where newly hired women earned

67% of newly hired men in the pre-period and 72% in the post-period. While
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the gap narrowed slightly in the donor pool, the magnitude of the change is

small. These descriptive statistics suggest that, at least in aggregate, gender

differences in earnings remained relatively stable before and after Colorado’s

wage transparency law, motivating a more formal analysis of the law’s causal

effect. As additional controls, we include counts of hires, total employment, and

separations. These are also similar for both groups and periods.

Table 3 presents summary statistics for the full set of control variables used

in constructing the synthetic control, excluding employment-related variables

derived from the QWI. The variables in this table are sourced from the ACS,

BEA, CPS, JOLTS, LAUS, and NYT datasets, as detailed in Table 1. The table

reports averages and standard deviations (in brackets) for Colorado and the

donor pool, separately for the pre- and post-treatment periods. These covariates

capture a broad set of economic, demographic, and public health characteristics

relevant to earnings dynamics and labor market composition.

Overall, Colorado appears well-matched to the donor pool across most di-

mensions. In both the pre- and post-periods, differences between Colorado

and the donor pool are small in absolute terms and consistent in direction.

For instance, Colorado exhibits slightly higher real personal income per capita

and consumption levels, and somewhat higher labor force participation rates—

features consistent with its above-average economic performance. Racial and ed-

ucational composition are also broadly comparable: Colorado has a marginally

higher share of White and college-educated individuals, and a slightly lower

share of Black and Asian residents. COVID-19 case and death rates are low in

both Colorado and the donor states during the post-period, and labor supply

indicators—such as weekly hours and weeks worked by gender—track closely

between the two groups. Collectively, these similarities lend further support to

the credibility of the synthetic control as a counterfactual for Colorado in the
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absence of the policy.

Lastly, we incorporate data from Lightcast to examine employer posting

behavior in Colorado, which provides suggestive evidence on potential mecha-

nisms underlying our main findings. Lightcast aggregates job postings scraped

from over 65,000 online sources, including employer websites, job boards, and

staffing agencies, to construct a comprehensive dataset on job vacancies and

their attributes (Lightcast, 2024). These data are aggregated by state, year, and

industry, and include key variables such as the total number of postings, the

share of postings that include salary information, and median posted salaries.

This dataset allows us to analyze how employer behavior evolved before

and after the implementation of the law, and whether changes in transparency

were accompanied by changes in advertised pay or job composition. While

these analyses are descriptive and not causal, they offer important context for

understanding the extent to which employers responded to the policy mandate

and how those responses may have interacted with worker behavior. We use

these data in Section 6 to assess the correlation between earnings & hirings and

job-posting information across industries.

4 Empirical Strategy

4.1 Synthetic Control Estimation Method Description

To evaluate the causal impact of Colorado’s Equal Pay for Equal Work Act

on the earning gap, we apply the synthetic control method (SCM), a tech-

nique introduced by Abadie et al. (2010) and widely used for comparative

case studies in policy evaluation (Abadie and Gardeazabal, 2003; Abadie et

al., 2012). The central idea is to estimate a counterfactual outcome for the

treated unit (Colorado) by constructing a synthetic control—a weighted average
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of other states (“donor states”)—whose pre-treatment outcomes and predictors,

or controls, closely resemble those of the treated unit. The resulting synthetic

control closely matches the treated unit’s outcome before policy enactment and

serves as a control group following enactment. Thus, after policy enactment,

the difference in outcomes between the treated unit and its synthetic control

counterpart reveals the policy’s effectiveness.

Formally, Let J denote the number of control units (states), and suppose

we observe outcomes over T time periods, with treatment occurring at time

T1. Define X1 as a (k × 1) vector of pre-treatment characteristics (including

lagged outcomes) for the treated unit, and X0 as a (k×J), a matrix of the same

characteristics for the control units. The goal is to choose a vector of weights

W = (w1, . . . , wJ)
′ such that:

W ∈ W =

w ∈ RJ : wj ≥ 0 for all j,

J∑
j=1

wj = 1

 ,

and minimize the distance between the treated unit and the weighted average

of control units:

∥X1 −X0W∥V =
√

(X1 −X0W)′V(X1 −X0W),

where V is a positive semi-definite, diagonal matrix assigning importance to

each predictor. The resulting optimal weights Ŵ are used to construct the

synthetic control’s outcomes:

Ŷ SC
1t =

J∑
j=1

ŵjYjt for t = T1, . . . , T,
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and the estimated treatment effect is:

τ̂1t = Y1t − Ŷ SC
1t .

To address potential small-sample bias in the original estimator, we imple-

ment the bias-corrected synthetic control method developed by Wiltshire (2022),

using the allsynth Stata package. This method applies a jackknife correction,

in which each donor unit j is iteratively left out of the donor pool, and the

synthetic gap is recomputed. The bias-corrected estimator is then given by:

τ̃1t = τ̂1t −

 1

J

J∑
j=1

(τ̂
(−j)
jt − τ̂jt)

 ,

where τ̂
(−j)
jt denotes the synthetic gap for control unit j when it is excluded

from the donor pool.

Additionally, we conduct inference through randomization (permutation)

inference, a procedure that is standard in synthetic-control applications (Abadie

et al., 2010; Abadie and Gardeazabal, 2003; Abadie et al., 2012). The method

re-estimates the synthetic control for every donor-pool state as if that state were

treated. The resulting distribution of post-treatment gaps forms an empirical

reference distribution, allowing us to compute non-parametric p-values. If Col-

orado’s estimated effect falls in the extreme tail of this placebo distribution, we

interpret it as evidence that the treatment effect is unusually large relative to

what would be expected from random reassignment of the treatment.

Finally, we note that recent work in the synthetic control literature has

proposed adjustments to the basic synthetic control method to overcome cases

where the basic method is unable to build a synthetic control that matches the

characteristics of the treated unit well (Abadie and L’Hour, 2021; Ben-Michael

et al., 2021). While the package we use offers the functionality to implement

13



these adjustments (Wiltshire, 2022), we do not find that it makes a meaningful

difference to our results and thus only present results using the classic method

previously described.

5 Synthetic Control, Results

In this section, we describe the composition of the synthetic control—specifically,

the weights assigned to control states and predictor variables—as well as the

estimated impact of the law on the earnings gap. It is important to note that the

donor pool does not include all 50 states but is limited to 41. We exclude Alaska

due to sparse QWI data. North Carolina and Michigan are also excluded because

their QWI data end prematurely (after 2021 Q3 and 2023 Q1, respectively). In

addition, we remove California andWashington, which enacted similar statewide

transparency laws, and New Jersey, New York, and Ohio, which implemented

localized initiatives affecting only certain jurisdictions. We test the robustness

of our findings by iteratively excluding each of these states from the donor pool

and re-estimating the synthetic control model. The results remain consistent

across these specifications (see Appendix B).

5.1 Similarity of Colorado and the Synthetic Control

The key identifying assumption of the synthetic control method is that the

constructed synthetic control closely approximates the trajectory of the treated

unit—Colorado—in the absence of treatment. To evaluate this assumption,

we compare pre-treatment trends in the earnings gap between Colorado and a

synthetic control composed of a weighted combination of other states. The

synthetic control is designed to match Colorado on a set of pre-treatment

earnings gaps and a rich set of covariates, drawn from sources including the ACS,
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BEA, LAUS, and the New York Times, as summarized in Table 1.3 The quality

of this match provides evidence supporting the credibility of our identification

strategy.

Table 4 displays the states that receive non-negligible weights in constructing

the synthetic control. The largest weights are assigned to Texas (w = 0.196),

Utah (w = 0.158), Montana (w = 0.140), Nebraska (w = 0.128), and Tennessee

(w = 0.127), with the remaining weights spread across a handful of other states.

These weights reflect the degree to which each state’s characteristics resemble

those of Colorado. The relatively concentrated distribution suggests that a small

group of states plays a dominant role in forming the counterfactual. Moreover,

the total assigned weight (0.968) indicates that the synthetic control relies on a

targeted set of similar states, rather than a diffuse average across many. This

focused weighting enhances interpretability and further supports the validity of

the synthetic control as a comparison group.

Table 5 reports the balance of predictor variables between Colorado and

the synthetic control. A key strength of the synthetic control method lies

in its ability to closely match the treated unit on pre-treatment covariates,

which improves the credibility of the estimated treatment effect. As shown in

the table, the synthetic control replicates Colorado’s values with high precision

across a wide range of predictors, including demographic characteristics, labor

market indicators, and economic aggregates. This close alignment suggests that

the synthetic control provides a plausible counterfactual for what Colorado’s

earnings gap would have looked like in the absence of the policy.

The weights assigned to each predictor reflect their relative importance

in constructing the synthetic control. Variables such as the pre-treatment

3For the data described in this section, all measures from the ACS and BEA are matched
using the year of the current quarter. The NYT measures are from the first month of each
quarter, and the LAUS data (average quarterly unemployment rate) averages the monthly
rates over each quarter and state.
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earnings gap (w = 0.182), average weeks worked by women and men (w = 0.105

and w = 0.101), and unemployment rate (w = 0.091) are among the most

influential. These variables capture key features of the labor market that are

likely predictive of future earnings dynamics. The remaining weights are more

dispersed across demographic and macroeconomic variables, such as education

levels, racial composition, GDP, and population size. The close correspondence

between Colorado and the synthetic control across nearly all of these predictors,

both in levels and relative proportions, provides strong evidence of covariate

balance, which is critical for ensuring that any post-treatment divergence can

be attributed to the policy itself rather than to pre-existing differences.

5.2 Other Assumptions

In addition to the requirement of a good pre-treatment match, the synthetic

control method relies on several key assumptions for the estimated treatment

effects to be interpreted causally. Two particularly important assumptions are

the no anticipation assumption and the Stable Unit Treatment Value Assump-

tion (SUTVA).

The no anticipation assumption holds that the treated unit—in this case,

Colorado—did not change behavior in anticipation of the policy going into

effect. If individuals or firms adjusted their actions before the law’s formal

implementation, the observed pre-treatment outcomes would be contaminated

by treatment effects, undermining the identification strategy. Evidence from

Arnold et al. (2022) suggests that employers did not meaningfully adjust their

behavior prior to the law’s enactment, as there was no significant increase in

the fraction of job postings that included salary information before the law took

effect. While we are currently exploring ways to validate this assumption on

the worker side, we note that it would require workers to be both aware of
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the forthcoming change and willing to delay job applications or acceptances

in anticipation of increased transparency—behavior that seems unlikely in the

absence of a visible employer response.

The second assumption, SUTVA, requires that the potential outcomes of one

unit (e.g., Colorado) are unaffected by the treatment status of other units (i.e.,

the donor states). Violations of this assumption could arise if, for example, the

law induced spillover effects—such as firms relocating postings across state lines

to avoid compliance, or workers migrating in or out of Colorado in response

to the policy. However, Arnold et al. (2022) find no evidence of a decline

in job postings in Colorado following the law’s passage, which suggests that

employers did not shift job advertisements out of state to circumvent the law.

Consequently, we view the risk of substantial spillover effects as limited, and

thus consider the SUTVA assumption to be reasonably satisfied in our setting.

5.3 Hours and Earnings

While our primary outcome variable, derived from the QWI, reflects average

monthly earnings, it does not allow us to directly observe changes in labor

supply—such as hours worked—among the individuals in our sample. That is,

the QWI provides information on earnings but not on how those earnings relate

to hours worked. If, for instance, the policy led to a narrowing of the gender

gap in hourly pay, but women simultaneously chose to reduce their labor supply,

then average monthly earnings (our outcome measure) might remain unchanged,

obscuring underlying improvements in wage equality. Despite this limitation,

we continue to prefer the QWI over survey-based alternatives like the CPS.

The QWI offers near-universal worker coverage and, crucially, enables us to

distinguish between the earnings of newly hired workers and all workers—a

distinction not possible in most survey data.
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To address this limitation, we turn to the CPS, which contains data on

both weekly hours worked and weeks worked per year. Using this information

from the Annual Social and Economic Supplement (ASEC), we estimate average

annual hours worked by gender.4 Figure 1 plots these estimates separately for

Colorado and the donor pool.

As the figure shows, average annual hours worked by men consistently exceed

those of women in both Colorado and the donor pool. Importantly, we do not

observe a dramatic divergence in these trends during the treatment period. In

Colorado, men’s average hours fell slightly from 1,944 to 1,878 post-treatment,

while women’s hours actually increased marginally from 1,705 to 1,713. In

the donor pool, men’s hours also decreased slightly, from 1,917 to 1,901, while

women’s hours increased from 1,696 to 1,717. Thus, gender gaps in labor supply

remained fairly stable before and after the law and moved in similar directions

across Colorado and the donor pool.

This suggests that changes in labor supply are unlikely to account for any

changes we observe in earnings outcomes. In fact, if anything, the small relative

increase in hours worked by women would tend to reduce the observed gender

earnings gap in Colorado—meaning that any stability or lack of change in the

earnings gap could actually understate potential improvements in hourly pay.

Finally, to more formally account for the potential role of hours, we conduct

a synthetic control analysis using CPS-based measures of average weekly hours.

This allows us to impute average hourly wages by dividing QWI monthly earn-

ings by estimated hours. The results of this exercise, presented in Appendix A,

closely mirror the findings of our main analysis, lending further support to the

4The ASEC is a subsample of the CPS, which reduces the number of available respondents.
However, to consistently estimate hours worked for both hourly and salaried workers, we rely
on questions from this supplement that are asked of all respondents. We removed top-coded
responses and also people that reported 0 hours or weeks. Specifically, we use responses to the
questions: “How many weeks did you work last year?” and “How many hours did you usually
work per week last year?” We are grateful to the IPUMS support team for their guidance in
constructing these estimates.
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conclusion that our results are not driven by gender differences in labor supply.

5.4 Results, Estimated Earnings Gaps

Figure 2 presents our principal estimates. Panel A plots the quarterly gender

earnings gap among newly hired workers in Colorado (solid line) alongside

the corresponding series for the synthetic control (dashed line). Prior to the

law’s enactment (marked by the vertical dotted line at 2021 Q1) the two series

move almost one-for-one, with average differences close to zero. This close

pre-treatment fit supports the credibility of the synthetic control as Colorado’s

counterfactual.

Panel B highlights the post-treatment divergence by graphing the difference

between Colorado’s gap and that of the synthetic control. The series oscillates

around zero before 2021 but shifts sharply upward thereafter, remaining pos-

itive in every quarter. During the first eight quarters after implementation,

Colorado’s gap exceeds the synthetic benchmark by about $155 on average, a

15 percent increase over the pre-period mean of $1,062. The size and persistence

of this excess point to a widening, not a narrowing, of gender pay disparities

among new hires.

Table 6 corroborates the visual evidence with year-averaged figures. From

2011 to 2020, Colorado’s annual gap is statistically indistinguishable from its

synthetic counterpart; from 2021 onward, the difference stabilizes in the $145–$165

range. These numbers underscore that the post-policy widening is both econom-

ically meaningful and sustained.

Section 6 explores why the transparency mandate may have had this un-

intended effect. In brief, industry-level analyses suggest that greater salary

visibility is associated with weaker growth in women’s earnings and a declining

share of female new hires. Although these correlations are not causal, they
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are consistent with men reaping larger gains from the policy than women—an

outcome at odds with the statute’s equity objective.

5.5 Placebo Tests and Inference

Figure 3 displays the randomization-inference exercise. The bold line traces

Colorado’s post-treatment gap, while each thin gray line shows the gap that

would arise if the law were (counter-factually) assigned to a donor-pool state.

Following the screening rule in Abadie et al. (2010), we drop placebo states

whose pre-treatment mean-squared prediction error (MSPE) exceeds Colorado’s

by a factor of five; eleven states meet that criterion.5 The remaining 32 placebo

paths cluster tightly around zero before 2021, confirming good pre-period fit,

and fan out modestly thereafter. Colorado’s gap, by contrast, jumps sharply in

2021 Q1 and stays well above virtually all placebo trajectories throughout the

post-period.

Figure 4 summarizes the same information in a single statistic: the ratio

of post- to pre-period MSPE. A value greater than one indicates that the

treated–synthetic gap grew after policy adoption; larger values signal larger,

and/or more persistent,divergence. Colorado’s ratio is almost 12, the highest

among all 43 placebo states (including those with poor pre-fit). Taken together,

the visual evidence and the MSPE ratios imply a p-value well below conventional

thresholds, signifying that the observed widening of the gender earnings gap is

highly unlikely to be due to chance assignment of the treatment.

5Connecticut, Kentucky, Minnesota, Mississippi, Nevada, New Hampshire, New Mexico,
North Dakota, West Virginia, and Wyoming. Colorado is of course excluded as well.
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6 Mechanisms

Why might a mandate to post salary ranges fail to shrink gender gaps? Eco-

nomic theory—and recent evidence—suggests three broad channels: (i) directed

search, (ii) bargaining, and (iii) the credibility of pay signals. We begin with

directed search.

6.1 Directed Search

Greater transparency can, in principle, narrow pay gaps if it steers workers

toward better-compensated jobs. When posted ranges are informative, women

employed in—or searching within—low-paying sectors may re-direct their effort

toward occupations or firms that advertise higher salaries. If barriers to entry

are modest, the additional supply of female applicants should bid down relative

wages in high-paying jobs and bid up wages in traditionally low-paying jobs,

compressing the overall gap. Two caveats limit this mechanism: (i) large skill

or credential hurdles can block mobility, and (ii) workers must actually observe

the posted information when making search decisions. Using Chilean job-board

data, Banfi and Villena-Roldán (2019) show that positions with higher visible

salaries receive more applications, consistent with the directed-search logic,

though hidden salary information has a weaker pull.

Figure 5 juxtaposes changes in posting behavior with changes in hiring pat-

terns at the two-digit NAICS level. The horizontal axis measures the year-over-year

increase (2020 Q1 compared to 2021 Q1) in the share of job ads that disclose

a salary, drawn from Lightcast (available separately as Table 7). The vertical

axis reports the corresponding change in the female share of new hires, taken

from the QWI (available separately as Table 8). Each dot is an industry.

Here we note two patterns. First, virtually all sectors posted more salary

information after the law, but the magnitude of the increase varies widely. For
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example, the already fairly-transparent Administrative and Support and Waste

Management and Remediation Services sector (NAICS 56) only increased its

transparency by 3 percentage points, while the initially very non-transparent

mining sector jumped a full 29 percent. Second, sectors that moved furthest

toward transparency did not see a larger inflow of female hires. If anything,

the slope is negative, suggesting perhaps a negative correlation between greater

transparency and increases in the percentage of new hires that are women,

(although the pattern is less clear towards the middle of the graph).6

Taken together, our findings offer little support for the directed-search mech-

anism as an effective way to remediate the gender pay gap in this setting.

Greater salary visibility did not draw women preferentially into the sectors that

became most transparent, suggesting that information alone was insufficient to

overcome occupational sorting or other mobility frictions. To the extent that

there is a negative relationship between female hire share and transparency,

more research is needed to understand potential differences between how men

and women use posted salary information to search and apply for jobs.

6.2 Bargaining

Another channel through which salary transparency might narrow the gen-

der earnings gap is by equalizing bargaining power between men and women.

Consider a scenario in which firms newly mandated to disclose wage ranges

consistently post accurate and informative salary bounds reflecting expected

pay for new hires. Assuming no changes to the applicant pool or the underlying

value of labor to firms, we would expect greater transparency to reduce the

dispersion of realized wages. This would arise because more risk-averse or less

confident workers—disproportionately women, according to prior research (see

6A more detailed breakdown of the changes is given as the final column of Table 10, where
industries are sorted in descending order of how much they increased in transparency from
one year to the next.
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next paragraph)—would feel safer negotiating wages at or above the posted

minimum. At the same time, firms could credibly reject demands exceeding

their advertised range, limiting the wages paid to the most assertive negotiators.

Substantial experimental and survey evidence points to gender disparities in

bargaining and competitive behavior as significant drivers of pay gaps. Women

consistently exhibit greater risk-aversion, lower competitiveness, and less as-

sertive bargaining compared to men (see Croson and Gneezy 2009 for an exten-

sive review). Field studies and lab experiments reinforce these patterns, high-

lighting women’s reluctance to negotiate for higher pay and lower initial salary

requests relative to equally-qualified men (e.g., Dohmen and Falk, 2011; Buser

et al., 2014; Flory et al., 2014). Surveys from hiring platforms like Glassdoor

similarly report that women are less likely than men to seek raises (Glassdoor

Team, 2021). Moreover, Roussille (2024), using data from an online engineering-

job marketplace, finds that women initially request salaries that are on average

2.9% lower than men with comparable qualifications. Employers respond in

kind, offering women initial salaries roughly 2.2% lower than similarly qualified

men. These findings suggest that reduced uncertainty in wage expectations

could disproportionately benefit female workers, potentially narrowing the pay

gap.

To examine whether increased transparency translated into tangible bargain-

ing advantages for women, we explore aggregate correlations between salary

visibility and changes in female and male earnings. If greater transparency

significantly improved women’s bargaining outcomes relative to men’s, we would

expect a positive correlation between the share of job postings disclosing salary

information and a close in the gender pay gap.7

First, we find the industry-level gender pay gaps by subtracting average

7We acknowledge that other factors, such as shifts in applicant composition or labor market
competitiveness, could also influence earnings changes at the sector level.
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monthly female earnings from male earnings using the QWI data in Table 9.

We do this separately for the first quarter of 2020 and 2021 and then calculate

the year-over-year growth rate in earnings for each industry. We then plot this

measure against the same measure of transparency adoption as before (percent

change in postings with wage information). This plot is available as Figure 6.

Contrary to expectations, the graph reveals no clear positive association

between transparency and female earnings growth. In fact, industries with

larger increases in posted salary information generally saw greater increases in

the male-female earnings gap.

To further understand the behavior driving this pattern, we additionally

graph the changes in female and male earnings separately in Figure 7. As shown,

the increase in male earnings stayed roughly the same on average regardless of

the increase in transparency, while the increase in female earnings was smaller

the greater the increase in transparency. This difference is especially noteworthy

given that the measures used are in percentage terms and male earnings are

higher than female earnings, meaning the threshold for a one-point increase in

earnings was lower for women than for men.

Table 10 details numeric data used in Figure 7, sorted in decreasing order by

how much the industry increased its transparency in postings. We see that in

14 of the 19 two-digit NAICS industry categories, male earnings increased more

(or decreased less) than female earnings from 2020 to 2021. In the remaining

five industries (Administrative and Support and Waste Management and Reme-

diation Services; Information; Other Services (except Public Administration);

Transportation and Warehousing; and Utilities), only one (Utilities) was in the

top half of industries when ranked by the increase in transparency.

These industry-level findings and our principal result of an increase in the

overall gender gap may initially appear to contradict the previously discussed
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literature on competitive behavior and the literature on pay transparency in

general. After all, while there have been papers showing no effect of a policy

(e.g. Böheim and Gust (2021)), we are not aware of any paper documenting an

increase in inequity. Even in papers showing or predicting adverse effects (e.g.

Cullen and Pakzad-Hurson (2023), Mas (2017), Perez-Truglia (2020)), these

effects are generally lower pay and satisfaction for all or higher-paid workers

instead of only for the intended policy beneficiaries. Papers like Cullen and

Pakzad-Hurson (2023) still predict greater (within-occupation) pay compression,

even while predicting negative effects such as overall pay.8

However, it is important to note that our setting differs in one very im-

portant way from previous work that allows scope for our results to be in

line with previous work on differences in competitive attitudes. Namely, the

transparency policy only requires employers to post expected salary intervals,

whereas previous interventions revealed single numbers (whether averages or

the salaries of specific individuals).

This increased ambiguity allows workers to employ different strategies for

bargaining (and for search) in response to the revealed information. Consider,

for example, a simple hypothetical scenario where all workers initially expect

jobs without posted salaries to pay $20 per hour. Then, employers post that

the jobs typically pay between $30 and $50 per hour. If, due to differences in

confidence, male applicants make initial offers nearer $50 than they otherwise

would have, while female applicants make initial offers nearer to $30, then we

could expect a greater pay differential to appear simply because of an increase

in the number of jobs that inject a greater variance into worker expectations.9

8Importantly, Cullen and Pakzad-Hurson are careful to note that their model does not
necessarily predict greater across-occupation pay compression.

9Note that in the example given, the signal is still informative, because all workers had
their expectations set too low relative to the stated range. That is, this mechanism does not
require the newly posted ranges to be wider than existing ones or to be posted in bad faith
to generate greater differentials.
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Thus, our study highlights the need for additional work into how workers with

different attitudes and attributes use different kinds of information in making

bargaining decisions.

6.3 Signal Informativeness

For the two mechanisms discussed previously, we generally assumed that man-

dated wage disclosures provide workers with informative signals about the dis-

tribution of salaries for advertised positions, thereby influencing workers’ search

and bargaining behavior. However, it is possible that posted salary ranges

convey little useful information to applicants. This could occur for several

reasons. First, workers might doubt the credibility of posted wage ranges.

Second, employers might post excessively broad salary ranges, making them

practically uninformative. Third, the posted wage range might not accurately

reflect the firm’s true expected wage—being systematically set either too high

or too low compared to actual compensation. Fourth, workers might already

have a very good idea of what a job pays from other sources or past experience.

Previous analysis by Arnold et al. (2022) sheds light on this potential mecha-

nism. They find no evidence that wage ranges newly made visible by Colorado’s

law were systematically broader or narrower than wage ranges that were visible

prior to the policy. Thus, changes in the width of posted salary ranges appear

unlikely to explain any potential loss or gain in informativeness after the law’s

enactment.

Although we lack direct data on workers’ perceptions of posted wages, we can

investigate indirectly whether salary postings became more accurate indicators

of actual realized salaries following the law. Figure 8 plots median annual

salaries advertised in job postings (Lightcast data) and mean realized annualized

monthly earnings from administrative earnings data (QWI). We see that posted
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and realized salaries move in the same direction over a longer period of time,

but that actual earnings are subject to greater short-term fluctuations.10

Figure 9 explicitly graphs the gap between postings and realized salaries.

It is important to note that the two series do not exactly overlap in time

because a listing is not immediately filled when it is posted. To account for

some jobs taking longer to fill than others or being posted nearer to the end

of the measurement period, we graph two differences. The first the difference

between the median posted salary of one period with average earnings from that

period, while the second takes the same difference but using average earnings

from the following period. A general narrowing of these differences after the

law’s implementation would suggest increased informativeness of salary post-

ings, whereas a widening would imply the opposite.

As seen in Figure 9, the gap between advertised and realized wages shows

no clear reduction following the policy change. Instead, the difference fluctu-

ates both above and below zero before and after the law, with no systematic

trend toward convergence. Combined with evidence from Arnold et al. (2022),

which found no significant changes in wage-range breadth, our analysis does

not provide any indication that the law substantially enhanced (or reduced)

the informativeness of posted salary information. Thus, we find no evidence

supporting changes in wage-signal accuracy as a mechanism through which the

law might have influenced gender earnings disparities.

7 Conclusion

In this paper, we evaluated whether Colorado’s Equal Pay for Equal Work

Act achieved its primary objective of reducing gender pay disparities. Although

10Ideally, we would compare mean-to-mean or median-to-median earnings measures. Un-
fortunately, our datasets differ in their reported measures of central tendency, precluding a
direct comparison.
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similar pay transparency initiatives have previously been implemented at various

jurisdictional levels, Colorado’s law represented a pioneering statewide mandate

requiring salary disclosure on all job postings, irrespective of employer size or

industry. Given this unique comprehensiveness, we specifically assessed the

impact of the law on earnings for newly hired employees using a synthetic control

approach.

Contrary to the law’s intended outcome, we found robust evidence that the

gender earnings gap among newly hired workers widened following the law’s im-

plementation. Specifically, our estimates indicate an approximately 15 percent

increase in the earnings gap, corresponding to roughly $155 annually relative to

the synthetic control group. These findings were statistically significant under

standard inference procedures, including placebo and randomization inference

tests. Thus, despite its well-intentioned design, the policy appears not only

ineffective but counterproductive in narrowing gender-based wage disparities.

We then explored several theoretical mechanisms—directed search, bargain-

ing dynamics, and the informativeness of wage signals—at the industry level to

better understand the unintended consequences of the legislation. Our empirical

analyses found a small negative correlation between increased transparency

and changes in the female share of newly hired workers, as well as a positive

correlation between increased transparency and the gender pay gap. These

findings suggest potential differences in search behavior by gender. The latter

finding would also be consistent with the existing literature on gender differences

in competitive attitudes and worker bargaining if posting an interval of potential

salaries gave workers of different genders different benchmarks for bargaining.

Lastly, we observed no meaningful change in the accuracy or credibility of

posted salary information relative to actual realized wages, suggesting that the

increased transparency was not necessarily translating into more informative
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signals for prospective employees.

Our study underscores the importance of understanding the nuances of how

job search behavior and information dissemination interact with transparency

policies. Future research should prioritize detailed examinations of worker

search processes, particularly how and whether information reaches its intended

beneficiaries. Additionally, it may be valuable to investigate complementary

policies or targeted information campaigns designed to ensure salary disclosures

effectively reach disadvantaged or historically lower-paid worker segments. Ul-

timately, while transparency remains a potentially powerful tool for equity, our

findings highlight the complexity involved in its implementation and the critical

importance of targeted policy design to achieve desired equity outcomes.
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8 Tables

Table 1: Data Sources

Source Variable

American Community Survey (ACS)
[State; Annual] Population

Education
Sex
Race
Marital Status

Bureau of Economic Analysis (BEA)
[State; Quarterly] Real GDP

Real Personal Income
Expenditure per Capita

Current Population Survey (CPS)
[State, Sex; Annual] Average Hours Worked

Average Weeks Worked

Job Openings and Labor Turnover Survey (JOLTS)
[State; Monthly] Job Openings

Local Area Unemployment Statistics (LAUS)
[State; Monthly] Unemployment Rate

Labor Force Participation Rate

Quarterly Wage Indicators (QWI)
[State, Sex, Industry, Newly Employed; Quarterly] Earnings

Hires
Employees

The New York Times (NYT)
[State; Daily] Covid Cases per 100k

Covid Deaths per 100k

Lightcast
[State, Industry; Monthly] Median Posted Salary

Number of Postings
Percent of Postings with Salary Information

Note: All data is publicly available. All daily and monthly variables were averaged up to the quarterly level. NYT
data was reported as 7-day rolling averages before being aggregated to the quarterly level. The outcome of interest
is earnings for new hires from the QWI (in bold).
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Table 2: Summary Statistics, QWI Variables

Males Females

Variable Colorado Donor Pool Colorado Donor Pool

A. Post-period

New Hires 229,937 222,328 207,009 219,528
[ 30,346] [257,326] [ 28,444] [248,466]

Earnings, New Hires 5,120 4,236 3,703 3,056
[ 338] [ 776] [ 281] [ 626]

Separations 255,008 243,063 227,150 235,224
[ 32,477] [281,087] [ 29,178] [265,278]

Total Employment 1,260,168 1,295,169 1,089,145 1,221,806
[ 47,736] [1,494,107] [ 46,949] [1,387,074]

Earnings, Total 7,060 6,107 4,719 4,041
[ 437] [1,245] [ 297] [ 851]

B. Pre-period

New Hires 202,124 195,246 171,880 178,678
[ 30,097] [226,332] [ 28,101] [201,887]

Earnings, New Hires 3,510 3,181 2,448 2,134
[ 415] [ 655] [ 329] [ 501]

Separations 228,453 222,874 191,713 200,625
[ 35,550] [259,065] [ 33,010] [227,456]

Total Employment 1,119,952 1,205,946 967,905 1,122,842
[ 87,674] [1,358,609] [ 71,317] [1,237,246]

Earnings, Total 4,946 4,825 3,316 3,025
[ 476] [1,001] [ 355] [ 664]

Note: Averages of select QWI variables with standard deviations are reported in brackets. Our
outcome of interest in the gap between earnings for new hires between men and women (in bold).
Donor pool numbers are for all states that could contribute to the synthetic control, whether or
not they actually received positive weights in the synthetic control’s construction. Earnings are
average monthly earnings of newly hired workers in a quarter using QWI data.
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Table 3: Summary Statistics, Control Variables

Pre-period Post-period

Variable Colorado Donor Pool Colorado Donor Pool

Population 5,843,202 6,608,151 5,478,890 6,372,503
[ 28,051] [7,511,122] [ 232,193] [7,203,889]

Real GDP 420,776 435,614 333,773 372,824
[ 14,239] [570,411] [ 35,180] [468,138]

Real Personal Income per Capita 64,787 58,310 51,958 50,087
[ 631] [6,510] [4,608] [6,670]

Real PCE per Capita 50,441 45,908 41,258 40,070
[1,587] [4,378] [2,871] [4,483]

Number of job openings 216 201 104 107
[ 30] [215] [ 31] [118]

Unemployment rate 3.97 3.82 5.03 5.65
[1.22] [1.32] [2.43] [2.35]

Labor force participation rate 68.07 62.58 68.06 63.72
[0.30] [3.86] [0.96] [4.08]

Weekly hours, males 40.41 40.42 40.94 40.75
[0.51] [0.82] [0.65] [0.87]

Weekly hours, females 36.81 36.54 35.92 36.03
[0.46] [0.97] [0.39] [1.02]

Weeks worked, males 46.62 46.92 47.47 47.06
[1.07] [1.31] [0.89] [0.98]

Weeks worked, females 46.03 45.78 46.09 46.09
[1.34] [1.43] [0.69] [0.91]

Covid cases per 100k 22.79 22.98 1.57 1.66
[23.44] [24.85] [ 7.72] [ 8.05]

Covid deaths per 100k 0.15 0.21 0.02 0.03
[0.15] [0.24] [0.09] [0.13]

Fraction White 0.70 0.68 0.83 0.75
[0.00] [0.15] [0.04] [0.14]

Fraction Black 0.04 0.11 0.04 0.11
[0.00] [0.10] [0.00] [0.11]

Fraction Asian 0.03 0.05 0.03 0.04
[0.00] [0.07] [0.00] [0.07]

Fraction other races 0.22 0.17 0.10 0.09
[0.00] [0.09] [0.04] [0.06]

Fraction male 0.51 0.50 0.50 0.49
[0.00] [0.01] [0.00] [0.01]

Fraction married 0.42 0.40 0.41 0.39
[0.00] [0.03] [0.00] [0.03]

Fraction some high school 0.23 0.25 0.26 0.27
[0.01] [0.02] [0.01] [0.03]

Fraction high school 0.24 0.29 0.24 0.29
[0.00] [0.03] [0.00] [0.03]

Fraction some college 0.18 0.18 0.19 0.19
[0.00] [0.02] [0.01] [0.02]

Fraction college 0.21 0.16 0.18 0.14
[0.00] [0.02] [0.01] [0.02]

Fraction post college 0.12 0.10 0.10 0.08
[0.00] [0.03] [0.01] [0.03]

Note: Averages of control variables with standard deviations reported in brackets. Donor pool numbers are
for all states that could contribute to the synthetic control, whether or not they actually received positive
weights in the synthetic control’s construction. Real GDP is in millions of chained 2017 dollars; job openings
is in thousands.



Table 4: SCM Results, State Weights

State Weight

Texas 0.196
Utah 0.158
Montana 0.140
Nebraska 0.128
Tennessee 0.127
Delaware 0.075
Nevada 0.060
New Mexico 0.046
District Of Columbia 0.037

Total 0.968

Note: States with weights that are
at least 0.03.

36



Table 5: SCM Results, Variable Weights

Variable Weight
(w)

Colorado Synthetic
Control

Earnings Gap (pre-period) 0.182 1,065 1,070
Weeks Worked, Females 0.105 46 46
Weeks Worked, Males 0.101 47 47
Unemployment Rate 0.091 5 5
Some College 0.086 0.19 0.19
Real Personal Consumption Per Capita 0.061 41,351 41,331
Labor Force Participation Rate 0.059 68 67
Asian 0.055 0.03 0.04
Cases Per 100K 0.049 2 2
Other Race 0.042 0.10 0.09
Real GDP 0.031 335,087 344,612
White 0.025 0.83 0.79
Weekly Hours, Females 0.019 36 36
Hires, Male 0.013 235,657 228,898
Separations, Male 0.012 230,492 223,840
Population 0.011 5,488,175 5,964,141
Job Openings 0.009 105 104
Turnover Rate, Female 0.008 0.11 0.10
Total Employment, Female 0.006 970,880 1,018,042
New Hires, Male 0.006 203,910 203,952

Total 0.972

Note: Average values for Colorado and the synthetic control for variables with weights that
are at least 0.005. The “Weight” column is the weight assigned to each variable. The
synthetic control is a weighted average computed by taking the values of the variables by
state and multiplying them by their associated state weights.
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Table 6: SCM Results, Earnings Gap for Colorado and Synthetic Control Group

Avg. Earnings Gap

Year Synthetic
Control
(SC)

Colorado
(CO)

CO minus
SC

2011 1,060 1,066 6
2012 1,051 1,025 -26
2013 1,030 972 -58
2014 1,034 1,060 25
2015 999 978 -20
2016 998 984 -14
2017 1,061 1,071 10
2018 1,124 1,132 7
2019 1,163 1,146 -18
2020 1,189 1,272 82
2021 1,258 1,422 163
2022 1,288 1,431 143
2023 1,287 1,436 149

Note: Earnings for Colorado and the synthetic control
group, averaged by year.
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Table 7: Transparency by Industry

Postings Total Percentage
Industry with Salary Postings with Salary
A: First Quarter 2020
Accommodation and Food Services 3,913 24,682 15.85%
Administrative, Support, and Waste 21,697 66,688 32.54%
Agriculture, Forestry, Fishing, and Hunting 255 974 26.18%
Arts, Entertainment, and Recreation 683 5,572 12.26%
Construction 2,921 12,112 24.12%
Educational Services 3,982 16,185 24.60%
Finance and Insurance 2,608 18,341 14.22%
Health Care and Social Assistance 4,727 53,831 8.78%
Information 1,617 14,511 11.14%
Management 152 1,430 10.63%
Manufacturing 2,159 26,705 8.08%
Mining 148 1,626 9.10%
Other Services (Non-public) 2,268 8,788 25.81%
Professional and Technical Services 5,321 47,088 11.30%
Real Estate 1,381 8,467 16.31%
Retail Trade 4,151 33,721 12.31%
Transportation and Warehousing 3,277 10,087 32.49%
Utilities 622 2,155 28.86%
Wholesale Trade 1,716 11,579 14.82%
All Industries 87,150 438,317 19.88%

B: First Quarter 2021
Accommodation and Food Services 6,755 22,739 29.71%
Administrative, Support, and Waste 23,984 67,377 35.60%
Agriculture, Forestry, Fishing, and Hunting 362 950 38.11%
Arts, Entertainment, and Recreation 1,624 4,712 34.47%
Construction 6,134 13,323 46.04%
Educational Services 5,187 13,859 37.43%
Finance and Insurance 6,104 18,428 33.12%
Health Care and Social Assistance 19,438 74,098 26.23%
Information 4,179 16,328 25.59%
Management 274 1,077 25.44%
Manufacturing 8,606 26,979 31.90%
Mining 614 1,605 38.26%
Other Services (Non-public) 3,490 8,886 39.28%
Professional and Technical Services 10,560 43,779 24.12%
Real Estate 2,937 8,536 34.41%
Retail Trade 9,251 31,849 29.05%
Transportation and Warehousing 6,902 14,976 46.09%
Utilities 1,077 2,081 51.75%
Wholesale Trade 4,219 12,258 34.42%
All Industries 155,145 456,299 34.00%
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Table 8: First Quarter Female Hire Share by Industry

Industry 2020 2021 Difference
Accommodation and Food Services 48.57% 50.10% 1.52%
Administrative, Support, and Waste 40.87% 42.27% 1.40%
Agriculture, Forestry, Fishing and Hunting 36.84% 38.47% 1.62%
Arts, Entertainment, and Recreation 49.03% 47.32% -1.71%
Construction 17.84% 19.40% 1.56%
Educational Services 64.49% 65.42% 0.92%
Finance and Insurance 55.32% 57.64% 2.31%
Health Care and Social Assistance 77.41% 76.77% -0.65%
Information 41.09% 41.08% -0.01%
Management 49.95% 53.33% 3.38%
Manufacturing 32.37% 32.78% 0.42%
Mining 17.01% 16.39% -0.61%
Other Services (Non-public) 53.17% 52.35% -0.82%
Professional and Technical Services 46.64% 45.97% -0.67%
Real Estate 44.76% 46.61% 1.85%
Retail Trade 47.12% 46.44% -0.68%
Transportation and Warehousing 28.08% 31.02% 2.94%
Utilities 25.56% 25.28% -0.28%
Wholesale Trade 33.53% 33.55% 0.02%
All Industries 45.93% 47.27% 1.35%
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Table 9: Median Posted Salaries and Average Earnings by Industry

Average Earnings

Industry Posted Salary Male Female
A: First Quarter 2020
Accommodation and Food Services 31,104 1,897 1,661
Administrative, Support, and Waste 48,512 3,313 2,824
Agriculture, Forestry, Fishing and Hunting 38,528 2,920 2,464
Arts, Entertainment, and Recreation 38,016 2,461 1,794
Construction 50,048 4,341 3,671
Educational Services 45,184 2,528 1,983
Finance and Insurance 68,480 6,755 4,777
Health Care and Social Assistance 34,432 3,641 2,937
Information 46,464 7,750 5,684
Management 66,432 6,817 4,873
Manufacturing 38,528 4,637 3,791
Mining 46,720 7,150 6,732
Other Services (Non-public) 39,040 3,210 2,396
Professional and Technical Services 50,048 7,522 5,257
Real Estate 40,064 4,280 3,591
Retail Trade 32,384 2,326 1,752
Transportation and Warehousing 44,928 3,067 2,101
Utilities 61,056 8,035 5,740
Wholesale Trade 38,272 5,532 4,849
All Industries 43,136 4,024 2,939

B: First Quarter 2021
Accommodation and Food Services 33,408 1,818 1,525
Administrative, Support, and Waste 48,000 3,467 2,957
Agriculture, Forestry, Fishing and Hunting 38,528 2,825 2,336
Arts, Entertainment, and Recreation 38,272 2,794 1,577
Construction 54,144 4,185 3,489
Educational Services 49,792 2,927 2,109
Finance and Insurance 62,592 10,522 6,023
Health Care and Social Assistance 43,392 3,583 2,846
Information 60,032 9,755 7,453
Management 63,616 7,940 4,619
Manufacturing 59,264 4,857 3,596
Mining 62,592 7,409 6,219
Other Services (Non-public) 41,600 3,194 2,438
Professional and Technical Services 64,896 8,869 6,121
Real Estate 43,648 4,964 3,672
Retail Trade 34,688 2,265 1,668
Transportation and Warehousing 54,144 2,696 2,031
Utilities 70,016 6,920 6,564
Wholesale Trade 45,440 6,266 5,347
All Industries 46,976 4,319 3,041



Table 10: First Quarter Percentage Changes

Average Earnings

Industry Transparency∗ Male Female Female Hire Share∗

Mining 29.15% 3.62% -7.62% -0.61%

Manufacturing 23.81% 4.74% -5.14% 0.42%

Utilities 22.89% -13.88% 14.36% -0.28%

Arts and Entertainment 22.21% 13.53% -12.10% -1.71%

Construction 21.92% -3.59% -4.96% 1.56%

Wholesale Trade 19.60% 13.27% 10.27% 0.02%

Finance 18.90% 55.77% 26.08% 2.31%

Real Estate 18.10% 15.98% 2.26% 1.85%

Health Care 17.45% -1.59% -3.10% -0.65%

Retail Trade 16.74% -2.62% -4.79% -0.68%

Management 14.81% 16.47% -5.21% 3.38%

Information 14.45% 25.87% 31.12% -0.01%

Accommodation 13.85% -4.16% -8.19% 1.52%

Transportation 13.60% -12.10% -3.33% 2.94%

Other Services (Non-public) 13.47% -0.50% 1.75% -0.82%

Educational Services 12.82% 15.78% 6.35% 0.92%

Professional Services 12.82% 17.91% 16.44% -0.67%

Agriculture and Forestry 11.92% -3.25% -5.19% 1.62%

Administrative and Support 3.06% 4.65% 4.71% 1.40%

All Industries 14.12% 7.33% 3.47% 1.35%

∗Unlike the earnings measures, the numbers for transparency and female hire share represent

differences between 2020 and 2021 in existing percentage measures, not a percentage difference

in a dollar value between 2020 and 2021.
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9 Figures

Figure 1: Estimated Annual Hours Worked, Pre- and Post-treatment Periods,
by Gender

Note: Average hours worked per year by women and men for Colorado and the donor pool.
Annual hours are calculated by multiplying number of hours worked per week by number of
weeks worked per year. Hours worked per week and weeks worked per year are estimated
using the Annual Social and Economic Supplement (ASEC) from the CPS.
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Figure 2: Wage gaps for Colorado and the Synthetic Control

Note: Synthetic control trends. The graphed synthetic control was constructed using data all
periods before treatment. The dashed vertical line indicates the first quarter of 2021 when
the Colorado law became effective.

44



Figure 3: Gaps Between the “treated” units and their Synthetic Controls

Note: Gaps between the “treated unit” and the synthetic control for placebo states and
Colorado. States with a pre-period MSPE fives times that of Colorado were dropped.
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Figure 4: Post-period MSPE/pre-period MSPE Ratios

Note: Ratios of post-period MSPEs to pre-period MSPEs for all 43 placebo states and
Colorado.
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Figure 5: Percent Change in Postings with Salary Information and Female Hires

Note: Industry-level changes in the number of job postings with salary information and the
share of new hires that are female. Units are percent change from year ago (percent change
in 2021Q1 relative to 2020Q1).

Figure 6: Percent Change in Postings with Salary Information and the Earnings
Gap
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Figure 7: Percent Change in Postings with Salary Information and Earnings

Note: Industry-level changes in the number of job postings with salary information and the
average earnings of newly-hired workers. Units are percent change from year ago (percent
change in 2021 Q1 relative to 2020 Q1).
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Figure 8: Posted and realized salaries for Colorado

Note: For QWI earnings data, average monthly earnings are multiplied by 12 to get annualized
amounts.
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Figure 9: Difference in posted and realized annualized salaries for Colorado

Note: Reported difference is median posted salary from the Lightcast data minus average
realized earnings from the QWI data. For QWI data, average monthly earnings are multiplied
by 12 to get annualized amounts. For Lightcast data, these aggregations were generated
automatically by limiting the date range of the requested medians to one quarter at a time in
Lightcast Analyst. “Difference” refers to taking the difference between the two series for the
same quarter, whereas “Difference with Lag” refers to taking the difference between posted
salaries from one quarter and earnings from the following quarter.
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A Hourly Wage Synthetic Control Analysis

For our main analysis, we directly use the monthly earnings measures for newly

hired workers from the QWI. In this section, we instead construct a measure of

average hourly wages by dividing each gender group’s average monthly earnings

measures by the product of its corresponding average weekly hours worked

measure from the CPS and 4.345, the average number of weeks in a month.11 We

then use this as our outcome variable and repeat our synthetic control analysis

as before.

The synthetic control group composition, predictor balance, and effect esti-

mates are given in tables 11, 12, and 13 below, respectively.

Notably, the selection of states into the synthetic control group is very similar

as when using monthly earnings directly, with the largest difference being that

North Dakota goes from receiving a small positive weight to receiving 0 weight.

Otherwise, the states included remain the same, with Minnesota still receiving

a majority of the weight.

Similar to our main analysis, we find no evidence that the law narrowed pay

gaps; for each quarter following treatment, the gap between Colorado and its

synthetic control is positive, although the difference is never significant at the

5% level.

State Weight
Minnesota .548

Utah .177
Vermont .143

District of Columbia .063
Hawaii .034
Oregon .034

Table 11: Synthetic control, hourly wages: Composition from donor pool states.

11Note that this proxies the average hours worked by new hires with an estimate of the
average hours worked by all workers.
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Predictor Colorado Synthetic Colorado
Gender Wage Gap 3.99 4.03

Real Personal Income Per Capita 52,119.44 51,984.87
Percent White 82.89 80.67
Percent Black 4.10 6.86

Percent Married 40.83 40.37
Percent Male 50.32 49.70

Percent with High School Only 23.90 26.25
Percent with Four Years of College Only 18.13 16.41
Percent with Postgraduate Education 10.20 9.17

Percent in Labor Force 68.02 68.82
Average Quarterly Unemployment Rate 4.94 4.52

COVID-19 Cases Per 100,000 1.61 1.69
COVID-19 Deaths Per 100,000 .02 .02

Table 12: Predictor balance. ACS measures (demographics, education) include
general population of all ages.

Quarter Gap p
2021 Q1 .15 .9762
2021 Q2 .56 .7619
2021 Q3 1.05 .3571
2021 Q4 .36 .4048
2022 Q1 1.06 .2619
2022 Q2 1.13 .2381
2022 Q3 .21 .2619
2022 Q4 .40 .3095
2023 Q1 .76 .3333
2023 Q2 .26 .3571
2023 Q3 .70 .3333
2023 Q4 1.33 .2143

Table 13: Synthetic control: Hourly wage results. “Gap” refers to the difference
in the outcome variable (the gender wage gap) between Colorado and the
synthetic control.
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B Different Donor Pools

Figure 10: Difference Between Earnings Gaps Between Colorado and the
Synthetic Control Group
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Figure 11: Difference Between Earnings Gaps Between Colorado and the
Synthetic Control Group

C Multiple State Analysis

For our main analysis, we only examine the effect of the Colorado law. We

do this since Colorado’s law became effective two years before the law of any

other state, and so it has the most available data for analysis. Further, it is

most straightforward to construct a synthetic control for a single state with a

single time of treatment. In this section, we attempt an additional analysis

which aims to get an aggregate average effect of pay transparency laws across

all states for which we can get any data. To do this, we use a method for

difference-in-differences with multiple treatments introduced by Callaway and

Sant’Anna (2021).
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C.1 Estimator Description

For this analysis, we use the Callaway and Sant’Anna (2021) staggered difference-

in-difference estimator to measure the effect of the state laws on worker out-

comes.12 Specifically, this estimator attempts to estimate group-time average

treatment effects Callaway and Sant’Anna (2021). That is, for the group of

individuals who receive treatment in period g, the average treatment effect at

time t is

ATT (g, t) = E[Yt(g)− Yt(0)|Gg = 1]

While these group-time average treatment effects can be reported separately

for each treatment group, we instead use two types of aggregation in reporting

our main results to ease visualization and interpretation.

First, the “simple” aggregator:

θOS :=

T∑
g=2

1

T − g + 1

T∑
t=2

1{g ≤ t}ATT (g, t)P (G = g)

where T is the number of time periods in the sample. This aggregation measures

the average effect of treatment participation among all ever-treated groups

(Callaway and Sant’Anna, 2024). It has the advantage of giving a single number

which makes for an easily-interpretable result.

Second, the “dynamic” aggregator:

θD(e) :=

T∑
g=2

1{g + e ≤ T}ATT (g, g + e)P (G = g|G+ e ≤ T )

which gives the average effect for units treated for e periods (Callaway and

Sant’Anna, 2024). This aggregation is used for the coefficients shown in Figure

12We make use of the csdid command in Stata to implement this estimator.
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15. It provides a sense of the lasting impacts of the transparency laws.

C.2 Selection of Treatment and Control Groups

The treated states are those that passed transparency laws which became effec-

tive over the sample period. These are Colorado, Washington, and California.

Although New York state passed a similar state-wide policy which went into

effect in the fall of 2023, it was excluded from the sample because New York City

had passed a similar, more local law the year prior. Similarly, New Jersey and

Ohio were excluded from both treated and control groups since each experienced

partial treatment in the form of more local transparency laws. Following Cullen

and Pakzad-Hurson (2023), we use all states never treated prior to 2024 as

a control group. Only four states (Alaska, Michigan, Mississippi, and North

Carolina) were dropped due to a lack of available data.

C.3 Identifying Assumptions: Difference-in-differences with

multiple treatments

The validity of our estimator depends on the following assumptions, the formulas

for which are taken directly from Callaway and Sant’Anna (2021).13 In this

section, we describe how each of these apply to our context.

C.3.1 Irreversibility of Treatment

D1 = 0 almost surely (a.s.)

For t = 2, . . . , T,Dt−1 = 1 =⇒ Dt = 1 a.s.

13Callaway and Sant’Anna also describe an additional assumption needed if using not-yet
treated observations in the control group. This is that there must be parallel trends between
treated and not-yet treated observations if using not-yet treated observations in the control
group. However, we do not currently do this, instead only using never treated units. Therefore,
our current analysis does not require this assumption.
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This assumption requires that once an observation becomes treated, it re-

mains treated thereafter. Since none of the laws requiring greater transparency

were repealed over the course of our sample, this assumption should be satisfied

in our sample.

C.3.2 Limited Treatment Anticipation

There exists a known δ ≥ 0 such that

E[Yt(g)|X,Gg = 1] = E[Yt(0)|X,Gg = 1] a.s.

∀g ∈ G, t ∈ 1, . . . , T such that t < g − δ

That is, if treated states anticipate treatment, there must be some known

limit to this anticipation. Since we look at worker outcomes, this assumption

would be violated if worker behavior changed in an undetectable way in advance

of the laws coming into effect (e.g. waiting to apply for jobs for some unknown

number of months ahead of the January 2021 in Colorado anticipation of more

wages being visible afterwards). It could also be affected by employers chang-

ing in anticipation of the policy, since employer behavior could affect worker

outcomes.14

Arnold et al. (2022) suggests that (in Colorado’s case), trends appear fairly

parallel for employer posting behavior prior to transparency law implementation

with untreated states. We show in the graphs below that trends in posted wages

do not differ greatly between treatment and control groups either immediately

before the 2021 Colorado law or immediately before the 2023 California and

Washington laws.15 The first graph shows trends in levels, whereas the second

14Currently, we are only able to test for changes in employer behavior, but we are planning
to add additional analysis explicitly examining changes in worker behavior in a future draft.

15These graphs are taken from existing summary methods made available by Lightcast.
Because of this, the displayed trends use median advertised wages rather than an estimate
of the mean. The median should be sufficient to show a change in the direction of posted
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shows trends in percent changes.

Figure 12: Median advertised annual wages, levels.

wages, but we note that our main results using the QWI are based on average wages, not
medians. Because of this, we instead use an estimate of average posted wages when making
direct comparisons between Lightcast and QWI data, as in our section on evaluating changes
to signal informativeness (see section 6.3).
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Figure 13: Median advertised annual wages, change from previous month.

C.3.3 Conditional Parallel Trends Assumption

For each g ∈ G and t ∈ 2, . . . , T such that t ≥ g − δ,

E[Yt(0)− Yt−1(0)|X,Gg = 1] = E[Yt(0)− Yt−1(0)|X,C = 1] a.s.

where C is an indicator equal to 1 if observations are in the never treated group.

That is, counterfactual trends must be parallel between treated observations and

never treated observations, conditional on included covariates.

The following graph illustrates the trends in our main outcome of interest

between treated and control states.
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Figure 14: Gender gap in average monthly earnings of newly hired workers. The
vertical axis displays male average earnings minus female average earnings. The
dashed vertical lines mark the effective dates of the pay transparency laws.

Additionally, we note that Figure 15 presented in the results section dis-

plays the estimated coefficients for the aggregate average treatment effect on

the treated both before and after treatment. The coefficients do not differ

significantly from 0 in the periods before treatment, so we do not have evidence

that pre-treatment trends differ between the two groups.

C.4 Multiple State Results

In this section, we present our main results. First, the table below gives the

simple aggregation results of the average effect of treatment on the treated.
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Outcome Variable ATT Standard Error Observations
Gender Gap in New Hire Earnings -96.5667 97.4635 2,249

Table 14: Simple aggregation results.

That is, we estimate that the gap in earnings in treated states was about

$100 smaller on average following the policy than it would have been otherwise,

although this effect is not statistically significant. The graph below instead

looks at the average treatment effect on the treated by length of exposure to

treatment.

Figure 15: Dynamic effects. Vertical axis represents the average treated effect
on the treated for the gender gap in monthly earnings.

Here we see that the treatment effect is most negative in the few periods

after treatment. Therefore, we do not have evidence of an enduring impact of

this legislation on the gender gap.16

16Note, however, that only Colorado has enough observations to last for more than the first
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few quarters after treatment. It is therefore unsurprising that there is no negative effect in the
later quarters, since, as we show in the main body of the paper, the gender gap in earnings
was higher in Colorado than in other states during the treatment period.
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